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Abstract

This paperaddressethe problemof computingthe camera
motion and the three-dimensionalstructure of a scene
using two uncalibratedimages as inputs. The camera
motionis calculatedby estimatingthe essentiamatrix and
usingapproximatevalues,easilyavailable,for the intrinsic
parameters. The classicaleight-pointalgorithm to calcu-
late the essentialmatrix is known to be very sensitve to
pixel-noiseevenwhentheintrinsic parametersreperfectly
known. This papershows that by using the normalized
eight-pointalgorithm,aimedat calculatingthe fundamental
matrix, the pixel-noisesensitvity is reducedsigni cantly.
More importantly we shav thatthe intrinsic parameterslo
not have to be accuratelyknown in orderto getvery good
quality reconstruction.In particular we have investigated
andcomparedheeffectof errorsontheintrinsic parameters
togethemith pixel-noiseonthecalculatednotion/structure,
when using the straightforvard eight-pointalgorithm and
its normalizedversionrespectiely.

keywords: thr ee-dimensional econstruction,camera
motion, essentialmatrix.

1 Intr oduction

Our surroundingervironmentis three-dimensiona3D) by
nature. This 3D structureis very importantandis oftena
prerequisitefor othersubsequendctiities suchas naviga-
tion, 3D modeling,sugery, etc. However, themostcommon
way to capturethis ervironmentis throughtwo-dimensional
(2D) images.In computervision, three-dimensionalecon-
structionof a sceneis the processof recovering/computing
the 3D coordinategor depth)of the scenes pointsusing2D
imagesasinputs.

Although the projective 3D structureof a scenecanbe
recovered from point correspondencesnly [3] [13] [7],

suchastructurdacksmetricinformationmakingits uselim-
ited. The Euclideanstructureremainsthe mostusefulone
in computervision. The classicalway for solving the Eu-
clideanreconstructiorproblem requiresthe calibration of
thecamerasndthe matchingof thefeaturedn thedifferent
images. This approachis nonrealisticandit is not always
possible.Hence,severalresearcherbave developedmeth-
odsfor obtainingthe Euclideanreconstructiorwithout cali-
bratingthecameraMost of theseresearcherbave assumed
lessgeneralcameramodels[11] [15] [16]. Thesemethods
havetheirlimitations. In particularthey assumehatthesize
of thescends smallcomparedo thescene-camerdistance.

Anotherdirectionfor solving the Euclideanreconstruc-
tion hasfocusedontheself-calibratiorof thecamerawhere
matchedpointsin the imagesare usedto estimatethe in-
trinsic parameterg5]. Oncethe camerais calibrated,the
problemof calculatingthe motion of the camera/scenand
theEuclidearreconstructiorof theobsenedscenébecomes
easier[12] and can be calculatedby triangulationor by
a least-squareslgorithm.. However, the proposedself-
calibrationmethodsarenonlinearanddo notyield accurate
valuesfor theintrinsic parameters.

This papershows that the eight-pointalgorithm canbe
modi ed into a more stableand robust algorithm. As it
wasdonefor the calculationof the fundamentamatrix|[6],
we appliedthe sametype normalizationandusedthe eight-
pointto calculateheessentiaimatrix. In thismethodwe do
notextractthe essentiamatrix from thefundamentamatrix
whichis not neededhere.Insteadwe useapproximateval-
uesfor theintrinsic paremetersshangepixel coordinateso
theunit spherecoordinatesapplythenormalizatioronthese
coordinatesand, nally calculatethe essentiamatrix using
anSVD routine. Our maingoalis to shav thattheintrinsic
parametergeednotto bepreciselyknown in orderto getan
accuratghree-dimensiondtuclidearreconstruction.

As expected this normalizedeight-pointalgorithm has
provento belesssensitve to pixel noise.However, lessex-
pectedthis algorithmhasalsoprovento belessaffectedby



errorson the intrinsic parameters.In particular the rela-
tivereconstructiortanbe achiezedwith verygoodaccurag
evenwhentheintrinsic parameterareno betterthana good
guess.

