Progress in Computer Vision at the University of MassachusettsEdward M. Riseman, Allen R. HansonRobert Collins, Bruce Draper, Richard WeissComputer Vision Research LaboratoryDept. of Computer and Information ScienceUniversity of MassachusettsAmherst, MA 0l003Abstract1This report summarizes progress in imageunderstanding research at the University ofMassachusetts over the past year. Many of theindividual efforts discussed in this paper arefurther developed in other papers in thisproceedings. The summary is organized intoseveral areas:1. Image Exploitation under RADIUS2. Learning in Vision3. Mobile Vehicle Navigation4. Recovering 3D Structure5. The Image Understanding ArchitectureThe research program in computer vision atUMass has as one of its goals the integration of adiverse set of research efforts into a system that isultimately intended to achieve real-time imageinterpretation in a variety of vision applications.1. Image Exploitation under RADIUS1.1. Project GoalThe goal of the Radius project (Research andDevelopment for Image Understanding Systems)is to develop image understanding algorithms thatsupport model-based aerial image exploitation. Aflexible set of IU modules is being developed toacquire, extend and refine 3D geometric sitemodels using known extrinsic and intrinsic cameraparameters. In support of this effort, ISR3 (seeSection 2.5) is being ported to the RCDE.Although individual modules are automated asmuch as possible, the image analyst maintains1This research has been supported in part by the AdvancedResearch Projects Agency under TACOM contract numberDAAE07-91-C-R035, HDL contract number DAAL02-91-K-0047, TEC contract number DACA76-92-C-0041, andColorado State University sub-contract number DAAG04-93-G-0422, by the National Science Foundation under grantCDA-8922572, IRI-9113690, and IRI-9208920, and by RomeLabs under contract number F30602-94-C-0042.control of the site modeling session by decidingwhen and where each module is applied. A recentexperiment on site modeling using the RADIUSModel Board 1 images and these algorithms isdescribed in [Collins et. al. 1994].1.2. Finding Roof Structures in the RADIUSModel Board ImageryA new method for extracting flat, polygonalrooftops in monocular aerial imagery has beendeveloped [Jaynes et. al. 1994]. Through acombination of bottom-up and top-downconstruction of perceptual groups, polygons in asingle aerial image are robustly extracted.Building roof detection begins by using vanishingpoint information in the 2D image [Collins andWeiss 1990] to generate a set of correlation masksfor detecting features in the image correspondingto 3D orthogonal roof corners in the scene.Compatible pairs of roof corners initiate a searchfor supporting edge data, with all extracted cornersand supporting edges entered into a featurerelation graph. Perceptual grouping processesconnect nodes in the graph representing cornersand lines according to their geometriccompatibility. These grouping processes invoketop-down feature verification routines so thatfeatures, and the relational links between features,are all verified with local information in the imageand weighted in the graph according to theirunderlying image support.Potential building roof hypotheses are detected ascycles in the feature relation graph. Virtualfeatures may be hypothesized for the perceptualcompletion of partially occluded rooftopsappearing as open chains in the graph. Extractionof the ’best’ grouping of features into a set ofbuilding rooftop hypotheses is posed as a graphsearch problem. The maximally-weighted,independent set of cycles in the graph is extractedas the final set of roof boundaries. This methodessentially arbitrates between many (possibly conflicting) groupings by using informationcontained in the image to measure the certainty ofeach grouping choice. Note that all the groupingprocesses at this stage operate in the imagedomain, and further refinement will take placenext at the 3D representation during theinformation fusion stage across multiple images.1.3. Determining the 3D Structure of BuildingsFollowing polygonal roof detection, simultaneousmulti-image, multi-line epipolar matching andtriangulation algorithms are run to locategeometric support in other images (often with agreat variety of viewpoints), and to determine theprecise size, shape, and position of the buildingroof in the local site 3D coordinate system. At themoment, only flat, horizontal rooftops aredetected.The constraint of horizontal roofs allows the useof a very efficient and robust histogram-basedalgorithm to gather supporting line evidence fromother images in the site database. This is achievedusing the known poses to backproject into thescene each polygonal edge of the roof hypothesisin the first image to determine a planar wedge inwhich the corresponding 3d horizontal roof edgemust lie. This wedge is truncated at apredetermined maximum and minimum heightvalues for the site, and projected into a secondimage to form an epipolar search region. Thisquadrilateral search area is scanned for possiblematching line segments at the expectedorientation, each potential match implying adifferent roof height in the scene. All heightscomputed from potential polygon edge matches inthe second image are stored as votes in a