
Model-based Interpretation of Stereo Imagery ofTextured Surfaces�Wenyi Zhaoy, N. Nandhakumarz, and Philip W. Smith�y Dept. of Electrical Engineering, University of Maryland, College Park, MD 20742z Electroglas, Inc., 2901 Coronado Dr., Santa Clara, CA, 95054� Dept. of Electrical Engineering, University of Virginia, Charlottesville, VA 22903
�This work was funded in part by a research contract from Simpson Weather Associates, Inc., and in part by theNSF under grant IRI-91109584.



AbstractWe present a scheme for reliable and accurate surface reconstruction from stereoscopic imagescontaining only �ne texture and no stable high level features. Partial shape information is used toimprove surface computation { �rst by �tting an approximate, global, parametric model, and thenby re�ning this model via local correspondence processes. This scheme eliminates the window sizeselection problem in existing area based stereo correspondence schemes. These ideas are integratedin a practical vision system that is being used by environmental scientists to study wind erosion ofbulk material such as coal ore being transported in open rail cars.
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1 IntroductionDue to both economic and environmental concerns, scientists have begun to study the process ofwind erosion in open rail cars transporting bulk material, such as gravel, iron or coal ore. Researchteams have found their research impeded, however, because many of the tools necessary for thiswork have yet to be developed. In this paper, we address the design of a binocular stereo systemcalled CCLPS (Computerized CoaL Pro�ling System) that provides dense, accurate disparitymaps of coal as it is being transported. As can be seen in Fig. 1, three cameras constituting twowide-baseline, parallel axis stereo pairs are placed above the train and image sets are collected asthe cars pass underneath. Two-dimensional depth pro�les are stereoscopically extracted from thesesets and combined to form three-dimensional material surface maps for each car. These maps arethen used by the environmental science research team to study the e�ects of wind erosion on oreloss.Because the system employs a wide baseline for enhanced depth resolution and operates inan uncontrolled environment, solving the correspondence problem is quite challenging. The largedistance between the cameras produces signi�cant photometric variation and foreshortening in thestereo pair since the imaged surface is non-lambertian and is not parallel to the image planes. Also,the material surface contains only �ne grain textures without stable high level features. Both ofthe above issues further complicate the establishment of correspondence.Establishing correspondence is an important, although di�cult, part of computational stereo.The task of correspondence matching, in the case of binocular stereo is to �nd paired primitives intwo di�erent images of the same scene. Although the human vision system routinely performs stereocorrespondence for depth recovery, developing a computational scheme to �nd these pairs automat-1
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Figure 1: CCLPS Data Acquisition Scheme. Three cameras acting as two stereo pairs are placedabove the train and image sets are collected as the train travels underneath.ically for a completely general class of scenes has been proved to be very di�cult, especially in thepresence of large photometric variation, frequent occlusions, and repetitive textures. Many visionsystems have been developed and shown to work well for certain types of scenes/images (Nishihara1984; Marapane and Trivedi 1994). But researchers have come to realize that although each of themany correspondence algorithms reported in the literature performs well on a reasonably broadclass of imagery, it is di�cult to reproduce this performance on new, emerging applications. Thisfailure is mainly due to the violation of assumptions that have been discovered to be implicit in thedevelopment of the correspondence algorithm.As indicated by Kass et al. (1987) the traditional `bottom-up' paradigm for computational visionof Marr and Nishihara (1978) consists of a rigidly sequential approach, that propagates mistakesmade at previous stages with no chance for recovery. However, allowing some 
exibility for the high-level processing stage to choose from low-level results or even using a little high-level knowledgeduring low-level processing may help in stereo analysis. In this paper we describe the use of partial2