2 Longuet-Higgins' constraint :

eight-point algorithm

The rst methodto calculatethe cameraelative motionwas
proposediy Longuet-Higging12]. In this method,the es-
sentialmatrix is calculatedfrom pixel correspondencass-
ing asimpleandstraightforvardlinearalgorithm,whenthe
intrinsic parametersre known. Newer methodsbasedon
the sameideaandtaking into accountnoisy datawere de-
velopedlater(sedor instancd17]).
Becausel.onguet-Higgins'algorithms[12] carriesthe
basicideasusedby most 3D reconstructionsolutions[9,
we presentin the following paragraple review of this al-
gorithm. In addition, an improved versionfor Longuet-
Higgins' algorithmis presentedn next paragraph.
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areall coplanar

Considera spacepoint  andits projections, and ,
on the rst and secondimagerespectiely (seeFigure 1).
It is clearfrom Figurel thatthethreevectors , and
arecoplanar Therefore gachcoupleof matchedgooints
, given by their normalizedcoordinatesin 2 images
yieldsthefollowing relation:

)

where denoteghe scalarproductand denoteghe cross
product.

However, theaboverelationis only truewhenall vectors
arede nedin thesameeferencdrame.Becauseve arefree
to chooseary referenceframe, let's take the one attached
to the secondcameraas our referenceframe. This choice
transformsheaboverelationinto

2
where isthe rotationmatrixfrom thereferencdrame
of thesecondcamerao theoneof the rst camera.

Let'sdenote and by , and respec-
tively, equation(2) becomes

3)
where , thetranslationvector representshe
coordinateof in thereferencdrameof the secondcam-
eraand isthe antisymmetrianatrix givenby

theaboverelationshipis usuallywritten as

(4)

where isa matrix known asthe essentiamatrix.

hasexactly ve degreesof freedomsincethe norm
of cannotberetrieveddueto the distance/scalambiguity
It describeghe Euclideanmotion (rotationandtranslation)
betweertwo camerasNotethatthefundamentamatrixis a
generalizatiorio theuncalibratedcase(piel coordinatespf
theessentiamatrix.

The above relationis known as Longuet-Higgins'con-
straint. Because is de ned up to a scalefactor, it canbe
computedby solving a setof linear equationsgiven eight
or morepoint correspondencedhisis known asthe Eight-
PointAlgorithm. Thecalculationof usingthelinearequa-
tionsgivenin (4) wasvery sensitve to noiseyielding inac-
curatemotion and structure. It was believed that since
hasonly vedegreesof freedom nonlinearconstrainton
mustbe enforced[4]. Hence,sereral nonlineartechniques
wereproposed(sefor instancg1] and[14]). However, such
techniquesomewith two drawbacks their corvergenceto
aglobalminimumis notensuredindtheir compleity is too
high.

3 ImprovedEight-Point Algorithm

Two recentmethoddor calculatingthe fundamentamatrix
F [6][2] have shavn thatwith minor transformation®n the
image coordinatesthe calculated usingthe Eight-Point
Algorithm canbe asgoodasthe bestnonlinearalgorithm.
Thesetwo linearalgorithmscanbe viewed asanimproved



Eight-pointalgorithm. Although they were developedfor
calculatingthe fundamentalmatrix, the sameidea can be
usedandappliedfor the calculationof the essentiamatrix.
Basically insteadof usingthe pixel coordinatesof a point
given by the vector , we usethe coordinates
given by , Where matrix containingthe
intrinsic parameters.

is a

3.1 Normalized imagecoordinatesmethod

Hartley [6] hasshavn thatthehigh sensitvity toimagenoise
of the eight-pointalgorithmis due to the poor numerical
conditionof thelinearequationsHe proposedo performa

simple normalizationof the imagecoordinateginput data)

prior to running the classicaleight-pointalgorithm. One

way to make this normalizationof the datais summarized
below:

1. Thecoordinatesn theimagearetranslatedothattheir
centroidis attheorigin.

2. Then,thesecoordinatesarescaled sothatthe average
distanceof pointsfrom the origin is equalto

Sucha transformatioris appliedto eachof the two images
independently

Thankgo thisnormalizationthecalculationprocessvas
more stableandyielded more accurateresultsas shavn in
Sectionb.

