1The Ascender SystemAutomated Site Modeling from Multiple Aerial ImagesRobert T. Collins, Christopher O. Jaynes, Yong-Qing Cheng,Xiaoguang Wang, Frank Stolle, Edward M. Riseman and Allen R.HansonDepartment of Computer ScienceLederle Graduate Research CenterBox 34610, University of MassachusettsAmherst, MA. 01003-4610The Ascender System1Correspondence To:

Christopher O. JaynesDepartment of Computer ScienceLederle Graduate Research CenterBox 34610, University of MassachusettsEmail: jaynes@cs.umass.eduFax: (413)-545-1249

1 Funded by the RADIUS project ARPA/Army TEC contract number DACA76-92-C-0041, and theNational Science Foundation grant number CDA8922572.

2AbstractThe Ascender system acquires, extends and refines 3D geometric sitemodels from calibrated aerial imagery. To acquire a new site model, anautomated building detector is run on one image to hypothesize potentialbuilding rooftops. Supporting evidence is located in other images viaepipolar line segment matching in constrained search regions. The precise3D shape and location of each building is then determined by multi-imagetriangulation under geometric constraints of 3D orthogonality, parallelness,colinearity and coplanarity of lines and surfaces. Projective mapping ofimage intensity information onto these polyhedral building models resultsin a realistic site model that can be rendered using virtual �fly- through’’graphics. As new images of the site become available, model extension andrefinement procedures are performed to add previously unseen buildingsand to improve the geometric accuracy of the existing 3D building models.In this way, the system gradually accumulates evidence over time to makethe site model more complete and more accurate.An extensive performance evaluation of component algorithms and the fullsystem has been carried out. Two-dimensional building detectionaccuracy, as well as accuracy of the three-dimensional buildingreconstruction, are presented for a representative data set.

3List of Symbols

� q r1rirn

41.IntroductionThe Research and Development for Image Understanding Systems (RADIUS) project isa national effort to apply image understanding (IU) technology to support model-basedaerial image analysis [11]. Automated construction and management of 3D geometric sitemodels is a key component of this effort. Site models enable efficient exploitation of thetremendous volume of information collected daily by national sensors. In all of theseapplications, the expected benefits are decreased work-load on human analysts, togetherwith an increase in measurement accuracy due to the introduction of digital IU andphotogrammetric techniques. When properly annotated, automatically generated sitemodels can also provide the spatial context for specialized IU analysis tasks such asvehicle counting and change detection, and graphical visualization techniques using 3D sitemodels are valuable for training and mission planning. Other applications of thetechnology presented here include automated cartography, land-use surveying and urbanplanning.The long-term goal of our research is an entirely automated system. Given the extremecomplexity of some image domains, often rather challenging even for expert human users,this goal may not be fully achievable. However, our focus in this project is to push anautomated paradigm as far as possible. We believe that the 3D aerial reconstructionproblem can, to a great degree, be automated given a large enough set of images. Asrelated factors become more difficult, such as high building density, complex building andsurface shapes (as in European cities), little space between buildings, and/or only a smallnumber of available views, accurate reconstruction becomes much harder. It is generallytrue that if a sufficiently large number of appropriate image viewpoints are not available,any reconstruction problem can become difficult or impossible. Thus, expectations of acompletely automated system must be tempered. However, our goal is to come as closeas possible, and as we reach the limits of automation, intelligent interactive tools can beprovided for manual specification of constraints or results.1.1Ascender AND THE TECHNICAL CHALLENGESThe UMass Automated Site Construction, Extension, Detection and Refinement(ASCENDER) system has been designed to automatically populate a site model withbuildings extracted from multiple, overlapping images. There are many technicalchallenges involved in developing a building extraction system that works reliably on thetype of images being considered under the RADIUS program. Images may be taken oversignificant time spans, and under vastly different weather and lighting conditions. The useof monocular, oblique imagery introduces perspective distortion due both to the obliquityand to the large differences in camera viewpoint. Images taken under different weatherconditions and at different times of day introduce large intensity variations betweenimages of the same building surface. There is typically a lot of clutter surroundingbuildings (vehicles, pipes, oil drums, vegetation) and on their roofs (roof vents, airconditioner units, ductwork), buildings often occlude each other in oblique views, and

