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Abstract—In this paper we present an approach to dynamic
model-based feature prediction and feature planning for our
laser scanner-based navigation system. The system enablesau-
tonomous precise maneuvering 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 fr ee space areas
are considered. Feature prediction is based on an attrib uted
polygonal 3D object model representingobject surfaces,masking
volumes and fr ee space volumes. The model is intersected by
a virtual scan plane to dynamically determine all detectable
featuresfor the curr ent 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 alreadybeentestedsuccessfullywith
a Mercedes-Benztruck on an outdoor test yard under varying
envir onmental conditions.

I . INTRODUCTION

Precisenavigation relative to single or multiple target ob-
jectsis a basictaskduring vehicleoperation,e.g.while dock-
ing at ramps,maneuvering into parking positions,coupling
trailersor underridingswap bodies.In [1] we have introduced
a general approachof laser scanner-basednavigation that
aims at automatingtheseprocedures.It is basedon 2D laser
rangescanners,which provide an unmatchedcombinationof
measurementprecision, fast data acquisition, robustnessto
varying environmental conditions and reasonablehardware
costs.Fig. 1 shows our test vehicle (Mercedes-BenzActros)
with a rear, �x mountedSICKLMS200laserscannerand180°
�eld of view. We successfullydemonstratedthe capabilities
of our system by implementing an assistancesystem for
swap body interchange[1]. It works very reliable and with
impressive precisionfor distancesup to 30m, speedsup to
1m/s andapproachanglesup to 100°. In [2] we further inves-
tigatedobject-relatednavigation of vehicleswith strongnon-
holonomic constraints,e.g. truck-trailer combinations.Our
motion planningalgorithmsgeneratefeasibletrajectoriesfor
both, maneuvering within limited spaceand long distance
approaches.In this paper we describe precise and robust
localizationfrom even longer rangeandon uneven ground.

The performanceof any object tracking algorithm mainly
dependson the setof visible features.Currentlaserscanners

acquirerangedatawithin oneor multiple scanplanes.Object
featuresare extractedfrom eachindividual scan.The align-
mentof the scanplaneof a �x-mounted sensoris usuallynot
stationary. It dependson the mounting place of the sensor
as well as on the vehicle's motion on the groundalong the
plannedtrajectory. Featuresmight be too small, get occluded
or leave the sensor's �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 sensorscanplane and thus the set of
visible object featurescan be optimizedby feature planning.
Sensoractuationcan be performedby a dedicatedactuator
(e.g.tilt actuator)or evenby utilizing the level control system
of vehicles.Featureplanningcan be implementedby rating,
comparingandoptimizingsetsof visible featuresfor different
possiblesensororientations.This requiresfeature prediction
for any 6-DOF sensorposerelative to the target object.Our
approachis basedon a 3D objectmodelwhich is intersected
by a virtual sensorplanein orderto extract potentialfeatures.

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

Featureplanning for visual servoing tasks is an open re-
search�eld [3]. This applies to (indoor) industrial robotics
andevenmoreto outdoorvehiclenavigation with muchmore
complex environmentalconditions.[4] and[5] presentfeature
planningapproachesfor camera-basedindoor visual servoing.
In [6] 3D model basedfeaturepredictionis performedfor a
3D laserrangesensor, but only depthvaluesarepredictedand
therelocalizationalgorithmis mainly basedon linesextracted
from an additional video camera.In this paper we apply



feature planning to outdoor laser scanner-basedvisual ser-
voing. Our approachutilizes resultsfrom localization,object
modellingandrobotic motion planningmethodsasdescribed
in the following sections.

I I . SYSTEM ARCHITECTURE

Thebasicideaof the laserscanner-basednavigationsystem
is to guidea vehiclerelative to a targetobjectusinglaserrange
data.The navigation processstartswith sceneanalysis,target
selection and motion planning followed by online feature
planning,objecttrackingandmotioncontrol.Fig. 2 shows the
architectureof thenavigationsystem.The overall architecture
hasbeendescribedin [1] in detail.Newly addedis the feature
planningmodule.Input valuesarethetypeof thetargetobject
detectedby the sceneanalysis, the trajectory of the vehicle
calculatedby themotionplanningmoduleandanestimationof
the last known or the predictedcurrentvehicleposeprovided
by theobjecttracking module.Outputvaluesarethepredicted
set of featuresto be tracked by the object tracking and an
optimizedposefor the actuatedsensor, if present.

