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Abstract

In this paper, we presentanapproachto qualitative rover lo-
calizationwith panoramicimages.Theapproachrelieson the
possibilityto efficientlyandrobustlycomputetheresemblance
betweenpanoramicimages,indexing themby histogramsof
local appearances.A databaseof imageindexes is dynami-
cally built duringrover motions:whentherover re-perceives
analreadycrossedarea,it matchesthecurrentimagewith the
storedones(placerecognition),andthusgetsa qualitativees-
timateof its position. Experimentalresultson a 400 images
databaseillustratesthealgorithmsthroughoutthepaper.

1 Introduction

Amongthe variousfunctionalitiesrequiredfor a rover to au-
tonomouslynavigate in naturalenvironments,localizationis
oneof the mostimportant. Indeed,a positionestimateis re-
quired to build coherentenvironmentmodels,to ensurethat
thegivenmissionis successfullybeingachieved,or to control
motionsalonga definedtrajectory.

In naturalenvironments,landmark-basedpositionestimation
techniquesare quite challenging. The difficulty essentially
lies in theconceptionof algorithmsthatextractandmodelthe
landmarksfrom the perceived data(eithervideo or 3D): the
environmentbeingnonstructured,it is noteasyto find salient,
discriminativeobjectsthatcaneasilybemodeledandmatched
from oneperceptionto theother. Moreover, suchtechniques
callsfor recognitionabilities: indeed,if landmarkscaneasily
bematchedbetweensuccessive positionson thesolebasisof
their positionandtherover motionestimate,it is necessaryto
recognizethemwhenthey arere-perceivedafterawhile,when
theinitial roverpositionestimateis extremelyunprecise,such
aswhenperforminga long loop trajectoryfor instance.

In this paper, we proposea qualitative position refinement
techniquethat localizea rover whenit comesbackin a pre-
viouslyperceivedarea,usinganimageindexing techniqueon
panoramicviewsof theenvironmentto recognizeplaces. The
principle of our approachis the following: as it navigates,
the rover continuouslycollectspanoramicviews of its envi-
ronment,alongwith the currentestimateof its position,and
buildsa databaseof imageindexes, i.e. a setof characteristics
computedon the images(learningphase). After a long tra-
verse,whenthe rover arrivesnearbyanalreadycrossedarea,
its positionestimateis very likely to havedriftedsignificantly:
a newly perceivedimageis matchedwith thestoredones,and

thebestmatchgivesa qualitativeindicationof therover posi-
tion (recognitionphase).This positionestimatecanthensub-
sequentlyenablelandmarkassociationor terrainmodelmatch-
ing, andthereforeberefined,which is out of thescopeof this
paper. Themainadvantageof our approachto placerecogni-
tion is thatit doesnot call for any landmarkextractionproce-
dure,thusavoiding thetricky datasegmentationandlandmark
modelingsteps.Moreover, it canbeappliedin anykindof en-
vironments(exceptsomedegeneratecases,i.e. purelytexture
free environments). Finally, our approachrequiresvery few
storagespaceandcomputationtime.

Thepaperis organizedasfollows: thenext sectionis a brief
overview of image indexing techniquesand of the use of
panoramicimagesfor localizationpurposesin robotics.Sec-
tion 3 describesourapproachto computetheresemblancebe-
tweenimages.In section4, we presenthow this approachis
appliedto panoramicimages,andintroducea way to reduce
boththedatabasestoragevolumeandtherecognitioncompu-
tationtime. Experimentalresultsareprovidedalongthepaper.

2 Related work

2.1 Image indexing
Recentwork in thevision communityshow thatimageindex-
ing is a promisingapproachto object recognition. We can
classifythevariouscontributionsrelatedto imageindexing in
threegreatclasses:themethodsbasedon attributescomputed
on theoverall images,changesof imagespace,andthemeth-
odsthatuselocalattributes.

