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Abstract

In this paper we presentan approachto qualitative rover lo-
calizationwith panoramidmages.Theapproacheliesonthe
possibilityto efficiently androbustly computeheresemblance
betweenpanoramidmages,indexing themby histogramsof
local appearancesA databasef imageindexesis dynami-
cally built during rover motions: whenthe rover re-perceres
analreadycrossedirea,t matcheghe currentimagewith the
storedones(placerecognition),andthusgetsa qualitative es-
timate of its position. Experimentakesultson a 400images
databasdlustratesthe algorithmsthroughouthe paper

1 Introduction

Amongthe variousfunctionalitiesrequiredfor a rover to au-
tonomouslynavigate in naturalenvironments,localizationis
oneof the mostimportant. Indeed,a positionestimateis re-
quiredto build coherentervironmentmodels,to ensurethat
the givenmissionis successfullypeingachieved, or to control
motionsalonga definedtrajectory

In naturalervironments landmark-basegosition estimation
techniguesare quite challenging. The difficulty essentially
liesin theconceptiorof algorithmsthatextractandmodelthe
landmarksfrom the perceved data(eithervideo or 3D): the
ernvironmentbeingnonstructuredit is noteasyto find salient,
discriminative objectsthatcaneasilybe modeledandmatched
from oneperceptiorto the other Moreover, suchtechniques
callsfor recognitionabilities: indeed,f landmarksaneasily
be matchedbetweersuccessie positionson the sole basisof
their positionandthe rover motion estimatejt is necessaryo
recognizéahemwhenthey arere-perceredafterawhile, when
theinitial rover positionestimatés extremelyunprecisesuch
aswhenperformingalonglooptrajectoryfor instance.

In this paper we proposea qualitative position refinement
techniquethat localize a rover whenit comesbackin a pre-
viously perceved area,usinganimageindexing techniqueon
panoramicviews of theenvironmentto recognizeplaces The
principle of our approachis the following: asit navigates,
the rover continuouslycollectspanoramicviews of its ervi-
ronment,alongwith the currentestimateof its position,and
builds a databasef imageindexes i.e. asetof characteristics
computedon the images(learningphase). After a long tra-
verse,whenthe rover arrivesnearbyan alreadycrossedarea,
its positionestimatds very likely to have drifted significantly:
anewly percevedimageis matchedwith the storedonesand

the bestmatchgivesa qualitative indicationof the rover posi-
tion (recognitionphase).This positionestimatecanthensub-
sequentlyenabldandmarkassociatiomr terrainmodelmatch-
ing, andthereforeberefined,which is out of the scopeof this

paper The mainadwantageof our approacho placerecogni-
tion is thatit doesnotcall for ary landmarkextractionproce-
dure,thusavoiding thetricky datasegmentatiorandlandmark
modelingsteps.Moreover, it canbeappliedin anykind of en-
vironments(exceptsomedegenerateasesi.e. purelytexture
free environments). Finally, our approachrequiresvery few

storagespaceandcomputatiortime.

The paperis organizedasfollows: the next sectionis a brief
overview of image indexing techniguesand of the use of
panoramidmagesfor localizationpurposesn robotics. Sec-
tion 3 describeourapproacho computetheresemblancée-
tweenimages. In section4, we presenthow this approachs
appliedto panoramidmages,andintroducea way to reduce
boththe databasstoragevolumeandtherecognitioncompu-
tationtime. Experimentatesultsareprovidedalongthe paper

2 Related work

2.1 Imageindexing

Recentwork in thevision communityshov thatimageindex-
ing is a promisingapproachto object recognition. We can
classifythe variouscontributionsrelatedto imageindexing in
threegreatclassesthe methodsasedn attributescomputed
ontheoverallimageschange®f imagespaceandthe meth-
odsthatuselocal attributes.