shape information to improve surface reconstruction.We describe a new (in the sense that it is di�erent from traditional two-step coarse-to-�nemethods and it uses a piece-wise linear model and minimum depth pro�le information to explicitlymodel discontinuity ) approach for stereo matching and illustrate the advantages of this schemein implementing a practical system aimed at a speci�c application. The application involves theprocessing of imagery containing �ne texture and no stable, high level, local features (Smith andNandhakumar 1994). Such imagery is typically obtained when viewing scenes containing coal,grovel, iron ore, etc. We also discuss other possible applications of this approach.This paper is organized as follows: The following section brie
y presents some related work instereo matching. Section 3 describes the new stereo correspondence algorithm that uses a priori,minimal, approximate surface shape information. Section 4 presents experimental results usingboth simulated data and real data, and a performance comparison between our algorithm and analternative stereo algorithm (Kanade and Okutomi 1994). The last section contains conclusionsand comments on future work in this area.2 Related WorkMany di�erent stereoscopic camera con�gurations have been developed, e.g., binocular stereo, omni-nocular stereo (Adelson and Wang 1992) and trinocular stereo (Ayache and Lustman 1987). How-ever the binocular stereo con�guration is still the most common, especially the parallel axis binoc-ular system. This may be partly due to the fact that the correspondence problem has not beencompletely solved even for the simplest, binocular, con�guration.The entire process from data acquisition to depth reconstruction typically consists of �ve3



steps (Marapane and Trivedi 1994). Thus, stereoscopic vision systems may be classi�ed basedon each of these steps. Of those classi�cations, important ones are based on di�erent primitiverepresentations and di�erent stereo matching techniques. Popularly used matching primitives in-clude pixel intensities (Barnard and Thompson 1980) or their functions, sign of the Di�erence ofGaussian or Laplacian of the Gaussian r2G �ltered image (Nishihara 1984), zero crossing in r2G�ltered image (Marr and Poggio 1979) and edge elements (Medioni and Nevatia 1985; Baker andBinford 1981). These existing correspondence schemes can be classi�ed into two broad categories:(1) Area-based methods and (2) Feature-based methods. For a comprehensive review of existingstereo technologies, we refer the reader to several surveys, e.g., (Barnard and Fischler 1982; Dhondand Aggarwal 1989; Marapane and Trivedi 1994).Feature-based correspondence methods use local features such as edge elements for matching.The popularity of this approach is increasing because of the belief that the feature is more abstractthan the original image, and thus should be more stable (Medioni and Nevatia 1985). Also thismethod has been shown to be more accurate than area-based schemes; in some cases the feature canbe located to sub-pixel precision. However, feature-based methods su�er three main disadvantages.First, these methods are not useful when the local features cannot be reliably extracted. Second,these methods are computationally more expensive than some area-based methods because of thecost of the feature extraction procedure, the `choose-one-from-many-candidates' procedure and/or`discard-wrong-candidates' procedure involved. Finally sparse and irregular features produce sparsedisparity maps, requiring depth interpolation and surface reconstruction (Grimson 1981; Terzopou-los 1988) if a complete depth map is needed. Recently a feature-based stereo algorithmwas proposedby Lew et al. (Lew, Huang and Wong1994) to alleviate these di�culties which integrates learning,feature selection, and surface reconstruction. 4



An area-based scheme is a natural choice when dealing with textured images. Computing thecorrelation coe�cient and sum of squared di�erences (SSD) are simple yet e�ective techniques forobtaining a dense depth map from images (Wood 1983; Kanade and Okutomi 1994). For example,a practical vision system has been developed by Nishihara (Nishihara 1984) using auto-correlationfunction of signals formed by the sign of DOG �ltered image. But the system needs structuredlighting, to ensure dense texture of high contrast and low noise levels to perform well. Othermethods, e.g. (Lee et al. 1993), have employed region invariants to determine correspondence.However, these methods are sensitive to repetitive textures and also are computationally expensive.Kanade and Okutomi (Kanade and Okutomi 1994) have demonstrated the importance of win-dow size selection for area-based methods. Erroneous matches are generated if the window is toosmall. On the other hand, if too large a window is chosen, large disparity changes within the win-dow cause displacements between the detected match and the correct match. The use of adaptivewindow sizes (which are di�cult to specify) does not always rectify this limitation of area-basedtechniques. Consider a pair of images of a steeply slanted surface. The previous methods prescribesmall windows for correspondence, followed by surface interpolation. Foreshortening distortion andlow SNR will cause false matches and hence a jagged reconstruction of the surface. Cepstral tech-niques (used in acoustical signal processing) have been adopted to increase tolerance to low SNRin each window (Hassab and Boucher 1975; Oppenheim and Schafer 1993; Olson 1993; Yeshurunand Schwartz 1989; Smith and Nandhakumar 1993; Bandari and Little 1993). The improvementin performance for low SNR images has been shown via analytical arguments as well as exper-imental tests. However, repetitive �ne texture in the images generate many false matches, andthe search space needs to be tightly constrained about the correct location. Unfortunately, thisleads to a \chicken-and-egg" problem, i.e, shape information is required to constrain the search for5