Global attributes. SwainandBallard[12] proposedto repre-
sentanobjectby a color histogram.Objectsareidentifiedby
matchingacolorhistogramfrom animageregion with a color
histogramfromasampleof theobject.Therobustnessto scale
andorientationin their techniqueis mainly dueto the useof
color, while the robustnessto changesin viewing angleand
to partialocclusionaredueto theuseof histogrammatching.
However, the majordrawbackof themethodis its sensitivity
to lighting conditions. More recently, Schieleand Crowley
proposeda techniqueto determinethe identity of objectsin
a sceneusingmatchingof multi-dimensionalreceptive field
histogram[10]. This techniquecanbeusedto determinethe
mostprobableobjectsin a scene,independentlyof theobject
position,image-planeorientationandscale.

Space transformation. Turk andPentlandin [14] developed
a methodfor facesdetectionand recognition. Their PCA



method(PrincipalsComponentsAnalysis) computesa sub-
spaceof� thespaceof all possibleimagescalled“face space”.
The facescanbedescribedaslinearcombinationsof a small
numberof characteristicface-likeimages. The main advan-
tageof this approachis the representationof eachimageby
a small numberof coefficients,which canbe storedandre-
trieved efficiently. Even thoughvery successful,theseap-
proachesare not applicablein our context: on one hand,
any changeof individualpixel values,causedfor exampleby
scalechanges,imageplanerotationor illumination changes,
changesthe eigenvector representationof an image. On the
otherhand,thePCA cannot be incrementallyperformed:all
thelearningimagesarerequiredto computethesubspace.

Local attributes. [11] is an examplary recognitionmethod
basedonlocalattributes.It is basedonthelocalgray-valuein-
variantscomputedat automaticallydetectedinterestpoints.It
allowsaneffectivesearchin adatabaseof morethan1000im-
ages,thanksto a probabilisticmodelfor recognitionbasedon
local descriptorsandspatialrelationsbetweenthesedescrip-
tors. Experimentalresultsshow a correctrecognitionof the
objectswhich canappearin complex scenes,even if they are
partiallyvisible or observedfrom differentpointsof view.

2.2 Localization with panoramic images
Appearance-basedlocalization methodwith panoramicim-
agesarepresentedin [5, 1, 7]. Thenumberof imagesrequired
to representthe environmentis very large,andonetherefore
needsto compressthis information. In thesecontributions,a
low dimensionaleigenspacerepresentationis built usingPCA.
The problemof estimatingthe robot positionconsistsin de-
termining the referenceimagethat bestmatchesthe current
imagesin thelow dimensionaleigenspace.Otherbasicfunc-
tions,suchasFourier transforms,have alsobeenusedto ap-
proximatethelearningsets[4]. Theactuallocalizationphase
canbedescribedasthe searchfor theclosestmatchbetween
the currentview and the views (or their interpolation)from
the learningset. [13] describesa systemwhich learnsplaces
by automaticallyselectinglandmarksfrom panoramicimages
andusesthemfor localizationtask. An adaptationof the bi-
ologically inspired”Turn BackandLook” behavior is usedto
evaluatepotentiallandmarks.Normalizedcorrelationis used
to overcometheeffectsof illuminationchangesin theenviron-
ment.Localizationis simplyamatterof matchingsetsof land-
marks,andtheir associatedplace,to thecurrentvisualscene.

3 Indexing images with histograms

Objectrecognitionwith histogramsis anattractivemethod,be-
causeof its simplicity, speedandrobustness.We have devel-
oppedsucha techniqueusingthelocal descriptionsproposed
by SchieleandCrowley in [10], but we representtheimages
by a probability densityfunction of the local appearances,a
muchsmallerstructure.

3.1 Local characteristics
Somelocalcharacteristicsof imagescanbeobtainedby filter-
ing with a derivative function [11, 6, 10]. The local charac-
teristicsweusefor statisticrepresentationrely uponGaussian

derivatives. TheGaussianderivativesprovide a basisfor sig-
nal decompositionconsistingin successive derivativesof the
input signal. They areoftenemployedin computervision, as
they offer severalinterestingproperties:� Genericity: [8] shows that the eigenvectorsof a great

numberof imagescan be approximatedby Gaussian
derivatives.� Robustnessrelatively to scalechanges:in [11], it is
shown that the Gaussianderivative are robust to scale
changesup to roughly �����
	 .� Equivarianceto the scale: in [6], a standardizationof
Gaussianderivative is proposed,thanksto which it is
possibleto obtainacharacteristicsspaceinvariantto the
scale.� Finally, a recursive implementationof the Gaussian
derivativesis possible[15].