heighthistogram. Each vote is weighted by compatibilityof the match in terms of expected line segmentorientation and length. A single global histogramaccumulates height votes from multiple images,and for multiple edges in a rooftop polygon. Afterall votes have been tallied, the histogram bucketcontaining the most votes yields a set ofcorresponding polygonal rooftop line segments inmultiple images and a coarse estimate of the roofheight in the scene.A multi-image line triangulation routine again usesknown camera poses to fuse the line segmentcorrespondences determined by epipolar matchinginto a wireframe rooftop structure in the scene.During triangulation, each wireframe edge ischaracterized by the parameters of the algebraicinfinite 3D line that coincides with it. In turn, thelocation and orientation of this 3D line ischaracterized by an objective function measuringhow well its projection aligns with the 2D imagesegments that correspond to it. A number ofdifferent objective measures are being considered;the current one is a function of the sum of squareddistances from each projected infinite line to theendpoints of corresponding 2D line segments inthe image. The triangulation algorithm iterativelyrefines the position of each wireframe edge so thatthe sum-of-squares of objective measures betweeneach algebraic line and corresponding image linesegment is minimized. All lines in a rooftoppolygon are thus triangulated simultaneously.Object-level geometric constraints such asassumed perpendicularity, parallelism, andcoplanarity of polygonal rooftop edges are alsoimposed during triangulation for more reliableresults.The resulting 3D roof polygon is extruded down tothe terrain to form a volumetric building model.The ground height at any location is specified by adigital terrain map that is either provided with thesite database, or created from a pair of stereoimages using the UMass Terrain ReconstructionSystem [Schultz 1994]. The final reconstructedbuilding is then added to the current site model toform a more complete scene representation thatcan be used for future image registration andinterpretation tasks.1.4. Projective Intensity MappingTo provide added realism for visual displays andas a means of symbolic storage, we havedeveloped mechanisms for projectively warpingimage intensities onto polygonal building faces.Since multiple images are used, intensityinformation from all faces of the building polygoncan be recovered, even though they are not all seenin any single image. By storing surface intensityinformation with each building object, therendered intensity mappings provide a convenientstorage method for later symbolic extraction ofdetailed surface structures like windows, doors androof vents without needing to know ahead of timewhich information will be desired. Furthermore,this subsequent processing becomes greatlysimplified. For example, rectangular lattices ofwindows or roof vents can be searched for in theunwarped intensity maps without complicationfrom the effects of perspective distortion.Secondly, specific surface structure extractiontechniques can be applied only where relevant, i.e.window and door extraction can be focused onbuilding wall intensity maps, while roof vent computations are performed only on roofs. Futurework will be directed towards combining intensityinformation from multiple views of each polygonalbuilding facet to remove visual artifacts caused byshadows and occlusion and to potentially increasethe clarity of surface intensity maps using super-resolution fusion techniques.1.5. Camera Resection and FeatureCorrespondencesWe continue to investigate new methods forperforming camera resection and correspondencematching [Cheng et. al. 1994]. Given N images,and a set of corresponding 3D-to-2D point featuresfor each image, a robust algorithm forsimultaneously resecting intrinsic and extrinsiccamera parameters for all views has beendeveloped. A-priori constraints, such as theknowledge that all views were taken by the samecamera, can be incorporated. Unknown cameraparameters are determined from the standardcolinearity equations using the Levenberg-Marquardt algorithm. This iterative least-squares(LS) algorithm minimizes an objective functionthat measures how closely projected 3D pointfeatures fall on their corresponding 2D imagefeatures in terms of squared residual error. It iswell known that LS optimization techniques canfail catastrophically when outliers (called"blunders" in the photogrammetry literature) arepresent in the data (for example, see [Kumar1994]). For this reason, the basic LS resectionalgorithm is embedded inside a least mediansquares (LMS) procedure that repeatedly samplessubsets of correspondences to find one devoid ofoutliers by minimizing the median-squaredresidual distance error. LMS is robust over datasets containing up to 50% outliers. Thecombination of Levenberg-Marquardt with leastmedian squares techniques provides a powerfuland robust approach to camera resection.Alternatively, given a pair of images for whichcamera pose is known, and a set of pointsextracted from each image, an algorithm has beendeveloped to automatically establish image pointcorrespondences and simultaneously triangulatetheir corresponding 3D point positions [Cheng et.al. 1994]. Each point may