correspondence (correct shape).Recently, a hierarchical scheme that integrates di�erent matching techniques at di�erent levelsof processing has been proposed (Marapane and Trivedi 1994) for computing improved, denserdisparity maps. However, when feature extraction becomes infeasible or unreliable, the schemerelies entirely on area matching, and hence su�ers from the limitations discussed above. Anotherscheme integrates correspondence and surface interpolation (Ho� and Ahuja 1989), but also requiresextraction of stable local features and assumes piecewise planar and quadratic surface patches.Other hierarchical schemes have similar problems (Cohen et al. 1989; Kim and Binford 1987).In the problem that we are addressing, there exist large photometric variation (because of thewide-baseline), discontinuities in surface, frequent occlusions, very few or no stable, local features,and large amounts of noise. We were unable to �nd existing techniques or schemes that could bedirectly applied to our problem without signi�cant modi�cation. The most promising approach wasto adopt an area based technique but devise an intelligent algorithm to overcome its limitation.We �rst select a parametric form for the global shape that engenders computationally simplealgorithms, yet adequately represents the limited shape knowledge available, e.g. the surface ishigher in the middle than at either end. Given a stereo image pair, we then compute the optimalmodel parameters - which gives us an approximate (but reliable) global, parametric depth pro�le.Finally, we use the computed approximate shape to constrain the local correspondence processesthat re�ne the shape. This scheme can be applied even when the physical scene is not a singlesmooth surface, and the image is noisy. We use a piecewise linear surface model to approximatethe scene. We show that with only a very approximate idea of the global scene structure we canobtain a highly accurate local shape estimate. Section 3 will discuss our algorithm in detail.6



3 Computing Accurate and Reliable ShapeThe need for an improved area based correspondence scheme, the required performance character-istics, and the formulation of the new scheme is best explained by describing the new algorithmin terms of the application that warranted this research e�ort. Our goal is to compute 3D surfaceshape/height of coal, gravel or other bulk material present in open rail cars. The cameras in Fig. 1continually acquire images as the rail cars pass beneath them. Rather than use an entire imagecollected by each camera to reconstruct the 3D surface, we use only a few raster lines near thepiercing point1 of each camera to compute a one dimensional depth pro�le across the width of therail car. We perform this task repetitively as the rail car moves under the cameras - thus computingtransectional 3D pro�les at regularly spaced intervals along the length of the rail car. We stackthese pro�les to form a 3D surface map for the entire rail car. In terms of stereo vision technology,our application requires values of relative depth of the surface given some absolute depth value. Weuse the depth of the sill of the rail car as the reference depth because sills are distinctive in theimages and can be easily extracted and matched. Here by relative depth (or relative disparity), wemean that after we choose some absolute value of depth as reference (e.g., the depth of the sill), wecan investigate the local change around that value.3.1 Using Approximate Shape Information - An OverviewPrevious area-based methods use correlation-related schemes that only consider image intensityinformation. These approaches failed when adopted for this application because of the repetitivetexture and frequent occlusion, which, when compounded by noise, produced a large number of1The piercing point is the intersection of the optical axis and the image plane7



false correspondences. Although the number of these false correspondences can be reduced by usinglarger windows in the area-based methods, the presence of large disparity changes and associatedprojective and photometric distortions cause mismatches when large windows are used (Kanadeand Okutomi 1994). One way of overcoming this problem would be to correct for the projective &photometric di�erences between the two images in a stereo pair before attempting correspondence.However, this requires that surface shape be known a priori - resulting in a variation of the \chicken-and-egg" problem. However, even limited information about the shape of the depth pro�le (alongthe epipolar line) can be su�cient to e�ect the projective corrections necessary for reliable andaccurate correspondence when large windows are used. This partial information may be of theform, for example, that the surface is higher in the middle than at either extremity. Indeed, afterusing such information to correct for projective variation between the image pair the windowsused for establishing correspondence may be as wide as the entire image itself! The correction forphotometric di�erences will be discussed in section 3.4.The key issue in correcting projective distortions is the choice of a surface shape representationthat allows us to specify the shape in a very approximate manner. We �rst select a parametric formfor the global shape that engenders computationally simple methods yet adequately represents thevery limited shape knowledge available. Once we choose the model, our stereo correspondencescheme transforms to a search for the correct model parameters. Given a stereo image pair, wecompute the optimal model parameters - which gives us an approximate (but reliable) global,parametric depth pro�le. We use the partial shape information to constrain the search for theoptimal model parameters. The search consists of a hypothesize and test process in which thehypothesized shape is used to apply a foreshortening (projective) correction to the left image toproduce a virtual right image. The entire virtual right image and entire real right image are8