Let � beanimage,thelocalcharacteristicsof � aredefinedby:��
 �������������������! "�# $%���������'&(�*),+.-'/
in which �  "0# $ is the convolution of � with Gaussianderiva-
tives 1  "0# $ , 2 beingis theorderof thederivative, 3 its orienta-
tion, and 4 definestheGaussianfunction,thatdeterminesthe
quantityof smoothing. We describethe local characteristics
usingthefollowing equation:5  "�# $%�����������76�8:9;�=<?>�@A@ �! "0# $����������B@A@ �
Theinterestof thisequationis thatit providesameasureof the
magnitudeof the differencebetweenthe neighboringpixels
(thenumber< is usedto eliminateabruptvariationswhen �DCE �!F�GIHJHJH F�K E CL< ).
Empirically, we determinedthat the following five equations
representenoughinformationto computeimageresemblance
(figure1):

5  M �����N�
���76�8:9;�=<?>O@P@ �  M ���������Q@P@ �5  R �����N�
���76�8:9;�=<?>O@P@ �  R ���������Q@P@ �5  M # R �����N�
���S6�8:9;�I<�>�T �  M ���������IUV>W�  R ���������=UQ�5  MQR ���������V�S6�8:9X�I<�>L@P@ �  MQR ���������Q@P@ �5  MBM # RYR ���������V�S6�8:9X�I<�>�T �  MQM �����N�
�IU�>Z�  RYR ���������=UQ� (1)

We representtheimagesby statisticson thelocal characteris-
tics,parameterizedby therobotposition [\ ] : ^_� 5 @`[\ ] � . These
distributions being hardly modeledby parametricfunctions,
we representthemby histograms:a [\ ] � a � 5 @`[\ ] �
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(a) Original image (b)
5 M (c)
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(d)
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5 MBM # RYR

Figure 1: Original image(a), andlocal characteristicscomputedbyequa-
tions1.

3.2 Comparing histograms
We definethedistancebetweentwo imagesastheaverageof
thedistancebetweenthe5 histogramsthatrepresentthem:b ���dcd��� U ���e@P@ �Bc [ � U @P@�f <g "hidj clk �

a ic � a iU �
Thereareseveralwaysto computesucha distance:

Euclidean distance: it is definedas@P@ a c [ a U @P@B�nm h F � a c # F [ a U # F �IU
Representinghistogramsas1-dimensionalvectors,the nota-
tion

a
is usedto denotethe one-dimensionalvector corre-

spondingof

a
.

Histogram intersection: it hasbeenstudiedin [12], and is
definedby: @P@ a c [ a U @P@�� h F�oqp 2!�

a c # F � a U # F �
wherer F a c # F �Sr F a U # F �s< .
Quadratic distance: in [2], the authorsclaim that the inter-
relationshipsbetweenbins are also important in calculating
histogramdistances,which led themto themoregeneralfol-
lowing distancemeasure:@P@ a c [ a U @P@ U �s� a c [ a U �ut�vw� a c [ a U �
where vx� 
Jy FJz � is a 2�)S2 quadraticform. The matrixv is designedso that the equationcalculatesthe local aver-
ageof histogrambins,andthereforecalculatesa differenceof
’smoothed’histograms.Thematrix elementselementsrepre-
sentthe similarity betweenthe bins p and { , they canbenor-
malizedsothat �D| y F z}|~< , with

y FPF��s< .

Mahalanobis distance: it is the same definition as the
quadraticdistance,in which the matrix v correspondsto co-
variancematrix of thehistogramslearningset.Notethecom-
putationof thismatrixrequiredtheknowledgeof all thelearn-
ing set:thisdistanceis notapplicablein ourcontext.