5shadows falling across building faces break up extracted low-level features such as linesegments and regions. Furthermore, nearby buildings can vary greatly in size and shape.1.2 DESIGN PHILOSOPHY / KEY IDEASThe Ascender system combines several algorithms into a data flow hierarchy leading fromimages to a final site model. Image 1 shows the data dependencies between eachcomponent and how the overall system is compose. The UMass design philosophyincorporates several key ideas. First, 3D reconstruction is based on geometric featuresthat remain stable under a wide range of viewing and lighting conditions. Second, rigorousphotogrammetric camera models are used to describe the relationship between pixels inan image and 3D locations in the scene, so that diverse sensor characteristics andviewpoints can be effectively exploited. Third, information is fused across multipleimages for increased accuracy and reliability. Finally, known geometric constraints areapplied whenever possible to increase the efficiency and reliability of the reconstructionprocess. The current Ascender system is designed to perform well at one end of a data-vs-control complexity spectrum, namely a large amount of data and a simple controlstructure, versus the alternative of using less data but more complicated processingstrategies. In particular, while the system can be applied to a single stereo pair, itgenerally performs better (in terms of number and quality of buildings found) when moreimages are used.The design here represents the Ascender I system. New research is underway into moreadvanced system designs. For example, the system currently extracts polygons from asingle image and uses other imagery for verification and height computation. However, atrue multi-image scheme would not depend on the accuracy of polygons extracted fromthis first �reference image�. Suffice it to say, there is not necessarily a single best flow ofcontrol for an automated reconstruction system and control may depend on availableimages, algorithms, and scene context.

6 7Ascender I supports three different site modeling tasks, model acquisition, modelextension, and model refinement. Site model acquisition involves processing a set ofimages to detect both man-made and natural features of interest, and to determine their 3Dshape and placement in the scene. Two other important site modeling tasks are modelextension -- updating the geometric site model by adding or removing features, and modelrefinement -- iteratively refining the shape and placement of features as more viewsbecome available. Model extension and refinement are ongoing processes that arerepeated whenever new images become available, each updated model becoming thecurrent site model for the next iteration. Thus, over time, the site model is steadilyimproved to become more complete and more accurate.1.3OUTLINE OF PAPERThis paper is organized as follows. Section 2 reviews a number of past and presentbuilding extraction systems. Section 3 then presents a system-level specification of theAscender system, followed in Section 4 by a breakdown of the building extractionprocess into its key algorithmic components. Section 5 presents an in-depth experimentalevaluation of system performance using imagery taken over Ft. Hood, Texas. Section 6discusses the strengths and shortcomings of the current system, proposes future researchdirections, and concludes the paper with a brief summary.The Ascender I system is a set of complex algorithms that work together to perform sitereconstruction. This paper introduces the system, discusses its components in detail, andpresents the results of extensive testing. However, it is important for the reader to realizethat many parts of the system have been discussed in previous papers and we suggestthat these papers (when referenced) should be read as a useful accompaniment to thispaper.2.Related WorkOver the past decade, automated building detection systems have evolved along manylines, but the trend has always been towards greater generality: from special-case nadirviews to general oblique viewpoints, from single image analysis to multi-image techniques,and from purely 2D hypothesis extraction in image-space to rigorous 3D geometricreconstruction in object-space. As a system for extracting precise 3D building modelsfrom multiple, oblique views, the Ascender system represents the state-of-the-art in allaspects of this ongoing evolution.Many early systems were based on the nadir viewpoint assumption, in part because mostof the available images at that time were from mapping applications that relied on nadirviews. The nadir assumption greatly simplifies building extraction geometry sincerectangular building roofs appear as rectangles in the image, and there is very littleocclusion of one building by another. The RADIUS project reenforced the need for usingoblique images, since even though satellite coverage of the globe is available on a dailybasis, only a small fraction of it appears as a nadir view directly underneath thesatellite’s flight path. The easiest generalization from nadir views to handle obliquity is to

