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Abstract—In this paper we presentan approach to dynamic
model-based feature prediction and feature planning for our
laser scannerbased navigation system.The system enablesau-
tonomous precise maneuwering of vehicles relative to target
objects based on 2D laser range data. An adaptive tracking
algorithm uses predicted features to localize the target. Jump
edges, line segments, line intersections and free space areas
are considerd. Feature prediction is based on an attrib uted
polygonal 3D object model representingobject surfaces,masking
volumes and free space volumes. The model is intersected by
a virtual scan plane to dynamically determine all detectable
featuresfor the current sensorpose.In order to further increase
range, robustnessand precisionof navigation, feature planning is
performed prior to or dynamically during the vehicle's approach
towards the target. A rating function allows to compare feature
sets with regard to visibility and quality. This enables active
localization, i.e. controlling and optimizing the poseof an actu-
ated sensor which is especiallyuseful for long range approaches
and compensationof ground unevenness.The system has been
evaluated and in part it has already beentested successfullywith
a Mercedes-Benzruck on an outdoor test yard under varying
ervironmental conditions.

I. INTRODUCTION

Precisenavigation relative to single or multiple target ob-
jectsis a basictaskduring vehicleoperation,e.g.while dock-
ing at ramps, maneuering into parking positions, coupling
trailersor underridingswap bodies.In [1] we have introduced
a general approachof laser scannetbased navigation that
aims at automatingtheseprocedureslt is basedon 2D laser
rangescannersyhich provide an unmatchedcombinationof
measuremenprecision, fast data acquisition, robustnessto
varying ernvironmental conditions and reasonablehardware
costs.Fig. 1 shaws our test vehicle (Mercedes-BenZctros)
with arear x mountedSICKLMS200laserscanneand180°
eld of view. We successfullydemonstratedhe capabilities
of our systemby implementing an assistancesystem for
swap body interchange[1]. It works very reliable and with
impressve precisionfor distancesup to 30m, speedsup to
1ms andapproachanglesup to 100°. In [2] we furtherinves-
tigated object-relatechavigation of vehicleswith strongnon-
holonomic constraints,e.g. truck-trailer combinations.Our
motion planning algorithmsgeneratefeasibletrajectoriesfor
both, maneuering within limited spaceand long distance
approachesin this paper we describe precise and robust
localizationfrom even longer rangeand on uneven ground.

The performanceof ary object tracking algorithm mainly
dependn the setof visible features.Currentlaserscanners

acquirerangedatawithin oneor multiple scanplanes.Object
featuresare extractedfrom eachindividual scan.The align-
mentof the scanplaneof a x-mounted sensoris usually not
stationary It dependson the mounting place of the sensor
as well as on the vehicle’s motion on the ground along the
plannedtrajectory Featuresmight be too small, get occluded
or leave the sensors eld of view during the approach.On
the contrary an actuatedsensorallows to control the sensor
orientationindependentlyof the vehicle's motions. This way
the alignmentof the sensorscan plane and thus the set of
visible objectfeaturescan be optimizedby featue planning
Sensoractuationcan be performedby a dedicatedactuator
(e.g.tilt actuator)or evenby utilizing the level control system
of vehicles.Featureplanning can be implementedby rating,
comparingandoptimizing setsof visible featuredfor different
possiblesensororientations.This requiresfeatuie prediction
for arny 6-DOF sensorposerelative to the target object. Our
approachis basedon a 3D objectmodelwhich is intersected
by a virtual sensormplanein orderto extract potentialfeatures.

Fig. 1: Testvehiclewith rear2D laserrangescanneapproach-
ing a target objecton a plannedtrajectory

Featureplanning for visual senoing tasksis an openre-
search eld [3]. This appliesto (indoor) industrial robotics
andeven moreto outdoorvehicle navigation with muchmore
complex ervironmentalconditions.[4] and[5] presenfeature
planningapproache$or camera-basethdoor visual senoing.
In [6] 3D model basedfeaturepredictionis performedfor a
3D laserrangesensorbut only depthvaluesare predictedand
therelocalizationalgorithmis mainly basedon lines extracted
from an additional video camera.In this paper we apply



feature planning to outdoor laser scannetbasedvisual ser

voing. Our approachutilizes resultsfrom localization, object
modelling and robotic motion planningmethodsas described
in the following sections.