Global attributes. SwainandBallard[12] proposedo repre-
sentan objectby a color histogram.Objectsareidentifiedby
matchinga color histogramfrom animageregion with a color
histogranfrom asampleof theobject. Therobustnesso scale
andorientationin their techniqueis mainly dueto the useof

color, while the robustnesdo changesn viewing angleand
to partialocclusionaredueto the useof histogrammatching.
However, the majordravbackof the methodis its sensitvity

to lighting conditions. More recently Schieleand Crowley

proposeda techniqueto determinethe identity of objectsin

a sceneusing matchingof multi-dimensionalreceptve field

histogram[10]. This techniquecanbe usedto determinethe
mostprobableobjectsin a scenejndependentlyf the object
position,image-planerientationandscale.

Space transfor mation. Turk andPentlandn [14] developed
a methodfor facesdetectionand recognition. Their PCA



method (Principals ComponentsAnalysis) computesa sub-
spaceof the spaceof all possibleimagescalled“face space”.
Thefacescanbe describedaslinear combinationsof a small
numberof characteristidace-likeimages. The main advan-
tageof this approachs the representatioof eachimageby
a small numberof coeficients, which canbe storedandre-
trieved efficiently. Even thoughvery successfultheseap-
proachesare not applicablein our contet: on one hand,
ary changeof individual pixel values,causedor exampleby
scalechangesjmageplanerotationor illumination changes,
changeghe eigermvectorrepresentatiomf animage. On the
otherhand,the PCA cannot be incrementallyperformed:all
thelearningimagesarerequiredto computethesubspace.

Local attributes. [11] is an examplaryrecognitionmethod
basednlocalattributes.It is basednthelocal gray-valuein-

variantscomputedat automaticallydetectednterestpoints. It

allowsaneffective searchin adatabasef morethan1000im-

agesthanksto a probabilisticmodelfor recognitionbasedn
local descriptorsand spatialrelationsbetweenthesedescrip-
tors. Experimentakesultsshov a correctrecognitionof the
objectswhich canappeatin complex scenesevenif they are
partially visible or obsered from differentpointsof view.

2.2 Localization with panoramic images
Appearance-baseldcalization method with panoramicim-
agesarepresentedh [5, 1, 7]. Thenumberof imagesrequired
to representhe environmentis very large, and onetherefore
needso compresghis information. In thesecontributions,a
low dimensionakigenspaceepresentatiois built usingPCA.
The problemof estimatingthe robot position consistsn de-
termining the referencemagethat bestmatchesthe current
imagesin thelow dimensionakigenspaceOtherbasicfunc-
tions, suchasFourier transforms have alsobeenusedto ap-
proximatethelearningsets[4]. Theactuallocalizationphase
canbe describedasthe searchfor the closestmatchbetween
the currentview andthe views (or their interpolation)from
thelearningset. [13] describes systemwhich learnsplaces
by automaticallyselectingandmarksrom panoramidmages
andusesthemfor localizationtask. An adaptatiorof the bi-
ologically inspired"Turn BackandLook” behaior is usedto
evaluatepotentiallandmarks.Normalizedcorrelationis used
to overcomeaheeffectsof illumination changedn theerviron-
ment.Localizationis simplyamatterof matchingsetsof land-
marks,andtheir associateglace to the currentvisualscene.

3 Indexing imageswith histograms

Objectrecognitionwith histogramss anattractvemethod pe-
causeof its simplicity, speedandrobustnessWe have devel-
oppedsucha techniqueusingthelocal descriptiongroposed
by SchieleandCrowley in [10], but we representheimages
by a probability densityfunction of the local appearances
muchsmallerstructure.

3.1 Local characteristics

Somelocal characteristicef imagescanbeobtainedy filter-
ing with a derivative function[11, 6, 10]. The local charac-
teristicswe usefor statisticrepresentatiorely uponGaussian

derivatives. The Gaussiarderivativesprovide a basisfor sig-
nal decompositiorconsistingin successie derivativesof the
input signal. They areoftenemployedn computervision, as
they offer severalinterestingproperties:

o Genericity: [8] shaws thatthe eigenvectorsof a great
numberof imagescan be approximatedoy Gaussian
deriatives.