8assume weak-perspective or affine views, where rectangular roofs appear asparallelograms [23; 24]. The ultimate generalization is to introduce photogrammetricallyrigorous camera projection equations that more accurately model the (typicallyprojective) viewing geometry [26; 27; 14]. Our work takes this latter. approach.Early systems were dominated by monocular, image-based approaches, since often onlya single view of the area was available. However, buildings are raised 3D structures, and itis difficult to disambiguate roof hypotheses and determine building height without 3Dinformation. One powerful source of inferred 3D information in monocular images isshadows, and indeed, many systems have been designed that exploit the relationshipbetween shadows and roof hypothesis [24; 15; 25; 17]. Shadow analysis is particularlyattractive when combined with nadir viewpoints, since building height is directlyproportional to the length of the building shadow on the ground. Systems that rely onshadow analysis often assume that the sun position (illumination direction) is known, andalways assume that building shadows fall on flat terrain surrounding the building (and notacross other buildings or on rocky or hilly terrain). A more general method of deriving 3Dheight information is to use stereo triangulation across two or more images [7; 16; 31].The Ascender system uses such multi-image stereo analysis to extract the precise shapeand location of each building in the scene. Most notably, the system currently does notuse shadow information at all, but derives 3D structure completely from multi-imagematching and triangulation.Several approaches are similar to the technique in which building regions are hypothesizedin the Ascender system. These typically organize extracted image features into morecomplex structures based on geometric constraints [15] and have been used for thegrouping of features into 3D models from several views [14]. These approaches togrouping have been improved through the use of a richer set of constraints including theexplicit use of knowledge [22] and the fusion of digital surface models (DSMs) withoptical images [35]. The use of DSMs has been used for both detection of possiblebuilding regions and for constraining a perceptual grouping process [8].There are at least three current building extraction systems similar to our own, in thatthey derive 3D building models from multiple, oblique views. Noronha and Nevatia [29]describe a system where hierarchical grouping and matching across multiple images is usedto reconstruct 3D building models. Buildings are extracted in hierarchical stages, rangingfrom line segments, to junction, parallel pairs, U-shapes, and finally, wholeparallelograms. At each stage in the extraction hierarchy, the following three steps areperformed: 1) two-dimensional perceptual grouping of features at that level in eachimage, 2) epipolar matching to determine correspondence of features across pairs ofviews, 3) applying geometric constraints to check the consistency of the 3D structuresimplied by those feature matches. Final building hypotheses are verified by searching forconsistent shadows and evidence of vertical walls. Only rectangular building hypothesesare found -- arbitrary rectilinear structures are formed by merging abutting or overlappingrectangular 3D building hypotheses of similar height. The most notable feature of thesystem is that information from all views is used in a non-preferential way, as opposed to

9the Ascender system where one image is used to extract hypotheses, and other views areused to corroborate each hypothesis and compute 3D structure.In the MULTIVIEW system [31; 27] corner features extracted via vanishing pointanalysis are matched across a pair of views to get 3D corners. These 3D corners becomenodes in a graph, and pairs are linked if image gradient intensity information supports anedge hypothesis. Polygonal surface hypotheses are formed by looking for cycles in thegraph that meet certain planarity and perpendicularity constraints. When more views areavailable, relationships between corners and lines in the graph are updated as each newview is added. Surface detection can be performed after each view, or can be left untilafter several views have been added (batch mode). The system results are sensitive to thepermutation of the views, since the first pair of views is used to initialize the 3D corner-edge graph, and the graph is updated sequentially as each view is added. Both thissystem and the one of Noronha and Nevatia perform pairwise feature-based stereo toderive 3D features that are then grouped into surfaces.In contrast, our epipolar matching phase uses all images simultaneously to compute 3Dinformation, even when a building was only detected in a single image, which can result inmore accurate localization of 3D features. In addition to geometric constraints, the use of semantic and domain knowledge can widenthe scope of automatic building reconstruction and improve robustness. For example,Fischer, Kolbe, and Lang [9] have emphasized the use of reasoning and knowledge atseveral levels to constrain the number of possible hypotheses that can be produced frommultiple views. As opposed to implicit models used in Ascender (embedded in the 2Dgrouping constraints), explicit semantic models are used that include simple imagefeatures, 3D building terminals (parameterized parts of buildings), and 3D surfaces. Agrouping process attempts to construct complete building models from the recognizedparts. In a similar effort, researchers within the Amobe project [13] extract trihedralcorners and make use of both epipolar imaging constraints and knowledge about buildingsurfaces to group features into complete building models.The use of a range image registered to an optical image allows the extraction of a rich classof three dimensional features including surfaces, 3D line segments, and 3D trihedralcorners. It has been shown that the introduction of three dimensional geometricconstraints can allow for a wider range of cultural features to be detected andreconstructed [19].Kim and Muller [20] combine a monocular building extraction scheme with elevationmaps to detect possible building boundaries. Given possible boundaries, interiorelevations are used to estimate a height for reconstruction. Foerstner [10] makes use ofthe range image to both hypothesize buildings and reconstruct the building geometry.Robust techniques select a set of non-contradicting 3D constraints for optimal estimationof the object shape. Haala and Hahn [12] use the elevation map directly to infer thepresence of buildings by searching for local maxima, with 3D lines computed in theseregions used for parametric model fits to the extracted line segments. The approach