Haussler distance: It hasbeenstudiedin [3], andis defined
by: @A@ a c [ a U @P@B� h F @ a c # F [ a U # F @<�> a c # F > a U # F
where

a c and

a U arenotnormalized.� U statistics: The � U testis theformalstatisticalmethodused
to determinehow muchtwodistributionsaredifferent.In [10],
theauthorsintroducea modified � U :@P@ a c [ a U @P@ U � h F � a c # F [ a U # F � Ua c # F > a U # F
The Earth Mover’s Distance (EMD) :Thisdistanceis based
on theminimizationof the necessarycostto transforma dis-
tribution in an anotherone [9]. The cost is definedas a
flow: it integratesthe value of the � FJz quantitiesmoves of
a p t�� bin histogramto { t�� bin histogram,multiplied by thek FJz distancebetweenthe two bins. Once the global flowr7��r z k FJz � FJz minimized,thedistanceis definedasfollows:b � a cd� a U ��� r F r z k FJz � FJzr F r z �BFJz
Theminimizationof theglobalflow is aniterative algorithm,
whichconvergencetimegrowsexponentiallywith thenumber
of histogramsbins1.

Comparisons To evaluatethesevariousdistances,weusedas
a learningbaseof

g��
�
imagesof 8 differentnaturalrocks,as

shown in figure1. Theimageshavebeentakenwith aclassical
camera,therockbeingonarotatingplatform:to eachimageis
associatedanobjectidentity, anda rotatingangle.39 testim-
ageshave beentakenandcomparedto eachof the573images
of thedatabase,with the7 distancesconsideredabove. Table
1 showsthatthe � U statisticsis thedistancemeasurethatgives
thebestresults.With histogramscontaining100bins,thisdis-
tancecomputationtakeslessthan0.2msona SunUltraSparc
5 station.

4 Indexing panoramic images

To evaluatethe efficiency of the placerecognitionfunction-
ality usingpanoramicimages,we drove therobotLama(fig-
ure 2) in our experimentaltestsite. Panoramicimageswere
continuouslyacquiredand saved, their position being mea-
suredby a differentialphaseGPS.Figure3 show the various
rover positionsduring a trajectoryconsistingin threeloops.
Theimageresolutionis

����� ) g
��� , andthemeandistancebe-
tweentwo consecutive imagesis about �0� � meters.

1In practice,this time canbe reducedaccordingto the “dif ference”be-
tweentheconsideredhistograms
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Distance Complexity Recognition Second
rate (%) candidate

Intersection ������� 46.1 7.7
Euclidean ������� 35.9 15.4
Quadratic �������Q� 41.0 15.4
Mahalanobis �������Q� 53.8 12.8
Haussler ������� 43.6 15.4� � statistics ������� 69.2 15.4
EMD – 66.6 12.8

Table 1: Comparisonbetweenthevarioushistogramdistances.

Figure 2: TherobotLamausedfor theexperiment(thepanoramiccamera
cannot be seenhere - it wasmountedon top of the mast,near
thewhiteGPSantenna).Thenumbersindicatingthepositionof
someimages.

Figure 3: Thetrajectoryduring whichabout400panoramicimageswere
taken

4.1 Image structuration
In order to determineboth the locationand orientationof a
robotwith omni-directionalimages,severalauthorsproposed
to samplethe images:[1] samplesthe imagesaccordingto a
quadrangulargrid, otherapproachesmakea cylindrical trans-
formation [5], followed by a discretizationin columns[7].
With suchsamplings,the recognitionalgorithm is sensitive
to the robot orientation. Instead,we proposeto discretize
the panoramicimagesin 2 rings (figure 4): the histogram
representationof eachring is thereforeinvariantto the robot
orientation. For eachring � i , the five local characteristics

definedin section3 define a histogram family �*���0�N�0�O�� a � 5 @ � i � [\ ] �Y���(��<
�Q�B�Q����2�/ , where

a � 5 @ � i � [\ ] ��� a i[\ ] )

reflectsthelocalcharacteristicspropertiesof thering � i .