Il. SYSTEM ARCHITECTURE

The basicideaof the laserscannetbasedhavigation system
is to guideavehiclerelative to atargetobjectusinglaserrange
data.The navigation processstartswith sceneanalysis,tamget
selection and motion planning followed by online feature
planning,objecttrackingand motion control. Fig. 2 shavs the
architectureof the navigation system.The overall architecture
hasbeendescribedn [1] in detail. Newly addedis the feature
planningmodule.lnput valuesarethe type of the targetobject
detectedby the sceneanalysis the trajectory of the vehicle
calculatedoy the motionplanningmoduleandan estimationof
the last known or the predictedcurrentvehicle poseprovided
by the objecttracking module.Outputvaluesarethe predicted
set of featuresto be tracked by the object tracking and an
optimizedposefor the actuatedsensorif present.

| SceneAnalysis [ Motion Planning

HMI

target object trajectory

senso

LaserScannef~| 4~ pose[ FeaturePlanning [=—

Sensors features

Odometry »| ObjectTracking vehiclepose Motion Control
T setvalues

‘ Vehicle ‘

Fig. 2: Laserscanneibasednavigation systemarchitecture.

Fig. 3 depictsthe inner architectureof the featureplanning
module subdvided into Feature Prediction and SensorPose
Optimization bothof which consistof two submodulesespec-
tively. The 3D objectmodelprovidesanabstractepresentation
of the currenttarget object. Given a speci ¢ sensormose,the
featule extraction calculatesthe intersectionbetweenthe 2D
sensotplaneandthe 3D objectmodelandextractsall relevant
features(seesectionlV). Sensomposeoptimizationstartswith
the evaluationof thesefeaturesby the feature rating module
(seesectionVI). The resulting ratedfeaturevectoris passed
to the sensorposeplanning module,which optimizesthe set
of visible featuresby adjustingthe sensororientationbased
on the currentvehicle poseandits pre-plannedrajectory
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Fig. 3: Architectureof the featureplanningmodule.

The system has been designedto support different use
caseslt canbe usedfor online feature prediction i.e. during
the approachthe set of detectablefeaturesis continuously
predictedfrom the current sensorpose. Thesefeaturesare
usedfor adaptie objecttracking (seesectionV). Performing
ofine feature planning determinesoptimized featuresfor a
completeapproachin adwance.lt usesthe pre-plannednotion
trajectoryto determinghe mostfavorablesensoiorientationor
to plan pointsalongthe trajectoryto changethe alignmentof
the sensormplane.Finally the systemenablesdynamicfeatuie
planning wherethe sensororientationis actively re-adjusted
to optimize the setof visible features.

I1l. FEATURES

We rst examine the problem, which featuresare actu-
ally relevant to identifying and relocatingobjectswithin 2D
laserscans.Basic featuresextractablefrom rangeimagesare
discussedin [7]. This includesjump edges lines and line
intersections all of which have been used (separately)in
SLAM applications[8] indoor and outdoor Furthermorethe
conceptof free spaceis known from variouscollision avoid-
ancesystemsge.g.[9]. For long rangeoutdoorrelocalization
usually only few featuresof an object are visible. Therefore
in our approachall of above featuresare taken into account.
Following we brie y summarizetheir individual properties.

A. JumpEdges

An elementalfeaturewithin laserscansare discontinuities
of the depthmeasurements’heseare commonlycalledjump
edges and typically mark the bordersof object faces.They
are visible to the sensoras long as the originating faces
are detected.A single jump edgeis describedby the tuple
J = (x;y;depth) composedof its position (x;y) and its
minimum depth. It doesnot yield ary information on the
object’s orientation— but one canusepairs of jump edgesfor
that[1]. To extractjump edgesrom alaserscanthe difference
of adjacentdepthreadingsis comparedo a threshold.

