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Abstract

This paperproposesa techniquefor online three-dimensionateconstructiorof underwaterenvironmentsfrom
multiple range views acquired by an acousticcamen. Thefinal target of the work lies in improving the under
standingof a humanoperator guidingan underwateremotelyoperatedvehicle(ROV) equippedwith an acoustic
camen, which providesa sequencef 3D images.Sincethefield of view is narrow;, we devisea techniquefor the
reconstructiorof relevantinformation of the image sequenceip to build a mosaicof the surroundingscenein
real time Dueto the absenceof control of the sensorposition, no informationis available aboutthe degree of
overlappingbetweertherange images; further, spedle noiseandlow resolutionmale more difficult the registra-
tion processin order to allow the real time registration we introducea methodfor speedup the Iterative Closest
Point (ICP) basingon a reversecalibration appoadc. Exampleson realimageshavebeenpresentedo showthe

promisingperformancesf the proposedalgorithm.
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1. Introduction

Undervaterexplorationis nowvadaysgrowing dueto bothin-
dustrialandscientificneedsFortunately eventechnologyis
improving with the advent of smartsensorsableto provide
datawith highvisualquality, differentlyfrom only few years
ago.Recentlycomputenisionandcomputegraphicsscien-
tists have also approachedindervater sceneunderstanding
issues'.

Thiswork have beencarriedoutin thecontext of a project
aimed at the three-dimensiona(3D) scenereconstruction
from a sequencef rangedataacquiredby anacousticcam-
era. The final goal is to provide a 3D scenemodel to the
humanoperator(s)of an undervater remotelyoperatedve-
hicle (ROV), in orderto facilitate the navigation and the
understandingf the surroundingervironment,namelyan
offshorerig, composedy pipesconnecteceachothershy
joints (seeFig. 1). Theundervaterervironmentis undoubtly
a compl scenariofor both the implicit limited accessi-
bility andthe difficulty to retrieve good quality data. Typi-
cally, acousticsystemsare usedto senseundervaterscenes
asthey allow to achieve a larger visibility andto measure
rangedistance unlike the moreusedoptical sensorsin the
presentcase,our data are obtainedby a high frequeny

acousticcameracalledEchoscopé. Thesedataareaffected
by specklenoise,dueto the coherenmnatureof the acoustic
signals,which corruptssensiblythe visual quality and de-
creaseshereliability of theestimated3D measures.

In this paperour goal consistof building a 3D mosaicof
the surroundingscenein real-time.We introducea method

Figure 1. Renderingof themodelof anoil rig with the ROV.
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for the improvementof the speedof the registration be-
tweenapair of sequentiaframes This processccurswhile
new framescomefrom the sensoras the vehicle carrying
it moves. The proposedmethodis basedon a reversecali-
brationapproact?. By usinginformationcomingfrom the
sensorparametersve areableto re-projecteach3D points
onto the rangeimageand viceversa.In particulareach3D
pointof the sourcedatais projectedo thedestinatiormodel
describedasa rangeimageby finding immediatelyits cor
respondingpoint. In this way a dramaticimprovementof
the speedof closestpointscomputationis obtainedthatal-
lows theregistrationof theviews in realtime. Furthermore,
in order to improve the accurag of alignment,a statisti-
cal methodfor avoiding the outliers conditioningis imple-
mented.The methodis basedon the so called X84 rule 4
from which a thresholdis automaticallydefined.The main
contrikution of the paperconsistsin finding the besttrade-
off betweeraccuray andspeedn afully automatiacontext.
Therestof thepaperis organizedasfollow. In Section2, we
shortly describethe acousticimaging processjn Section3
theregistrationprocesss defined,Sectiond4 describesome
preliminaryresults,andfinally, conclusionsaredravn.