compared to verify the hypothesis. The global, approximate shape computation technique is reliablesince it uses the widest possible window { one that is as wide as the image itself, and models disparitychanges by applying projective corrections.Once the best parametric surface �t is found we then re�ne the surface by performing a localcorrespondence match at di�erent positions along the epipolar line. At this stage we use theparametric surface �t to tightly constrain the search space during the local correspondence process.An advantage of this two step approach of (1) computing a reliable though approximate, global,parametric surface, and then (2) re�ning the surface, is that if the local correspondence processin step (2) does not produce a high measure of con�dence, one still has the approximate surfacecomputed in step (1).We �rst discuss the speci�cation of the parametric shape model, and then describe an algorithmthat uses the two step process described above to extract a reliable and accurate estimate of the3D surface.3.2 Modeling Approximate Shape InformationConsider the variation in height/depth along an epipolar line. We �rst specify the shape of thisdepth pro�le in parametric form and then search for the parameters in lieu of establishing localcorrespondences at many points along the pro�le. It is important to select a simple parametric formthat results in a low dimensional parameter search space. Yet, the model must adequately captureall of the available a priori, approximate shape information that can facilitate stereoscopic depthcomputation. The choice of an appropriate parametric form is application dependent, and dependson the nature of the surfaces reconstructed. A higher order polynomial is one possible choice forthis purpose. However, there are many disadvantages in using higher order polynomials here. These9



include { (1) high computational cost involved in �tting higher order polynomials, (2) large searchspace for each coe�cient due to the high sensitivity of the shape to changes in the coe�cient values,and (3) di�culty in �tting discontinuous pro�les.For many applications (including ours) a simple yet adequate form consists of a piecewise linearapproximation consisting of N segments, where N is some �xed preselected number for that ap-plication. The slopes and endpoints of the segments may also be constrained by a priori, partialknowledge. For our application, we divide the depth pro�le into two halves { the left half is illus-trated by Fig. 2, while the right half is a (horizontal) mirror re
ection of this plot. The left half isreconstructed from the left image and center image pair, and right half is reconstructed from thecenter image and right image pair (see Fig. 3). For each half we approximate the pro�le using threelinear segments. A variety of shapes may be modeled by varying the locations of the endpoints andthe slope of each segment. The only a priori knowledge we use to constrain these parameters isthat the depth pro�le is higher in the middle than at either end, and each end of the pro�le mayconsist of a short, horizontal segment.Let D(y) denote the height of the imaged surface (with respect to some �xed plane that isparallel to the image plane of the cameras), and along a selected epipolar line, the distance alongthis line being denoted by y. We divide D(y) into N segments: Di(yi); i = 1; 2; � � � ; N , where yiis the local coordinate for the ith segment (Fig. 2). We use the following linear model for eachsegment. Di(yi) = Di�1(Y 0i�1) + Si +Kiyi; yi 2 [0; Y 0i ) (1)where Y 0i is the delimiter (or breakpoint) for this segment, Ki is the slope of this segment, andSi is the parameter (henceforth called the shift) that represents the discontinuity occurring at the10
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Figure 3: Computing height pro�le using two pairs of images obtained when viewing coal in arail car. Ten horizontal scan lines near the epipolar line are used. The bottom �gure shows thepiece-wise linear �t (dashed line) and the �nal computed pro�le (solid line).12



point is given by dref = fBDref + f (2)where B is the baseline and f is the focal length.Consider a small increase, Drel, in the depth relative to Dref . The new disparity value is givenby d = fBDref +Drel + f (3)and the corresponding change in disparity isdrel = dref � d = fBDref + f � fBDref +Drel + f ' fBD2refDrel : (4)The last equality is obtained by simple approximation with assumptions of Dref � Drel and Dref �f . In our application, the maximum value of DrelDref is only 0.1. Due to the above linear relationshipbetween the relative disparity and the relative depth we can use a piecewise linear approximationfor the former: drel;i(yi) = drel;i�1(Y 0i�1) + si + kiyi; yi 2 [0; Y 0i ) (5)where s and k are analogous to S and K above.Partial shape knowledge imposes constraints on the values of the model parameters. Suchknowledge may also introduce dependencies between parameters which can be exploited during thesearch for values of the model parameters. We describe below the use of this model along withlimited shape information to compute an approximate, yet reliable, global surface �t, which is thenlocally re�ned. 13