¢ Rolustnessrelatively to scalechanges:in [11], it is
shavn that the Gaussiarderivative are robustto scale
changesip to roughly +20%.

e Equivarianceto the scale: in [6], a standardizatiorof
Gaussiarderiative is proposedthanksto which it is
possibleto obtaina characteristicspacenvariantto the
scale.

¢ Finally, a recursve implementationof the Gaussian
derivativesis possiblg15].

Let I beanimage thelocal characteristicsef I aredefinedby:

T, y)] = {L7] 4(z,y) € T x R*}

in which L7 , is the corvolution of I with Gaussiarderva-
tivesG? ,, n beingis theorderof thederivative, ¢ its orienta-
tion, ando definesthe Gaussiarfunction, thatdetermineshe
guantity of smoothing. We describethe local characteristics
usingthefollowing equation:

Zas(@,y) =log(1 + ||L7 4 (=, )I])

Theinterestof thisequations thatit providesameasuref the
magnitudeof the differencebetweenthe neighboringpixels
(thenumberl is usedto eliminateabruptvariationswhen0 <
Lty < 1).

Empirically, we determinedhatthe following five equations
represenenoughinformationto computeimageresemblance
(figurel):

Z7 (x,y) = log(1 + || L3 (z, y)I])
Zy (2,y) = log(1 +[| L (2, y)|])

7 ,(e.y) = log(1 + /12 (2. 9)? + L5 (2, )?)
22, (2, 5) = log (1 + ||LZ, (2, )l
e gy (2,9) = log(1+ /L2, (2,9)* + LG, (2, 1)?)

1)

We representheimagesby statisticson thelocal characteris-
tics, parameterizetdy therobotposition: P(Z|7). These
distributions being hardly modeledby parametricfunctions,

we representhemby histograms:

H = H(Z|7)
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Figure 1: Original image(a), andlocal characteristicsomputedy equa-
tions1.

3.2 Comparing histograms
We definethe distancebetweenwo imagesasthe averageof
thedistancebetweerthe5 histogramghatrepresenthem:

1 n
D(I, I) = || = ]| = gZd(Hf,Hé“)
¢ k=1

Thereareseveralwaysto computesucha distance:

Euclidean distance: it is definedas

| Hy — Hy|| = ¢Z (H,y;— Hy;)?

Representingpistogramsas 1-dimensionalectors,the nota-
tion H is usedto denotethe one-dimensionaVvector corre-
spondingof H.

Histogram intersection: it hasbeenstudiedin [12], andis
definedby:

[|Hi — Hs|| = Emin(ﬂlyi,ﬂzi)

wherey , Hy ;=3 Hy; = 1.

Quadratic distance: in [2], the authorsclaim thatthe inter-

relationshipsbetweenbins are also importantin calculating
histogramdistancesyvhich led themto the moregeneralfol-

lowing distancemeasure:

||[Hy — Ho||* = (H, — Hy)'A(H, — H,)

where A = [a;;] iS an x n quadraticform. The matrix
A is designedso that the equationcalculateghe local aver-
ageof histogrambins,andthereforecalculates differenceof
'smoothedhistograms.The matrix elementslementgepre-
sentthe similarity betweenthe binsi and j, they canbe nor-
malizedsothat0 < a;; < 1, with a;; = 1.

Mahalanobis distance: it is the same definition as the
guadraticdistancejn which the matrix A correspondso co-
variancematrix of the histogramdearningset. Note the com-
putationof this matrix requiredtheknowledgeof all thelearn-
ing set:this distancds notapplicablen our context.

