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Abstract— Becauseof the dif culty of interpreting laser data
in a meaningful way, safenavigation in vegetatedterrain is still a
daunting challenge.In this paper, we focuson the segmentation
of ladar data using local 3-D point statistics into three classes:
clutter to capture grassand tree canopy, linear to capture thin
objectslik e wiresor treebranches,and nally surfaceto capture
solid objectslik e ground terrain surface,rocksor treetrunks. We
presentthe details of the method proposed,the modi cations we
made to implement it on-board an autonomousground vehicle.
Finally, we presentresultsfrom eld testsusing this rover and
results produced from differ ent stationary laser sensors.

I. INTRODUCTION

Autonomousrobot navigation in vegetatedterrain remains
a considerablehallengebecausef the dif culty in capturing
andrepresentinghe variability of the environment. Although
it is not a trivial task, it is possibleto build modelsof smooth
3-D terrainslike bareground.But it is muchmoredif cult to
copewith areaghat cannotbe describedy piecavise smooth
surface like grass,bushes,or the tree canopy. Becausethey
exhibit poroussurfacesandrandommediumof propagtionin
their interior they aremore naturallydescribedoy 3-D texture
ratherthan by smoothsurfaces.

In this paper we presenta methodto seggment3-D point
clouds, acquiredby a laserradar into three classessurface
(ground bare terrain surface, solid object, large tree trunk),
linearstructuregwires, thin branchesandscatter(treecanoyy,
grass).Similar points are then groupedinto consensusegion
correspondingo large piecesof surfaces.Our methoddoes
not rely on a speci ¢ sensorgeometryor scanningpattern.
In particularthe internal representations updatedevery time
a new data point is acquired by the sensor irrespectve
of the order of acquisition. We use statistical classi cation
techniguesandwe learnmostof our methodparametersising
training datasetsmanuallylabel, reducingthe amountof hand
tuning. We presentedn [1] results producedoff-line using
data coming from different laser radar sensorsin a variety
of ernvironments.In this paperwe presentresultsfrom on-
board processingon the GeneralDynamicsRobotic Systems
eXperimentalUnmannedVehicle (GDRS XUV) as well as
additionalresultsfrom stationarylaserradars.

Becauseof its importancefor obstacledetectionand en-
vironment modeling, the issue of detectingand segmenting
vegetationhasbeenexploredin the past. The useof spectral
data has receved a lot of attention comparedto the use
of geometricinformation. A few approachespioneeredby
Mumford [2], consideredsingle point statisticsof rangeimage

of naturalervironments.But to characterizaexture we need
local statisticson range, derivative of rangesand frequeng
components.In robotics, Matthies [3] presentedresults on
single point statistics computed from data from a single
point laser range nder, to differentiate betweenvegetation
and solid surface like rocks. In [4], he presenteda more
geometricapproachto this problem.A large literature exists
on the recovery of the ground terrain surface from airborne
laser sensor see [5] for a review and comparisonof the
methods.This includesthe Itering of the vegetationandthe
interpolation of the terrain surface. In robotics, Lacaze[6]
measuredhe permeabilityof the sceneto detectvegetation.
A similar approachis usedby Wellington in [7], in addition
to other methodsto recover the load bearingsurface.

Below we presentour approacho the problemof 3-D data
segmentationthe implementationwe produceto run on-board
the XUV and nally resultsfrom differentstationarysensors
andresultsfrom eld testwith the XUV.

Il. APPROACH

Our approachis basedon 3-D points statisticsto compute
salieny featuresthat capturethe spatialdistribution of points
in a local neighborhoodThe salienciesdistribution are cap-
tured by a GaussianMixture Model (GMM) automatically
using the ExpectationMaximization (EM) algorithm. Given
sucha model, producedoff-line, we can classify on-line new
datawith a Bayesianclassi er [8].

A. Local point statistic

The saliengy featureswe use are inspired by the tensor
voting approach[9]. But insteadof using the distribution of
surface orientation,we usethe distribution of the 3-D points
directly. The distribution is capturedby the decomposition
into principal component®f the covariancematrix of the 3-D
points computedin a local neighborhoodthe supportregion.
The size of the neighborhoodconsideredde nes the scaleof
the features.The symmetriccovariancematrix for a setof N
3-D pointsf Xig = f(x;;yi;z)g with X = 58 X is de ned in
equationl.