2. Image Acquisition

Three-dimensionahcousticdata are obtainedwith a high
resolutionacousticcamerathe Echoscopel 6002. Thescene
is insonifiedby a high-frequeng acousticpulse,anda two-
dimensionalarray of transducergathersthe backscattered
signals(Figure2). Thewhole setof raw signalsis thenpro-
cessedn orderto form computedsignalswhoseprofilesde-
pendonechoesomingfrom fixedsteeringdirections(called
beamsignalg, while thosecomingfrom otherdirectionsare
attenuatedThe distanceof a 3-D point canthen be mea-
suredby detectingthe time instantat which the maximum
peakoccursin the beamsignal(Figure?2) 5.

The 3-D image provided by this sensoris formed by
64 x 64 points orderedaccordingto a polar referencesys-
tem,asadjacenpointscorrespondo adjacenbeamsignals.
Thereis a trade-of betweenrangeresolutionand field of
view. Resolutiondependwn the frequeng of the acoustic
signal(it is about5 cm at 500 KHz): roughly speakingthe
higherthefrequeng, the highertheresolutionthe narraver
thefield of view.

Theacoustiamageis affectedby falsereflectionscaused
by secondaryobes,andby acquisitionnoise ,whichis mod-
elled asspecklenoise.Moreover, theintensity of the maxi-
mumpeakcanbeusedto generat@anothelimage,represent-
ing thereliability of the associate83-D measuressothat,in
generalthe higherthe intensity the saferthe associatalis-
tance.A dramaticimprovementof the rangeimagequality
is obtainedby discardingpointswhoseassociatedntensity

is lower thana thresholddependingon the secondaryobes
6,7,
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Figure 2: Functioningof the acousticcamea: after thein-

sonificationof the scengbadscatteed echoesare acquired

and processedo form signalscomingfrom specificdirec-

tions(beamsignals);the maximunpeakof thebeamsignals
identifiesthe scenalistancen therelateddirection.

3. Registration

In orderto align two 3D viewsi it is sufficient to computea
rigid transformatior{translationt and3D rotationR). Letus
supposethat we have two setsof 3-D points which corre-
spondto a singleshapebut areexpressedn differentrefer
enceframes.We will call oneof thesesetsthe modelsetX,
andthe otherthedatasetY.

Assumingthat for eachpoint in the datasetthe corre-
spondingpointin the modelsetis known, the point setreg-
istration problemconsistsof finding a 3-D transformation
which, when appliedto the datasetY, minimizesthe dis-
tancebetweenthe two point sets.The goal of this problem
canbestatedmoreformally asfollows:

N
min 3~ (ROl &)

whereR is a 3 x 3 rotationmatrix, t is a 3 x 1 translation
vector andthe subscripti refersto correspondinglements
of the setsX andY. Efficient, non-iteratve solutionsto this

problemwerecomparedn 8, andthe onebasedon Singular
Value Decomposition(SVD) was found to be the best,in

termsof accuray andstability.

3.1. Iterated Closest Point

In generalwhenpointcorrespondencegeunknavn, thelt-
eratedClosestPoint (ICP) algorithmmay be used? 10, For
eachpointy; fromthesetY, thereexistsatleastonepointon
thesurfaceof X whichis closerto y; thanall otherpointsin
X. Thisis theclosespoint, xj. Thebasicideabehindthe|CP
algorithmis that, undercertainconditions,the point corre-
spondenc@rovided by setsof closestpointsis areasonable
approximatiorto thetruepointcorrespondenc&helCP al-
gorithmcanbe summarized:
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A

. For eachpointin Y, computetheclosestpointin X;

2. With the correspondencizom stepl, computetheincre-
mentaltransformation(R, t);

3. Apply theincrementatransformatiorfrom step2 to the
datay;

4. If the changein total meansquareerror is lessthan a

thresholdterminate Elsegotostepl.

