Progress in Computer Vision at the University of Massachusetts1Allen R. Hanson, Edward M. RisemanComputer Vision LaboratoryComputer Science DepartmentUniversity of MassachusettsAmherst, MA 0l003URL: http://vis-www.cs.umass.edu/AbstractThis 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. Terrain Reconstruction3. Daedalus Battlefield Visualization4. Learning in Vision5. Image Databases6. Content-based Image Indexing7. Related ResearchThe research program in computer vision atUMass has as one of its goals the integration of adiverse set of research efforts into systems that areultimately intended to achieve real-time imageinterpretation in a variety of vision applications.1. Image Exploitation under RADIUS1.1. The Ascender Automated SiteModeling SystemUnder the ARPA/ORD RADIUS program, UMassis developing a set of image understanding (IU)modules for performing several geometric sitemodeling tasks including initial site modelacquisition, extension, and refinement (Collins,Cheng et al. 1995). The UMass design philosophyemphasizes model-directed processing, rigorous

1 This research has been supported in part by the DefenseAdvanced Research Projects Agency under contractsDACA76-92-C-0041 (through TEC), F0602-94-C-0042(through USAF Rome Laboratory), DAAL02-91-K-0047(through ARL) and DAAG04-93-G-0422 (through ColoradoState University); by the National Science Foundation undergrant IRI-9208920; and by the Office of Naval Researchunder grants N00014-95-1-1035 and N00014-89-J-3229.3D photogrammetric camera models, and fusion ofinformation across multiple images for increasedaccuracy and reliability.Three years of design and development hasresulted in the UMass ASCENDER system(Automated Site Construction, Extension,Detection and Refinement) for automaticallypopulating a site model with 3D building modelsextracted from multiple, overlapping images (bothnadir and oblique) of the site. To acquire a newsite model, an automated building detector is runon one image to hypothesize potential buildingrooftops. Supporting evidence is located in otherimages via epipolar line segment matching, andthe precise 3D shape and location of each buildingis determined by multi-image triangulation.Projective mapping of image intensity informationonto these polyhedral building models results in arealistic site model that can be rendered usingvirtual �fly-through� graphics. As new images ofthe site become available, model extension andrefinement procedures are performed to addpreviously unseen buildings and to improve thegeometric accuracy of the existing 3D buildingmodels. In this way, the system graduallyaccumulates evidence over time to make the sitemodel more complete and more accurate.In mid-April 1995, Version 1.0 of the Ascendersystem was delivered for testing on classifiedimagery to Lockheed-Martin; at the same time, aninformal transfer was made to the NEL forfamiliarization and additional testing. Feedbackfrom both of these groups has resulted in severalsystem improvements and an overall �hardening�of the code.The Ascender system is very effective at findingflat-roofed buildings in �clean� imagery (goodresolution and visibility, not too much sceneclutter). A thorough evaluation is currentlyunderway to determine system performance withrespect to various system variables. To this end, anevaluation test set has been created consisting ofseven cropped subimages from the recent

RADIUS Ft. Hood dataset. Thirty ground truthbuilding models were created by hand usinginteractive modeling tools provided by the RCDE.Each building is composed of RCDE �cube�,�house� and/or �extrusion� objects that wereshaped and positioned interactively to project aswell as possible (as determined by eye) into theimages comprising the test dataset. The Ascendersystem was then tested on the dataset to determinehow well it performed at different groupingsensitivity settings and with different length andcontrast settings of the Boldt line extractionalgorithm. At the highest sensitivity settings, 71out of the 73 rooftop polygons were found bycombining results from four images in the dataset.A more complete description of the test procedureand an analysis of the results obtained can befound in (Collins, Hanson et al. 1996) in theseproceedings.Although Ascender was initially designed toextract a single generic class of buildings, namelyflat-roofed, rectilinear structures (e.g. rectangularbox-shapes, L-shapes, U-shapes,), extensions areunderway that allow the system to handle otherbuilding classes. Some initial results on peaked-roof and multi-level flat-roofed buildings arereported in (Collins, Hanson et al. 1996; Jaynes,Stolle et al. 1996) in these proceedings.1.2. Context-Sensitive Strategies for Three-Dimensional GroupingAs noted earlier, extensions to the Ascendersystem must be developed in order to handle othercommon building types. Examples include multi-level flat roofs (or single-level flat roofscontaining significant substructures such as largeair conditioner units), peaked-roof buildings,juxtaposition of flat and peaked roofs, curved-roofbuildings such as Quonset huts or hangars, as wellas buildings with more complex roof structurescontaining gables, slanted dormers or spires.Furthermore, a general site model reconstructionmust include the relationship between buildingsand the surrounding terrain. Buildings are oftenlocated on slopes and near contextually significantterrain features such as vegetation, river beds androck outcroppings.To achieve the desired goal of a more general andflexible building extraction system, a significantresearch effort is underway at UMass to explorealternative detection and reconstruction strategiesthat combine a wider set of algorithms forgenerating and fusing 2D and 3D information. Thetypes of bottom-up grouping strategies beingconsidered involve processing of a wider varietyof geometric tokens, as well as techniques forfusing line data with high-resolution DigitalElevation Map (DEM) data. In addition to the 2Dline, corner and closed polygons currentlyextracted by the system, new techniques have beendeveloped to extract 3D lines, corners andsurfaces. By verifying geometric