Hausser distance: It hasbeenstudiedin [3], andis defined
by:

|H,,; — Hy
1 = Hsll = T -
41y ; Ty ;

i
whereH, andH , arenotnormalized.

x? statistics: They? testis theformal statisticalmethodused
to determineénow muchtwo distributionsaredifferent.In [10],
theauthorsintroducea modifiedy 2

2 (El,i B ﬂ?,i)2
|[H1— Hol|” = H .t H,,
The Earth Mover’s Distance (EM D) : This distanceds based
on the minimizationof the necessargostto transforma dis-
tribution in an anotherone [9]. The costis definedas a
flow: it integratesthe value of the f;; quantitiesmoves of
a it bin histogramto j** bin histogram,multiplied by the
d;; distancebetweenthe two bins. Once the global flow
> Zj d;; fi;minimized,thedistances definedasfollows:

i digfi
Zi Zj Jij
Theminimizationof the globalflow is aniterative algorithm,

which corvergencetime grows exponentiallywith thenumber
of histogramsins'.

D(Hq, Hy)

Comparisons To evaluatethesevariousdistancesye usedas
alearningbaseof 573 imagesof 8 differentnaturalrocks,as
shavnin figurel. Theimageshave beentakenwith aclassical
cameratherock beingonarotatingplatform:to eachimageis
associate@n objectidentity, anda rotatingangle. 39 testim-
ageshave beentakenandcomparedo eachof the573images
of the databasewith the 7 distancesonsideredbove. Table
1 shawvsthatthe y? statisticss thedistancemeasuréhatgives
thebestresults.With histogramsontaininglO0bins, this dis-
tancecomputatiortakeslessthan0.2 msona SunUltraSparc
5 station.

4 Indexing panoramic images

To evaluatethe efficieng/ of the placerecognitionfunction-
ality usingpanoramidmages,we drove the robot Lama(fig-
ure 2) in our experimentaltestsite. Panoramicimageswere
continuouslyacquiredand saved, their position being mea-
suredby a differentialphaseGPS.Figure 3 shaw the various
rover positionsduring a trajectory consistingin threeloops.
Theimageresolutionis 768 x 576, andthemeandistancebe-
tweentwo consecutie imagess about0.4 meters.

1In practice, this time can be reducedaccordingto the “difference”be-
tweenthe consideredistograms
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Distance Complexity | Recognition Second
rate (%) candidate

Intersection O(n) 46.1 7.7
Euclidean O(n) 35.9 15.4
Quadratic O(n”) 41.0 154
Mahalanobis|  O(n?) 53.8 12.8
Haussler O(n) 43.6 15.4
X~ statistics O(n) 69.2 154
EMD - 66.6 12.8

Table 1. Comparisorbetweerthevarioushistogramdistances.

Fi gure 2: TherobotLamausedfor the experimen{the panoramiccamera
cannot be seenhere - it wasmountedon top of the mast,near
thewhite GPSantenna). Thenumbersndicatingthe positionof
somemages.

Trajectory

Y [meters]
<

30 25 20 15 10 - [)
X [meters]

Fi gure 3: Thetrajectoryduring whichabout400 panoramicimageswere
taken

4.1 Imagestructuration

In orderto determineboth the location and orientationof a
robotwith omni-directionaimages several authorsproposed
to samplethe images:[1] samplegheimagesaccordingto a
guadrangulagrid, otherapproachemakea cylindrical trans-
formation [5], followed by a discretizationin columns|[7].
With suchsamplings,the recognitionalgorithmis sensitve
to the robot orientation. Instead,we proposeto discretize
the panoramicimagesin n rings (figure 4): the histogram
representationf eachring is thereforeinvariantto the robot
orientation. For eachring Ry, the five local characteristics

definedin section3 define a histogam family F(7,k) =
{H(Z|Rg, P),k =1,...,n},whereH(Z|Ry, ) = H%)
reflectsthelocal characteristicpropertief thering Ry.

(@) (b)

Figure 4. A panoramicimage(a), and the correspondinghreerings (b).
Thecenterring, in which the roverwheelsand GPSantennais
alwayspresentjs not consideed.