PSfragreplacements

LaserScanner

Odometry

Sensors

SceneAnalysis
start/ dest

target object

FeaturePlanning

features

sensor
pose

Motion Planning

trajectory

ObjectTracking
vehiclepose

Motion Control

setvalues

Vehicle

HMI

Fig. 2: Laserscanner-basednavigation systemarchitecture.

Fig. 3 depictsthe inner architectureof the featureplanning
module subdivided into Feature Prediction and SensorPose
Optimization, bothof whichconsistof two submodulesrespec-
tively. The3D objectmodelprovidesanabstractrepresentation
of the currenttarget object.Given a speci�c sensorpose,the
feature extraction calculatesthe intersectionbetweenthe 2D
sensorplaneandthe3D objectmodelandextractsall relevant
features(seesectionIV). Sensorposeoptimizationstartswith
the evaluationof thesefeaturesby the feature rating module
(seesectionVI). The resultingratedfeaturevector is passed
to the sensorposeplanning module,which optimizesthe set
of visible featuresby adjustingthe sensororientationbased
on the currentvehicleposeand its pre-plannedtrajectory.
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Fig. 3: Architectureof the featureplanningmodule.

The system has been designedto support different use
cases.It canbe usedfor online feature prediction, i.e. during
the approachthe set of detectablefeaturesis continuously
predictedfrom the current sensorpose. Thesefeaturesare
usedfor adaptive object tracking(seesectionV). Performing
of�ine feature planning determinesoptimized featuresfor a
completeapproachin advance.It usesthepre-plannedmotion
trajectoryto determinethemostfavorablesensororientationor
to plan pointsalongthe trajectoryto changethe alignmentof
the sensorplane.Finally the systemenablesdynamicfeature
planning, wherethe sensororientationis actively re-adjusted
to optimize the setof visible features.

I I I . FEATURES

We �rst examine the problem, which featuresare actu-
ally relevant to identifying and relocatingobjectswithin 2D
laserscans.Basic featuresextractablefrom rangeimagesare
discussedin [7]. This includes jump 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-
ancesystems,e.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.Thesearecommonlycalled jump
edges and typically mark the bordersof object faces.They
are visible to the sensoras long as the originating faces
are detected.A single jump edge is describedby the tuple
J = (x; y; depth) composedof its position (x; y) and its
minimum depth. It does not yield any information on the
object's orientation– but onecanusepairsof jump edgesfor
that[1]. To extract jump edgesfrom a laserscanthedifference
of adjacentdepthreadingsis comparedto a threshold.

B. Line Segments

Another basic featureare line segments. They result from
the pointwise scanningof planar surfaces (e.g. walls) by
the laser sensor [10]. A line segment is characterizedby
the tuple L = (xs ; ys ; xe; ye) describingit' s startingand end
point within the 2D scanplane.From thesecoordinatesthe
orientation ÁL and length lL of the line segment can be
calculated.Various algorithmshave beendevelopedfor line
segment extraction – see[11] for a comparison.We use an
enhancedvariantof the PSA algorithm[12] that detectslines
with at least4 scanpoints. It allows small gapsto be more
robust regardingsingularmeasurementerrors.

C. Line Intersections

A rathercomplex featurein 2D laserscansareintersections
of line segments[13]. They result from spatial intersections
of object faces.A line intersectionis representedby the tuple
S = (xs ; ys; Ás ; lA ; lB ). It describesthe intersectionlocation



(xs ; ys), the intersectionangleÁs andthedistanceslA andlB
to the intersectingline segments.If both lA and lB are zero,
we call that intersectionreal. Otherwiseit is called virtual.
Featureextractionis doneby intersectingall possiblepairsof
extractedline segments.Settingthresholdsfor Ás , lA and lB
limits the numberof results.

D. FreeSpace

Any areascannedby the lasersensorwithout detectingany
object is called freespace. It is describedby a setof vertices
forming a closed polygon F = f (x0; y0); (x1; y1); : : : g. By
de�nition theremustnot be any scandatawithin the polygon
area.Freespaceis mainly usedby obstacleavoidanceappli-
cations[9]. Neverthelessit is a very usefuladditionalfeature
for object recognition- especiallywhentrackingobjectswith
a sparseset of featuresonly [1]. Free spacerequirements
signi�cantly reducethe numberof candidatesduring object
classi�cation.It doesnot improve the estimationof theobject
posethough- thereforewe call it an indirect feature.