or may not have acorrespondence in the other image; potentialcorrespondences are detected using an "affinity"measure devised by [Scott and Longuet-Higgens1991]. Ambiguities are resolved by transformingthe correspondence problem into a network flowproblem over a bipartite graph, and solving for themaximal flow. This approach is currently beingextended to handle N-images, and to work for linefeatures as well as points.2. Learning in Vision2.1. Project GoalThe goal of this project is the construction of asystem for learning object-specific recognitionstrategies from a library of image understandingalgorithms and training images [Draper et. al.1993a]. Such a system will serve as an automaticintegration system, combining IU algorithms (andrepresentations) that were developed separatelyinto executable object recognition systems, withonly limited human interaction for locating thetarget objects in the training images. It will alsoserve as a generator of task-specific vision systemsfor applications ranging from the UnmannedGround Vehicle to Radius to flexiblemanufacturing environments.The Schema Learning System (SLS) involves aparadigm of learning with limited user interaction- just the interactive specification of goals via anexample training set - and a library of visionroutines (possibly a large collection). The visionroutines can be as simple as a low-level operator,more complex algorithms, or an entire complexsubsystem as a module. The key is that each has aspecification of its input and its output, andtherefore the learning algorithm (or compiler)knows how they can be linked across the differentlevels of representation to achieve the desired goalgiven the specified input. We believe SLS isbreak-through technology in allowing the manymini-theories, and the multitude of good visionalgorithms that have been developed across thefield, to be put together into real operationalspecialized vision systems - without the systembuilder (i.e. user) having to laboriously construct itby hand. While there is a computationallyexpensive off-line learning and compilation phase,the result is an efficient run-time system.Work on the early stages of the schema learningproject has focused on creating a representativelibrary of image understanding algorithms, and ondeveloping an object-oriented version of SLS thatwill allow us to compare and contrast differentmachine learning technologies in the context oflearning recognition strategies.2.2. Developing an IU LibraryThe IU algorithm library currently consists ofprocedures from three sources: KBVision tasks

[Williams 1990], Khoros modules [Rasure andKubica 1994], and algorithms developed locally atUMass. Integrating algorithms from these threesources into a single library required creating adata exchange mechanism that would allow datacreated by one algorithm to be read by any other.This was accomplished by extending ISR3 [Draperet. al. 1994a,b] to read and write KBVision�s imand tks formats and Khoros� viff format (inaddition to its own native data formats) and thenusing ISR3 to convert data from one format toanother as needed. Currently, our library consistsof approximately 40 KBV tasks, 30 Khoros tasks,and we are in the process of adding another 20-30UMass modules. Major experimental tests will berun using this set of approximately 100 algorithms.We hope that eventually the library will includealgorithms from across the IU community. In thefuture, other possible sources of algorithms andmodules are the IUE, RCDE, etc.2.3. Redesigning SLSThe original Schema Learning System (SLS)learned object-specific recognition strategies by acombination of logic-based symbolic inference (inthe propositional calculus) and decision trees[Draper 1993b]. However, other machine learningtechnologies are available that might lead toimproved object recognition schemas.The object-oriented redesign of SLS is aimed atallowing an investigator to �mix and match�inference and classification algorithms, and to runcontrolled comparisons between them. The aim isnot only to produce a system that learns usefulrecognition strategies, but to understand whichlearning algorithms are most effective for learningvisual control strategies and why. In particular, weare examining alternatives to the symbolicinference algorithm in SLS in terms of anexplanation-based learning or reinforcementlearning approach. Similarly, the decision treeclassifiers are being extended with eitherbackpropagation neural networks or instance-based classifiers. Recent work by Brodley[Brodley 1994] suggests that combinations ofthese classifiers may lead to still better results forcertain subproblems. Thus alternative learningmethodologies and strategies should improve thepower of SLS.2.4. Object Classification from MultipleFeaturesOf particular interest has been the use of non-parametric pixel-level classifiers as focus-of-attention (FOA) mechanisms in outdoor scenes.FOA mechanisms allow a system to focus itsresources on critical portions of the data, and arean important part of UMass’s contribution to theCSU/Alliant/UMass RSTA effort [Beveridge1994]. For the same reason, they are an importanttool for the Schema Learning System to have at itsdisposal if it is to automatically learn efficientobject recognition strategies.To be effective in