Theadwantageof discretizingtheimagein ringsis to takeinto

accountthe fact that the smallestring, which correspondso

near areas,changessignificantly with small robot motions,
whereaghe largestone, which correspondso further areas,
changesnuchlesswith the samemotions. Figure5 show the

comparisorbetweerthe distancecomputedvhenconsidering
onehistogramfamily definedover the wholeimage,with the
distanceresultingfrom the averageof threerings: with three
rings,thedistancaneasureés muchmorediscriminant.

4.2 Database building

During the learning phase,the rover continuouslygathers
panoramidmagesasit moves: it is worth to reducethe num-

ber of storedhistogramsto reduceboth the storagememory
andthe recognitioncomputatiortime. A way to achie/e this

is to determinethe lessdescriptve portionin the panoramic
imageqd1], orto discardtheimageghatcanbeapproachety

another.we chosethis latterapproach.

Figure6 shows two examplesof the evolution of the distance
betweerthe histogramdamily of oneimagewith the follow-
ing imagesduring the motion (not surprisingly the distance
increasesnorerapidly for the smallestrings - the first one-
thanfor thebiggerrings). Giventhis behaior of the distance,
the selectionof the histogramgo store(referredto askey his-
togramg is simply basedon a thresholds. The procedurds
asfollows: all thehistogram®f thestartimageareselecteds
key histograms.During motion, the histogramsof eachnew
image are computed,and their distanceto the last key his-
togramsis computed:whenthis distanceexceedst, they are
storedaskey histogramsWith thisprocedurethe394 images
correspondingo thetrajectoryof figure3 generat®9 key his-
togramsfor the first ring, 84 for the secondand 74 for the
third, with anempiricallychoservalue¢ = 0.6. Thedatabase
sizeis reducedto abouta fourth, the smallerrings naturally
generatingnorekey histogramghanthebigger

4.3 Recognition
Whenthe robot is askedto estimateits positionaftera long
loop for instance,the recognition phasesimply consistsin
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Fi gure 5: Comparisorbetweerthe similarities computedon the basisof
threerings (left column),and on the basisof the wholeimage
(right), for threesampldmages.Theverticallinesshowtheclos-
estimagedo thetestimage- referto figure 3.

b
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Figure 6: Two examplesof the evolutionof the distancebetweerthe his-
togramgfamily of animagewith thefollowingones asa function
of thedistancedetweerntheacquisitionpositions.

comparinga newly perceved panoramidmagewith the his-
togramsstoredin the database Figure7 shavs the distance
theimage287 with all the storedkey histogramgnotethatin
a realistic contet, this distancewould have only beencom-
putedfor afew key histogramsaroundnumber200, which is
theareain whichto roveris supposedo evolve).

At this stage therover knows the closestkey histogramghat
matcheachring of the currentimage. But the databasee-
ductioninducesa higherdiscretizatiorof the storedpositions,
andthe closestkey histogramgdo not necessarilycorrespond
to the samepositionfor the threerings. To have a morepre-
ciseestimateof the rover position,duringthe learningphase,

Third ring

3 1
o
S 2 1
-
' |
o ‘ ‘ ; ; ; ; ;
0 50 100 15( 200 . 250 300 350 400
Second ring
‘ : ‘
o3 1
o
T2 1
-
' |
o ‘ ‘ ‘ ‘ ‘ ‘ ‘
0 50 100 150':. { 0 . 250 300 350 400
i ring

w

N

Di st ance

o

| | | | |
0 50 100 150 200 250 300 350 400
| mage nunber

Figure 7. Similarity betweerimage287 andall thekey images Theinter-
estingresultfor thelocalizationpurposeis here that thisimage
matchesan imageclosestto the image200 (refer to figure 3).
Thecomputatiortimeto computeall thesedistancess lessthan
half a second.

we associatéo the positionof eachring thatis notselectedas
a key histogramthe distancedetweenthe precedingandthe
following histogramsLet 7 the positionof aring thatis not
selectedandkt andk~ thetwo key histogramshatsurrounds

it: thedistances!(7, k_‘>) andd(?,kj) (respectiely corre-
spondingo ||H7 - Hk—_>|| and||Hﬁ - HFH) arestoredat

thepositiony .