3.3 Model-Based Shape ComputationFor the sake of simplicity, consider the computation of a 3D height/depth/distance pro�le given theimage intensity pro�les from the two images of a stereo pair, and from the same epipolar line. Asmentioned above, we �rst �nd the best �t of the assumed parametric surface model. This global,approximate surface computation involves a search for the the optimal, or su�ciently accuratevalues of the model parameters. We then re�ne this approximate, reliably computed surface byperforming local correspondence between small areas of the left and right images. During the latterphase, the search space is tightly constrained by the approximate surface computed in the �rstphase. We describe each phase of this process.A. Computing Approximate, Global, Parametric ShapeThe computation of the approximate shape uses the shape model described above along withconstraints that are imposed by partial knowledge of the expected shape. In our application manyof the parameters are constrained by the knowledge that the pile of coal in a rail car is higher inthe middle than at either side. This limited knowledge imposes the following speci�c constraints.In our application, we analyze each half of the depth pro�le separately - since each pair of the threecameras has a �eld of view of only one half of the entire scene (Fig. 3). We set N = 3 for eachhalf of the depth pro�le. Furthermore, the sill of the coal car can be easily extracted in the imagepairs. Correspondence between the sill image regions provides the reference distance; thus drel;0(Y 00)for the sill is 0. Since the surface of the coal at the wall of the rail car must be at or below thesill height, we have the constraint s1 � 0. The pro�le is assumed to be continuous at the junctionof the �rst and second linear segments, and also at the junction of the second and third linearsegments, which translates into the constraints s2 = s3 = 0. Moreover, the �rst and third segments14



are assumed to be horizontal, which imposes the constraints k1 = k3 = 0. The left camera is locatedeither above or outside the left wall of the rail car. The left wall occludes the coal surface that isimmediately adjacent to the wall and makes it impossible to reconstruct this surface. Hence, we usethe heuristic constraint s1 = �Y 01. The remaining parameters k2, Y 01 , and Y 02 are the unknowns thatare determined from the stereo image pairs { analyzing one epipolar line at a time. The exhaustivesearch algorithm is illustrated in Fig. 4. For our application, the �nal parameters are selected asfollows: Ymax values is chosen to be between 20 and 60 (about 1/6 to 1/4 of the whole e�ectiveimage width). Within this range the algorithm is not sensitive to the choice of Ymax. Since a largervalue increases computation time - a value of 20 was chosen for our experiments. Value of kmax ischosen large enough to handle surfaces ranging from 
at to maximally tilted { at the expense ofhigh computational cost. Choice of values of r1 and r2 are based on the same criterion as that ofkmax. Values of qy and qk are chosen for high precision. Since an exhaustive search is performed overall combinations of parameter values, a larger parameter range increases the range of surfaces thatcan be handled, but at the expense of increased computational cost. The above range of parametervalues is used for both the center{left image pair and the center{right image pair.In the search algorithm, for each hypothesized set of parameter values, the intensity pro�le sensedby the left camera is back-projected onto the hypothesized surface and then projected onto the imageplane of the right camera to produce a \corrected" left image. Photometric correction (Section 3.4) isalso applied during this process. Ideally, if the hypothesized shape is accurate, then the \corrected"left image and the sensed right image should be identical. Hence, these two are compared to evaluatethe validity of the hypothesized shape, viz. model parameters. For computational e�ciency we usethe sum of absolute di�erences between pixel intensities to compare the two image pro�les, insteadof computing the more commonly used correlation coe�cient. Any other error measure may also be15



