[15] L.R.WilliamsandA.R.Hanson,\TranslatingOptical Flointo okenMatches andDepthfrom Looming",SeondInt.Conf.onComputerVision, pp.441-448,1988.[16] Z.ZhangandO.D.augeras,\Building3D orldModelwithMobileRobot:3DLine SegmenRepresentation andIntegration," IEEE InternationalConferenconPatterngnition,tlan ti CitN.J.,June1990.

giv en y: (20)The coariancematrix\P"oftheoutputparametersis giveny: (21) Refere nces[1] G.Adiv,InterpretingOpticalFlow,PhDthesis,COINS ech. Report85-35,Univ.OfMass.atAmherst, MA.,1985.[2] Anandan,MeasuringVisualMotionfromImage Sequences,PhDThesis,COINSech. Rep ortTR87-21,Univ.OfMass.atAmherst,MA., 1987.[3] N.Ayac he andO.D.augeras,\Building,Reg-istrating andusingNoisyVisualMaps,"TheInternational Journalofoboticsesearch,ol.7,No.6,Dec.1988.[4] J.R.Beveridge, R.eissandE.Riseman,\Optimization of2-DimensionalModelMatch- ing," IEEEInternationalConferenconPat-tern gnition,tlan ti CitN.J.,June1990. [5] T.J.BroidaandR.Chellappa,\Estimatingthe KinematicsandStructureofRigidObjectfrom SequenceofMonocularImages",IEEEansactionsonPatternnalysis andMachineIntel ligence,ol. 13,no.6,pp.497{513,1991.[6] S.Chandraskekhar andR.Chellapa,\ATwo- Step Approactoassiv Navigati onUsingMono cularImageSequence,"USC-SIPIch-nic aleport170,Universit ofSouthernCali-fornia, ElectricalEngineering-Systems,1991.[7] N.Cui,J.engandCohen,\Extendedstructure andmotionanalysisfrommonocularimage sequences,"Prdings3rIEEEInter-national ConferenconComputerVision,Os-ak a,Japan,Dec.1990.[8] R.DuttaandM.Snyder, \RobustnesssofCorresp ondence-BasedStructurefromMo-tion," Prdings3rIEEEInternationalCon-fer enconComputerVision,Osaka,Japan,Dec. 1990.[9] B.K.Horn,\RelativOrientation," Interna-tional JournalofComputerVision,ol.4,pp.59-78, 1990.[10] R.KumarandA.R.Hanson,\RobustEstima-tion ofCameraLocationandOrientation fromNoisy DatawithOutliers,"Prc.IEEEWork-shop onInterpretationof3DscenesAustin,exas,Nov. 1989.[11] R.KumarandA.R.Hanson,\Sensitivitofosere�nementoaccurateestimationofcam-era parameters,"IEEEInternationalConfer-enc onComputerVision,Osaka,Japan,Dec.1990. [12] L.H.Matthies,DynamicSterVision,Ph.D.thesis, CarnegieMellonUniversit Oct.1989.[13] J.OliensisandJ.I.Thomas,\Incorporatingmotion errorinulti{f ramestructurefrommo-tion", PrdingsIEEEWorkshoponVisualMotion, Princeton,N.J.,Oct.1991.[14] H.S.Sawhney andA.R.Hanson,\Identi�- cation and3Ddescriptionof‘shallow’envi- ronmen tal structureinsequenceofimages",IEEE ConferenconComputerVisionandPat-tern gnition,pp.179{186,HaaiiJune1991.