3.2 Virtual parallax method

In[2] anew method pasednvirtual parallax,wasproposed
to calculatethe fundamentalmatrix  given by ,
where is the epipolein the secondmage
and is a planehomography In this methodthe funda-
mentalmatrix is computedby calculating and , reduc-
ing thereforethe numberof parameterso be estimated.A
quick summaryof this methodis givenbelow.

Without lossof generality a changeof projective coor
dinatess performedn eachimagesuchas:

In eachimage,these4 pointsmustform a projective ba-
sis,i.e.,nothreeof themarecollinear The rst threepoints
de ne a planein space. Under suchchoiceof coordinate
systemsthehomography suchthat
is diagonalthatis,
two parameters.

For eachadditionalmatch
geneouscoordinatevectors
spectvely, we have

). Thatis

, anddepend®nly on

, given by their homo-
and re-
( isontheline

®)

This is the basicepipolarequationbasedon the virtual
parallax. Using a few simple substitutionsand addingone
extravariable the abore equationcanbelinearized.

4 Three-dimensionakeconstruction

Calculating is not enoughfor the 3D reconstructiorpro-
cess.First, and mustbe extractedfrom the calculated
This is done by factoring into the product of
a skew-symmetricmatrix and a rotationmatrix [8]. Then,
given and ,thetwo projectionmatrices, and ,as-
sociatedwith the rst andthe secondcamerayespectiely,
canto be computed. Without loss of generality the scene
coordinatesystemcanbe assumedo bethe coordinatesys-

temattachedo the rst cameraThereforewe have

and

where is thetranslatiorvectorextractedfrom

Note that althoughwe have assumedhe knowledgeof
theintrinsic parametersf the cameraspur experimentsdo
not assumeperfectknowledgeof theseparametersin par
ticular, oneof our goalsis to investigatehow the 3D recon-
structionaccurayg suffersfrom errorsontheintrinsicparam-
eters.

Once and arecalculatedthe 3D reconstruction
canbedoneby triangulation.

5 Experiments

Both the Eight-Point Algorithm and its improved version
wereimplementedisingan SVD solution. Thelatteris the
methodof choicefor solvingmostlinearleast-squaregrob-
lems. It hasthe advantageof beingnumericallystableand
takingthepresencef noiseinto account.Oncetheessential
matrix ~wascalculatedthe rotationmatrix andthe trans-
lation vectorwereextractedusinga methodbasedn[8].

We have carriedout experimentson both simulatedand
real data. Two issueswereinvestigatedthe effect of pixel
noiseandthe effect of the intrinsic parametersoiseon the
3D reconstruction.



5.1 Testson simulated data

A sceneof 60 pointscoveringa volumeof

was simulated. The virtual camerawas locatedat
100cmoff thesceneandwasassignedhefollowingintrinsic
parametersvalues:

(6)

Two imagesof this sceneweregeneratedThedisplace-
mentbetweenthe two camerasonsistedof a rotationand
a translationgiven by and respec-
tively. The units for the anglesandfor the translationare
degreesandcentimetergespectiely. Thesesimulateddata
wereusedto carry out two setsof experiments.In the rst
setof experimentsywe have usednoisypixel coordinatedut
the valuesof the intrinsic parametersverenoise-free.Uni-
form noise,with magnitudesangingfrom 0.2 pixel through
1.0 pixel, was addedto the pixel coordinates.The results
aresummarizedn Tablel1. Eachrow of this tablegivesthe
mearnerrorsfor thecorrespondingoisemagnitude Therel-
ative errorsareobtainedby rst applyinga similarity trans-
formation (translation, rotation and a uniform scaling)to
the computedcoordinateghen calculatingthe simple dif-
ferencebetweenthe exact valuesand the computedones.
This similarity is estimatedasthe besttransformatiornthat

brings the computedcoordinatego the exact coordinates.