@)

The matrix is decomposednto principal componentsor-
deredby decreasingigervalues.ey, e, & aretheeigervectors
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correspondingespectrely to the eigervaluesl o, | 1, | 2 where
lo 11 12

In the case of scatteredpoints, we have lgw 1w >
and no dominantdirection can be found. In the caseof a
linear structure the principal directionwill lie in a planewith
[ o;1'1 | 2. Finallyin the caseof a solid surface,the principal
directionis alignedwith the surfacenormalwith | ¢ | 151 2

We usea linearcombinationof the eigervalues seeequation

2, to representhe three saliencieswe namedas point-ness,

curve-nessand surface-ness.
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In practice,it is not feasibleto hand-tunethresholdgo use
directly thosesalienciego performclassi cationbecaus¢hose
valuesmay vary considerabl\dependingon the type of terrain,
the type of sensorandthe con guration of the sensorandthe
vehicle. A standardway of doing this is to learn a classi er
that maximizesthe probability of correct classi cation on a
training dataset. This is the objectof the next two sections.

B. Learning

We learn a parametricmodel of the salienciesdistribution
by tting a Gaussiansmixture model (GMM) using the
Expectation-MaximizatiofEM) algorithmon a handlabeled
training data set. See [10] for practical details on the EM
algorithm. The resulting density probability model for each
classis the sum of ng Gaussianswith weight, mean and
covariancematricesf (wi; li; Si) gi= L:ng-

In orderto capturethe variability of the terrainwe ensure
that we have at least data from at surfaces, rough bare
surfacesandshortgrasgerrains;from thin branchesandpower
line wires; from denseand sparsetree canopy and nally tall
grassWe setarbitrarily at 15 cmin diameterthelimit between
linear and surface structurefor tree trunk and branchesThe
tediouslabeling processis performedusing 3D Studio Max
which allows to select3-D pointsindividually. We enforcea

balancedabeleddataset betweenthe threedifferent classes.

In orderto capturethein uence of the clutter, we computethe
salienciesonly for the selectedpoints but the supportregion
includesall thepoints.Thussaliencieof branchewill capture
the in uence of the leavesfor example.

We evaluatedexperimentallythe optimal numberof Gaus-
siansnecessaryo capturethe distribution without over- tting
the training dataset.We tted from oneto six Gaussianper
class model and comparedthe classi cation rate with such
model,usingdifferenttestdataset.We achiere the bestresults
with 3 Gaussianger class. We also con rmed the correct
corvergenceof the EM algorithm.

This labeling and model tting is performedoff-line and
only oncefor eachsensar The next sectionwill discussthe
classi cation method.

C. Classi cation
Let call MK= f (w; 1 S g, 10y theGMM of thek!" class.
Let S= (Ssurf; Spoirts Surve) be the salieny featuresof a new

point we want to classify on-line. The conditional probability
of the new point to pertainto the k' classis given by

agvo= &
i=1:nf (2p)%] Slk] vz
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d is the numberof salieny features.The classis chosenas

argmaf p(SMNg @)

The normalizedcon dence of the classi cation is de ned
as
maot p(SMK)g
mat p(SMK)g minf p(SMK)g

(©)

Thenext sectiondescribegheimplementatiorin the details.

I1l. ROVER IMPLEMENTATION

The method presentedabore cannotbe useddirectly on-
board a mobile robot. We presentthe reasonsbelon for
that. We then detail the modi cation we did to achieve fast
processingf the information on-boardthe XUV.

A. Issues

As mentionedearlier our task is to have the methodpre-
sentedabore running on-boardthe GDRS XUV while the
robotis navigating in naturalervironment.A similar platform
was usedin the Demo lll XUV program[11]. The robot is
equippedwith the GDRS mobility laser This rugged laser
radar provides 180 32 pixels rangeimagesat 20 Hz, up to
80 m. The laseris mountedon a turret controlled by the
navigation systemto build a terrain model used for local
obstacleavoidance.In our contet we facesereral challenges:

The high acquisitionrate of the laser producing more
than 100,000points per second.