BeslandMcKay ¢ proved that this algorithmis guaran-
teedto corverge monotonicallyto a local minimum of the
MeanSquareError (MSE). Many variantsto ICP have been
proposedo copewith partially overlappingviews andfalse
matchesn generaljncludingthe useof closesipointsin the
directionof thelocal surfacenormall®, theuseof thresholds
to limit the maximumdistancebetweenpoints?, disallow-
ing matchingon the surfaceboundaries'?, and the use of
robustregressiont3 14, In 15 a suney on the main ICP vari-
ationsis presentedocusingboth on the accurayg of results
andspeed.

Weimplementedavariation8 similarto theoneproposed
by Zhang!l, using a modified cost function basedon ro-
buststatisticgo limit themaximumdistancebetweerclosest
points.As pointedoutby Zhang thedistribution of theresid-
ualsfor two fully overlappingsetsapproximates Gaussian,
when the registrationis good. The non-overlappedpoints
skew thedistribution of theresidualshencethethresholdon
the distancemustbe setusinga robust statistics.Following
the X84 rule 4 we discardthosepointswhoseresidualdiffer
morethan5.2 MAD (MedianAbsoluteDeviations)from the
median.Thevalue5.2 correspond$o about3.5 standardle-
viations,whichenclosesnorethan99.9%of a Gaussiaris-
tribution. This is animprovementover 11, becausdhe X84
thresholdis independenon fine tunedparametersy allow-
ing theon-lineimplementationMoreover, experimentssug-
gestshatX84 achievesalargerbasinof attraction(seel® for
adeepenea@xplanationof thesocalledX84-ICP).

3.2. Acceleration techniques

In orderto be ableto work on-line, ICP needsto be mod-
ified. In generalthe speedenhancemenof ICP algorithm
can be achieved by: i) reducingthe numberof iterations
necessaryto corverge andii) reducingthe time spentin
eachiteration (i.e., time spentfor the calculation of the
correspondences)

Basically the first andthe simpleststepis to restrictthe
numberof pointsto beregisteredwhich is thetrade-of be-
tweentheregistrationspeedandthe measuremeryrecision.
However, this techniquecannotbe appliedto the registra-
tion of theundervaterimagesheavily sincethealreadypoor
quality of theimages.

In orderto speedup calculationof the correspondences
a numberof classicalapproachesiave beenpresentedfor
exampleit is customaryto use k-D tree 17 18 which al-
low to organizethe pointsin a structurethat decreasethe

compleity of the corresponencesomputationAnotherap-
proachis basedon the substitutionof the point-to-pointdis-
tancemetricwith the point-to-surhcedistancewhich 15 re-
portto yield afasterconvergence Although new techniques
192021, 22 haye beenproposedrecently the acceleratiorof
the extractionof correspondingpointsis still opento be ad-
dresse.

In this paperwe proposean acceleratiormethodbased
ontheso-calledreversecalibrationtechnique®. The method
is basedon the fact that from the sensorwe obtain data
storedin both the structuresof unolganizedcloud of point
Xi = (X, Y,z) andrangeimager (i, j) 2%(i.e.,a2.5dimensional
image).Given a 3D pointy; € Y of datasetandgiventhe
camergparameterd is possibleto projecty; ontotherange
imageof the modelsetrm(i, j). The 3D pointx € X asso-
ciatedto rm(i, j) will bethe hypotheticcorrespondingoint
of yi. In orderto improve theaccurayg of finding correspon-
dencest is possibleto usetheinformationof the connecti-
ity given by the rangeimage.We definethe neighborhood
N of x; as:

N'={xnh€X st. xp=RPrmi+kj+h)} (2

wherek,h = —w,... + w (w is the dimensionof a window
centeredonr (i, j)), andRP(r(i, j)) is the operatorthat re-
projectstherangepointr (i, j) ontothe Euclidean3D space.
It is worth noting that the rangeimageis not densesince
after the filtering a lot of points are discarded.For each
rangepointr(i, j) thereis a flag thatindicatesif the asso-
ciatedpointis survived or not. More precisely the operator
RP(r(i, j)) givesO if the corresponding3D point was dis-
carded Finally, the definitivecorrespondingpoint of y; will
betheclosest of thepointsbelongingto the neighborhood
NX of x;. If the projectionof the pointy; falls ontoanempty
areathis pointremainwithout correspondence.