On the otherhand,the absoluteerrorsare obtainedby ex-
pressinghesimulatedpointsinto thereferencdrameof the
rst cameravhichis consideredhereastheabsolutecoordi-
natesystemandby scalingthe reconstructeghointssothat
they arede nedin thesameunits( ). Thenthesimpledif-
ferencebetweerthe exactvaluesandthe computedonesis
calculatedandusedasan errormeasurementNote thatthe
uniform scalingis necessanpecausdhe simulation units
andthe computedunitscannotbeidenticalby de nition.

In the secondsetof experimentswe have addederrors
to thevaluesof theintrinsic parameterandusednoise-free
pixel coordinates$n onecaseandone-pixel uniformnoisein
the othercase.Theresults,organizedasin the previous set
of experimentsaresummarizedn Table2 andTable3.

5.2 Testsonreal data

Becausehe testswith simulateddatahave proventhe su-
periority of the normalizedversionof the eight-pointalgo-
rithm, testson realdatawerecarriedout usingtheimproved
eight-pointalgorithmonly. Two scenesvereused,the pat-
ternsceneandthe housescengseeFigure2).

1. Patternscene:a known calibrationpatternconsisting
of threeparallelplanescovering a volume of

wasplacedat about off a stereo-

rig. A total of 23 interestpointswereusedhere.These

pointswereextractedfrom theimageswith a0.1-pixel
accuray. Becausehe 3D coordinatef thesepoints
are known, the accurag of the reconstructiorcanbe
reliably estimated.

2. ThehousesceneThisisa scene
thatwaslocatedataboutl meteroff thecameraA total
of 38 pointsmatchedn two imageswereused.Unlike
the patternscene the pixel location precisionwas not
lessthanonepixel sincewe wereusingintegervalues.
Furthermorethecalibrationparametersverenotavail-
able. However, because¢he samecamerasvereused,
we have usedthe samevalues.

Table4 summarizesheresultsof thereconstructiomprocess
for bothscenesEachrow in this tablegivesthereconstruc-
tion errorsfor a given setof valuesassignedo theintrinsic
parametersiNotethatalthoughthetwo views weretakenby
two differentcameras(thsamemodel), we have usedthe
samevaluesfor theintrinsic parameters.

The valuesof the intrinsic parametersn the rst row
arethe oneobtainedrom thecalibrationprocesdor theleft
cameraThevaluesin theotherrows wereassignedaloseto
thecalibrationvaluesfor testingpurposes.

TheHouseimagepair

Figure2: The two pairsof realimagesusedin the experi-
ments.



Relativeerrors Absoluteerrors

noise | method average average
level used (cm) (cm) (cm) | distance| (cm) (cm) (cm) | distance
(cm) (cm)

0.2 classic | 0.0116| 0.0101| 0.0438| 0.0464 | 0.0172| 0.0324| 0.1588 | 0.1628
improved | 0.0122| 0.0102| 0.0436| 0.0464 | 0.0205| 0.0383| 0.1314| 0.1431
0.4 classic | 0.0302| 0.0468| 0.1055| 0.1193 | 0.0499| 0.1512| 0.5472| 0.5847
improved | 0.0271| 0.0277 | 0.0896| 0.0976 | 0.0345| 0.0563 | 0.4633| 0.4713
0.6 classic | 0.0642| 0.0735| 0.1241| 0.1579 | 0.1799| 0.1763| 1.2457 | 1.3000
improved | 0.0457| 0.0426| 0.1131| 0.1292 | 0.0903| 0.0839 | 0.6305| 0.6625
0.8 classic | 0.1040| 0.1224| 0.1665| 0.2313 | 0.2572| 0.2286 | 1.6284 | 1.6999
improved | 0.0574| 0.0588 | 0.1445| 0.1662 | 0.1110| 0.1026 | 0.8535| 0.8865
1.0 classic | 0.1717| 0.2122| 0.2118| 0.3455 | 0.4502| 0.4139| 2.8088 | 2.9468
improved | 0.0791| 0.0888| 0.2074| 0.2391 | 0.1390| 0.1280| 1.0559| 1.1020

Table 1: Errors in thereconstructed coominateswhennoiseis addedto the image coordinateswhile the intrinsic
parametes are error-free(known).