Becausedhe turretandthe robot arein motion, the same
areaof the scenewill be perceved several times under
differentviewpointsandat differentdistancesThis is an

adwantagein term of coverageof the environment, but

it implies incorporatingthe new datacontinuouslyin the
existing datastructureandrecomputingthe classi cation
for alreadyperceved sceneareas.

If the robotis stationaryfor sometime, thereis no need
to accumulatea huge amountof dataof the scenefrom

the sameviewpoint.

The methodrequiresthe useof datain a supportregion

aroundthe point of interest,which is a time consuming
rangesearchprocedure.

For each new point added the salieny featuresand
classi cation needto be recomputedBut we needto do

sofor eachnew pointfalling into the neighborhoodf an

existing point.

In the restof this sectionwe presentthe solutionwe have
implementedo dealwith suchproblems.



B. Practical implementation

In [1] we directly usethe pointsproducedy thelaserstored
in a densedatarepresentationThis approaclhis too expensve
for on-boardprocessingbecauseof the numberof individual
3-D pointsto considerfor updateand classi cation, and also
becauseof the size of the data structureto maintain while
the robot is in motion. Using the data we collected during
our experiments,we estimatedthat the percentageof voxels
occupiedin a densedatarepresentatiorvaries between2 %
and 12 % when the voxel size varies between10 cm and
1 m in edgelength. As a result, we decideto implementa
sparsevoxel datarepresentationWe call eachbasicelement,
10x10x10cm in size,a prototypepoint. Eachprototypepoint
maintainsa setof intermediateesults computedusingtheraw
3-D datafalling inside its bounds,and necessaryo evaluate
the salieny featureincrementally No datais discardedand
we can achiere signi cant reductionin the datasize keptin
memory We store the completeset of prototypepointsin a
structurewe call a prototypevolume.It allows usto accesghe
prototypepoint ef ciently via a hashingfunctionto do range
searches.

The owchart of the current system implementationis
presentedrigure 1. It shavs two asynchronougprocessesthe
updateof theintermediatesalieny featuresdonecontinuously
andthe classi cation of the datadoneon requestor at regular
intervals. The updateconsistsin incorporatingthe new 3-D
point either by creatinga new prototypepoint or by updating
an existing one. The classi cation of a given prototypepoint
consistsof recovering the intermediateresultsof the salieny
featurein the supportregion, a rangesearch,memging those
piecesof informationto computethe actualsalieny features,
and doing the classi cation asdescribedn sectionll-C.
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Fig. 1. Flowchartof the currentsystemimplementation

The intermediatesalieny featuresare computedincremen-
tally at the rate of 1,000,0000f points per second.The
classi cationis performedat the rateof 6,600prototypepoints
per secondfor a 45 cm radiussupportregion. This approach
allows usto incorporatethe datain realtime asit comesfrom
the ladar

We alsoimplementeda partial updatestrateg)y. The method
callsfor the (re)computatiorof the salieny featureseachtime
a new prototype point is createdor eachtime a prototype
point is updated:the prototype points that include the new
or modi ed prototypepoints needto be updated We shoved
thatbecaus®f the sizeof the prototypepoint, this stepcanbe
skippedwith anacceptabldossof classi cationperformances
comparedto the gain in processingtime. In the worst case
scenario the classi cation error rate increasesdy 15 percent
but the processingime is reducedby a factor of ten.

C. Interface

The architectureof the robotis the NIST 4D/RCS[12] and
the communicatebetweenprocessess performedusing the
Neutral Messagel anguage(NML). The laser radar datais
stored and updatedcontinuouslyin a NML buffer, in one
of the robot boards running VxWorks. Our code runs on
a linux laptop and we communicationwith the robot using
NML buffers via an ethernetcable. Laserdata can be saved
in a natve le format. To testour methodwe modi ed two
softwarepackageslevelopedby GDRS:oneto readladardata
from a le andto createa NML buffer, like the robot would
dowith live data,andoneto procesdaserdataanddisplaythe
raw dataaswell asthe results.This stepallows us to move
directly to the robot without additionaleffort.