an outdoor context, a pixel-levelclassifier must be able to compensate for naturalchanges in outdoor illumination, something manytraditional classifiers are not good at. We havebeen working with linear machine decision trees(LMDTs) for classifying pixels from their RGBvalues in outdoor images; the piecewise-linearfunctions in color space learned by the LMDTsapproximate the change in apparent color of thetarget under natural lighting conditions. In ourmost challenging test of this technology, we areusing LMDTs to identify the color of camouflage(on vehicles) in the publicly available Ft. Carsondata set [Buluswar and Draper 1994]; preliminaryresults are extremely promising. In addition, wehave developed algorithms for training LMDTs tooptimize utility functions that prefer false positiveresponses (alerting the system to the presence ofan object that isn’t there) to false negative ones(failing to notice an object), thus making themmore suitable for use as FOA mechanisms [Draperet. al. 1994c]2.5. ISR3During earlier research on knowledge-basedapproaches to image understanding, we designedand constructed an image token database, calledthe Intermediate Symbolic Representation (ISR),which supports integration of vision algorithms byproviding user-definable data structures andcommon access routines. The ISR was optimizedfor common processing tasks in mid- and high-level vision, such as defining symbolic tokentypes, adding and removing tokens, manipulatingsets of tokens, and retrieving token setsassociatively by feature value and spatial location.Recently the ISR was redesigned to take intoaccount the constraints imposed by real-timesystems such as those found in autonomousnavigation and flexible manufacturing. This newversion, ISR3, differs from the previous ISR inthat it stores native C data structures, is memory-based rather than file-based, and providesprimitives for memory management andmultiprocess synchronization [Draper et. al.

1994b]. ISR3 is implemented in C++ and is alsobeing ported to the RCDE.3. Mobile Vehicle Navigation for UGV3.1. Project GoalIn the past, the focus of the UMass ARPA-sponsored UGV effort has been on vehiclenavigation using passive imaging techniques. Insupport of this effort, UMass built the MobilePerception Laboratory using an Army HMMWVas the basic chassis. The research effort producedan integrated software system for vehiclenavigation, including subsystems for drivingcontrol, road following (CMU�s ALVINNsystem), obstacle detection, reflexive obstacleavoidance, vehicle positioning using visuallyprominent landmarks, vehicle servoing for crosscountry navigation (compass and landmark), real-time local path planning, etc. These subsystemswere integrated in a behavior-based mannerthrough a finite machine controller executing adescriptive behavior language [Rochwerger et. al.1994]. Near real time performance was achieved;the vehicle was capable of moving approximately6-10 mph. This effort terminated with the deliveryof the MPL and associated software to TACOM inApril 1994. Since then, we have been developingthe concept and initial implementation of a systemfor stealth navigation in support of UGV RSTAmissions as described below.3.2. Stereo for NavigationObstacle detection is an important safety issue inmobile robotics, and must be done quickly andefficiently. Three different algorithms for obstacledetection based on stereo imagery have beendeveloped, each based on a different set ofassumptions concerning the amount informationavailable. The first two algorithms were designedfor yes/no responses without indicating whichpoints are obstacles. They have the advantage offast determination of the existence of obstaclesbased on the solvability of a linear system ofequations. The first algorithm uses informationabout the ground plane, while the secondalgorithm only assumes that the ground is planar.The third algorithm continuously estimates theground plane, and based on that determines theheight of each matched point in the scene. Thealgorithms and experimental results are presentedin [Zhang et. al. 1994] for real and simulated data,and the performance of the three algorithms underdifferent noise levels are compared in simulation.3.3. Reflexive Obstacle AvoidanceA practical real-time system (~2Hz for 256 x 240images) for passive obstacle detection andavoidance has been developed and tested on theUMass MPL. Obstacle points are obtained fromstereo imagery under the assumption that theground plane is locally planar and that the camerasare calibrated. The local disparity map isthresholded against the expected disparity of theground plane and points more than k feet abovethe ground are assumed to represent obstacles.These points are projected onto the ground plane,creating an instantaneous obstacle map (IOM).The algorithm modulates the steering and speed ofthe vehicle, which is assumed to be under thecontrol of another process, such as the ALVINNroad follower [Pomerleau 1992]. The IOM istransformed into a steering command to modifythe direction and speed of the vehicle in a reflexivemanner.3.4. Constructing Terrain Models for StealthPlanningA new correlation-based terrain reconstructionsystem has been developed that is capable ofproducing terrain maps that have much higherresolution than 30 