Multi-baseline Stereo Using Surface ExtractionC. Lawrence Zitnick, Jon A. WebbNovember 24, 1996CMU-CS-96-196School of Computer ScienceCarnegie Mellon UniversityPittsburgh, PA 15213-3890AbstractTraditionally, the matching problem in stereo vision has been formulated as an ill-posedproblem. However, it has been shown that the matching problem can be well-posed inscenes with no occlusions or depth discontinuities. Unfortunately most real scenes do notobey these constraints. We overcome this by finding regions within the images in whichthe matching problem is well-posed. That is, we find image regions in which there are noocclusions or depth discontinuities. In general, a unique set of such regions does not exist.However, we will demonstrate that in almost all cases these regions can be foundefficiently. Therefore the matching problem can be well-posed in almost all cases.In order to find these corresponding regions we transform the problem from finding 2Dimage regions into identifying 3D surfaces. We have developed a method of 3D surfaceextraction which uniquely identifies correct 3D surfaces from a set of potential surfaces. Inorder to test the method we have built a four camera system with which we will presentresults from several scenes.This research was partially supported by Visual Interface, Inc., and partially by the Advanced ResearchProjects Agency of the Department of Defense under contract number F19628-93-C-0171, ARPA ordernumber A655, "High Performance Computing Graphics," monitored by Hanscom Air ForceBase.The views and conclusions contained in this document are those of the authors and should not be interpretedas representing the official policies, either expressed or implied, of the Advanced Research Projects Agency,the Department of Defense, or the U.S. government.

1Keywords: Early vision, Stereo vision, Multi-baseline, Well-posed problems

21 . IntroductionIt is well known that computer graphics, the construction of 2D images from 3D models, isa well-posed problem: a unique solution does exist, and the solution depends continuouslyon the data. Unfortunately the same is not always true of the inverse problem ofconstructing a 3D model from 2D images[20]. Such a method is stereo matching whichhas typically been formulated as an ill-posed problem unless highly restrictiveconstraints[5,20] are imposed on the final 3D model. Such constraints typically include notallowing occlusions or discontinuities. In areas of occlusion there exists no solution to thematching problem, thus in general it is impossible for the matching problem to be well-posed. However, in areas which do not contain occlusions a solution does exist, allowingfor the possibility of the problem to be well-posed over these regions of the image. It hasbeen shown if a region of the image could be identified as containing no occlusions ordiscontinuities and the corresponding region of another image was identified, the matchingproblem between these regions is well-posed [5]. Unfortunately, in general there is nounique solution to identifying these corresponding regions, which once again creates an ill-posed problem. However, as we will demonstrate, there is a unique solution which can beefficiently found in most cases; making the stereo matching problem well-posed overregions in the images.Our method works as follows: Assuming known epipolar geometry we can reduce thematching problem from a 2D to a 1D problem. In real images there are still typically manypossible matches to each pixel in the reference camera. Now suppose we project everymatch into 3D space. Upon inspection of the set of 3D points we will find a collection ofpotential 3D surfaces. Since the correct surfaces within the set of potential surfaces arecontinuous, the 2D area in which they project on the images must not contain anyocclusions or discontinuities. Thus, finding corresponding regions in images whichcontain no occlusions or discontinuities is equivalent to finding the correct surfaces fromthe set of potential surfaces.Finding the correct potential surface is a surprisingly simple process. When surfaceswithin the scene are not occluded, the correct surface is always the potential surface withhighest population, i.e. the highest number of 3D points, due to a simple (and non-heuristic) geometric constraint. Furthermore, even when a surface is partially occluded, ifthe distance between the surface and the surface occluding it is less than some distance e/2,then the correct surface will still obey this constraint. As we shall demonstrate, e isdependent on the camera baseline distance and repetition frequency of the texture in thescene. By proper stereo camera design e can be made arbitrarily large.In order to demonstrate our method with real systems, we built a system with four camerasalong a similar baseline. Using four cameras instead of two, greatly improved the accuracyof the system while also increasing the reliability. By using a smaller baseline betweentwo cameras we can increase e, while using cameras with larger baseline distancesincreases the accuracy. Furthermore, since more cameras are used a greater number offalse matches can be eliminated, thus eliminating several potential surfaces. Surprisingly,due to the elimination of false matches, increasing the number of cameras can actuallydecrease the algorithm�s running time.The main contribution of this paper is the method for uniquely finding correspondingregions between images in which the disparity is defined and continuous. Within theseregions the stereo matching problem is well-posed as we will discuss in the next section.We will then discuss the relation between the image regions and the potential surfaces,