B. Line Segments

Another basicfeatureare line sggments They result from
the pointwise scanningof planar surfaces (e.g. walls) by
the laser sensor[10]. A line segmentis characterizedby
the tuple L = (Xs;VYs; Xe; Ye) describingit's startingand end
point within the 2D scanplane. From thesecoordinatesthe
orientation A_ and length I of the line segment can be
calculated.Various algorithmshave beendevelopedfor line
segment extraction — see[11] for a comparison.We use an
enhanced/ariantof the PSA algorithm[12] that detectslines
with at least4 scanpoints. It allows small gapsto be more
robust regardingsingularmeasuremengrrors.

C. Line Intersections

A rathercomple featurein 2D laserscansareintersections
of line sggments[13]. They resultfrom spatial intersections
of objectfaces A line intersectionis representedby the tuple
S= (Xs;Ys;As;la;lg). It describesthe intersectionlocation



(Xs;Ys), theintersectionangleAs andthe distanceda andlg
to the intersectingline segments.If bothl, andlg are zero,
we call that intersectionreal. Otherwiseit is called virtual.
Featureextractionis doneby intersectingall possiblepairs of
extractedline segments.Settingthresholdsfor Ag, Ix andlg
limits the numberof results.

D. Free Space

Any areascannedy the lasersensomithout detectingarny
objectis calledfree space It is describedby a setof vertices
forming a closed polygon F = f(Xo;VYo); (X1;Y1);:::0. By
de nition theremustnot be ary scandatawithin the polygon
area.Freespaceis mainly usedby obstacleavoidanceappli-
cations[9]. Neverthelesst is a very useful additionalfeature
for objectrecognition- especiallywhentracking objectswith
a sparseset of featuresonly [1]. Free spacerequirements
signi cantly reducethe numberof candidatesduring object
classi cation. It doesnot improve the estimationof the object
posethough- thereforewe call it anindirect feature.

IV. FEATURE PREDICTION

Our approachto feature predictionis to have an abstract
representatiorof both target object and laser scanner Given
a 6-DOF posefor both sensorandtarget we predictall types
of featurediscussedn the previous sectionby simulatingthe
sensommeasuringhe target.

A. 3D ObjectModel

The model of the target objectneedsto be an ef cient and
e xible representatioof thetarget's appearanceModel-based
objectrepresentationare known from computergraphicsand
CAD [14]. For our applicationwe use a 3D object model
consisting of closed polygons. All  polygons are directed,
differentiatingbetweenfront and back side. The direction is
speci edby theorderof thevertices(mathematicallypositive).
Threepolygon catgyoriesare distinguishedwithin the model:
Objectpolygonsapproximatehe physicalsurfaceof the target
object.They canbeadditionallyattributedby color, re ectivity
andtexture. Free spacepolygonsde ne free spacevolumes-
that are regions of the object spacethat are de nitely free
of ary object parts. Free spacepolygonsare transparentj.e.

Fig. 4: A box swap body andits 3D objectmodelwith object
(blue), masking(red) and free space(green)polygons.

Fig. 5: Actuated sensorand 3D scanof a box swap body
acquiredby it. Scandataclassi ed asgroundis shown yellow.

object polygonslocatedbehindthemare still visible. Finally,
maskpolygonsencloseareasf the targetobjectthatshouldbe
explicitly ignoredfor featurepredictionand objectrelocation.
Any feature located within such a masking volume is not
matchedThis allowsto de ne objectmodelsfor wholeclasses
of objects by hiding individual variations within masking
volumes.Fig. 4 shons an examplefor a target objectand its
appropriateobjectmodel. The objectis a box swap body. An
EuropearNorm [15] de nes the locationandsize of the box,
the guiderails andthe supportlegs. Thesepartsare modelled
using object polygons(coloredblue in Fig. 4). Additionally,
non-standardizedartsaremasled-outwith a maskingvolume
(red) anda free spacevolume(green)is addedin-betweerthe
supportlegs, wherethe vehicle docksin. The resultingmodel
matchesary type C745box swap body.