meter DTED [Schultz 1994]. Ituses multiple images taken from differentperspective viewpoints and produces highlyaccurate reconstructions under a wide variety ofviewing conditions, including camera base-to-height viewing ratios greater than two-to-one, andcamera vergence angles in excess of 90 degrees.The system utilizes two or more images along withknown camera acquisition parameters to create arectified epipolar image. Multi-image stereocorrelation matching is then performed using anovel set of weighted correlation masks thatproduce direct, subpixel disparity estimates, andare robust to image intensity distortions caused bylarge differences in perspective viewpoint. Theoutput of the system is a dense array of elevationsin rectilinear ground coordinates, and a registeredorthonormal intensity image.The unique features of this system are theimplementation of weighted correlation masks thatproduce match scores that are less sensitive toperspective distortion and random pixel noise, andsubpixel image shift operators that enable subpixeldisparity estimates that are far more accurate thanprevious techniques. While the system producesvery accurate terrain reconstructions, it mayrequire up to an order of magnitude more convolution operations and storage elements than atraditional stereo correlation algorithm.A simulated fly-through of the texture-mapped(i.e. rendered) terrain recovered from only twohigh-resolution aerial images of the Martin-Marietta UGV Demo B site is available onvideotape. The algorithm for terrain reconstructionappears to be very accurate, discriminating about 1to 2 foot height differences in the Martin-MariettaDemo B site images; ditches 3-5 deep feet arerecovered, and cars in a parking lot stand outclearly. Current work involves quantifying theperformance of the algorithm and determining itserror characteristics.3.5. Stealth Planning Using ReconstructedTerrainUnder a stealth navigation scenario, the goal is fora vehicle to navigate from a starting position to afinal position while remaining hidden from atarget. The criterion is to minimize the visibility ofthe vehicle from the target position while stillallowing the vehicle to perform its RSTAfunctions. One situation that we are analyzing iswhere a hill separates the vehicle from the target,and a horizon line is visible behind the hill [Ravelaet. al. 1994]. It is assumed that the initial positionof the target is known approximately from aprevious sighting or from aerial surveillance.The path planning system is applied to thereconstructed digital elevation map (DEM) to finda path from the starting position to a position fromwhich the target will be first visible. Visibilityanalysis based on an expected or determinedenemy location will allow regions of visibility tobe marked for avoidance. A path is then plannedfrom the start to end position within the stealthregion using a very fast non-holonomic pathplanner based on harmonic functions [Connolly1992]. The end of the path is located at a terrainposition that allows clear target acquisition.Such a path planning system was demonstrated forvehicle concealment and a variety of otherRSTA/Stealth navigation scenarios and behaviorsat UGV Demo B on a Sparc workstation. It allowsa user to specify a vehicle starting and endingposition and the location of the target vehicle onthe DEM recovered using the terrainreconstruction system.3.6. Stealth Behaviors for NavigationThe last component of the stealth navigationscenario is the development of low-levelnavigational control algorithms to provide stealthcapabilities during critical periods of a RSTAmission. In order to perform this scenario, thescout vehicle must be able to: 1) identifydistinctive terrain features, including but notlimited to horizon lines (e.g. ridge lines) near thetarget area, 2) re-identify these same features fromnew viewpoints, and 3) control the vehicle’s speed,orientation, and precise positioning as the vehicleapproaches the observation point where exposuremust be minimized.Several scenarios for stealth navigation are beingdeveloped, but those of most interest involve priorviews of the terrain around the target area, eitherfrom the terrain model reconstructed from theaerial views, or from previous RSTA activities.Somewhat prior to the vehicle becoming visible,low-level servoing procedures would controlvehicle mobility to minimize vehicle exposurefrom the target location. For example, one of thebest terrain features for stealth navigation aredistinctive horizon lines. These have the advantageof being higher than the enemy’s position, and sothey come into view before the vehicle or itssensor platform are exposed. When the vehicle isclimbing a hill, it would slow to a crawl as terrainfeatures known to be above the target area comeinto view, servoing on the relative angles of thetarget and horizon line. It would come to a stopexactly at the point at which its sensor platformcan view the enemy, but the rest of the vehicleremains hidden behind the hill.These behaviors utilize curve matching andtracking. Matching curves is based on thealgorithm of [Kalvin et. al. 86] and is invariant totranslation and rotation in the plane. Curvetracking is based on normalized cross-correlationand steerable filters.3.7. Integrated Color CCD, FLIR, and LADARBased Object Modeling and RecognitionThis is a joint effort between laboratories atColorado State University, the University ofMassachusetts, and Alliant Techsystems, Inc.