consistenciesbetween 2D and 3D tokens associated withbuilding components, larger and more complex 3Dstructures are organized using context-sensitive,knowledge-based strategies.Several grouping/fusion strategies for 3D buildingdetection and reconstruction are being developed.For example, one strategy uses grouping of 2.5Dlines (horizontal lines with an elevation) to form3D rooftop polygons. This immediatelydisambiguates the 2D polygons of a multi-levelroof by grouping structures at different heights.Another strategy involves parametric surfacefitting constrained to a 2D polygonal rooftophypothesis which has been projected to the digitalelevation map. Three types of rooftop surface fitshave been attempted to date: planar, peaked, andcurved. Since the DEM data is potentially noisy,due to rooftop clutter and mismatches nearocclusion boundaries, robust statistical estimationtechniques are used to do surface fitting. The 2.5Dlines and surfaces can also be grouped if theysatisfy the appropriate geometric constraints foreach distinct building type. For further details see(Collins, Hanson et al. 1996; Jaynes, Stolle et al.1996) in these proceedings.1.3. Recovery of 3D Edgels via Multi-ImageMatchingThe problem of feature matching and 3Dreconstruction across multiple views is consideredin (Collins 1996) . The term �true multi-imagematching� is introduced to describe techniques thatmake full and efficient use of the geometricrelationships between multiple images and thescene. Three conditions are placed on a true multi-image method: it should generalize to any numberof images, the algorithmic complexity should belinear in the number of images, and every imageshould be treated on an equal footing, with no oneimage singled out for preferential treatment as areference view. Several multi-image matchingtechniques that have been reported in the literatureare found not to pass this set of conditions. A fewtechniques that do pass the test all explicitlyreconstruct scene structure in object space, whiledetermining correspondences in image space.Object space seems to be the conduit throughwhich successful multi-image methods combineinformation from each image.A new space-sweep approach to true multi-imagematching is presented that simultaneouslydetermines 2D feature correspondences betweenmultiple images together with the positions ofobserved 3D point, line or edgel features in thescene. The method is based on the premise thatareas of space where several viewing rays intersectare the likely locations of observed 3D scenefeatures. The approach can be visualized as sweeping a plane through space, while notingpositions on it where many backprojected featurerays intersect. A careful examination of theprojective relationships between the images andthe plane in space, and between different positionsof the sweeping plane, shows that the featuremappings involved can be performed veryefficiently. A statistical model is also developed totell how likely it is that a given number of viewingrays will pass through an area of space by chance,thus determining whether the results of thematching/reconstruction procedure are likely to becorrect. Based on a simple random distribution onfeature clutter in the image, this statistical modelguides the setting of algorithmic parameters inorder to optimize various statistical criteria, suchas minimizing the predicted number of falsepositive matches that are found.2. Terrain ReconstructionThe UMass terrain reconstruction system (Schultz1995) employs a hierarchical image matchingscheme that is specifically designed to recover thethree-dimensional structure of textured surfacesfrom two overlapping images that may have beentaken from oblique and widely separatedviewpoints and with large base-to-height ratios.While our system can be applied effectively tonadir images, possibly widely spaced, it also takesadvantage of quite oblique views that often causeproblems with other reconstruction algorithms.When digital elevation maps (DEMs) arecomputed from widely separated images,perspective effects may cause a large number offalse matches and poor reconstruction accuracy.When the base-to-height ratio2 (b/h) exceeds ~ 0.5,the performance of image matching algorithmsbegin to deteriorate, and when b/h becomes greaterthan 1, elevation errors caused by perspectiveeffects become large. Thus, different views of thesame ground patch at 45 degrees or more fromnadir will produce highly foreshortened pixels onopposite sides of the patch, and the effectivenessof standard template correlation can haveproblems. For operational scenarios involvingUGV, RADIUS, and UAV programs, aerialimages are often taken from distant reconnaissancesources, and an ability to deal with large base-to-height ratios would be advantageous.The three key elements of our algorithm aremodifications to standard methodology anddesigned specifically to recover a DEM fromimages taken from widely varying viewpoints.These techniques include a new correlation matchscore, and modifications to standard subpixel and

2 The base-to-height ratio is defined as the perpendiculardistance from the midpoint of the line joining the cameracenters and a nominal point on the surface.hierarchical matching techniques. These variationshave been incorporated into a stereo terrainanalysis package. We have compared this systemto standard techniques by processing sequences ofsimulated images with values of b/h that variedbetween 0.25 and 2.25, and a single pair of highaltitude images with a base-to-height ratio of 0.63.Analysis of the simulated data showed that thereconstruction accuracy of the system remainsindependent of base-to-height ratio.The system has also been applied to a series of realaerial image data over the past two years,including Ft. Hood and the Lockheed-MartinDemo B site (Jaynes, Stolle et al. 1996; Riseman,Schultz et al. 1996). No ground truth for these twodata sets are available. However, qualitativeevaluation of the algorithm shows that theshadows are quite consistent with groundprotrusions and the sun angle, roofs are flat wherethey should be, vehicles stand out from the groundplane, obvious features such as ditches appear