3along with how the correct surfaces are extracted from the set of potential surfaces. Adescription of the actual algorithm will follow which includes: how to extract multiplesurfaces, how to create the initial set of 3D points or matches and how potential surfacesare created. Finally we will present results from three complex scenes, and accuracymeasurements from two scenes with known geometry.2. The Well-posed Problem within Regions of ContinuousDisparityGiven a image region in which the disparity is continuous, i.e. there exists no occlusion ordiscontinuities, it is possible to formulate the matching problem as well-posed. We willassume the epipolar geometry between the cameras is known; for excellent reviews ofepipolar geometry and stereo vision consult [1, chapter 13], [7, chapter 6], and [8, chapter7]. The matching problem is then simplified into a 1D problem. Let R(x), and L(x) be theintensity values along the epipolar line in the right and left images respectively. Define thedisparity as d(x). The matching problem can then be defined as the minimization of:

RxLxdx( ) ( ( ))- +

(1)Unfortunately in order for the solution to (1) to be unique R(x) and L(x) must be strictlymonotonic. In real images this is rarely the case. Therefore we must apply anotherconstraint. As [5, p. 47] proposes we can use a constraint of the Tikhonov type to obtain:

RxLxdxdx( ) ( ( )) ' ( )- + + l

(2)Thus if

dx' ( )

is to exist the disparity must be continuous. As we stated earlier this impliesthe matching problem is only well-posed on regions with no occlusion or depthdiscontinuities. Therefore our task is now to find corresponding regions within the imageswhich possess these two properties.Formulating the matching problem in this manner is opposite most other methods. In otherstereo methods using either two or more cameras, it is assumed the problem is ill-posed.Thus in order to find the correct match, more complicated methods of local correspondenceare developed. A typical approach is to use SSD[15, 19], i.e. finding the minimum of thesum of squared distances around a pixel. While, using windows as in SSD can increasethe chance of finding the correct match, it also creates problems such as jagged edges in thedepth map[4,15,16]. Further attempts at local correspondence have also been attemptedusing adaptive window sizes[10,18], matching in the Fourier domain[9,12,25] and coarseto fine methods[3,6,13]. One of the most promising methods has been using multiplecameras, or multi-baseline stereo[14,15,19,21-23]. Using multiple cameras can reduce thenumber of false matches without increasing the complexity of the method for matching. Inall of the above methods, it is assumed that matches are not unique, making the matchingproblem ill-posed. In our method we can uniquely find corresponding regions within theimages in which the matching problem is well-posed - thus complicated localcorrespondence methods are not needed.

43. Extracting the Correct Surfaces from the Set of Potential SurfacesTo find corresponding regions with continuous disparity we first transform the problemfrom 2D images to 3D space. The forward method to find these regions between imageswould require us to pick two regions, l and r, within the left and right images respectively(figure 1.) We could then solve the matching problem to find a surface using (2). In orderto decide if these two regions meet our requirements we would then have to examine theresulting surface; however we conjecture this step and thus the forward method would bequite difficult.Instead we solve the inverse problem. First we project all matches into 3D space creating aset of 3D points. We then examine the set of 3D points to find subsets which would createcontinuous surfaces and minimize (2). These subsets of the 3D point set are calledpotential surfaces. The projection of the potential surfaces on the images creates regionssimilar to l and r. Therefore our task is transformed into finding the correct surfaces amongthe potential surfaces.Figure 1: The projection of two corresponding image regions into 3D spaceGiven a value x, (1) will possess many possible solutions. Each of these solutions can beviewed as belonging to a different set of corresponding image regions which may overlapin one or both images. Analogously, in the 3D case, each solution will lie on a different

left imageright imageleft cameraoptical centeright cameraoptical center3D surface2D regions