10estimates the initial parameters for model fitting, but assumes that the buildings at the sitecan be reconstructed using a single parametric model (e.g. a peaked roof model).3.The Ascender SystemThe Ascender system was designed to automatically acquire 3D building models from aset of overlapping aerial images. To maintain tractable research and implementation goals,Ascender I deals only with a single generic class of buildings, namely flat-roofed,rectilinear structures. The simplest example of this class is a rectangular box-shape;however other examples include L-shapes, U-shapes, and indeed any arbitrary buildingshape such that pairs of adjacent roof edges are perpendicular and lie in a horizontalplane.The Ascender system was developed using the RADIUS Common DevelopmentEnvironment (RCDE) [28]. RCDE provides a framework for the development of sitemodel acquisition algorithm. The choice of a photogrammetric development environmentwas constrained by the funding agency.3.1IMAGESSite model acquisition requires a set of images, both nadir and oblique, that view the samearea of the site. The system is designed to operate over multiple images, typically five ormore, exhibiting a wide variety of viewing angles and sun conditions. The desired numberfive is chosen arbitrarily to allow ideally one nadir view plus four oblique views from eachof four perpendicular directions (e.g. North, South, East and West). This configuration isnot a requirement, however. Indeed, some useful portions of the system require only asingle image, namely line segment extraction and building rooftop detection. On the otherhand, epipolar rooftop matching and wireframe triangulation require, by definition, atleast two images, with robustness and accuracy increasing when more views are available. Although best results require the use of several images with overlapping coverage, thesystem allows considerable freedom in the choice of images to use. Unlike manyprevious building extraction systems, this system does not currently use shadowinformation, and works equally well on images with different sun angles, or with nostrong shadows at all. Also, the term �epipolar� as used here does not imply that imagesneed to be in scan-line epipolar alignment, as required by many traditional stereotechniques. The term is used instead in its most general sense as a set of geometricconstraints imposed on potentially corresponding image features by the relativeorientation of their respective cameras. The relative orientation of any pair of images iscomputed from the absolute orientation of each individual image (see below).3.2SITE COORDINATE SYSTEMReconstructed building models are represented in a local site coordinate system that mustbe defined prior to the reconstruction process. The system assumes this is a �local-vertical� Euclidean Coordinate System, that is, a Cartesian X-Y-Z coordinate system

11with its origin located within or close-to the site, and the positive Z-axis facing upwards(parallel to gravity). The system can be either right-handed or left-handed. Under alocal-vertical coordinate system, the Z values of reconstructed points represent theirvertical position or elevation in the scene, and X-Y coordinates represent their horizontallocation in the site.3.3CAMERA MODELSFor each image given to the system, the absolute orientation of the camera with respect tothe local site coordinate system must be known. This is a specification of how 3Dlocations in the site coordinate system are related to 2D image pixels in each image. Onecommon camera representation is a 3 X 4 projective transformation matrix encoding boththe internal orientation (lens/digitizer parameters) and the external orientation (poseparameters) of each perspective camera. Ascender can also handle the fast blockinterpolation projection (FBIP) camera model used in the RCDE to represent thegeometry of non-perspective cameras. Given the absolute orientation for each image,Ascender computes all the necessary relative orientation information needed fordetermining the epipolar geometry between images (or local approximations to theepipolar geometry in the case of non-perspective cameras). 3.4DIGITAL TERRAIN MAPCurrently, the Ascender system explicitly reconstructs only the rooftops of buildingstructures, and relies on vertical extrusion to form a volumetric 3D wireframe model ofthe whole building. The extrusion process relies on knowing the local terrain, namely theground elevation (Z value) at each location in the scene. This can be represented simplyas a single plane equation provided the ground is relatively flat, or more generally as anarray of elevation values from which terrain values at any horizontal location areinterpolated.3.5OTHER REQUIRED PARAMETERSIn addition to the general information described above, a few other parameters must besupplied. The most important of these are:1.resection-residual-error -- a number representing the expected residual error (inpixels) present between projected ground truth points and their observed 2D imagelocations, for the given camera resection. This summarizes, in a single number for eachimage, the level of geometric error remaining after camera resection has taken place.This parameter is used for generating statistical confidence intervals, for determiningthe proper relative weights of information from each image, and for generating featuresearch regions. As new images arrive, a resection-residual error can be over-estimatedin order to be sure that evidence gathered from the image is not weighted too greatly.Over-estimation of this parameter will loosen search regions and may create falsepositives, but will not cause the system to fail to detect features.