tobe correct, and in the Fort Hood data the foliagestands clearly above the surrounding ground plane.Until quantitative data is supplied with test data,complete validation and measurement of theaccuracy of the algorithm is not possible. Thebattlefield visualization project described in thenext section utilizes the terrain reconstructionsystem.3. Daedalus Battlefield VisualizationThe Daedalus system is being developed inresponse to a perceived need to greatly improvebattlefield awareness via visualization andinformation fusion in the ARPA UnmannedGround Vehicle (UGV) program. Real-timerendering of terrain views provides battlefieldcommanders a powerful new tool for the planningof operations, as well as an extremely effectiveinterface for briefing the plan to those who willimplement it. However, while the advantages ofthese planning tools are just beginning to beexploited, the staleness of the data they rely oninhibit their use for real-time monitoring andassessment of combat operations. Novel means arerequired to provide commanders with the ability toinstantly comprehend dynamic battlefieldsituations and to react accordingly.The goal of the Daedalus program is arevolutionary advance in providing dynamicbattlefield awareness at the command center. Theproblem of battlefield awareness for the futurecommander is that he will not be co-located withthe multiple, distributed sensors of future systems,and typically will not be intimately familiar withthe battlefield terrain. The result can be a seriousloss of �presence� on the battlefield, leading to alack of awareness of the true battlefield situation.The Daedalus system fuses information from fieldreconnaissance vehicles (including ground scout vehicles and air vehicles) and collateralintelligence with high resolution terrainreconstructions of the battlefield, which areoverlaid with military symbology and culturalfeatures derived from ITD data. Realistic graphicalmodels of both friendly and enemy vehicles areinserted into the terrain model and animated withestimated vehicle velocities. The result is a single,consistent 3D model of the dynamic battlefield.Dynamic control over battlefield viewpoint willprovide commanders with the ability to focus onand assess changing conditions and provideunprecedented access to timely and relevant data.High-performance graphic workstations will allowreal-time 3D visualizations of the evolvingbattlefield situation. The system will allow thecommander to roam at will around the battlefield(viewing the situation from any perspective)without being restricted by the original sensorpositions. By fusing all of the availableinformation, including both remote sensor andhuman input, an integrated and consistent view ofthe battlefield can be represented in a dramatic,easy to interpret, 3D representation, withasynchronous information updates from multipleUGV scouts and other ground sensors. A morecomplete conceptual overview of the Daedalussystem is presented in (Riseman, Schultz et al.1996) in these proceedings.4. Learning in Vision4.1. Need for Learning in Complex IUApplicationsAlthough the field of image understanding hasmade significant advances over the past 20 years,we have not yet developed the theoretical insightor practical methodology for the effectiveintegration of the many aspects of vision intofunctioning systems. Advances are taking place inthe application of machine learning technology tothe integration and control of existing IUalgorithms to allow the creation of practical, robustsystems for special-purpose applications.In many ways, the stage has been set for learningin machine vision by the research of the pasttwenty years. Computer vision researchers havebeen dividing naturally - without any globalconsensus or mandate - into 10 or 20 subfieldswith smaller, better defined problems. This has ledto clear focus and development of theories andtechniques for the different subdisciplines. Thereare now several good and improving algorithmsfor edge and line extraction (straight and curved),stereo analysis, tracking, depth from motion (two-frame and multi-frame), shape recovery, 2D and3D object recognition, 3D pose determination, andknowledge-based focus of attention, and this listcan easily be extended in scope. Indeed, computervision researchers have made more progress thanmost outside the field (and many inside) are awareof! This state of affairs is due primarily to ourinability to easily produce highly visible results inthe form of integrated task-specific systems. It isas though we have the supplies and tools to build ahouse, but lack the architectural drawings.Many visual tasks -- even within constraineddomains such as ATR, object recognition, changedetection, or visual inspection -- requirespecialized software and hardware solutions. Thisis a great limitation to the wide and flexible use ofcomputer vision. Trainable vision systems wouldovercome this limitation and would meet the needsfor reliable and autonomous performance.The need for robust and flexible techniques thatcan adapt to the user without requiring extensiveexplicit programming and customization isespecially high in some areas of vision such asATR where the context, models, and algorithmsare expected to vary significantly. Vision systemsthat learn and adapt are one of the most importantdirections in IU research right now. This reflectsan overall trend -- to make intelligent systems thatdo not need to be fully and painfully programmed.It is the only way for us to develop vision systemsfor the military that are robust and easy to use inmany different tasks.Unfortunately, many IU learning efforts arefocused on parameter optimization as a majorissue in achieving optimal performance in ATRapplications since they involve tuning parametersto the data in the context of particular sensors,CAD target objects, illumination, weatherconditions, terrain type, etc. However, as soon asthere are changes in data or problem definition(e.g. new targets or environmental context), thesystem’s performance is no longer optimal, and alltoo often breaks down entirely. Our contribution isa focus on learning the control strategies (asdiscussed in the next