IV. RESULTS

In this section,we presentresultsfrom data collected by
two stationarysensorsSick and Z+F, and one mobile sensor
mountedon a unmannedgroundvehicle.

A. Stationarysensor

In order to demonstratethe sensorindependenceof our
approachwe presenthereresultsproducedwith two sensors.

1) CMU laser: Results' presentedh Figure2 areproduced
using datacollectedby a Sick LMS291 attachedto a custom
madescanningmountsimilar to the sensorfoundin [7]. The
lasercanbe seenin the pictureFigure2-(c). Thelasercollects
60,000points per scan.The angularseparatiorbetweenlaser
beamsds %1 degreeover 100degreeseld of view. Theangular
separationbetweenlaser sweepsis % of a degree over 115
degrees.Figure 2 shavs three examplesof classi cation for
a scenewith isolatedwires, a scenewith wires adjacentto
the tree canopy and a scenewith baretrees.The resultsare
visually accuratebut one can denotea border effect at the
edgeof the ground surfacewhere points are misclassi ed as
linear This problemcanbe reducedby selectingcarefully the
training data set but this would introduce artifacts in other
scene We arelooking at other methodsto addresshis issue.

We have obsered misclassi cation of ground points as
linear becauseof the scanningpattern of the sensor Two
consecutie scan lines project far from each other in one
dimensiononly on the ground plane. The spacingbetween

1In this paper we use the red/blue/greercolors to display information
concerningsurface/linear/scatteclassi cation resultsor features.Pointsare
enlagedto assureproperrenderingin a print versionof the paper



(a) Isolatedwires: scene

(d) Isolatedwires: sggmentation

Fig. 2.

(b) Wires adjacentto clutter: scene

(e) Wires adjacentto clutter: segmentation

(c) Baretree: scene

(f) Baretree: segmentation

Examplesof classi cation with the Sick laser Pointsin red (blue,green)epresentsurface (curve,scatter)structures.In sub-Figure(d) color are

saturatedin sub-Figure(e) and (f) the level of saturationof the color representshe classi cation con dence.

(a) Scene

(b) Segmentation

(c) Largestconnecteccomponents

Fig. 3. Complementaryexampleof classi cationwith the Sick laser In sub-Figure(b), pointsin red (blue,greenyepresensurface(curve,scatterstructures.

In sub-Figure(c), eachcomponenthasa uniquecolor

laserpointswithin eachscanline remainscloseto eachother
Our methodcannotdeal with suchartifact currently and we
are looking at a geometricmethodto dealwith it.

2) Z+F laser: In Figure 4 we presentresults produced
using data from a Z+F LARA 21400 3-D imaging sensor
It has a maximum range of 21.4 m with mm accurag, a
360°  35° FOV; it produces8000 1400rangeandintensity
measurementger scan[13]. We positionedthe laseron a trail
in denselyvegetatedterrain: the at groundwas covered by
thick vegetationandthe trail crosseda denselyforestedarea.
Figure 4-(a) shaws a picture a the scene Figure 4-(b) shavs
the 3-D datawherethe elevation is color-codedfrom blue to
red for low to high elevation. Figure 4-(c) shawvs a close-up
view of the segmentationresultsof one the scenearea.We
usedtwo classessurfaceand scatteflinear, but we separated

the groundsurfaceclasspointsfrom othersurfaceclasspoints
using a geometricmethodpresentedn [14].