1. Initialization: N = 3, k1 = s2 = s3 = k3 = 0;2. Searching optimal parameters:for Y 01 = 0; qy; 2qy; � � � ; YmaxAssume s1 = �Y 01;for k2 = 1; qk; 2qk; � � � ; kmaxfor Y 02 = r1 �W; r1 �W + 1; � � � ; r2 �W� Choose intensity pro�le gr(y) alongepipolar line of right image.� Use model parameters (si; ki; Y 0i ) to specifydrel;i using equation 5. Hence �nddrel(y) by combining the N segments.� Apply projective correction to the left image:g0l(y) = gl(y + drel(y))� Measure validity of hypothesized parametersusing sum of absolute error:�(Y 01; k2; Y 02) = Py j ĝr(y)� ĝ0l(y) jwhere ĝr and ĝ0l are normalized version of grand g0l respectively.3. Select s1; k2; Y 02 that produce the smallest � toconstruct the piece-wise linear disparity pro�le.Figure 4: Search algorithm to �nd the best model parameters. W is the width of the entireimage along the epipolar line. The values for qy; qk; r1; r2; Ymax, and kmax are chosen based on theapplication. For our application we use 1; 0:1; 0:2; 0:8; 20, and 2 respectively.used in this comparison. It should be pointed out that the search scheme described above is quitenaive, and further optimization could improve computational characteristics.B. Re�ning the ShapeThe above process produces a reliable estimate of global, approximate shape. Reliability isachieved by using a window/area that is the largest possible (the entire image width). The relia-bility is obtained at the cost of accuracy in the recovered shape. However, the approximate shapeforms a good initial condition in a second step of searching for the accurate shape. This search isimplemented by a conventional local correspondence search process using an established area based16



method, e.g. (Smith and Nandhakumar 1993) or (Kanade and Okutomi 1994). During this secondstep, the search space is tightly constrained to be within a few pixels of the disparity computed bythe approximate shape produced by the �rst step. Also, the search is performed on the projectivelycorrected images, gr(y) and g0l(y) speci�ed by the �rst step. This approach results in a signi�cantlyreduced number of false matches.Thus the two step process { of (1) using partial shape knowledge to produce a reliable butapproximate parametric �t for the global shape, and then (2) using the approximate model tolimit the search space for the local correspondence process that re�nes the shape { produces bothaccurate and reliable estimates of the scene structure.3.4 PreprocessingThe process of establishing correspondence involves the estimation of the degree of similarity be-tween two candidate segments. We have described above a method for overcoming mismatchesdue to projective distortions between the two segments being compared. Another cause of wrongmatches is photometric di�erences between the two correct candidate segments. We compensatefor these photometric di�erences by preprocessing the images as described below.A. Image Intensity VariationReal surfaces, especially coal, gravel, etc, deviate signi�cantly from Lambertian behavior. Infact, for a 
at coal surface the average intensity appears to be roughly proportional to sin(
), where
 is the angle between the surface normal and the re
ected ray. When non-frontal surfaces areimaged, especially those exhibiting steep surface slopes, the image intensities in the stereo pair di�ersigni�cantly. It is, in theory, possible to use an appropriate model for the bidirectional re
ectancefunction of the surface and compensate for this e�ect. However, the choice of a su�ciently general17



model, and the selection of the optimal parameter values for the surface being imaged results in anunnecessarily complex scheme. Even if the surface were a frontal one, the amount of light collectedfrom an elemental patch near the optic axis is higher than that for a patch at the extremities of theimage (Haralick and Shapiro 1993). For a wide baseline stereo con�guration, an elemental patchmay exhibit markedly di�erent intensities in the two images.We assume that the intensity variation I(x; y) in a local neighborhood comprises two components- I l(x; y) due to local texture, and Ig(x; y) due to smooth, global variation. If there is no occlusion orforeshortening between the two corresponding regions in a stereo image pair, the intensity variationmay be expressed asIleft(x; y) = Igleft(x; y) + I lleft(x; y); Iright(x; y) = Igright(x; y) + I lright(x; y) (6)where the globally varying intensities are related byIgright(x; y) = f [Igleft(x; y)] : (7)Here, f(�) represents the unknown viewing angle dependency of the sensed light. The local intensityvariation is given by I lright(x; y) = I lleft[x+ dx(x; y); y+ dy(x; y)] +N (8)N is assumed to be white Gaussian noise that is uncorrelated with the intensities produced by thesurface texture, d(x; y) is the disparity map that needs to be computed via stereopsis, and dx and dyare the x-direction (vertical) and y-direction (horizontal) elements of vector d(x; y). Constraining18