section) to combine andsequence algorithms so that systems remain robustin the face of these problems.New methodologies for learning are being basedon recent theoretical and experimental results in�learning from examples� using neural networkarchitectures, statistical classification procedures,reinforcement learning algorithms, and discretecontrol techniques. One should be able totransform the task of constructing a new visionapplication to one of training the system with a setof representative input-output examples relevantfor the task. Given the libraries of available IUalgorithms and representations, the goal is to selectsequences of algorithms, their associatedparameters, and intermediate representations tooptimize specific applications automatically, whileminimizing the involvement of the user.These techniques of automated machine learningprovide us a general framework from which the more specific theories of control in computervision can arise. The potential payoff ofdeveloping these capabilities would be to allow theeffective compilation of robust and efficientapplication-specific systems, finally unleashing thefull power developed over the past twenty-fiveyears of IU research to solve a myriad of militaryand industrial problems.4.2. The Schema Learning SystemThe UMass Schema Learning System (SLS) usesmachine learning techniques to automaticallyassemble computer vision algorithms into workingspecial-purpose computer vision systems. Thisproject seeks to understand both the scientific andpragmatic issues in learning efficient and robustcontrol strategies for specific visual tasks.The construction of special-purpose computervision systems is modeled as a control problem, inwhich the aim is to find the optimal policy forachieving a particular goal, such as recognizing aparticular object instance or class of objects in agiven domain. System actions are the selection andsequencing of image understanding routinesdeveloped here and elsewhere in the IUcommunity. The set of possible legal sequences issyntactically defined by the input and outputparameters of each vision routine. The states of thesystem being controlled are collections ofintermediate image understanding representations,such as line segments, image regions and surfacepatches.The control policy is built from a library of IUprocedures that transform data from onerepresentation to another. Two types of learningalgorithms are being studied inside the SLSexperimental framework: (1) Symbolic learningsystems that exhaustively apply all IU proceduresto a (small) set of training images, and then inferminimum-cost policies through a symbolicalgorithm similar to Mitchell’s Version Spacesalgorithm (Mitchell 1978), and (2) reinforcementlearning systems, which incrementally refine acontrol policy using a variant of Sutton’s TemporalDifference (TD) algorithm (Barto, Sutton et al.1983). In both approaches, decision trees and/orneural networks are used to group similar datainstances (e.g. regions with similar attributes) intoequivalence classes, thereby allowing the problemto be cast as a discrete control problem.4.3. Learning 2D and 3D GroupingStrategiesObviously, the construction of effective and robuststrategies becomes more difficult as the set ofalgorithms employed change (or are updated), andas the characteristics of the image domain orsemantic content vary. Both are likely, andconstruction of such strategies is extremely time-consuming, labor intensive and quite likely to benon-optimal. A major experiment in learning incomputer vision is under way; see (Draper,Riseman et al. 1996) in these proceedings fordetails. SLS is being trained to accomplish tasks inbuilding detection and reconstruction from theRADIUS project. The challenge for SLS is toautomatically learn a control policy that selectswhich techniques to use to construct buildingmodels and to determine how to combine their(sometimes contradictory) results. If successful,these experiments will demonstrate SLS’s abilityto customize control strategies for complex, real-world tasks.The first of these tasks is to recognize two-dimensional roofs of buildings in aerialphotographs. The approach being taken in theRADIUS program is one of developing hand-crafted strategies for finding rooftops by groupingline segments, analyzing shadows, and exploitingother 2D and 3D image cues. Our goal for SLS isto automatically learn an equivalent (or better)strategy based on the same type of informationwithout the human in the loop.Ideally, SLS’s library should contain the samesubroutines used by previous hand-crafted rooftoprecognition systems. Unfortunately, SLS’sprocedures must be stand-alone executable UNIXmodules, while many of the subroutines developedby RADIUS researchers are Lisp functions inRCDE (Gerson and Wood Jr. 1994). Therefore, asmall set of RADIUS-style vision routines havebeen reimplemented for this experiment, manyalthough not all from UMass. In particular,algorithms have been employed for extractingstraight lines (Boldt, Weiss et al. 1989) cornersformed by orthogonal line segments, pairs ofparallel line segments, grouping this data intoclosed polygons, and for re-examining the imagetop down to look for missing data. Alternatively,the image can be segmented into regions that may(or may not) support the edge/corner/line data,while shadows provide another source ofinformation about rooftops. The 3D heights ofline segments can be determined by matchingthem across multiple, overlapping images; see(Collins, Hanson et al. 1996) in these proceedingsas well as (Collins, Cheng et al. 1995; Collins,Hanson et al. 1995). The challenge for SLS is tofind a control policy among the huge number ofpossibilities for applying these algorithms thatmaximizes system performance. In initialexperiments reported in (Draper, Riseman et al.1996) SLS succeeded at this task in 9 of 10 trials.As part of the ongoing experiments, a secondRADIUS task being assigned to SLS is toreconstruct complex 3D buildings from multiple,overlapping aerial images. Eventually, this taskwill include the modeling of buildings with multi-level roofs, peaked roofs, curved roofs, and largestructures (such as air