The type of the target object is determinedduring scene
analysis(usually2D [1]) andtargetselectionln this paperwe
assumethe availability of a corresponding3D object model.
Dueto its polygonalstructureit may be easilyimportedfrom
existing CAD data.Masking and free spacevolumesusually
have to be addedmanually though. Alternatively object and
free spacepolygonsmaybereconstructedr evenlearnedirom
3D laserscandata[16]. This canbe doneduringa 3D scene
analysiswhile thevehicleis stoppedFig. 5 shavs anexample
recordedusinga tilting scannemountedat the vehicle's rear

B. Feature Extraction

The systemis able to extract all feature types described
in sectionlll from the 3D object model for ary arbitrary 6-
DOF sensompose.This is muchmoregeneralizeccomparedo
model-basedndoor localization algorithmsproposedin [13]
and[17] thatusea oor parallelsensomplaneandextractline
segmentsonly. Our algorithm performstwo major steps:in a
rst stepthe 3D objectmodelis intersectedvith the 2D sensor
plane and all (theoretically) visible featuresare computed.
In a secondstepwe apply a sensormodel to determineall
detectablefeatures.This dependson both depthand angular
resolutionof the laserscanneras well as on the distanceof
the sensorto the targetandthe sensors eld of view.

In orderto determineall visible featuresve assumenideal
laser scannerwith a 360° eld of view and an unlimited
measurementesolution. First of all the object model is
transformednto the sensors local coordinatesystemand all



(a) Calculationof visible featuresby intersectinghe 3D objectmodelwith
the 2D scanplane (yellow).
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(b) Extractedfeaturesjump edges(red), objectline sggments(blue) and
free space(green).Intersectionsare not shavn for betterclarity.

Fig. 6: Model basedfeatureprediction.One caneasilyrecognizeline sggmentsfrom the supportlegs, the box andfree space.

non-transparenpolygonsdirectedaway from the sensorare
removed (badk-faceculling). Thenall polygonsthat intersect
the sensorplane are determinedby checkingeach polygon
edge.For eachintersectingpolygonthe visible line segments
within the scannerplane are extracted.At the end points of

eachline sgment potential jump edgesand their minimal

depthsaredeterminedJumpedgeshave eithera known depth
(in caseof a transition betweentwo model polygons)or an
unknown depth (in caseof an object-backgroundransition).
Finally line intersectionsare computedfor all pairs of line

sgments. The resulting feature vector f 2 F describesall

visible featuresandtheir spatialrelation.

Fig. 6 shavs an exampleof the featureextraction. The sen-
soris locatednearthefront of thetargetobjectwith the sensor
plane tilted upwards (seeFig. 6a). In Fig. 6b the extracted
features(except for line intersections)are shavn. One can
easily identify the line sgmentsand jump edgesoriginating
from the object’s supportlegs and the box superstructure.

V. ADAPTIVE OBJECT TRACKING

During anapproactthe visibility of objectfeatureschanges
signi cantly dependingon the vehicle's trajectory and the
sensors eld of view. In [1] we proposech multi-phaseobject
tracking algorithm to handle different sets of features.The
addition of featurepredictionto our systemenabledo further
generalizethis approach.Starting with a pose estimationof
the vehicle by a Kalman lter the set of currently visible
featuresis predictedusingthe 3D object model. This feature
setis thenusedto localize the target objectwithin the current
laser scan (matching) and to calculate the current vehicle
pose. If the measuredpose differs signi cantly from the
originally estimatedpose,the procedureof featureprediction
and matchingis repeatedteratively in order to optimize the
featuresetused.Finally the Kalman Iter is updatedWith this
adaptiveobjecttrackingalgorithmthe target objectis tracked
using an optimizedsetof featuresall the time.

The set of visible featuresdependson the alignment of
the scanplanetoo. This can be problematicif the alignment
is not known, e.g. when moving on uneven ground. Using
a multilayer sensoy it is possibleto compensateor pitch

motions of the vehicle. Assuming three scan planesobject
tracking is normally performedusing the middle plane. If

tracked featuresare found within the lower or upper plane
instead,the changeof the sensortilt anglecan be estimated.
This is either usedto updatethe featurepredictionor to re-

adjustthe tilt angleof the sensoractuatoy if installed.

VI. FEATURE PLANNING

The basicideaof featureplanningis to optimizethe align-
ment of the sensorplanefor a given sensorposition. Using
featurepredictionwe can estimatethe detectableeaturesfor
ary arbitrarysensoipose First of all we de ne afeaturerating
functionin orderto be ableto comparethe featuresof different
sensomplanealignmentsto eachother This function thencan
be usedfor the sensomposeplanningalgorithm.