Whenperceving animageataposition#, we have (figure8):
AT, P) 2 maz(d(w@, ) =d(P, k), (7, k) ~d(7 k)
A7, F) < min(d(R ) +d(7, k7). d(7 K +d(7. k7))

. — .
In these equations,d(7, k*~) are computedduring the

recognitionstep,andd( 7, k™) arestoredin the database.
Thedistanceld(7, ) is simply computedasthe meanof the
valuesof theright memberof theseequationsAs aresult,we
areableto associat¢he percevedimagen to animageof the
databas¢hathasnot beenselectedasa key one,thusrefining
therover positionestimate.

d(p.k-) d(p.k+)

p Image
| | | | | | | | | number
T

d(n,k-) ] d(n,k+)
n

Figure 8: Principle of the positionrefinement.
Figure9 compareghe histogramdistancebetweenra testim-

ageandthe whole databaseand the histogramdistancebe-
tweenthe sameimageandthe key histogramsusingthe ap-
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proximationabore. The histogramsof errorsdueto the ap-
proximationshowvsthatit is very precise.

Three rings (Image 240)

— Approximate distance
- - Real distance

Three rings

Di stance

(g 50 100 200 250 300 350 400 8% o1 -005 0 005 01 015 02
Irra e nunber error of the approximation

Figure 9: Left: real and approximateddistancebetweenand imagetest
(number240here). Right: histogramof the errorsin theapprox-
imation.

4.4 Finding therobot orientation

With thediscretizatiorin ringsandtheuseof globalattributes,
the algorithm computesa resemblancédetweenthe images
that doesnot dependon their relative orientation. Oncethe
closestimageis foundin thelearningbase a simpleand effi-
cientwayto determineghisrotationis to correlateapanoramic
profiledefinedn thematchedmages We definesuchaprofile
asa 360 dimensionsrector whoseelementsaregivenby the
meangrey level valueof theareaglefinedby thediscretization
shawn in figure 10. The correlationscoreusedis the zero-
meannormalizedcross-correlatioscore(ZNCC):

5390
_ i=1
\/2300 (ui — ) \/2300 T 0y,

wherej = (i + 8)mod(360). Figure10 shovs thecorrelation
cunesobtainedwith theimage293 andthe threeclosestim-

agesfoundin the learningbasewith the histogramdistance.
The adwantageof usinga profile definedby the discretization
(asopposedo athinner1-pixel width profile) is thatthe cor

rectorientationcanberetrieved, evenif the imageshave not
beenpreciselyacquiredatthe samepositon.

cor —a)(v; — 7) _ Oua,

Figure 10: Left: the imagediscretisationthat definesa panoramicpro-
file. Right: correlationcurvesbetweertheimage293 andthe
images206 207 and 208.

5 Conclusion

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

moves:imagesaresampledn rings,localappearancesharac-
teristicsareextractedandrepresentedly histogramsandkey
imagesareselected.Thereductionof the histogramdatabase
to abouta fourth allows to save a lot of storagespaceand
recognitiontime, while preservinghepossibilityto matchim-
ageghathave notbeenkeptaskey images.

The integration of the algorithmon boardthe robot Lamais

currentlyunderway. For thatpurposewe will usehigherres-
olutionimageq1280 x 1024), to definemorethan3 rings. We

planto applyadiscriminantanalysigo boththe5 local apear

ancegetainedandthe variousrings, in orderto have a more
discriminantdistancecomputation.Also, we will investigate
thepossibilityto usecolorinformationin the histograms.
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