5potential surface. To better illustrate this point consider figure 2. In order to construct thepotential surfaces from the matches we impose a constraint as in (2). First we assume thata particular match M is correct, we then combine all the neighboring matches whichminimize (2) with respect to M into the same potential surface. Using this method, thereexists seven potential surfaces in figure 2 of which only one can be correct, assuming theobjects within the scene are opaque. Since the disparity in (2) is continuous and matchesare unique within potential surfaces, the potential surfaces must internally obey the left-to-right constraint, i.e. matches must maintain there order between images. Thus only a truesurface will entirely project onto a non-occluded object within an image. Therefore, inorder to find the correct surface of a non-occluded object, we simply pick the potentialsurface with the greatest population. In figure 2 this would be the middle surface. Finallyas illustrated by figure 2 notice each potential surface is separated by a certain distance .Figure 2: The projection of two images containing a repetitively texturedobject into 3D space. Notice the potential surface with the highest numberof matches is the correct surface.Now, let us consider the case of partially occluded objects. Unlike non-occluded objectsthe entire object is not visible from all cameras. Thus, the true surface has portions missingas seen from the reference camera. Therefore as shown in figure 3 it is possible that a falsesurface could contain more points or matches than the correct surface. However, it is very

left imageright imageleft cameraoptical centeright cameraoptical center

possible matchpotential surface

6unlikely this case will occur for two reasons: If the distance between the occluded objectand the occluding object is less than e/2 it is impossible for this case to occur. Typically eis fairly large, especially when smaller baseline distances between cameras are used.Second, in order for the false surface to contain more points than the true surface, theoccluded object must have a highly repetitive texture. If a highly repetitive texture is notpresent, there will be fewer false matches and false surfaces will occur at greater depthintervals.True surfaceFalse surfaceFigure 3: A true surface which is occluded can appear to be smaller than afalse surface.4. Finding Multiple Correct Surfaces From a Set of Potential SurfacesSince correct surfaces are almost always the largest visible surface as seen from thereference camera, we can easily find one correct surface. We can simply count the numberof points in each potential surface and pick the one with the most points as a correctsurface. Picking the second surface becomes more complicated. After we pick the firstsurface we remove it from the set of potential surfaces, but all of the false surfacescorresponding to it are still included in the set. Hence, it is very likely that one of thesefalse surfaces will be picked next if only the population of the potential surfaces areconsidered. Thus, we make an assumption about the objects within the scene: all objectsare opaque. Therefore, after a potential surface is picked as a correct surface all of itspoints are projected onto the reference camera. Then in order for a future surface to be

7correct it must not overlap any previously found correct surfaces as seen from the referencecamera. This process of picking the next largest potential surface and checking if itoverlaps previously found correct surfaces is repeated until only potential surfaces of somefixed size are left.An example of picked surfaces is illustrated by figure 4. Notice that every pixel within aneighborhood of a taken pixel was also declared taken by the same surface. This helpsguarantee that two surfaces will not overlap.