conditioning and/or water storage units) on the roof; it is likely that each typeof building will require a different context-sensitive grouping strategy.Although all of the algorithms for 2D rooftoprecognition are also applicable to this task, whatmakes 3D building reconstruction possible is theintroduction of new visual procedures that extract3D information from overlapping images. Inaddition correlation-based stereo matching ofoverlapping images can produce dense elevationmaps (Schultz 1995); by fitting surfaces to theprojections of polygons on the elevation data, theposition and orientation of roofs and other surfacescan again be determined. Once again, the task ofSLS is to find a policy that uses both the 2D and3D procedures to their greatest advantage.4.4. Color-Based Focus of AttentionMechanisms for ATRAn object recognition technique based on RGBcolor information originally developed for findinglandmarks in the ARPA UGV program has provento be remarkably effective at generating targetfocus-of-attention regions in ATR applications.The system has been extensively tested this year atthe UGV Demo C and by an ARPA sanctionedstudy by LGA, Inc. In Demo C, 100% of thetargets were found; in the LGA test on the Ft.Carson RSTA images, about 98% of the targetswere detected. In both cases, there were a numberfalse positives (3-4 false positives per image); thissuggests that the technique provides very reliablefocus-of-attention for ATR that can be used inconjunction with FLIR or other sensors operatingoutside the visual spectrum. The usefulness of thesystem is not restricted to military tasks -- it canalso be used to recognizing landmarks, trafficsigns, and even certain types of bushes and trees.A brief technical description (Buluswar andDraper 1994) follows.As the lighting conditions of an object vary, thecolor of many objects forms a continuous region inthree-dimensional (red, green, blue or RGB) colorspace. We use a non-parametric functionapproximation scheme to estimate this regionbased on training images. In other words, givensamples of the object’s color under differentlighting conditions, the method ’learns’ theboundary of the region in color space. Inparticular, we use multivariate decision trees,which perform piecewise linear functionapproximation. After the training phase iscomplete, every image pixel can be classified asobject or non-object according to whether it lieswithin the confines of the learned color region ornot. The result is a binary ’region-of-interest’image that marks all the pixels that lie within theobject’s color space. This allows the system to usean RGB lookup-table for classification, enabling itto run in almost real-time on standard hardware.For the machine vision researcher, this is a novelmethod for object recognition using colorinformation. Our seemingly simple method ofpixel classification, without using any of thephysics-based models for illumination, reflectionor imaging, addresses the problem with far moresuccess than most other techniques. Theapplication of this technique to RSTA is beingdone under the ARPA RSTA (Reconnaissance,Surveillance and Target Acquisition) program incooperation with Colorado State University(Beveridge, Draper et al. 1996).5. Image Data Bases5.1. Databases and IUProblems related to image databases are becomingincreasingly important in a wide variety of DODapplications. This is partly the result of an ever-increasing number of sensors operating at higherand higher resolutions, leading to an explosion ofimage information. Database problems also resultfrom increasingly demanding sensory processingtasks: in the very near future, the military expectsto interpret data from multiple sensors morequickly and with respect to more tasks than before(e.g. RSTA, photo-interpretation, battlefieldmonitoring, bomb-damage assessment), and todistribute this derived data to a larger set ofrecipients, quickly if not in real-time.For example, the UAV Tier 2+ and Tier 3-programs (Delaney 1995) are expected to deployreconnaissance aircraft which have the ability tostay aloft for over 24 hours and continuouslymonitor 40,000 sq. nm per day using visible lightand infrared, and eventually synthetic apertureradar sensors. These aircraft are expected toproduce data streams of 50 Mbits per second tosatellites and 137 Mbits per second to dedicatedground stations, with a total of over 1 terrabyte ofdata per UAV per day. Large portions of this datamust be stored, accessed, and processed to providetimely information about the current state of thedynamic battlefield.5.2. IssuesImage Understanding applications need to process,store, and access a variety of visual information,including not only images, but also the wide rangeof representations associated with the intermediateand final results of the many vision algorithmsmaking up an IU system. To support DODapplications like the ones discussed in previoussections, an image database system must actuallyfulfill three roles:(1)

Interface/Representation. A database is animportant component in an image interpretationsystem since it provides the mechanisms fordefining the set of common representations usedby the IU algorithms to store and exchange information. Thus, an image database system mustdeal not only with the sensor data (images) butalso the multitude of data types produced as abyproduct of the interpretation process, some ofwhich must be saved. Furthermore, thisrepresentation must be multi-level and extensibleif the database is to be applied to new IU domains.(2)

Data exchange. The database system mustserve as a data conduit, passing data from sensorsthrough a (possibly distributed) processing systemto the end-user. Depending on the application, thiscommunication may or may not have to be real-time.(3)