A. Featue Rating

The feature rating function r: F 7! R* maps a feature
vectorf 2 F to anumericalnon-nejativeratingvalueg 2 R*:

g = r(f) 1)

g de nes a relative rating with no upper limit. The higher
the score the better the examined set of features.In [18]
local image featuresare characterizedand [4] de nes a set
feature tness measuredor camera-baseuisual senoing. In
thefollowing we describea rating systemthatis applicableto
all laserscannetbasedfeaturestypesdescribedn sectionlll.

We de ne the rating function r(f) to be a weightedsum of
the featurevisibility v(f) andthe featurequality q(f):

r(f) = wy ev(f) + wq ¢q(f) )

v(f) describeshow well a featureis seenby the lasersensor
It is further composedof rating functionsfor the detectabil-
ity t(f) andthe stability s(f) of a featurevectorf:

v(f) = wy et(f) + ws ¢5(f) ®3)

The detectability indicates how well the featurescan be
extractedfrom laser scandata. This mainly dependson the
angularresolutionof the sensorandits distanceto the target
object. For outdoor vehicle navigation this is very important
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since object tracking often has to be performedfor ranges
above 30m. The stability rating s(f) estimateshow robust a
featurevectoris to variationsof the assumedensomposedue
to groundunevennessr relocationerrors.

The quality rating function q(f) describesthe usefulness
of a featureor featurevectorfor estimatingthe vehicle pose.
It is further differentiatedinto distinctivenessd(f), position
accuracy p(f) andorientationaccuracy o(f):

q(f) = wg ¢d(f) + wp ¢p(f) + w, Co(f) 4)

d(f) estimateshow well the target objectis identi able using
the predictedfeaturevector For examplea singlejump edge
hasalow distinctvenesstwo long lineswith a free spacearea
in-betweenon the otherhandhave a high distinctivenessp(f)
ando(f) measureahe contritution of eachfeatureto a precise
relocalization(seesectionVIl for experimentalresults).

The evaluationof the rating functionsinevitably depend®n
sensorpropertiesand the respectie featuretype. A detailed
descriptionof the rating functionsfor eachfeaturetype will
be part of a future publication. The choice of the weighting
coefcients w; dependon the requirementof the respectie
application.For example, precisedocking demandshigh fea-
ture quality while fastdriving emphasizefeaturestability. The
coefcients may also be dynamically adjusted.For example,
object docking might require good visibility while far awvay
from the target and high quality closeto it.

B. SensorPosePlanning

Basedon the rating function for comparingdifferentsensor
poseswe are ableto de ne a costfunction. Sucha function
enablesthe application of well known planning algorithms
[19] to the feature planning problem. We utilize our multi-
dimensional,grid-basedplanning systemwhich is used for
vehicle motion planning as describedin [2]. The dimension
of planningspacedependson the degreesof freedomof the
sensoror actuator The simplestcaseis to plan along the
vehicle's motiontrajectorywith a singleverticaljoint actuator
This one-dimensionaplanning can be performedvery fast.
The planningcostfunction needsto optimize the sensorpose
by maximizing the feature rating while minimizing sensor

actuationsince sensormovementrequirestime too. This is
doneby addingcostsfor every sensommotion.

VIl. RESULTS

In order to further examine the propertiesof the features
introduced in section lll, we have performeda series of
experimentsusing a box type swap body (seeFig. 4) anda
x ed mountedsingle plane SICK LMS200laser scannerWe
set up three different con gurations of our generictracking
algorithm — eachbasedon one basic featuretype. The rst
set-uptracksthe patternof four jump edgesoriginating from
the front pair of supportlegs of the swap body This is the
sameset of featuresusedin the rst phaseof the tracking
algorithmdescribedn [1]. Eachleg hasa width of 10cm and
is visible upto 30m at max. The secondset-uptracksthe front
face of the swap body box by extracting the corresponding
line sggment from the laser scan. The box has a width of
2.60m and is visible for up to 80m, if the scanplaneis
alignedfavorably. The third set-upcalculatesthe intersection
of the line segmentsoriginating from the front and one side
of the swap trailer box. For the latter two con gurationsthe
sensothasbeentilted upwardsby 4.5°. Additional free space
de nitions have beenusedfor all threeset-upsto identify the
target objectunambiguously