85.1 Properties of the set of pointsIn order to ensure that the second and third step can properly extract correct surfaces, theset of points resulting from the first step must possess several properties:1. High accuracy for correct points2. Minimum number of false points3. Each point is the result of a weighted average of unique matches from each camera pair.4. Only pixels with a local intensity slope greater than the greatest ratio of baselinedistances are considered for matches.As we shall see later, property 3 places constraints on properties 1 and 2, but property 3 isnecessary to guarantee that true points are separated from false points by some fixeddistance. Similarly property 4 is needed to ensure proper separation between correct andfalse points.5.2 Camera SetupWe will assume that all cameras ciforifrom0tonarealongasimilarbaseline.Wewilldesignatec0tobethereferencecamera.Thecamerasciforifrom1tonwillbeorderedbytheirdistancefromthereferencecamera,i.e.c1istheclosestcameratoc0(figure5).Eachcamerapairconsistingofcamerasc0andci,willbedesignatedasCi.Finally,everycameracihasa4x3perspectivetransformmatrixTi[7,chapter3,7]whichrelatesthree-dimensionalpointstohomogenousimagecoordinates,i.e.weassumethepin-holemodelfor cameras. c2 c0 c1 c3 c4Figure 5: Cameras along a similar baseline.5.3 Constructing a Set of 3D PointsUsing the camera pair C1 with the smallest baseline, the first step works as follows: Underperspectiveprojection,anypossiblematchtoapixelPinthereferenceimagewilllieonthecorrespondingepipolarlinewithinc1.Whenweexaminetheepipolarlinemoreclosely,asshown in Figure 6, we find that due to the discrete nature of images, its values must becalculatedbyinterpolation.IfweuseasimpleandeffectivetechniquelikebilinearinterpolationthevaluescalculatedalongitlookliketheseriesoflinearrampsshowninFigure 7.

9Figure 6: Magnified view of intensity image, and epipolar line. Distance along epipolar lineIntensity values from epipolar lineIntensity value from reference imageCorrect match, correct sign of gradientFalse match, wrong sign of gradientFigure 7: Interpolated values of the epipolar line L, with correspondingpossible matches to pixel P in the reference image.In order to find possible matches simply find the intersection points of the linear rampsshown in Figure 7 with the constant line at the pixel value for P from the reference image.We can eliminate half of these intersection points by including the sign of the gradient at Pwhen we do the intersection. The result is a collection of possible matches for P thatincludes both its true match and a number of false matches. This process can be done intime proportional to the number of pixels in the epipolar line. The time for this step is onthe order of C*N2*T,whereCisthenumberofcamerasincludedinthelocalset,Nistheimageresolution,andTisthenumberofpixelsintheepipolarline.

10Note that, in common with every other stereo vision technique of which we are aware, weare assuming that all corresponding pixels possess the same appearance in all cameras. Thisis the Lambertian objects assumption, essentially assuming that all world surfaces aremicroscopically rough, like flat wall paint.When using a camera pair with a short baseline distance, correct matches are rarelyeliminated, since images from nearby cameras are so similar. Furthermore, the number offalse matches is reduced since the epipolar line is foreshortened with the camera pair ofshortest baseline distance. Unfortunately, smaller baseline distances cause inaccuratedepth estimates.Sample output from using one camera is illustrated in figure 8. Over 222,000 points werefound using a camera pair approximately 1.5m from the model town with a baselinedistance of 72.2mm.

11The time for this step is on the order of D*N2*U,whereDisthenumberofcamerasinthedistantset,Nistheimageresolution,andUisthenumberofpossiblematchesforapixelfrom the first step.Theresultingpointsetshouldpossessthefirsttwopropertiesstatedearlier.Usingcamerapairswithlargerbaselinedistancesincreasestheaccuracyofthegoodpointssatisfyingproperty1,whileusingsmallerbaselineseliminatesmanyfalsepointsproperty2.Unfortunately,thereisalimittothesizeratiooflargebaselinestosmallresultingfromproperty3.Inordertobetterunderstandthiswewilldiscusstheerrorassociatedwitheachcamerapair.Anexampleofthepointsetafterallcamerasareusedisillustratedbyfigure9.Thenumberofpointshasbeenreducedto34,000withthecorrectpointsstillmembersoftheset.