Database storage and retrieval. As militarysensors collect ever more data, the ability toefficiently store this data and relevant intermediaterepresentations derived from interpreting theimages, and then retrieve it quickly in response toa user or system query is crucial.Unfortunately, neither current image databases norcommercial RDBs satisfy these requirements.5.3. ISR4 - A Persistent Object StoreISR4 is the fourth generation of a software tool forsupporting data management and processintegration in complex image understandingsystems. It extends ISR3 (Draper, Kutlu et al.1994), a real-time data store system coded in C++and serving as an IU software developmentsupport tool, by combining it with the capabilitiesof Mneme (Moss 1990), a persistent object store.Our goal is to achieve visual data persistence in IUapplications while overcoming the pitfalls ofcommercial relational database systems in terms ofperformance, flexibility and user-definedextensibility by allowing a customizable indexingand query capabilityThe current ISR3 provides a databaseprogramming interface for development of IUsoftware. The interface is equipped with ahierarchy of visual representations, I/O support forvisual data in a variety of common file formats,and graphics tools for displaying visual data. Italso provides an initial set of indexing techniquesfor storing and retrieving visual data.Mneme provides a flexible low-level object storewith customizable indexing, clustering, and buffermanagement policies. These policies can bemodified to reduce data transfer delays, pageswaps, and total disk space. An example ofcustomizing storage and access for IU applicationsis the ISR4 tile-image format, where an image isclustered on disk, and only required sub-imagesare brought into memory (on-demand), tosignificantly reduce the number of page swapsduring common image processing operations.The combined system provides a databaseprogramming interface for IU applications that canbe customized for highly efficient operation; see(Kutlu, Draper et al. 1996) in these proceedings formore detail. Multi-dimensional indexingtechniques are being explored to support efficientstorage and retrieval strategies for spatial andtemporal image data, and query languages forvisual database applications. We are investigatingtwo domains in particular: 1) content-based imageretrieval (see next section), in which large numbersof images must be indexed according to color,texture, and/or shape; and 2) the RADIUS photo-interpretation project, in which very large imagesand their interpretations must be efficientlyaccessed according to geographic position, time,and content, and where the primary operations arechange detection and site model construction.6. Content-Based Image Indexing6.1. National Center for IntelligentInformation Retrieval (CIIR) at UMassThe National Center for Intelligent InformationRetrieval (CIIR), funded by the National ScienceFoundation, has been established at UMass toconduct basic research and technology transfer inthe areas of information retrieval from very largevolumes of text. Research in CIIR focuses on theintegration of techniques from informationretrieval, natural language processing, case-basedreasoning, database systems, and imageprocessing/computer vision.A major development of CIIR is the INQUERYfull text retrieval engine (Brolio, Callan et al.1994). This engine consistently achieves amongthe highest overall performance in objectiveevaluations within the annual Department ofCommerce/ Department of Defense co-sponsorednational Text Retrieval Conference (TREC).INQUERY is in use in major branches of the U. S.government, in private industry, and in academiaand has been ported to Japanese, Chinese, Spanish,and Finnish language versions. A joint researchproject has been established between CIIR and thecomputer vision lab to enhance INQUERY toinclude visual information retrieval capabilities.6.2. Retrieving Similar Images fromDatabasesToday, text retrieval engines like INQUERY areable to rapidly retrieve relevant textual informationcontained in documents on-line. However, aconsiderable amount of information exists in theform of images and it would advantageous to haveautomatic methods for indexing and retrievingthem based on their content. Retrieval may bebased on visual attributes such as color, texture,shape or appearance. Retrieval based on color ortexture, however, may fail because of the widevariability of colors that even a small class ofobjects may possess. A characterization based on shape or appearance will not suffer from theseproblems, although use of shape does require priorsegmentation of the database into objects. Sinceautomatic segmentation is an unsolved problem,such segmentation must be done manually andhence is also a laborious process.Ravela and Manmatha (Ravela, Draper et al. 1996;Ravela, Manmatha et al. 1996; Ravela, Manmathaet al. 1996, to appear) have proposed a strategy forretrieving images using appearance. Theappearance of images in the database is encodedby filtering them with Gaussian derivatives atseveral scales. The user then interactively defines aquery template from the query image. This queryconsists of user-defined regions in the image alongwith their spatial locations. The user selectsregions based on features that characterize theobjects or scene in question. For example, for a carviewed from one side, these features could be thetwo wheels of the car. The query may, therefore,be visualized as a template with certain portionszeroed out. The template is also filtered withGaussian derivatives. The template, which consistsof a vector of Gaussian derivative images, is nowcorrelated with the filter outputs of the database. Asearch is carried out over scale space to ensure thata variation in scale (size) can be handled. Thedatabase images are ranked using the correlationscore. The user may then redefine the querytemplate based on the retrieval results to improveretrieval performance. Experiments demonstratethat similar images are usually ranked much higherthan dissimilar ones. No prior segmentation of theimages is required and the technique works withviewpoint changes up to about 20 degrees as wellas illumination changes.6.3. Image Retrieval Using Color CuesWith the advent of large image databases, efficientquery-based retrieval of images has become animportant issue. M. Das has been exploring the useof color information as the basis of image retrievaland has applied it in domains that have distinctcolor signatures; one example of such a domain isproduct advertising