     (a)                                                      (b)
  

∆
3

∆
2

∆
1

R3

R2

R1

Figure 4: A panoramicimage(a), and the correspondingthreerings (b).
Thecenterring, in which theroverwheelsandGPSantennais
alwayspresent,is not considered.

Theadvantageof discretizingtheimagein ringsis to takeinto
accountthe fact that the smallestring, which correspondsto
nearareas,changessignificantly with small robot motions,
whereasthe largestone,which correspondsto further areas,
changesmuchlesswith thesamemotions.Figure5 show the
comparisonbetweenthedistancecomputedwhenconsidering
onehistogramfamily definedover thewhole image,with the
distanceresultingfrom theaverageof threerings: with three
rings,thedistancemeasureis muchmorediscriminant.

4.2 Database building
During the learning phase,the rover continuouslygathers
panoramicimagesasit moves: it is worth to reducethenum-
berof storedhistograms,to reduceboth the storagememory
andthe recognitioncomputationtime. A way to achieve this
is to determinethe lessdescriptive portion in the panoramic
images[1], or to discardtheimagesthatcanbeapproachedby
another:wechosethis latterapproach.

Figure6 shows two examplesof theevolution of thedistance
betweenthehistogramsfamily of oneimagewith the follow-
ing imagesduring the motion (not surprisingly, the distance
increasesmorerapidly for the smallestrings - the first one-
thanfor thebiggerrings).Giventhisbehavior of thedistance,
theselectionof thehistogramsto store(referredto askey his-
tograms) is simply basedon a threshold� . The procedureis
asfollows:all thehistogramsof thestartimageareselectedas
key histograms.During motion, the histogramsof eachnew
imageare computed,and their distanceto the last key his-
togramsis computed:whenthis distanceexceeds� , they are
storedaskey histograms.With thisprocedure,the

��� � images
correspondingto thetrajectoryof figure3 generate

���
key his-

togramsfor the first ring,
� � for the secondand

� � for the
third, with anempiricallychosenvalue �w�O�0� � . Thedatabase
size is reducedto abouta fourth, the smallerrings naturally
generatingmorekey histogramsthanthebigger.

4.3 Recognition
Whenthe robot is askedto estimateits positionafter a long
loop for instance,the recognitionphasesimply consistsin
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Figure 5: Comparisonbetweenthe similarities computedon the basisof
threerings (left column),and on the basisof the whole image
(right), for threesampleimages.Theverticallinesshowtheclos-
estimagesto thetestimage- referto figure3.
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Figure 6: Two examplesof the evolutionof the distancebetweenthe his-
togramsfamilyof animagewith thefollowingones,asa function
of thedistancesbetweentheacquisitionpositions.

comparinga newly perceived panoramicimagewith the his-
togramsstoredin the database.Figure7 shows the distance
theimage � ��� with all thestoredkey histograms(notethatin
a realisticcontext, this distancewould have only beencom-
putedfor a few key histogramsaroundnumber����� , which is
theareain which to rover is supposedto evolve).

At this stage,therover knows theclosestkey histogramsthat
matcheachring of the currentimage. But the databasere-
ductioninducesa higherdiscretizationof thestoredpositions,
andtheclosestkey histogramsdo not necessarilycorrespond
to thesamepositionfor the threerings. To have a morepre-
ciseestimateof therover position,duringthe learningphase,
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Figure 7: Similaritybetweenimage���Q� andall thekey images.Theinter-
estingresultfor the localizationpurposeis here that this image
matchesan imageclosestto the image200 (refer to figure 3).
Thecomputationtimeto computeall thesedistancesis lessthan
half a second.

weassociateto thepositionof eachring thatis notselectedas
a key histogramthe distancesbetweentheprecedingandthe
following histograms.Let [\ ] thepositionof a ring that is not
selected,and � - and �%� thetwokey histogramsthatsurrounds

it: thedistancesk � [\ ] � [ \� � � and k � [\ ] � [ \� - � (respectively corre-
spondingto @P@ a [\ ] [ a [ \� � @P@ and @P@ a [\ ] [ a [ \��- @P@ ) arestoredat

theposition [\ ] .