IV. FEATURE PREDICTION

Our approachto featureprediction is to have an abstract
representationof both target object and laserscanner. Given
a 6-DOF posefor both sensorand target we predictall types
of featuresdiscussedin theprevioussectionby simulatingthe
sensormeasuringthe target.

A. 3D ObjectModel

The modelof the target objectneedsto be an ef�cient and
�e xible representationof thetarget'sappearance.Model-based
objectrepresentationsareknown from computergraphicsand
CAD [14]. For our application we 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).
Threepolygoncategoriesaredistinguishedwithin the model:
Objectpolygonsapproximatethephysicalsurfaceof thetarget
object.They canbeadditionallyattributedby color, re�ectivity
and texture. Freespacepolygonsde�ne free spacevolumes-
that are regions of the object spacethat are de�nitely free
of any object parts.Freespacepolygonsare transparent,i.e.

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

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

objectpolygonslocatedbehindthemarestill visible. Finally,
maskpolygonsencloseareasof thetargetobjectthatshouldbe
explicitly ignoredfor featurepredictionandobjectrelocation.
Any feature located within such a masking volume is not
matched.Thisallows to de�ne objectmodelsfor wholeclasses
of objects by hiding individual variations within masking
volumes.Fig. 4 shows an examplefor a target objectand its
appropriateobjectmodel.The object is a box swap body. An
EuropeanNorm [15] de�nes the locationandsizeof the box,
the guiderails andthe supportlegs.Thesepartsaremodelled
using object polygons(coloredblue in Fig. 4). Additionally,
non-standardizedpartsaremasked-outwith a maskingvolume
(red)anda freespacevolume(green)is addedin-betweenthe
supportlegs,wherethe vehicledocksin. The resultingmodel
matchesany type C745box swap body.

The type of the target object is determinedduring scene
analysis(usually2D [1]) andtargetselection.In this paperwe
assumethe availability of a corresponding3D object model.
Due to its polygonalstructureit may be easilyimportedfrom
existing CAD data.Masking and free spacevolumesusually
have to be addedmanually though.Alternatively object and
freespacepolygonsmaybereconstructedor evenlearnedfrom
3D laserscandata[16]. This canbe doneduring a 3D scene
analysiswhile thevehicleis stopped.Fig. 5 shows anexample
recordedusinga tilting scannermountedat the vehicle's rear.

B. Feature Extraction

The systemis able to extract all feature types described
in sectionIII from the 3D object model for any arbitrary 6-
DOF sensorpose.This is muchmoregeneralizedcomparedto
model-basedindoor localizationalgorithmsproposedin [13]
and[17] that usea �oor parallelsensorplaneandextract line
segmentsonly. Our algorithmperformstwo major steps:In a
�rst stepthe3D objectmodelis intersectedwith the2D sensor
plane and all (theoretically) visible featuresare computed.
In a secondstep we apply a sensormodel to determineall
detectablefeatures.This dependson both depthand angular
resolutionof the laserscanneras well as on the distanceof
the sensorto the target and the sensor's �eld of view.

In orderto determineall visible featureswe assumeanideal
laser scannerwith a 360° �eld of view and an unlimited
measurementresolution. First of all the object model is
transformedinto the sensor's local coordinatesystemand all



(a) Calculationof visible featuresby intersectingthe3D objectmodelwith
the 2D scanplane(yellow).

(b) Extractedfeatures:jump edges(red), object line segments(blue) and
free space(green).Intersectionsarenot shown for betterclarity.

Fig. 6: Model basedfeatureprediction.Onecaneasilyrecognizeline segmentsfrom the supportlegs, the box andfree space.

non-transparentpolygonsdirectedaway from the sensorare
removed (back-faceculling). Then all polygonsthat intersect
the sensorplane are determinedby checkingeach polygon
edge.For eachintersectingpolygonthe visible line segments
within the scannerplaneare extracted.At the end points of
each line segment potential jump edgesand their minimal
depthsaredetermined.Jumpedgeshave eithera known depth
(in caseof a transition betweentwo model polygons)or an
unknown depth(in caseof an object-backgroundtransition).
Finally line intersectionsare computedfor all pairs of line
segments.The resulting feature vector f 2 F describesall
visible featuresand their spatialrelation.