and logos. She has developed avery fast retrieval scheme with a small overhead.This technique uses the peaks of the colorhistogram in HSV space to describe the colorcontent of a query image and retrieves similarimages which match the color peaks in the queryimage. Peak matching incorporates an inexactmatching technique and is robust across imageswhere the query object occurs in different sizes,orientations and backgrounds. An index table iscreated off-line which can be directly indexed bythe peaks during the query stage, resulting in veryfast retrieval. A somewhat slower verificationphase is added to remove most false matches whenaccuracy is more important that speed. Theverification phase, which is based on localizing thepeaks in a region of the original image andmatching the characteristics of the region with thequery, can also be used for identifying the queryobject’s size and orientation in the image.This retrieval scheme works best for multi-coloredquery objects. The scheme has been tested on adatabase of color product advertising images. Arecall score of 96% and a precision score of 86%was attained for the test set which containedproduct images that varied in size, orientation, andbackground. Since this scheme is fast and requiressmall overhead, it is suitable for use in large colorimage databases which contain multi-coloredobjects like consumer products, fabrics, companylogos, and natural domains like flowers, birds,insects and minerals.7. Related Research7.1. Robust Object Tracking Across AspectChanges for Augmented RealityA novel augmented reality system for temporalregistration of a modeled object using a singlecamera has been developed as part of a project ondeveloping an interactive repair manual (Ravela,Draper et al. 1996). In this application technicianslook through a visor at an annotated object;together, the object’s image and the overlaidannotations provide directions for the next repairstep. Robust, real-time registration is possiblethrough 360ß of out-of-plane object rotation, asdemonstrated (Ravela, Draper et al. 1995) in areal-time system (approximately 8Hz update rateon a Pentium laptop) for a complex object (aportable electric generator).The temporal registration system is initialized witha known set of model-image correspondences,known camera parameters, a pre-compiled aspecttable that associates discrete viewpoints withobject features visible from those views, and anestimated initial pose obtained from aninitialization step. Once initialized, the systemfollows a simple three-step pose-tracking loop ateach new frame: a) pose information is used toindex into the aspect table and a list of visiblefeatures is extracted, b) these features are projectedinto the image to hypothesize the new locations ofthe feature templates, c) these templates arematched in the new frame and a new pose iscomputed. The tracker localizes feature templatesin search windows around hypothesized locationsusing steerable filters and normalized cross-correlation. This technique is relatively insensitiveto changes in lighting conditions and compensatesfully for feature translations and rotations in theimage-plane; it also compensates for some non-trivial out of plane rotations. Pose computation(Kumar and Hanson 1994) uses camera parametersand the model-image correspondences to robustly solve for a rotation and translation that minimizesthe projection error of model points on the object.7.2. Using Weighted Bipartite Matching toSolve the General 3-D Rigid MotionProblemWhen the correspondences between the points arenot known and there exist missing data or outliers,the problem of bringing two 3D point sets intoalignment is difficult In the case of rigid bodymotion, this involves recovery of thetransformation (rotation and translation) betweenthe point sets. Traditional correspondence methodssuffer from combinatorial complexity whilecorrespondenceless methods have a difficult timedealing with outliers. (Wang, Cheng et al. 1995) have developed a newapproach for solving the general 3-D rigid bodymotion problem. For ideal cases with no missingpoints, a closed-form solution based oneigenstructure decomposition is presented torecover the correspondences of the two point setsand their motion. For general cases where missingpoints occur, it is proven that the correspondenceproblem can be reduced to a weighted bipartitematching problem. Using a heuristic measure of�point pair affinity� derived from theeigenstructure decomposition, an efficientweighted bipartite matching algorithm is used todetermine the correspondences. A fast outlierremoval algorithm is combined with the weightedbipartite matching algorithm to improve thecorrespondence recovery. The algorithm is shownto be robust in the face of both noise and outliersin both simulations and experiments on real data.7.3. Surface Reconstruction from OccludingContoursFor the reconstruction of curved surfaces fromoccluding contours with known camera motion,one of the boundaries of reconstruction is knownas the frontier curve (Giblin and Weiss 1995). Thistrajectory-dependent curve is one that separatesregions that can be reconstructed from those thatcannot and has many interesting properties. It canbe defined as the envelope of the set of contourgenerators for a continuous sequence of views.Intuitively, this means the envelope is the set ofintersections of successive contours. It is also theset of points where the epipolar plane is tangent tothe surface. In practice, for discrete cameramotion, it is the intersection of the contourgenerators for two successive views. This propertymakes it useful when the camera motion isunknown, since these points are visible on theoccluding contour in two views. Giblin and Weisshave been continuing their investigation into theproperties of the frontier, which may providerobust solutions to the important problem ofidentifying these points.7.4. Qualitative and Quantitative ObstacleDetectionDuring autonomous navigation, it is necessary toknow when an obstacle is in the path of thevehicle. Zhang has been examining the problem ofobstacle detection from the point of view of theenvironmental assumptions and