Fig. 7 shavs a comparisonof the data obtainedfor each
feature set for the range from 8m to 35m. We measured
the pose(x; y; A) of the target objectwithin the right-handed
sensorcoordinatesystemwith the x-axis pointing along the
longitudinal axis of the vehicle. Sinceno referencemeasure-
ment systemhas beenavailable we cannotcomparethe pose
measurementsf the three set-upsdirectly. Insteadwe use
the standarddeviation of the pose estimationfor a relative
comparisonlt givesan indication of the stability and quality
of this estimation.For eachcoordinateof the objectposeand
eachfeature set the standarddeviation has been calculated
from un ltered dataof four independentpproachesising a
moving meanwith a temporalwindow sizeof 8 1s. We have
usedodometrydatato compensatéor the vehicle ego-motion
within this window. Note that each diagram usesdifferent
scalessince we want to comparethe featuresto eachother



Furthermoresomepeaksin this measurementare systematic
errors causedby uneven groundand changingre ectivity of
the target surface.

The resultsshow in generalthatthe deviationin x is much
betterthanthatin y. Thatis typical sincecurrentlaserscanners
have a better depth resolution comparedto their angular
resolution. Regarding the x-component,line-basedfeatures
perform slightly better than jump edges(Fig. 7a), because
they use more scan points averaging sensornoise. This is
much more signi cant for the estimationof the orientation
A though(Fig. 7c). The y-measurementsf line sggmentsand
jump edgesarelimited by theangularresolutionof the scanner
— their y-deviation increasewith the distance(Fig. 7b). Line
intersectionsprovide nearly constanty-deviation since their
locationmainly depend®n the A-estimatiorof theintersecting
lines. In [1] we have determinedthe absoluteprecision of
the jump edge-basegoseestimationto be § 1cm and§ 0:2°
during dock-in of the vehicle into the target swap body
(measuredmanually). The resultsin Fig. 7 imply that line
segmentsand line intersectiongerformeven better Together
with the considerationgn sectionlll thisleadsto thefollowing
appraisalJumpedgesareeasilyidenti ed andfoundon nearly
every object. They are the basicfeaturefor objectrelocation.
Long line seggmentsare detectableeven at long rangesand
provide a better A-estimation.They are not always available
though. Line intersectionsprovide the best pose estimation
but require two suitable line segments. Detection of small
objectsfrom long rangess dif cult dueto thelimited angular
resolution of the laser scannerand insufcient re ectivity
of the target's surface area. This can be improved using a
next-generatiormultilayer laserscannemith variableangular
resolutionand extendedrange[20].

Regarding our application example, tracking a box swap
body; the resultsimply thatit would be bestto track the box
front aslong as possiblefor high precisionand stability and
switch to the supportlegs at closerangeand while docking,
wherethebox leavesthe eld of view of thesensorThis could
be doneto certain extend even without sensoractuationby
using a multilayer laserscannemwith a ground-paralleplane
tracking the supportlegs and at least one more plane tilted
towardsthe box superstructure.

VIII. CONCLUSION

This paperextends our outdoor laser scannethasednav-
igation systemin two ways: First, adding dynamic feature
predictionand adaptve model-basedbject tracking general-
izes object recognition.Second,the introduction of dynamic
featureplanningandactuatedsensorcontrol further improves
the range precisionandrobustnesf the system.The feature
rating systemenablesonline optimization of featuresetand
sensotposeusingplanningalgorithms.A 3D attributedpolyg-
onal object model is usedto determinethe set of detectable
featuresfor ary arbitrary 6-DOF sensorpose. The addition
of free spaceand maskingvolume de nitions increaseghe
generalusability of this representatiosigni cantly. The sys-
tem has been designedto meet practical requirementsof

autonomour semi-autonomousutdoorvehicle navigation,
including varying ervironmental conditions and ground un-
evennessThe developedalgorithmsare applicableto known
and announcedfuture laser scannerswith a single or with
multiple scanplanes.Future work includesfurther practical
experimentswith an actuatedaserscanneras well aswith a
multilayer sensoron more uneven ground.
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