Fig. 6 shows an exampleof the featureextraction.Thesen-
sor is locatednearthefront of thetargetobjectwith thesensor
plane tilted upwards (seeFig. 6a). In Fig. 6b the extracted
features(except for line intersections)are shown. One can
easily identify the line segmentsand jump edgesoriginating
from the object's supportlegs and the box superstructure.

V. ADAPTIVE OBJECT TRACKING

During anapproachthevisibility of objectfeatureschanges
signi�cantly dependingon the vehicle's trajectory and the
sensor's �eld of view. In [1] we proposeda multi-phaseobject
tracking algorithm to handledifferent sets of features.The
additionof featurepredictionto our systemenablesto further
generalizethis approach.Starting with a poseestimationof
the vehicle by a Kalman �lter the set of currently visible
featuresis predictedusing the 3D objectmodel.This feature
setis thenusedto localizethe targetobjectwithin thecurrent
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 repeatediteratively in order to optimize the
featuresetused.Finally theKalman�lter is updated.With this
adaptiveobject trackingalgorithmthe target object is tracked
usingan 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 sensor, it is possible to compensatefor 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 sensoractuator, if installed.

VI . FEATURE PLANNING

The basicideaof featureplanningis to optimizethe align-
ment of the sensorplane for a given sensorposition. Using
featurepredictionwe canestimatethe detectablefeaturesfor
any arbitrarysensorpose.First of all we de�ne a featurerating
functionin orderto beableto comparethefeaturesof different
sensorplanealignmentsto eachother. This function thencan
be usedfor the sensorposeplanningalgorithm.

A. Feature Rating

The feature rating function r : F 7! R+ maps a feature
vectorf 2 F to a numericalnon-negativeratingvalueg 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 measuresfor camera-basedvisual servoing. In
the following we describea ratingsystemthat is applicableto
all laserscanner-basedfeaturestypesdescribedin sectionIII.
We de�ne the rating function r(f ) to be a weightedsum of
the featurevisibility v(f ) and the featurequality q(f ):

r(f ) = wv ¢v(f ) + wq ¢q(f ) (2)

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

v(f ) = wt ¢t(f ) + ws ¢s(f ) (3)

The detectability indicates how well the features can be
extractedfrom laser scandata.This mainly dependson the
angularresolutionof the sensorand its distanceto the target
object. For outdoorvehicle navigation this is very important
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(a) Standarddeviation of x-coordinate.
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(b) Standarddeviation of y-coordinate.
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(c) Standarddeviation of orientation.

Fig. 7: Comparisonof object relocationusing different object featuresextractedfrom real scandata.The thick curvesshow
the meanvalueof measurementsfrom four independentapproaches.Thin lines show a smoothspline interpolation.

since object tracking often has to be performedfor ranges
above 30m. The stability rating s(f ) estimateshow robust a
featurevector is to variationsof the assumedsensorposedue
to groundunevennessor relocationerrors.

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

q(f ) = wd ¢d(f ) + wp ¢p(f ) + wo ¢o(f ) (4)

d(f ) estimateshow well the target object is identi�able using
the predictedfeaturevector. For examplea single jump edge
hasa low distinctiveness,two long lineswith a freespacearea
in-betweenon theotherhandhave a high distinctiveness.p(f )
ando(f ) measurethecontribution of eachfeatureto a precise
relocalization(seesectionVII for experimentalresults).

Theevaluationof theratingfunctionsinevitably dependson
sensorpropertiesand the respective featuretype. A detailed
descriptionof the rating functionsfor eachfeaturetype will
be part of a future publication.The choiceof the weighting
coef�cients wi dependson the requirementsof the respective
application.For example,precisedockingdemandshigh fea-
turequalitywhile fastdriving emphasizesfeaturestability. The
coef�cients may also be dynamicallyadjusted.For example,
object docking might require good visibility while far away
from the target andhigh quality closeto it.

B. SensorPosePlanning

Basedon the rating function for comparingdifferentsensor
poses,we are able to de�ne a cost function. Sucha function
enablesthe application of well known planning algorithms
[19] to the featureplanning 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 simplest case is to plan along the
vehicle'smotiontrajectorywith a singlevertical joint actuator.
This one-dimensionalplanning can be performedvery fast.
The planningcost function needsto optimizethe sensorpose
by maximizing the feature rating while minimizing sensor

actuationsince sensormovementrequirestime too. This is
doneby addingcostsfor every sensormotion.