the y-axis to lie along the epipolar line, we may simplify this relationship to beI lright(x; y) = I lleft[x; y + dy(x; y)] +N (9)It is now obvious that it is essentially the local intensity variation that directly contributes tothe computing of disparity based on equations 7 and 9.B. Texture Preserving FilterThe purpose of the preprocessing step is to minimize the global intensity variation and preservethe local textural variation which is useful in computing correspondences. This facilitates thereliable comparison of large segments of the stereo images intensity pro�les. We will call the classof �lters having the above property texture preserving �lter. For di�erent applications the �ltersmight be di�erent. For our case, a simple and intuitively appealing �lter is one that subtracts fromthe original signal a local average value resulting in a computationally e�cient high pass �lter. Inthe time domain, the impulse response of the �lter is given byh(n) = �[n]� 12M MXk=�M �[n� k] : (10)The frequency domain characterization is given byH(ejw) = 1� 12M sin[w(2M + 1)=2]sin(w=2) (11)which describes an all-pass �lter minus a moving average �lter (Fig. 5a).The performance of this �lter is illustrated in Figs. 5b and 5c. The left image intensity pro�leshown in Fig. 5b contains a slowly varying component. Applying the above �lter removes this global19



variation as shown in Fig. 5c. To increase robustness, we map the resulting gray level image to a 3level image utilizing histogram information. Experiments show that this improves the reliability ofthe algorithm. Thus complete preprocessing phase consists of spatial �ltering and histogram basedrequantization. The algorithm could be further improved by using more elegant �lters.3.5 Generalizing the scheme for other applicationsThe new scheme described above can be divided into three steps (Fig. 6): Step I consists of pre-processing the image, by which we hope to eliminate global intensity variation and preserve localtextural information. This step improves the performance of the next step which involves �tting anapproximate, global, parametric surface. Step II is the key element in our algorithm which consistsof choosing an appropriate surface model, surface parameter initialization, and parameter searchbased on correlation of the reference image 1 and the other stereo image after it has been projec-tively transformed. Finally, Step III re�nes the approximate global surface via tightly constrainedlocal correspondence processes. It is important to notice that here we only present a general threestep framework and a speci�c application with naive techniques employed in each step. More ap-propriate techniques should be used in each step for di�erent applications. A speci�c applicationmay dictate the choice of a speci�c surface model and parameters that e�ciently model the type ofsurface most commonly found in that application. For step III, there are many techniques availablesuch as the basic correlation method, cepstral �ltering techniques, etc. The simplest technique thatdemonstrates acceptable performance may be chosen.1By reference image we mean the image on which we will build up our disparity map. The other image is the oneto which we will apply projective transformation. For convenience, we will assume the right image is the referenceimage, and the left image is the other image. 20
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4 Experimental ResultsWe have developed a practical stereoscopic vision system that utilizes the approach described above.The data collection system has been deployed on a \boom-truck" that travels along train routes andcollection images from di�erent rail yards through which the train passes. The data are processedo�-line on high performance workstations to determine surface height pro�les. The system is beingused by environmental scientists to study the process of wind erosion of bulk material, such asgravel, iron or coal ore being transported in open rail cars. Since our goal was to develop a fullyfunctional, practical stereo system, we performed extensive experiments to validate the performance.We tested it using data obtained during the day and at night. We also tested it with di�erent typesof coal in actual rail cars. Images were acquired from more than 100 rail cars! Since it is verydi�cult to obtain ground truth regarding the height of the surface of coal in a moving rail car, wedeveloped a simple surface visualization tool for qualitative veri�cation. Also, we tested the systemon simulated data as well as data collected from full-size mockups of a transection of the rail car tocheck the accuracy of the algorithm using the available ground truth information. In the following,we also compare the results obtained by our algorithm with those obtained by the Kanade-Okutomialgorithm.4.1 System Con�gurationThe new surface extraction scheme has been implemented in the CCLPS system. A downward-looking three-camera parallel-axis system views the top surface of these rail cars to stereoscopicallycompute a series of 2D depth pro�les as the train passes beneath (Fig. 1). These pro�les arecombined to form a 3D surface height map. Currently CCLPS is a parallel-axis, 1370mm baseline23