122.max-building-height -- the maximum possible height of any building that isexpected in the site model. This threshold is used to limit the extent of epipolarsearch regions in each image. The lower this threshold is set, the smaller the searcharea for rooftop feature matches will be, leading to faster searches with higherlikelihood of finding the correct matches.3. min-building-dimension -- the minimum extent (width, length or height) of anybuilding that will be included in the site model. This is, loosely speaking, a way ofspecifying the desired �resolution� of the resulting site model, since any buildingshaving dimensions less than this threshold will not be found. Setting this value to arelatively long length essentially ensures that only large buildings in the site will bemodeled.4.feature grouping sensitivity -- the sensitivity at which image features areprogressively grouped into higher level objects. This linear parameter (ranging from�low� to �high�) was defined based-on significant experience with the system, andwas intended to provide a user interface that is straightforward yet useful. The valueof this single grouping sensitivity parameter controls several other componentprocedures that are part of the system. A low sensitivity will cause the system togroup features that strictly comply with the entire set of constraints, while a largervalue will loosen the grouping operations to generate more feature aggregations. Thisparameter influences the grouping behavior of the system but remains independent ofthe line extraction parameters (see Sections 4.1 and 4.2). For example, the system willonly group lines into buildings that are strictly rectilinear at low sensitivity settings,but line extraction filters (on length and contrast) determine the set of features thatwill be used for grouping.4.Algorithmic building blocksThe Ascender building extraction system currently follows a simple processing strategy.To acquire a new site model, an automated building detector is run on one image tohypothesize potential building rooftops. Supporting evidence is then located in otherimages via epipolar line segment matching, and the precise 3D shape and location of eachbuilding is determined by multi-image triangulation and extrusion. Image intensityinformation can be backprojected onto each face of these polyhedral building models, tofacilitate realistic rendering from new views.This section describes the key algorithms that together comprise the model acquisitionportion of the system. These algorithms are: line segment extraction, building rooftopdetection, epipolar rooftop matching, multi-image wireframe triangulation, and projectiveintensity mapping. Line segment extraction and building rooftop detection are illustratedwith sample results from two sites, the Schenectady County Air National Guard base(Figure 2a ), and Radius Model Board 1 (Figure 2b). In the next section, serious systemevaluation will be carried out on images of Ft. Hood, Texas.

13 (a) (b) Figure 2: Subimages used for reconstruction. (a) Schenectadysubimage. (b) Model Board 1 (MB1) subimage. (a) (b) Figure 3: (a) Extracted lines for Schenectady subimage. (b) Linesextracted for MB1.4.1LINE SEGMENT EXTRACTIONTo help bridge the huge representational gap between pixels and site models, a straightline feature extraction routine is applied to produce a set of symbolic line segmentsrepresenting geometric image features of potential interest such as building roof edges. Weuse the Boldt algorithm for extracting line segments [4]. At the heart of the Boldtalgorithm is a hierarchical grouping system inspired by the Gestalt laws of perceptualorganization. Zero-crossings of the Laplacian of the intensity image provide an initial setof local intensity edges. Hierarchical grouping then proceeds iteratively, using measures ofcolinearity and connectedness. At each iteration, edge pairs are linked and replaced by asingle longer edge if their end points are close, their perpendicular offset is small, andtheir orientation and contrast values are similar (difference in average intensity levelacross the line). Each iteration results in a set of increasingly longer line segments. The