Noiseon Relativeerrors Absoluteerrors
intrinsic Method average average
parameter§  used (cm) (cm) (cm) | distance| (cm) (cm) (cm) | distance
(%) (cm) (cm)
25 Classic | 0.0109| 0.0213| 0.0127| 0.0271 | 0.2229| 0.2864| 2.9013 | 2.9354
Improved | 0.0113| 0.0205| 0.0125| 0.0266 | 0.0813| 0.3196| 0.2299 | 0.4264
5 Classic | 0.0169| 0.0328| 0.0203| 0.0421 | 0.6236| 0.9075| 5.7145 | 5.8302
Improved | 0.0161| 0.0308| 0.0178| 0.0391 | 0.4325| 0.7878| 0.3721 | 1.0577
10 Classic | 0.0195| 0.0452| 0.0244| 0.0550 | 0.7942| 1.5735| 2.8228 | 3.3848
Improved | 0.0216 | 0.0379| 0.0256| 0.0506 | 0.7118| 1.7413| 0.4182 | 2.0088
15 Classic | 0.0365| 0.0598| 0.0786| 0.1053 | 4.7281| 3.2765| 5.6204 | 8.1362
Improved | 0.0578| 0.0773| 0.0568| 0.1119 | 4.3370| 3.0669| 1.1041 | 5.5282
20 Classic | 0.0364| 0.0628| 0.0366| 0.0812 | 2.0376| 1.4487| 11.6194| 11.8853
Improved | 0.0443| 0.0731| 0.0498| 0.0989 | 2.6421| 0.9241| 0.8933 | 3.0112
25 Classic | 0.3986| 0.6738| 0.7430| 1.0793 | 3.8877| 5.2214 | 23.4350| 25.2685
Improved | 0.2188| 0.3875| 0.2660| 0.5184 | 4.7979| 1.5534| 4.5196 | 7.3749

Table2: Errorsin thereconstructed coordinateswhennoiseis addedto theintrinsic parameteswhile pixel coodinates
are noise-fee



Noiseon Relativeerrors Absoluteerrors
intrinsic Method average average
parameter§ used (cm) (cm) (cm) | distance| (cm) (cm) (cm) | distance
(%) (cm) (cm)
25 Classic | 0.1803| 0.2210| 0.2116| 0.3552 | 0.4601| 0.7070| 2.9490 | 3.1880
Improved | 0.0841| 0.0978 | 0.2075| 0.2443 | 0.1331| 0.2983| 1.1638 | 1.2512
5 Classic | 0.1796| 0.2066 | 0.3547| 0.4480 | 0.4800| 0.7807| 3.1520 | 3.3968
Improved | 0.0755| 0.0843| 0.2078| 0.2366 | 0.3928| 0.8729| 1.0481 | 1.5591
10 Classic | 0.2023| 0.2517| 0.4041| 0.5173 | 1.7352| 1.1181| 3.4490 | 4.3561
Improved | 0.0940| 0.1127| 0.2099| 0.2561 | 0.6245| 1.7343| 1.4202 | 2.5093
15 Classic | 0.6395| 0.6751| 1.5573| 1.8138 | 3.4568| 2.3653| 2.2050 | 5.0290
Improved | 0.0518| 0.0729| 0.2114| 0.2296 | 4.4503| 2.9712| 0.8883 | 5.5246
20 Classic | 1.1048| 0.9798| 1.5146| 2.1153 | 4.1636| 4.3479| 12.2381| 14.2944
Improved | 0.0860| 0.1156| 0.2097 | 0.2544 | 2.7252| 0.9833| 1.2484 | 3.2712
25 Classic | 0.9525| 0.7842| 1.1885| 1.7131 | 6.6859| 5.1887 | 45.3754| 46.6645
Improved | 0.2275| 0.3811| 0.2951| 0.5330 | 4.6926| 1.4828| 4.7449 | 7.3805