1234567891011121314151617181920

Figure 8:

A211

Sequence, rame 1. The oin ts mark ed crosses and circles are the initial mo del and new oin ts resp ectiv ely

Figure 9:

A211

Sequence, rame 10. Conclusions

The tec hniques presen ted in this section are prelimin ary e�orts for mo del extension and re�nemen of oin data. The exp erimen tal results sho that kno wl edge of few oin ts can greatly increase the accuracy of 3D reco ery when compared to the er- formance of traditional algorithms from motion and stereo analysis. Ho ev er, the accuracy of the mo del extension pro cess dep ends on the initial accuracy of the mo del oin ts. mak the system less sensitiv to the initial accuracy of the mo del oin ts, one os- sible solution ould to couple metho ds of motion analysis with those of ose reco ery If the initial mo del oin ts ha large amoun of noise, then the oses determined for an batc of frames will highly correlated. In this case, the 3D lo cation estimates of new oin ts will correlated oth across all oin ts and also all frames.

fully accoun for this correlation, co ariance matrices equal to the size of um er of oin ts times um- er of frames will ha to in erted. In our case, it is assumed that the initial oin ts do not ha significan noise and hence the cross-correlations can ignored. But for larger amoun ts of noise, it ma not ossible to ignore these e�ects.

These cross-terms are exactly what

Oliensis and Thomas

13 incorp o- rate in their motion analysis pap er. Finally the terms mo del extension and re�nemen are sligh tly abused in this pap er. Mo del ex- tension and re�nemen are not limited to just lo cating new oin ts in the scene.

Ultimately it is desired to build 3D surface and olume-m etric mo dels and in tegrate the new 3D measuremen ts with the existing higher order mo dels;

this has een left for future ork. App endix

Some facts from linear system estimation theory are review ed. An unkno wn parameter ector with \p" elemen ts is related to set of \n" noisy observ ations the follo wing equation:

(19) where is zero-mean

Gaussian noise with co a riance matrix V.

Assume, that this set of equations is an er-constrained system.

Then the Best

Linear Un- biased Estimate

(BLUE) of the unkno wn ector is

Figure 8) lying on shallo structures reco ered this algorithm ere used as the initial mo del oin ts. The 3D mo del lo cations ere constructed extending the image pro jection ra ys in the �rst image’s co ordinate frame of the sev en oin ts to the depth computed Sa whney’s algorithm. Th us, the mo del co ordinate frame is the same as the �rst image’s co- ordinate frame. abl 3: Absolute and ercen tage 3D lo ca- tion errors for oin ts in

A211 sequence

(see

Fig. 8.)

INPUT OUTPUT Pt. Depth Abs. Abs. No. Err. Err. Err. Err. ft. ft. ft. Initial oin ts

13.4 0.24 1.80 0.24 1.78 14.6 0.19 1.31 0.20 1.34 19.0 0.74 3.88 0.66 3.46 19.0 0.16 0.86 0.11 0.60 20.4 0.13 0.62 0.17 0.86 20.4 0.39 1.90 0.32 1.60 20.4 0.49 2.38 0.46 2.25 New oin ts

13.4 0.11 0.79 13.4 0.00 0.01 10 14.6 0.53 3.65 11 19.0 0.73 3.86 12 19.0 0.54 2.82 13 19.0 0.11 0.59 14 19.0 0.07 0.34 15 20.4 0.23 1.13 16 20.4 0.27 1.32 17 20.4 0.12 0.57 18 20.4 0.34 1.65 19 20.4 0.62 3.02 20 20.4 0.59 2.92 The mo del extension and re�nemen algorithm as run in sequen tial mo de. able sho ws the re- sult of lo cating the 13 new oin ts (circled and um- ered from to 20 in the Figure 8) and re�ning the sev en initial mo del oin ts. The ground truth ai l abl for the exp erimen as only the depths (as opp osed to 3D lo cation) of the oin ts in the �rst im- age’s co ordinate frame. Th us the results sho wn in able compare the measured depth alue

(ground truth) with the reco ered depth alue.

Column in the table sho ws the measured depth of the oin in the

�rst image co ordinate frame.

Columns and sho the input error and ercen tage error in depth (b efore mo del re�nemen and extension) resp ec tiv ely Th us, for the new oin ts (Nos. to 20) these columns are blank, since no prior es- timate is assumed for them.