14final set of line segment features (Figure 3) can be filtered according to length andcontrast values supplied by the user.Although the Boldt algorithm does not rely on any particular camera model, the utility ofextracting straight lines as a relevant representation of image/scene structure is based onthe assumption that straight lines in the world (such as building edges) will appearreasonably straight in the image. To the extent that this assumption remains true at thescale of the objects being considered, such as over a region of the image containing a singlebuilding, then straight line extraction remains a viable feature detection method. However,very long lines spanning a significant extent of the image, such as the edges of airportrunways, may become fragmented depending on the amount of curvature introduced intothe image by nonlinearities in the imaging process. Furthermore, image lines may containcontrast changes along their length from illumination differences in the scene, changes inmaterial reflectance, and other properties in the scene. The Boldt algorithm is sensitive tothese contrast changes and will produce fragmented lines. The grouping algorithmemployed in the 2D polygon detection algorithm addresses this by merging compatibleline fragments based on higher level geometric grouping criteria.4.2BUILDING ROOFTOP DETECTION/ 2D POLYGON EXTRACTIONThe goal of automated building detection is to roughly delineate building boundaries thatwill later be verified in other images by epipolar feature matching and triangulated tocreate 3D geometric building models. The building detection algorithm [18] is based onperceptual grouping of line segments into image polygons corresponding to theboundaries of flat, rectilinear rooftops in the scene. Perceptual organization is a powerfulmethod for locating and extracting scene structure. The rooftop extraction algorithm proceeds in three steps; low level feature extraction, collated feature detection, andhypothesis arbitration. Each module generates features that are used during the nextphase, and interacts with lower level modules through top-down feature extraction. Low level features used by the building detection system are straight line segments andcorners. Line segments used by the building detection system are produced by the Boldtline algorithm discussed in section 4.1. Edges may be filtered based on length before theyare used for detection in a particular image. The shortest expected building edge in thescene is projected into the image to compute a minimum image distance in pixels. Linesegments that are shorter are removed. The domain assumption of flat-roofed rectilinear structures implies that rooftop polygonswill be produced by flat horizontal surfaces, straight edges, and orthogonal corners.Orthogonal corners in the world are not necessarily orthogonal in the image; however theknown camera geometry can be used to compute a corresponding world angle. Todetermine a set of relevant corner hypotheses, pairs of line segments with spatiallyproximate endpoints are grouped together into candidate image corner features. Eachpotential image corner is then backprojected into a nominal Z-plane in the scene, and theresulting hypothetical scene corner is tested for orthogonality. A parameter, tied to the

15sensitivity setting of the system, is used to threshold corners based on the angulardifference from an orthogonal corner. Mid-level collated features are sequences of perceptually grouped corners and lines thatform a chain (Figure 4). A valid chain group must contain an alternation of corners andlines, and can be of any length. Chains are a generalization of the collated features inearlier work [16] and allow final polygons of arbitrary rectilinear shape to be constructedfrom low level features.Collated feature chains are represented by paths in a feature relation graph. The featurerelation graph is an encoding of feature dependencies and perceptual compatibility in theimage. Low level features (corners and line segments) are nodes in the graph, andperceptual grouping relations between these features are represented by edges in thegraph. Nodes have a certainty measure that represents the confidence of the low levelfeature extraction routines; edges are weighted with the certainty of the grouping that theedge represents. For example, an exact alignment of corners in the scene would berepresented by an edge in the graph with a large weight, while features that are not exactlyaligned but still are grouped together would receive a lower weight edge in the graph. Achain of collated features inherits an accumulated certainty measure from all the nodesand edges along its path. High level polygon hypothesis extraction proceeds in two steps. First, all possiblepolygons are computed from the collated features. Then, polygon hypotheses arearbitrated in order to arrive at a final set of non-conflicting, high confidence rooftoppolygons (Figure 5).