Table3: Errorsin thereconstructed coominateswhennoiseis addedto theintrinsic parametes andpixelswere added
a 1-pixeluniformnoise

Intrinsic Relativeerrors Absoluteerrors
parameters| Scene average average
used (cm) (cm) (cm) | distance| (cm) (cm) (cm) | distance

-1483-1007 | Pattern| 0.0101| 0.0022| 0.0161| 0.0191 | 0.4306| 0.2160 | 0.1150| 0.4985
242239 House | 0.0511| 0.0543| 0.0357| 0.0827 | 2.9061| 4.6781| 0.6515| 5.5892
-1500-1000 | Pattern| 0.0112| 0.0070| 0.0168| 0.0214 | 0.1882| 1.4474| 0.1448| 1.4711
256256 House | 0.0485| 0.0509| 0.0346| 0.0784 | 2.6405| 4.2488| 0.6042| 5.0856
-1600-1050 | Pattern| 0.0080| 0.0062| 0.0177| 0.0204 | 0.8522| 0.8276| 0.1551| 1.2214
276246 House | 0.0552| 0.0569| 0.0390| 0.0883 | 2.2693| 4.4840| 0.6448| 5.1286
-1600-900 | Pattern| 0.0295| 0.0278| 0.0255| 0.0478 | 1.5649| 0.6806 | 0.7724 | 1.9673
236240 House | 0.0418| 0.0454| 0.0329| 0.0699 | 2.9410| 4.7221| 0.6185| 5.6488
-1400-900 | Pattern| 0.0223| 0.0190| 0.0228| 0.0371 | 0.7919| 1.4057 | 0.6184 | 1.8342
236260 House | 0.0368| 0.0407| 0.0288| 0.0619 | 3.0676| 4.1603| 0.5617| 5.2331
-1700-1100 | Pattern| 0.0141| 0.0046| 0.0126| 0.0195 | 0.5662| 2.6578| 0.3098 | 2.7760
250270 House | 0.0579| 0.0573| 0.0404| 0.0909 | 2.6165| 3.8957| 0.6245| 4.8119

Table4: Errorsin thereconstructed coordinateswhenappoximatevaluesare assignedo theintrinsic parametes for
realimages,patternandhousescenes.



5.3 Discussion

It waswidely acceptedhatthesimpleEight-pointalgorithm
is too sensitve to noiseandis numericallyunstable. This
is partly dueto the fact that accurag of the reconstructed
points was measuredn the referenceframe of one cam-
era(absoluteeferencerame). From our tests,mostof the
errorsseemto consistof a uniform shift that is absorbed
by a similarity transform. In particular the depth,which is
not arelative measurements poorly estimatedvhennoise
level getshigh. Thisis in agreementvith whatis commonly
known aboutthe dif culty to accuratelyrecover the depth
information.

From Table 1, one can seethat the relative errors of
both algorithmsare similar for noiselevels below 0.8 pix-
els. However, with one-pixel error, theimprovedeight-point
algorithmperformedmuch betterwith an averagedistance
of insteadof . On the otherhand,the im-
provementis signi cant for absoluteerrors.In particularthe
improvedeight-pointalgorithmis far moreaccuratewith re-
spectto depth.For instancewith one-pixel error, the depth
error went down to from for the classical
eight-pointalgorithm.

Table 2 againcon rms the higher accurag of the im-
proved eight-pointalgorithmover the classicone. Further
more,it shavsthaterrorson theintrinsic parametergener
atemostly absoluteerrorsthat areabsorbedy a similarity
transform.In particular evenwith a20%errorsaddedo the
intrinsic parametersgthis is large error), the relative recon-
structionremainsvery accuratevith anaverageerrorbelov
one .

Table 3, wherenoiseis addedto both pixel coordinates
andintrinsic parameterds amorerealisticsituationin prac-
tice. The resultsshowv clearly that a 1-pixel noiseon the
image coordinatesgeneratesrrorson the relative 3D re-
constructionthat offset errorsgeneratedrom noiseon the
intrinsic parameters.As it canbe seenfrom Table 1 and
Table 3, the improved eight-pointalgorithm averagerela-
tive error remainedaround when, pixel noiselevel
was 1-pixel andintrinsic parametersioiserangedfrom 0%
to 20%. With a 25% noiseon the intrinsic parametersthe
relative averageerrorincreasedo . However, a25%
noiselevel is a very high level of noise. In practice thein-
trinsic parametersre usuallyknown with anaccurag that
is betterthan20%.