[Beveridge et. al. 1994] The goal of this programis the development of advanced automatic targetrecognition systems which fuses data frommultiple visual modalities (color CCD, FLIR, andLADAR sensors). The approach is based on targethypothesis generation using features drawn fromthe three sensors, followed by a target verificationstage by matching the hypothesized models to thesensor data. Target hypothesis generation isdesigned to solve the problem of indexing intolarge databases by using a quick indexing scheme to select potential target models. Indexing is basedon both spatial, chromatic, and relational featuresextracted from the image. The verification stageemploys a state of the art geometric modelmatching system which matches model features toimage features in order to determine the optimalcorrespondence between the model and data.4. Recovery of 3D Structure4.1. 3D Reconstruction from ProfilesGiblin and Weiss [1994] have some newtheoretical results on modeling curved surfacesfrom their occluding contours (profiles) in asequence of images with known camera motion.The reconstruction algorithm was introduced by[Giblin and Weiss 87] for a simple class ofmotions and was generalized in (e.g. see [Cipollaand Blake 92]) to arbitrary motion. For the generalmotion case, epipolar correspondence played animportant role in matching points from one profileto the next. This approach leads naturally to arepresentation of the surface by parametric patchesbased on epipolar curves, which makes explicit thegeometry of the surface.In general, the reconstruction of surfaces fromprofiles leaves gaps. These gaps are bounded bytwo types of curves. The first type, which we haveanalyzed, consists of �frontier points� where theepipolar plane is tangent to the surface. This is oneof the cases where the epipolar parameterizationbreaks down, and the epipolar curves on thesurface are singular. The structure of the epipolarcurves and contour generators at these points onthe surface can be completely determined. Theprimary tool is the spatio-temporal surface whichcan also be used to facilitate the reconstruction. Inaddition, there may be gaps that are due toocclusion and the boundaries of these regionsoccur at T-junctions.4.2. An Approach to 3D Reconstruction fromMotionJ. Oliensis [1994] has developed a new approachto the problem of multiframe structure frommotion, which essentially generalizes the earlierlinear algorithm of Tomasi [1992] fromorthographic to full perspective. It operates ontracked feature points and yields fast, accuratereconstruction algorithms which can be appliedeither in batch or recursive mode. Thesealgorithms also can cope with the problem offailed tracking---tracked points missing from someimages. They are well suited to image sequencessuch as are typically obtained in autonomousvehicle navigation. In addition, this workgeneralizes from the work of Heeger and Jepson[1992] on recovering translational motion fromoptical flow; it gives an effective method fordetermining the translation from sparse as well asdense optical flow. The approach has been testedon two real image sequences: the Rocket Fieldsequence [Dutta 1989], which involves straight-ahead translation and significant perspectiveeffects, and the difficult PUMA sequence[Sawhney 1990]. Fast and accurate reconstructionswere obtained for both these sequences on aDecStation 5000 using MATLAB. The approach isbased on finding suitable approximations of theproblem, leading to linear methods for recoveringstructure and motion that closely approximatemaximum likelihood estimates.4.3 Measuring Affine Transformation UsingGaussian FiltersImage deformations due to relative motionbetween an observer and an object may be used toinfer 3-D structure. Up to first order thesedeformations can be written in terms of an affinetransform. A new technique for measuring affinetransforms from image patches, which correctlyhandles the problem of corresponding deformedpatches, has been developed by Manmatha [1994].No correspondence is required. Image patches arefiltered using gaussians and derivatives ofgaussians and the filters deformed according to theaffine transform. The problem of finding the affinetransform is therefore reduced to that of findingthe appropriate deformed filter to use. The methodis local, can handle larger affine deformations thanprevious techniques and requires fewer iterationsto obtain the correct answer. The technique can beextended to points and lines and provides auniform technique for measuring affine transformsusing points, lines or image patches. In relatedwork, Manmatha and Sawhney are examining theuse of gaussian and derivative of gaussian filters todetect local symmetries in images.5. The Image Understanding Architecture5.1 TRP Award for Commercial Developmentof the IUAA Technology Reinvestment Project award to theIUA development team of Amerinex ArtificialIntelligence Inc., Hughes Research Laboratories,and UMass (through ACSIOM, the UMasstechnology transfer arm) will result in thedevelopment of two new generations of the IUAhardware and software over the next three years.