Whenperceiving animageataposition [\ 2 , wehave(figure8):

k � [\ 2*� [\ ] �'� o y ��� k � [\ 2*� [ \� � � [ k � [\ ] � [ \� � �:� k � [\ 2*� [ \� - � [ k � [\ ] � [ \� - �I�k � [\ 2*� [\ ] �'| oqp 2!� k � [\ 2�� [ \��-!�I> k � [\ ] � [ \� � �:� k � [\ 2�� [ \��-��=> k � [\ ] � [ \��-!�I�
In these equations, k ��[\ 2�� [
[ \� - # � � are computedduring the

recognitionstep,and k � [\ ] � [�[ \��- # � � arestoredin the database.
Thedistancek � [\ 2_� [\ ] � is simply computedasthemeanof the
valuesof theright memberof theseequations.As aresult,we
areableto associatetheperceivedimage 2 to animageof the
databasethathasnot beenselectedasa key one,thusrefining
therover positionestimate.

Image
number

k+k−

n

p

d(p,k−) d(p,k+)

d(n,k−) d(n,k+)

Figure 8: Principleof thepositionrefinement.

Figure9 comparesthehistogramdistancebetweena testim-
ageand the wholedatabase,and the histogramdistancebe-
tweenthe sameimageandthe key histograms,usingthe ap-
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proximationabove. The histogramsof errorsdue to the ap-
proximation� showsthatit is very precise.
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Figure 9: Left: real and approximateddistancebetweenand imagetest
(number240here). Right: histogramof theerrorsin theapprox-
imation.

4.4 Finding the robot orientation
With thediscretizationin ringsandtheuseof globalattributes,
the algorithm computesa resemblancebetweenthe images
that doesnot dependon their relative orientation. Oncethe
closestimageis foundin thelearningbase,a simpleandeffi-
cientwayto determinethisrotationis to correlateapanoramic
profiledefinedin thematchedimages.Wedefinesuchaprofile
asa 360dimensionsvector, whoseelementsaregivenby the
meangrey level valueof theareasdefinedby thediscretization
shown in figure 10. The correlationscoreusedis the zero-
meannormalizedcross-correlationscore(ZNCC):  8�¡���¢���� rS£Y¤�¥F j c ��¦0F [ ¦%�Y��§�z [ §
�T r £Y¤�¥F j c ��¦0F [ ¦��IU T r £Y¤�¥F j c ��§BF [ §��IU � 4�¨�©Jª�«40¨l40ª
where{¬�n� p >­¢�� o 8 k � ��� ��� . Figure10shows thecorrelation
curvesobtainedwith the image � �
� andthe threeclosestim-
agesfound in the learningbasewith the histogramdistance.
Theadvantageof usinga profile definedby thediscretization
(asopposedto a thinner1-pixel width profile) is that thecor-
rectorientationcanbe retrieved,even if the imageshave not
beenpreciselyacquiredat thesamepositon.
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Figure 10: Left: the imagediscretisationthat definesa panoramicpro-
file. Right: correlationcurvesbetweentheimage ��´:µ andthe
images��¶:·���¶Q� and ��¶Y� .

5 Conclusion

We proposedan algorithm that determinesa qualitative es-
timation of a rover position, by matching panoramicim-
ages.Theimagedatabaseis dynamicallybuilt while therobot

moves:imagesaresampledin rings,localappearancescharac-
teristicsareextractedandrepresentedby histograms,andkey
imagesareselected.Thereductionof thehistogramdatabase
to abouta fourth allows to save a lot of storagespaceand
recognitiontime,while preservingthepossibilityto matchim-
agesthathave notbeenkeptaskey images.

The integrationof the algorithmon boardthe robot Lamais
currentlyunderway. For thatpurpose,wewill usehigherres-
olutionimages( <B� � �.)*<Q�
��� ), to definemorethan3 rings.We
planto applyadiscriminantanalysisto boththe5 localapear-
ancesretainedandthevariousrings, in orderto have a more
discriminantdistancecomputation.Also, we will investigate
thepossibilityto usecolor informationin thehistograms.
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