Testsonrealimageshave con rmed whatwassuggested
by the testson simulateddata. Table 4 shows in particu-
lar theimportanceof subpidel accurag. Interestpointsex-
tractedfrom the patterns imageshave a 0.1-pixel precision
while interestpointsextractedfrom thehousesimageshave
a1-pixel (or more)precision.This differencein pixel preci-
sionbetweerthe two scenesxplainsthe differencesn av-
erageerrorswe obtained.Table4 hascon rmed onceagain
that errors, up to 20%, on the intrinsic parametersio not

have a signi cant effect on the accurag of the 3D recon-
struction especiallytherelative one.Furthermoreby look-
ing morecloselyto Table4, onecanseethattheaspectatio
hasa greatereffect on the accurayg of the reconstruction.
For example,by comparingrows 2,3 and6 to rows 4 and5,
we clearly seethatwhenthe valueof the aspectatio is ac-
curate(closeto the valuefrom the calibrationprocess)we
obtain betterresultsthanthosewith a lessaccurateaspect
ratio. Thisis agoodnews sincethevalueof the aspectatio
is very stableanddoesnot changewith the camerasettings,
including focal-lengthchangeg10]. Therefore for a given
camerapneshouldaccuratelyestimatehisaspectatioonly
once.

Note that the normalizationprocessis straightforward
with a nonsigni cant CPU-timeoverhead.Hence,the im-
proved eight-point algorithm for calculatingthe essential
matrix shouldbe usedfor 3D reconstruction.

6 Conclusion

Thispaperasrevisitedtheeight-pointalgorithmfor the Eu-
clideanthree-dimensionakconstructiorusinguncalibrated
images.Becausapproximatevaluesof the cameras intrin-
sic parametersare usually available, either from the man-
ufacturers dataor from previous experiment,we aimedat
investigatingthe in uence of noise,from the image coor
dinates(pixels) and from the intrinsic parametersvalues,
on the accurag of the 3D reconstruction. The improved
versionof the classiceight-pointalgorithmwasobtainedoy
normalizingthe pixel coordinatesprior to the calculationof
the essentiaimatrix. The experimentshave clearly shavn
theimprovementof theaccurag of therecovered3D struc-
ture. In particular the accuray of therelative 3D structure
was excellent(averageerror waslessthan 1%) evenwhen
the approximatevaluesof the intrinsic parametersvere at
about20% off their exactvaluesand pixel coordinateshad
a 1-pixel error. Although errorson the absolute3D struc-
ture were slightly more important, sucherrorsdo not af-
fectthe 3D structureof thereconstructedceneandareonly
importantfor absolutemeasurementwhich arenot always
needed. The experimentshave also uncoveredthat pixel
noise hasgreatereffects on the accuray of the 3D recon-
structionthan noiseon the intrinsic parameters.One can
note that becauseapproximatevaluesfor the intrinsic pa-
rametersmight be at most 20% off the exact values,their
effectwill be offsetby a 1-pixel noiseon the coordinatesas
shavn by our experiments As aconsequence, calibration-
based(or self-calibration)reconstructiormethodwill not
yield betterresultsthanthe improvedeight-pointalgorithm
whenthe noise magnitudein the imagecoordinatess not
lessthanonepixel. In otherwords, whenthe intrinsic pa-
rametersare known with a reasonableaccuray, the im-
proved eight-pointalgorithmis a good choicefor recover



ing therelative Euclidean3D structure.In addition,this al-

gorithm hasseveral advantagesit is linear, straightforward
andeasyto implement.Thus,practicallyspeakinghisalgo-
rithm mightbe preferredover otherreconstructiomethods,
especially the onesthatrequireeither explicit or self cali-

bration.
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