As we pointedout before,the mainimportantstepis the
projectionof the3D pointontotherangeimage.Thisprocess
canbecarriedout by thefollowing equation:

. o—lorr . B—Jorr
i=—"; S 3
Oinc ] Binc @)

whereainc andBinc areincrement®f theanglesof thebeams
onthetilt andpandirectionrespectiely, lorr andJorr are

offsetsandfinally a and3 aregivenby:
E— — arctg>
a= arctgz, B= arctgZ 4)

The parameter®iine, Bine, lorr andJopr arefixed by the
sensorand they determinethe apertureof the acquisition
(i.e.,field of view andresolution).

3.3. Summary of thealgorithm

In summary the algorithm for speedup the finding of
correspondingpointsis givenby thefollowing steps:

For each3D data-pointy; € Y
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findi andj by usingeq.3 and4

projecty; onto themodelrangeimagerm(i, j)

find the hypotheticcorrespondingpoint x;

find the neighborhood\ of x;

find the definitivecorrespondingpoint x| (if it exists)

4. Experiments

In this sectionsomeexperimentsare presentedWe testthe
algorithmon a sequencef realimagesin which the scene
is composedf ajoint of a pipesstructure For this sequence
Qinc = Binc = 1.4 andlorr = Jorr = —44.8. Considering
thatthe beamsare 64 for both the polar directions(tilt and
pan) the apertureof this set-upis about90 x 90. The se-
guencds composeaf asetof 10frames Eachframeis reg-
isteredto the previous one.Figure 3 shaws the registration
of a pair of images Figure3.ashavs theimagesbeforethe
registration. Figure 3.b shavs their alignmentby allowing
theenlagementof thefield of view.

6o -400 -200 : V” 0 - 200 400 600
(b)
Figure 3: Imagesbefoe (a) andafter (b) theregistration

Finally, figure 4 shaws the entiremosaicof the obsered
areain which all the views arerepresentedn the sameref-
erencesystem.The transformationshatbring eachview on
to the mosaicare computedjust combiningthe sequential
pairwisematrices It is worth noting thatthe visible part of
theobservingobjectis increased.

Figure 4: Final mosaicafter global registration

Table1 shaws the performanceof registrationin termsof
accuray and speed.The speedof registrationis very fast
(about7 framesper second)andit is sufiicient to obsere a
mosaicof the scenen realtime. Furthermorethe obtained
accuray is reasonablsinceit is little higherthantheimage
resolution.

RegisteredPairs  Time(sec.) Accurany
frame2to 1 0.110 10.9528
frame3to 2 0.140 10.9528
frame4to 3 0.140 10.9528
frame5to 4 0.140 10.9528
frame6to 5 0.130 10.9528
frame7to 6 0.151 10.9528
frame8to 7 0.110 10.9528
frame9to 8 0.161 10.9528
framel0to 9 0.130 10.9528

Table 1: Performanceof registration. Theaccuiacyis given
by theresidualof thelast ICP iteration

5. Conclusions

In this paperwe tackledthe problemof automaticallyreg-
istering two cloudsof pointsin real time. We introducea
methodto speedupthecalculationof theclosespointof the
well known ICP algorithm. The proposedalgorithmallows
the realizationof an applicationthataimsat improving the
visualperceptiorof a pilot driving anundervaterROV.

Preliminary results are satishctory since the speedis
enoughfastfor therealtime scenemosaicing Furthermore,
the accuray of the alignmentguarantee$o obtaina global
mosaicjust combiningthe pairwiseregistration.
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Furtherexperimentswill beneededor adeepenedesting

of the systemFuturework will addresgheimprovementof
therenderingphaseby extractinga globalmeshfrom the set
of alignedpointsandby introducingefficiently the colors.
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