Columns and sho the input error and ercen tage error in depth

(after mo del re�nemen and extension) resp ec tiv ely The ercen tage error in depth is computed with resp ect to the depth in the �rst image’s co ordinate frame.

The erage input error in depths of the sev en mo del oin ts as 0.4 feet

(1.85 error). the end of the ten frames, the erage error of the initial oin ts as 0.37 feet

(1.76 %). The thirteen new oin ts ere lo cated to an erage accuracy of 0.4 feet (1.63 %). Th us, in this exp erimen there as only sligh impro emen for the mo del re�nemen pro cess. The mo del extension pro cess as ho ev er fairly accurate in lo cating new oin ts. If the initial mo del giv en to the mo del extension pro cess is noise free, then the erage error in reco ering the thirteen new oin ts is 0.2 feet

(0.94 %). The robust reco ery of the lo cation of new 3D oin ts dep ends on the camera motion.

Optimal an- gles for triangulation are ac hiev ed when there is signi�can translation parallel to the image plane. In the A211 sequence, the translation of the camera is mostly along the optical axis. Th us, the

OE (fo cus of expansion) lies on the image plane.

oin ts close to the OE ha hardly an disparit and their depths cannot reliably estimated. or this reason, the est results obtained us ere for the BO se- quence. abl 2: Absolute and ercen tage 3D lo ca- tion errors for oin t in

PUMA sequence

(see

Fig. 5.)

oin Depth Absolute ercen tage Num. Error Error feet feet 24.59 0.616 2.50 26.02 0.355 1.36 28.32 0.373 1.32 22.06 0.440 1.99 30.20 0.217 0.72 28.62 0.281 0.98 31.56 0.472 1.50 32.61 0.038 0.12 14.33 0.125 0.87 10 15.34 0.279 1.82 11 14.46 0.019 0.13 12 13.50 0.081 0.60 13 21.75 0.054 0.25 14 18.81 0.022 0.12 15 21.73 0.036 0.17 16 20.28 0.104 0.51 17 21.26 0.402 1.89 18 20.28 0.731 3.60 19 21.55 0.234 1.09 20 20.42 0.594 2.91 of frames to generate 3D lo cations. The y-axis in Figure is the erage error in lo cating the 20 new oin ts and the x-axis is the frame um er.

Again, the erage error is reduced from ab out 1.5 feet after the �rst pair of frames to ab out 0.3 feet at the end of 30 frames.

The oin um ers in able corresp ond to the um ered circled oin ts in

Figure 5. The depth of eac oin from the �rst camera co ordinate frame is also sho wn The erage error for the en oin ts as 0.27 feet. The maxim um error as 0.731 feet and the minim um error as 0.019 feet. The v- erage ercen tage error as 1.22 %. The reader ust note that this erage is just er set of 20 oin ts. There are oin ts in the sequence for whic the er- ror is uc larger than 1.2 %. oin ts 1-4 in able

Sinc the plane of motion as roughly parallel to the im- age plane, these depths are appro ximat ley constan for the en tire sequence ha large errors ecause they ere not lo calized accurately The line-�nding algorithm as not able to correctly �nd the orders of the ligh ts. oin ts 18 and 20 ha large errors ecause they are close to the oin where the rotation axis pierces the image plane. These oin ts therefore do not ha large disparities. oin ts 17 and 19, whic are little further ha corresp ondingly smaller errors.

Finally as noted ab the imaging system has not een calibrated. Since used higher

�eld of view lens for this exp erimen (40 deg.

123

4567891011

121314151617181920

Figure 5:

Puma

Sequence, rame 14. The oin ts mark ed crosses and circles are the initial mo del and new oin ts resp ect iv ely

Figure 6:

Puma

Sequence, rame 25.

Figure 2: Bo Sequence, rame 1. The oin ts mark ed crosses and circles are the initial mo del and new oin ts resp ectiv ely

Figure 3: Bo Sequence, rame 8.