These systems will form a commercial off-the-shelf family of products for use in both civilianand military applications as embedded and stand-alone systems.5.2 Status of IUAThe development of the prototype of the secondgeneration IUA and the third generation proposedin the TRP is reported in [Weems et. al. 1994a].5.3 UMass Research EffortResearch in parallel architectures for vision hascontinued in three areas, the IU Benchmark, aparallel vision architecture design and evaluationenvironment, and software support forheterogeneous parallel systems.ARPA Parallel IU BenchmarkAs recommended by the DARPA IU BenchmarkWorkshop participants [Weems et. al. 1988, 1991]we have developed a preliminary second levelbenchmark, which incorporates tracking of movingobjects over a sequence of images.In order to reuse as much of the static benchmarkas possible, the new benchmark operates on thesame type of scenes -- a 2.5 dimensional mobile ofrectangles with chaff, but in the new benchmark,the mobile and chaff are blown by an idealizedwind to produce predictable motion. The goal ofthe new benchmark is to test system performanceover a longer period of time so that, for example,caches and page tables will be filled. Thebenchmark also explores I/O and real-timecapabilities of the systems under test, and involvesmore high-level processing.Parallel Architecture EvaluationUMass has developed a system for capturingtraces of programs written in the C++ class libraryas they execute on an abstract parallel machine.The traces are then fed to a simulation system thatmodels hardware architectures with differentfeatures and parameters. The system, calledENPASSANT (Environment for Parallel SystemSimulation and Analysis Tools), allows us togather real performance data for differentarchitectural configurations, and to analyze thedata statistically. It uses a new methodology,called trace compilation, to reduce the time andspace required by typical trace-based analysissystems by a factor of 20 to 30. This enables us togenerate performance data for a much wider rangeof architectural configurations. The performancedata can then be contrasted with cost estimates forthe different configurations to produce aspecification for parallel vision architectures fordifferent applications [Herbordt and Weems 1993].Compilation Framework for HeterogeneousParallel SoftwareWe have developed a concept and initial design fora flexible compilation framework that will be ableto manage multiple source programminglanguages, software module implementations, andtarget machine architectures in order to construct aworking and optimized executable on aheterogeneous parallel system. The key element ofthe framework is a combination of a library oftranslation components (transformations,analyzers, optimizers, etc.) and a compilationdirector that plans the application of thecomponents for each compilation. Developmenthas begun on a multi-lingual front end that allowsthe user to annotate code with hints to be used bythe compilation director [Weems et. al. 1994b]ReferencesBeveridge, J., Hanson, A., and Panda, D., �RSTAResearch of the Colorado State, University ofMassachusetts and Alliant Techsystems Team,� inthese proceedings.Brodley, C., �Recursive Automatic Bias Selectionfor Classifier Construction,�, submitted toMachine Learning.Buluswar, S., Draper, B., Hanson, A., andRiseman, E. �Non-parametric Classification ofPixels under Varying Outdoor Illumination,� inthese proceedings.Cheng, Y. Q., Collins, R., Hanson, A., andRiseman, E., �Triangulation WithoutCorrespondences (I)�, in these proceedings.Cipolla, R. and A. Blake, �Surface shape from thedeformation of apparent contours,� IJCV 9 1992,83-112.Collins, R., Hanson, A., and Riseman, E., �SiteModel Acquisition Under the UMass RADIUSProject�, in these proceedings.Collins, R. and Weiss, R. �Vanishing PointCalculation as a Statistical Inference on the UnitSphere,� Proc. ICCV, Osaka, Japan, December1990, 400-403.Connolly, C., �Applications of HarmonicFunctions to Robotics,� International Symposiumon Intelligent Control, Glasgow, Scotland, August1992.Draper, B., Hanson, A., and Riseman, E,.�Integrating Visual Procedures for MobilePerception�, in Experimental Environments forComputer Vision and Image Processing (H. I.