the availablegeometric constraints. In cases where only aqualitative result (yes or no) is necessaryconcerning the presence of an obstacle in aselected field of view, two algorithms have beendeveloped whose response depends upon theexistence of a solution to a linear system. Thesealgorithms are monocular or stereo, do notgenerate a complete 3D reconstruction, assume aplanar road surface, and are fast. A third stereoalgorithm continuously estimates the ground planeparameters and reconstructs partial 3D structuresby determining the height of each point in thescene with respect to the ground plane. Derivationof the algorithms and experimental results can befound in (Zhang, Weiss et al. 1996, to appear;Zhang, Weiss et al. 1994).More recently, Zhang has shown that based onfour coplanar correspondences of two externallyuncalibrated cameras, 3D reconstruction can beachieved in Euclidean space with only oneuniform scale factor and up to two real solutions.The scale factor is the physical distance from thecamera center to the plane formed by the fourpoints in 3D space. Consequently, if this distanceis known a priori, then the 3D structure can bedetermined completely up to two solutions. Todisambiguate the two solutions, a third view isrequired in general. These results are discussedfurther in (Zhang and Hanson 1996) in theseproceedings.ReferencesBarto, A. G., R. S. Sutton and C. W. Anderson.(1983). �Neuronlike Adaptive Elements That CanSolve Difficult Learning Control Problems,� IEEET-SMC, Vol. 13(5).Beveridge, J. R., B. A. Draper and K. Siejko.(1996). �Progress on Target and TerrainRecognition Research at Colorado StateUniversity,� Proc. of ARPA Image UnderstandingWorkshop, Palm Springs, CA.Boldt, M., R. Weiss and E. M. Riseman. (1989).�Token-Based Extraction of Straight Lines,� IEEETrans. SMC, Vol. 19(6), pp. 1581-1594.Brolio, J., J. Callan and W. B. Croft. (1994).�INQUERY System Overview,� Proc. ofTIPSTER Text Program (Phase I), San Francisco,CA, pp. 47-67.Buluswar, S. and B. Draper. (1994). �Non-Parametric Classification of Pixels Under VaryingOutdoor Illumination,� Proc. of ARPA Image

Understanding Workshop, Monterey, CA, pp.1619-1625.Collins, R. (1996). �A Space-Sweep Approach toTrue Multi-Image Matching,� Proc. of ARPAImage Understanding Workshop, Palm Springs,CA.Collins, R., Y. Cheng, C. Jaynes, F. Stolle, X.Wang, A. R. Hanson and E. M. Riseman. (1995).�Site Model Acquisition and Extension fromAerial Images,� Proc. of International Conferenceon Computer Vision, MIT, Cambridge, MA.Collins, R., A. Hanson, E. Riseman and H.Schultz. (1995). �Automatic Extraction ofBuildings and Terrain from Aerial Images,� Proc.of Automatic Extraction of Man-Made Objectsfrom Aerial and Space Images, Ascona,Switzerland, pp. 169-178.Collins, R. T., A. R. Hanson, E. M. Riseman, C.O. Jaynes, F. Stolle, X. Wang and Y. Q. Cheng.(1996). �UMass Progress in 3D Building ModelAcquisition,� Proc. of ARPA ImageUnderstanding Workshop, Palm Springs, CA.Delaney, W. P. (1995). �The Changing World, TheChanging Nature of Conflicts: A Critical Role forMilitary Radar,� Proc. of IEEE International RadarConference, pp. 11-15.Draper, B., G. Kutlu, A. R. Hanson and E. M.Riseman. (1994). �ISR3: Communication and DataStorage for an Unmanned Ground Vehicle,� Proc.of International Conference on PatternRecognition, Jerusalem, Israel.Draper, B. A., E. M. Riseman and A. R. Hanson.(1996). �Learning Grouping Strategies for 2D and3D Object Recognition,� Proc. of ARPA ImageUnderstanding Workshop, Palm Springs, CA.Gerson, D. J. and S. E. Wood Jr. (1994).�RADIUS Phase II-The RADIUS testbed system,�Proc. of APRA Image Understanding Workshop,pp. 231-237.Giblin, P. and R. Weiss. (1995). �Epipolar Curveson Surfaces,� Image and Vision Computing, Vol.Volume 13(Number 1), pp. 33-44.Jaynes, C., F. Stolle, H. Schultz, R. Collins, A. R.Hanson and E. M. Riseman. (1996). �ThreeDimensional Grouping and Information Fusion forSite Modeling from Aerial Images,� Proc. ofARPA Image Understanding Workshop, PalmSprings, CA.Kumar, R. and A. R. Hanson. (1994). �RobustMethods For Estimating Pose and a SensitivityAnalysis,� CVGIP-IU, Vol. 60(3), pp. 313-342.Kutlu, G., B. A. Draper, J. E. B. Moss, E. M.Riseman and A. R. Hanson. (1996). �PersistentData Management for Visual Applications,� Proc.of ARPA Image Understanding Workshop, PalmSprings, CA.Mitchell, T., �Version Spaces: An Approach toConcept Learning�, Ph.D. Thesis, TRMIT78,Dept. of Stanford University, Computer Science,1978.Moss, E. (1990). �Design of the Mneme PersistentObject Store,� ACM Transactions on InformationSystems, Vol. 8(2), pp. 103-139.Ravela, S., B. Draper, J. Lim and R. Weiss.(1995). �Adaptive Tracking and ModelRegistration Across Distinct Aspects,� Proc. ofIROS �95, Pittsburgh, PA.Ravela, S., B. Draper, W. J. Lim and R. Weiss.(1996). �Tracking Object Motion Across AspectChanges for Augmented Reality,� Proc. of ARPAImage Understanding Workshop, Palm Springs,CA.Ravela, S., R. Manmatha and E. Riseman. (1996).�Scale-Space Matching and Image Retrieval,�Proc. of ARPA Image Understanding Workshop,Palm Springs, CA.Ravela, S., R. Manmatha and E. Riseman. (1996,to appear). �Retrieval From Image DatabasesUsing Scale-Space Matching,� Proc. of ECCV,Cambridge, England.Riseman, E., H. Schultz, W. J. Lim, B. Draper andA. Hanson. (1996). �Daedalus BattlefieldVisualization System,� Proc. of ARPA ImageUnderstanding Workshop, Palm Springs, CA.Schultz, H. (1995). �Terrain Reconstruction fromWidely Separated Images,� Proc. of SPIE,Orlando, FL, pp. 113-123.Wang, X., Y. Cheng, R. Collins, A. Hanson, R.Weiss and R. Moll, �Using Weighted BipartiteMatching to Solve the General 3-D Rigid MotionProblem�, TR95-106, Comp. Sci. Dept., Univ. ofMassachusetts, Amherst, MA, 1995.Zhang, Z. and A. Hanson. (1996). �3DReconstruction Based Homography Mapping,�Proc. of ARPA Image Understanding Workshop,Palm Springs, CA.Zhang, Z., R. Weiss and A. Hanson. (1996, toappear). �Obstacle Detection on Qualitative andQuantitative 2D Reconstruction,� IEEE T-PAMI.Zhang, Z., R. Weiss and A. R. Hanson. (1994).�Qualitative Obstacle Detection,� Proc. of IEEEComputer Vision and Pattern RecognitionConference, Seattle, WA, pp. 554-559.