VI I . RESULTS

In order to further examine the propertiesof the features
introduced in section III, we have performed a series of
experimentsusing a box type swap body (seeFig. 4) and a
�x ed mountedsingle planeSICK LMS200laserscanner. We
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 featuresused in the �rst phaseof the tracking
algorithmdescribedin [1]. Eachleg hasa width of 10cm and
is visible up to 30m at max.Thesecondset-uptracksthefront
face of the swap body box by extracting the corresponding
line segment from the laser scan.The box has a width of
2.60m and is visible for up to 80m, if the scan plane is
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�gurations the
sensorhasbeentilted upwardsby 4.5°. Additional free space
de�nitions have beenusedfor all threeset-upsto identify the
target objectunambiguously.

Fig. 7 shows a comparisonof the data obtainedfor each
feature set for the range from 8m to 35m. We measured
the pose(x; y; Á) of the target objectwithin the right-handed
sensorcoordinatesystemwith the x-axis pointing along the
longitudinal axis of the vehicle.Sinceno referencemeasure-
mentsystemhasbeenavailablewe cannotcomparethe pose
measurementsof the three set-upsdirectly. Insteadwe use
the standarddeviation of the pose estimationfor a relative
comparison.It givesan indicationof the stability andquality
of this estimation.For eachcoordinateof the objectposeand
each feature set the standarddeviation has been calculated
from un�ltered dataof four independentapproachesusing a
moving meanwith a temporalwindow sizeof § 1s. We have
usedodometrydatato compensatefor the vehicleego-motion
within this window. Note that each diagram usesdifferent
scalessincewe want to comparethe featuresto eachother.



Furthermore,somepeaksin this measurementsaresystematic
errorscausedby uneven groundand changingre�ectivity of
the target surface.

The resultsshow in generalthat the deviation in 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
Á though(Fig. 7c). The y-measurementsof line segmentsand
jumpedgesarelimited by theangularresolutionof thescanner
– their y-deviation increaseswith the distance(Fig. 7b). Line
intersectionsprovide nearly constanty-deviation since their
locationmainlydependsontheÁ-estimationof theintersecting
lines. In [1] we have determinedthe absoluteprecision of
the jump edge-basedposeestimationto be § 1cm and§ 0:2°
during dock-in of the vehicle into the target swap body
(measuredmanually). The results in Fig. 7 imply that line
segmentsand line intersectionsperformeven better. Together
with theconsiderationsin sectionIII this leadsto thefollowing
appraisal:Jumpedgesareeasilyidenti�ed andfoundonnearly
every object.They are the basicfeaturefor object relocation.
Long line segmentsare detectableeven at long rangesand
provide a betterÁ-estimation.They are not always available
though. Line intersectionsprovide the best pose estimation
but require two suitable line segments.Detection of small
objectsfrom long rangesis dif�cult dueto the limited angular
resolution of the laser scannerand insuf�cient re�ectivity
of the target's surface area.This can be improved using a
next-generationmultilayer laserscannerwith variableangular
resolutionandextendedrange[20].

Regarding our application example, tracking a box swap
body, the resultsimply that it would be bestto track the box
front as long as possiblefor high precisionand stability and
switch to the supportlegs at closerangeand while docking,
wherethebox leavesthe�eld of view of thesensor. This could
be done to certain extend even without sensoractuationby
using a multilayer laserscannerwith a ground-parallelplane
tracking the support legs and at least one more plane tilted
towardsthe box superstructure.

VI I I . CONCLUSION

This paper extends our outdoor laser scanner-basednav-
igation systemin two ways: First, adding dynamic feature
predictionand adaptive model-basedobject tracking general-
izes object recognition.Second,the introductionof dynamic
featureplanningandactuatedsensorcontrol further improves
the range,precisionandrobustnessof thesystem.The feature
rating systemenablesonline optimizationof featureset and
sensorposeusingplanningalgorithms.A 3D attributedpolyg-
onal object model is usedto determinethe set of detectable
featuresfor any arbitrary 6-DOF sensorpose.The addition
of free spaceand maskingvolume de�nitions increasesthe
generalusability of this representationsigni�cantly. The sys-
tem has been designedto meet practical requirementsof

autonomousor semi-autonomousoutdoorvehicle navigation,
including varying environmentalconditions and ground un-
evenness.The developedalgorithmsare applicableto known
and announcedfuture laser scannerswith a single or with
multiple scanplanes.Future work includesfurther practical
experimentswith an actuatedlaserscanneras well as with a
multilayer sensoron moreuneven ground.
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