Define l as the 3D line resulting from the projection of P

,andtheepipolarlineLastheprojectionoflontoci.Thefirststepistofindti,thethreedimensionaldistancealongltraveledperpixelinL.GiventheintrinsicandextrinsicparametersforthecameraswecancomputeTitheperspectivetransformationforcameraci[11].Givenadepthestimatedalongthelinelwecancomputetiby:

( ) ( ) 1

'

iwecannowfindtheerrorbyusinglocalslopeswithintheimages.Sinceweareonlyfindinganapproximationfortheerrorweassumethatallintensitiesarelinear.LetthethreedimensionalpointpprojectontopointPiinci.Sinceweassumethatintensitiesarelinearwecaneasilyfindtheslopeoftheintensityvaluesi,alongtheepipolarlineLatPi.ThustheerrorforthecamerapairCiissimply:

iforifrom1tontofindtheerrorEt,forthefinaldepthestimate.DefinebitobethebaselinedistanceforthecamerapairCi.

1

1

5.5 The Relation of Accuracy and Reliability to Baseline Distances and Minimum Intensity SlopesWe will now examine property 3 of the point set; each point is the result of a weightedaverage of unique matches from each camera pair. That is, given an 3D point estimate pafter using camera pair Ci,thereshouldbeonlyonepossiblematchusingcamerapairCi+1within a window of Ei + Ei+1 around p.ThereforethedistancebetweenpossiblematchesinCi+1mustbegreaterthan2(Ei+Ei+1).LetpibeapossiblematchwithinEi+Ei+1ofp.ByexaminingtheepipolarlinearoundPi,the projection of pi on ci, we find the closest possible match Pi�, to Pi. Obviously, the 2Ddistancedi,fromPi to Pi�mustalwaysbeatleast2pixels,ifmatcheshavethesamesignofthe gradient. Consequently, if property 3 is to hold, the following must be true:

( ) <

If we assume

ii + 1 i i i i + = + 1 2 1

i = 2

1

i has a baseline distance of biandCi+1 has a baseline distance of bi+1then:

1

5.6 The Distance Between Correct and False PointsAs we stated earlier property 3 of the set of points helps guarantee that false points areseparated from true points by some fixed distance. Property 3 of the point set states thateach three dimensional point is the weighted averaged of unique matches from each camerapair. Thus for each match found using the camera pair of smallest baseline distance there isat most one match found per other camera pair. Therefore in order to determine thedistance between points we need only look at the camera pair of smallest baseline distanceC1.Asstatedearlierthereisatleast2pixelsbetweenmatchesincamerac1.Thuse,theminimumdistancebetweencorrectandfalsepoints,iseasilycomputedas:

t E

1minustheerrorassociatedwithC1.6. The Potential SurfacesSo far we have discussed a method for extracting correct surfaces from a set of potentialsurfaces. Now we will discuss the potential surfaces themselves. What is a potentialsurface? It is a group of three dimensional points with the potential of being the correctsurface of some object in the scene. If an object within a scene has a continuous surface asseen from the reference camera, then all points which correspond to that object are in thesame potential surface. Since there is usually adequate separation between correct and falsepoints, object surfaces need not be smooth in order for potential surfaces to be successfullycreated. However, if objects lack texture there may be many potential surfaces which correspond to it. Thus the population of extracted correct surfaces can typically range fromonly 50 points to over 10,000.6.1 Properties of the Potential SurfacesIn order to find correct points, our strategy is to link together 3D points that could belong tothe same opaque surface, and then to extract the true opaque surfaces. These potentialsurfaces consist of three dimensional points possessing the following properties:1.A potential surface contains either true (actual surface) or false points, never amixture.2.Two correct points from the same unobscured object are in the same potentialsurface.3. Two points within the same potential surface must not overlap as seen from thereference camera.6.2 Method for Grouping Points into Potential SurfacesCreating surfaces with these properties is straightforward. As we have shown false pointsare separated from correct points by some fixed distance

' d

de< TpPWw0 ( ) = + qed< --�Ł� �ł�tan p pw

Since (

-p),dcanbesettoawiderangeofvalueswithoutmuchaffecttothefinaldepthmap.Therefore,wegenerallyset

to be lessthan

/4 to minimize the probability of the method failing. 6.3 Probability of Creating Potential Surfaces FailingThis process of creating potential surfaces is completely reliable, except at surfaceboundaries. In the interior of a potential surface the use of camera pairs with short baselinedistances forces the false matches to occur at fairly wide distances from each other, with theresult that the surface creating process never combines the interior parts of a false and a truesurface.At the surface boundary, this constraint does not apply, but we can compute the probabilityof including a bad point in a good surface by noting the distance between the false points.The probability that first camera pair found a match within W is:

7. Passive Lighting ExperimentsTo test the reliability of our algorithm we constructed a system using four cameras (SonyXC-75, 486x528) along a horizontal baseline, figure 5.1. The intrinsic and extrinsicparameters of the cameras were found using the same method as [11]. The average focallength for the cameras was 19mm, minimizing any barreling distortion. As shown in table5.1 the baseline ratio between C1 and C2 is 2.6, thus pixels with local intensity slopes lessthan3werenotconsideredforpossiblematches.ToobtainbetterresultsaLapacianofGuassian with

0 c1 3

Camera 1 Camera 3 Camera 2187.4772.19336.1916.77BaselineDistance(mm)3.666.42mm/pixel

7.1 Model Town SceneThe results using the model town illustrates the reliablity of the algorithm. No false regionswhere picked, and only a small number of false points were included with the true regions.Areas of low texture produce no points as expected.

18 197.2 Left-to-Right ConstaintThe next scene illustrates two advantages of the algorithm. First, the vertical stick changesorder within the images relative to the stripped paper. Since the left-to-right constraint doesnot apply to our algorithm unlike most edge-based algorithms[17] both the stripped paperand stick are found. The missing sections of the paper are due to occlusion by the woodenstick in one of the images. Second, the stripped pattern on the piece of paper is a repetitivepattern. With traditional multi-baseline stereo algorithms this would typically producegross errors, however, no errors resulted using our algorithm.

20

7.3 Shirt and BooksEven though there is low texture on many areas of the shirt (lowest object) correct pointsare still found. However, the algorithm failed to find points on one of the fingers due tolow texture. Finally notice how no points were found at the center of the left book. This iscaused by spectular reflection.

22 238. Active Lighting ExperimentsIn order to find the best case results of our algorithm we used active lighting on two scenesin order to create texture. The projected vertical line pattern varies from light to darklinearly. Since the gains and offsets of each camera vary, we have linearly adjusted theintensity values based on the local minimum and maximum pixel values. The camera setupis identical to that of the previous section. To measure the results we fit the points to aplane or cylinder to measure the average error, standard deviation and maximum error. Theaverage local intensity slopes for the planar and cylinder scenes are 29.7 and 35.6respectively. We believe the difference between the theoretical error and average error isdue to the objects not being perfectly Lambertain and our assumption that the intensitiesvary linearly.8.1 Plane ExperimentsThe average theoretical error for this scene is 81m.

24

8.2 Cylinder ExperimentThe average theoretical error for this scene is 69 .

26 279.ConclusionWithin this paper we have demonstrated a method for uniquely identifying correspondingimage regions in which the matching problem is well-posed. In order to identify the imageregions we have transformed the problem into one of identifying correct 3D surfaces from aset of potential surfaces. These correct surfaces can then be projected onto the images toidentify the regions, however this is typically not necessary since the correct 3D surfacesare actually the desired output. We have shown there exists a method for uniquelyextracting the correct surface from the set of potential surfaces when the surface is notoccluded by another surface by greater than a distance /2. Furthermore we have shownthe construction of potential surfaces is stable since false surfaces are separated fromcorrect by at least e.In order to demonstrate the effectiveness of our algorithm we have built a four camerasystem. We have results from three complex scenes showing the resulting correctsurfaces. Accuracy measurement were also done on two scenes with an average error of250m and 179m.