stereo system which employs three Pulnix TM-745E cameras, which have pixel sensors of size0.01523mm, with Cosmicar 8.5mm lenses, an Oculus-TCX real time RGB imaging board, and a PChost computer. A diagram of the system is shown in Fig. 7. Prior to use, the cameras are calibratedand aligned in the laboratory (Zhao and Nandhakumar).The data acquisition is as follows: we freeze the image every t1 seconds, where t1 depends onthe speed of the moving rail cars and the data transfer rate to hard disk. We then transfer onlythe central (relative to the piercing point) 10 raster lines of each of the 512x512 images to the harddisk. Since the frame consists of two interlaced �elds, each acquired 17 ms apart, only the even �eldconsisting of 5 image raster lines is used for stereo analysis. Image blur is also minimal since theimages are acquired when the train is moving at speeds of less than 5mph { the image acquisitionis conducted in urban areas near rail yards where the train is forced to be proceed very slowly.The camera rig also carries two high intensity halogen 
ood lamps which are used to illuminate thesurface during night-time imaging. This ensures shutter speeds of 1/500 s or faster and aperturesof f 8 or smaller, and hence large depth-of-focus.The data acquisition system also locates the position of the sill in the image pairs. The rawimage contains regions corresponding to the coal, the sill and whatever lies outside of the coal car.We have observed that the sill is always brighter than coal and the inner edge of the sill is easilydiscernible by the high local contrast that it exhibits. We use the zero-crossings in the Laplacianof Gaussian convolved image to extract the sill, i.e. the edge. This segmentation process extractsindividual rail cars from the data set, and also extract only those regions that correspond to coalsurface for further analysis. Fig. 8 shows some experimental results of the segmentation process.24
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4.2 Computing 3D pro�leA. Results on simulated dataSince obtaining ground truth of surface height from moving cars is very di�cult, we developed asimple test to verify the performance of our algorithm. We use one real image of a coal surface, whichis assumed to be the left image of the stereoscopic image pair. The stereoscopic camera calibrationparameters are assumed to be the same as for the real system. A virtual surface is assumed tobe of some polynomial form (thick curve in Fig. 9a). Using equation 5, the real image is spatiallyscaled according to this surface to create the simulated right image. The two images are used asinputs to our system. Fig. 9 shows the results of applying our algorithm and Kanade-Okutomi(KO) algorithm to such data.This comparison indicates that for simulated data the KO-stereo algorithm produces somewhatbetter results. However, it should be pointed out that: (1) the simulation does not contain anyphotometric variation, and (2) our naive algorithm could be improved if we utilized interpolationduring geometric correction. As expected, both algorithms have more error for occluded and slantedareas.B. Results on real dataThis system has also undergone extensive �eld tests. Images of more than a hundred rail carswere acquired, during the daytime as well as at night. Rail cars carrying di�erent types of coalwere imaged - providing images that varied in texture. Fig. 9 shows the images sensed by thethree-camera rig suspended above one rail car carrying coal and the surface reconstructed by thesystem discussed above.Although it was not possible to obtain the ground truth of the coal height pro�le from the27
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(a) (b) (c) (d)Figure 10: Result from real images of a coal car: (a) Left image (b) Center image (c) Right Image(d) Resulting 3D pro�les from both image pairs.29
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accuracy and reliability of the reconstruction.As previously mentioned, our method can be easily adapted for di�erent applications. Speci�cconstraints are imposed by speci�c applications on the parameters of the shape model. Havingchosen the appropriate constraints one can adopt the procedure described above to get reliable andaccurate results.Currently, the surface extraction is performed o�-line on stored data - and computational perfor-mance has been satisfactory for pro�ling a number of rail cars each week - as required by the users ofthis system. The current implementation of the algorithm using MATLAB on a UNIX workstationrequires a total 35 seconds of CPU time for processing one transection. The preprocessing stepconsumes 5.7 seconds, the piece-linear model �tting process consumes 2.5 seconds, and the shapere�ning process consumes 26.8 seconds. The possible improvement of the current algorithm include:1. Choose appropriate smaller parameters to speed up processing.2. Utilize interpolation, more sophisticated matching measure and shape re�ning scheme toimprove accuracy.3. Use a smarter search strategy.4. Employ more elegant �lters for preprocessing.References[1] Adelson EH, Wang JYA (1992) Single lens stereo with a plenoptic camera. IEEE Trans PatternAnalysis Machine Intelligence 14: 99-106[2] Ayache N, Lustman F (1987) Fast and reliable tinocular stereovision. Proc 1st InternationalConference on Computer Vision, pp 422-42733
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