B. XUV eld testresults

In May 2003 we testedour software on-boardGDRS XUV
atthe Army Researcliab eld testsiteat Fort Indiantovn Gap
(FITG). The vehicledrove, at 2 m/s, a cumulatve distanceof
1579m in naturalervironmentwhile the robotwasclassifying
the data. We performedreal-time update continuously and
classi cation every 3 secondsor 7 meterstraversed. The
testwas intendedto evaluatethe communicationmechanism
with the robot, the scrolling mechanismto maintaina con-
sistent ervironment representatioras the robot move over
long distancesFigure 5-(a) shawvs the XUV vehicle during
a traverse. Note the turret and the laser locate at the front
of the vehicle. Figure 5-(b) shavs the path of the vehicle



(a) Scene

Fig. 4.
surface,scatterytructures

(blue line) and the positionsat which the classi cation was
performed(red points). Figure 5-(c) shavs the classi cation
processingtime as a function of the number of prototype
points.The processingvasperformedonalBM T23thinkpad,
with 750 MB of RAM anda 1.2 GHz Pentiumlll CPU.The
processingwas done using laser3d a graphicinterface used
for vizualizationand dehugging purposes.

(a) XUV traverse

Processing time vs nbr proto\point

Trajectory robot and LADAR acquisition positions

760 600 500 400 -300 200 100 0 100 5 10 15 20
relative easting (m) nbr proto_point (x1000)

(b) XUV path
Fig. 5. FITG experiment

(c) On-boardprocessingime

Shortly after, we conductedan additional set of tests at
GDRS facility in Westminster The objectve was to test a
stand-aloneversionof the code,without the graphicinterface,
and to processand log the results. Figure 6 shavs a two-
classeclassi cation result. The sceneis composedof two
areas: 1) a rough terrain covered by tall grass unevenly
distributed and borderedby tall trees, half left of Figure 6-
(a)/(b) and a parking lot with trees.Salieng featuresupdate
and intermediateclassicationresults were performedas the
robotmoved andthe nal classi cationresultwasstored.The

(b) 3-D color elevation

(c) Sgmentedscene

Example of classi cation resultswith the laser Z+F laser In sub-Figure(c), points in red (blue,green)representnon-groundsurface (ground

classi cationis consistentwith the sceneobsenred.

C. Towad target detectionin clutter

In order to assesgshe performanceof the algorithm for
detectinghiddentamgetsin vegetation,we use syntheticdata
to perform controlled experiments.We drav random points
to producea 5 5 m plate with a non null thicknessand a
20 mtime<0 m point cloud. For eachexperiment,we varied
the numberof point for eachelementswe reducethe number
of point on the plate andincreasethe numberof point for the
clutter The are able to achieve a 8 percentglobal error rate.
Figure 7 shavs oneof the sceneandclassi cationresult. The
confusionmatrix is presentedn table! shawvs the numberof
prototype points correctly or incorrectly classi ed compared
to the groundtruth.

(a) Raw data (b) Classi ed data

Fig. 7. Syntheticdatasimulatinga planartarget hiddenin vegetation

TABLE |
CONFUSION MATRIX FOR THE PLANE IN CLUTTER

Surface Point  Line
Surface | 1210 345 3
Point 215 5605 35
Line 0 0 0



(a) Top view

(b) Sideview

Fig. 6. XUV resultsfrom Westminstettest. In red/blueprototypepoints classi ed as surface/other

V. SUMMARY AND FUTURE WORK

In this paperwe presentech methodto perform 3-D data
segmentationfor terrain classi cation in vegetatederviron-
ment. Our method useslocal point distribution statisticsto
producesalieny featuresthat capturethe surface-nessgurve-
nessand point-nessof local area.We use statisticalclassi -
cationtechniquedo capturethe variability of the scenesand
the sensorcharacteristicgscanningpattern,rangeresolution,
noiselevel). We t a Gaussiarmixture modelsto a training
data set and use this parametricmodel to perform Bayesian
classi cation. We implementedand testedour approachon
a autonomousmobile robot, the GDRS XUV. We presented
classi cation results from a static Z+F and Sick laser in
addition to the results obtained on the XUV. With those
exampleswe shav the versatility and the limitations of our
currentmethodand implementation.

Future work will focus on improving the processingtime
onreducingthe classi cationerrorrateby dealingwith border
effects and isolated range measurementaWe will also pay
more attention to the formal numerical assessmenof our
methodandto the problemof target hiddenin vegetation.We
also plan to implementopportunisticdata processingof the
ladar data, classifyingdatafor obstacledetectiononly where
the robot plansto drive.
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