Christensen and J. L. Crowley, eds.), WorldScientific, 1994a, 183-193.Draper, B., Kutlu, G., Hanson, A., and Riseman,E., �ISR3: Communication and Data Storage foran Unmanned Ground Vehicle�, Proc. ICPR,Jerusalem, Israel, October 1994b.Draper, B., Brodley, C., and Utgoff, P., �Goal-Directed Classification Using Linear MachineDecision Trees,� T-PAMI, Vol. 16(9) to appear,1994c.Draper, B., Hanson, A., and Riseman, E.,�Learning Blackboard-Based SchedulingAlgorithms for Computer Vision,� IJPRAI, Vol. 7,No. 2, 309-328, 1993a.Draper, B. �Learning Object RecognitionStrategies,� Ph.D. Thesis, University ofMassachusetts, TR93-50, 1993b.Dutta, R., Manmatha, R., Williams, L., andRiseman, E., �A data set for quantitative motionanalysis,� Proc. CVPR, San Diego, CA, June 4-8,1989, 159-164.Giblin, P., and Weiss, R., �Epipolar Curves onSurfaces�, in these proceedings.Giblin, P. J. and R. S. Weiss, �Reconstruction ofsurface from profiles�, Proc. ICCV, London, 1987,136--144.Heeger, D. J. and A. D. Jepson, �Subspacemethods for recovering rigid motion I: Algorithmand implementation, Proc. IJCV 7, 1992, 95-117.Herbordt, M. and C. Weems, �An Environment forEvaluating Architectures for Spatially MappedComputation: System Architecture and InitialResults,� Proc. Computer Architectures forMachine Perception (CAMP �93), New Orleans,LA, December 1993, 191-201.Jaynes, C., Stolle, F., and R. Collins, �Task DrivenPerceptual Organization for Extraction of RooftopPolygons,� in these proceedings.Kalvin, A., Schonberg, E., Schwartz, J., andSharir, M. �Two-Dimensional, Model-Based,Boundary Matching Using Footprints,�International Journal of Robotics Research,5(4):38--55.Kumar, R., and A. Hanson, �Robust Methods ForEstimating Pose and a Sensitivity Analysis�,Computer Vision, Graphics, and ImageProcessing--Image Understanding, to appear,1994.Manmatha, R., �A Framework for RecoveringAffine Transforms Using Points, Lines or ImageBrightness’’, Proc. CVPR, Seattle, WA, June 1994,141-146.Oliensis, J., �A Linear Solution for MultiframeStructure From Motion�, in these proceedings.Pomerleau, D. A., Gowdy, J. and C. E. Thorpe,�Combining Artificial Neural Networks andSymbolic Processing for Autonomous RobotGuidance,� Proc. ARPA IUW, San Diego, CA,Jan. 1992, 961-967.Rasure, J. and S. Kubica, �The KHOROSApplication Development Environment,� inExperimental Environments for Computer Visionand Image Processing (H. I. Christensen and J. L.Crowley, eds.), World Scientific, 1994, 1-32.Ravela, C., Weiss, R., Draper, B., Hanson, A., andRiseman, E., �Stealth Navigation: Planning andBehaviors�, in these proceedings.Rochwerger, B., Fennema, C., Draper, B., Hanson,A., and Riseman, E., �An Architecture forReactive Behavior�, Proc. ICPR, Jerusalem, Israel,October 1994, to appear.Sawhney, H. S., Oliensis, J. and Hanson, A.,�Description and Reconstruction from ImageTrajectories of Rotational Motion’’, Proc. ICCV,Osaka, Japan, December, 1990, 494-498.Schultz, H. �Terrain Reconstruction from ObliqueViews�, in these proceedings.Scott, G. and Longuet-Higgins, H. �An Algorithmfor Associating the Features of Two Patterns,�Proc. Roy. Soc. London, Vol. B244, 1991, 21-26.Tomasi, C. and T. Kanade, �Shape and motionfrom image streams under orthography: Afactorization method,� Proc. IJCV 9, 1992, 137-154.Weems, C., Williams, T., and D. Schwartz, �TheNext Generation Image UnderstandingArchitecture�, in these proceedings, 1994a.Weems, C., Weaver, G., and Dropsho, S.,�Linguistic Support for Heterogeneous ParallelProcessing: A Survey and an Approach,� Proc.IEEE Heterogeneous Computing Workshop,Cancun, Mexico, April 26, 1994b.Weems, C., Riseman, E., Hanson, A., and A.Rosenfeld, �The ARPA Image UnderstandingBenchmark for Parallel Computers,� Journal ofParallel and Distributed Computing, 11, 1991, 1-24.Weems, C., Riseman, E., Hanson, A., and A.Rosenfeld, �IU Parallel Processing Benchmark,�Proc. CVPR, Ann Arbor, MI, June, 1988, 673-689.Williams, T. �Image Understanding Tools,�, Proc.ICPR 10, Atlantic City, N.J., June 1990, 106-610.Zhang, Z., Weiss, R., and Hanson, A., �ObstacleDetection Based on Partial 3D Reconstruction,� inthese proceedings.