28References[1] Ballard, D.H. and Brown, C.M. Computer Vision, Englewood Cliffs, N.J., 1982.[2] Barnard, S.T. and Fischler, M.A. �Computational Stereo� Computing Surveys, 14(4) 1982:p.553-572.[3]Barnard, S.T. �Stochastic Stereo Matching Over Scale� Int�l Journal of Computer Vision, 1989:p. 17-32.[4]Belhumer, P.N. �A Binocular Stereo Algorithm for reconstructing Sloping, Creased and Broken Surfaces� Int�l Conf. on Computer Vision, 1993:p. 431-438.[5]Bertero, M., Poggio, T. and Torre, V. �Ill-posed Problems in Early Vision� Artificial Intelligence Lab. Memo, No. 924, MIT, Cambridge, MA, 1987.[6]Chen, J. and Medioni, G. �Parallel Multiscale Stereo Matching Using Adaptive Smoothing� ECCV, 1990:p. 99-103.[7]Faugeras, O.D. Three-Dimensional Computer Vision: A Geometric Viewpoint.1993, MIT Press.[8]Horn, B.K.P. Robot Vision, MIT Press-McGraw-Hill, Cambridge-New York, 1986.[9]Jenkin, M.R.M. and Jepson, A.P. �Recovering Local Surface Structure Through Local Phase Difference Measurements� Computer Vision, Graphics and Image Processing: Image Understanding, 59(1):p. 72-93.[10]Kanade, T. and Okutomi, M. �A stereo Matching Algorithm with an Adaptive Window: Theory and Experiment� IEEE Transactions on Pattern Anaylsis and Machine Intelligence. 16:9, Sept. 1994.[11]Kang, S.B, Webb, J.A., Zitnick, C.L. and Kanade, T. �A Multibasline Stereo System with Active Illumination and Real-time Image Acquisition� Proc. of Int�l Conf. on Computer Vision, 1995.[12]Maimone, M.W. �Charaterizing Stereo Matching Problems using Local Spatial Frequency� CMU-CS-96-125, May 1996.[13]Marr, D. and Poggio, T. �A Theory of Human Stereo Vision� Proc. Roy. Soc. London, Vol. B 204, 1979:p. 301-328.[14]Moravec, H.P. �Obstacle Avoidance and Navigation in the Real World by a seeing Robot Rover� STAN-CS-80-813, Sept. 1980.[15]Nakahara, T. and Kanade, T. �Experiments in Multiple-Baseline Stereo�CMU-CS-93-102.

29[16]Nakamura, Y., Matsuura, T., Satoh, K. and Ohta, Y. �Occlusion DetectableStereo - Occlusion Patterns in Camera Matrix� IEEE Conf. on Computer Vision and Pattern Recognition, 1996.[17]Ohta, Y. and Kanade, T. �Stereo by Intra- and Inter-Scanline Search Using Dynamic Programming� IEEE Trans. Pattern Analysis and Machine Intelligence, Vol. PAMI-7, No.2 , March 1985:p. 139-154.[18]Okutomi, M. and Kanade, T., �A Locally Adaptive Window for Signal Matching� International Journal of Computer Vision, 7:2, 1992:p. 143-162.[19]Okutomi, M. and Kanade, T. �A Multiple-Baseline Stereo� IEEE Trans. on PAMI, 1993. 15(4):p. 353-63.[20]Poggio, T. and Torre, V. �Ill-Posed Problems and Regularization Analysis in EarlyVision� Artificial Intelligence Lab. Memo, No. 773, MIT, Cambridge, MA, 1984.[21]Ross, B. �A Practical Stereo Vision System� Proc. of the IEEE Int�l Conf. on Computer Vision and Patt. Recog. 1993:p. 148-153.[22]Stewart, C.V. and Dyer, C.R. �The Trinocular Stereo Algorithm for Overcoming Binocular Matching Errors� Proc. Second Int�l Conf. on Computer Vision, 1988:p134-138.[23]Webb, J. �Implementation and Performance of Fast Parallel Multi-baseline Stereo Vision� Proc. of Image Understanding Workshop, 1993:p. 1005-1012.[24]Weng, J. �A Theory of Image Matching� 3rd Int�l Conf. of Computer Vision, 1990:p. 200-209.[25]Xiong, Y. �High Precision Image Matching and Shape Recovery�CMU-RI-TR-95-35, Sept. 1995.