(a) (b) Figure 4: (a) Feature chains for Schenectady. (b Feature chainsfor MB1 16 (a) (b) Figure 5: Final rooftop hypotheses. (a) Schenectady subimage. (b)MB1 subimage.Polygon hypotheses are simply closed chains, which can be found as cycles in the featurerelation graph. All of the cycles in the feature relation graph are searched for in a depth-first manner, and stored in a dependency graph where nodes represent complete cycles(rooftop hypotheses). Nodes in the dependency graph contain the certainty of the cyclethat the node represents. An edge between two nodes in the dependency graph is createdwhen cycles have low-level features in common.The final set of non-overlapping rooftop polygons is the set of nodes in the dependencygraph that are both independent (have no edges in common) and are of maximumcertainty. Standard graph-theoretic techniques are employed to discover the maximally-weighted set of independent cycles, which is output by the algorithm as the final set ofindependent high confidence rooftop polygons.While searching for closed cycles, the collated feature detector may be invoked in order toattempt closure of chains that are missing a particular feature. The system then searchesfor evidence in the image that such a virtual feature can be hypothesized. An exampleoccurs in Figure 4. The upper-right building corner is missing due to a large gap in theextracted line segments. However, during the graph search, a corner was hypothesizedand the extracted line segments provided sufficient support to complete a cycle (figure 5). In this way, the rooftop detection process does not have to rely on the original set offeatures that were extracted from the image. Rather, as evidence for a polygonaccumulates, tailor-made searches for lower level features can be performed. This type oftop-down inquiry increases system robustness. Currently virtual feature production isonly used to fill in a single missing feature, i.e. a missing corner or straight line but notboth. Therefore U-shapes will not be hypothesized for completion.4.3EPIPOLAR LINE SEGMENT MATCHINGAfter detecting a potential rooftop in one image, corroborating geometric evidence issought in other images (often taken from widely different viewpoints) via epipolar feature

17matching. The primary difficulty to be overcome during epipolar matching is theresolution of ambiguous potential matches, and this ambiguity is highest when only asingle pair of images is used. For example, the epipolar search region for a roof edgematch will often contain multiple potentially matching line segments of the appropriatelength and orientation, one of which comes from the corresponding roof edge, but theothers coming from the base of the building, the shadow edge of the building on theground, or from roof/ base/shadow edges of adjacent buildings (see 6a). This situation isexacerbated when the roof edge being searched for happens to be nearly aligned with anepipolar line in the second image. The resolution of this potential ambiguity is the reasonthat simultaneous processing of multiple images with a variety of viewpoints and sunangles is preferred.

(a) (b)Figure 6: Multiple ambiguous matches can often be resolved by consultinga new view.Rooftop polygons are matched using an algorithm similar to the mutibaseline stereomatching algorithm of Okutumi and Kanade [30], but generalized to handle arbitrarycamera poses and line segment image features. For each polygon line segment from oneimage, an appropriate epipolar search area is formed in each of the other images, based onthe known camera geometry and the assumption that the roof is flat. This quadrilateralsearch area is scanned for possible matching line segments, the disparity of each potentialmatch implying a different roof height in the scene. Results from each line search arecombined in a 1-dimensional histogram, each potential match voting for a particular roofheight. Each vote is weighted by compatibility of the match in terms of expected linesegment orientation and length. This allows for correct handling of fragmented line data,since the combined votes of all subpieces of a fragmented line count the same as the voteof a full-sized, unfragmented line. A single global histogram accumulates height votes frommultiple images, and for multiple edges in a rooftop polygon. After all votes have beentallied, the histogram bucket containing the most votes yields an estimate of the roofheight in the scene and a set of correspondences between rooftop edges and image linesegments from multiple views. Competing ambiguous roof heights will appear as

18multiple peaks in the histogram; these can be carried forward for disambiguation via futureimages.4.4WIREFRAME TRIANGULATION AND OPTIMIZATIONMulti-image triangulation is performed to determine the precise size, shape, and positionof a building in the local 3D site coordinate system. A nonlinear estimation algorithm hasbeen developed for simultaneous multi-image, multi-line triangulation of rectilinearrooftop polygons. Object-level constraints such as perpendicularity and coplanarity areimposed on the solution to assure reliable results. This algorithm is used for triangulating3D rooftop polygons from the line segment correspondences determined by epipolarfeature matching. The parameters estimated for each rooftop polygon are shown in Figure 7. Thehorizontal plane containing the polygon is parameterized by a single variable Z. Theorientation of the rectilinear structure within that plane is represented by a singleparameter q. Finally, each separate line within the polygon is represented by a singlevalue ri representing signed distance of the line from a local origin within the roofpolygon. The representation is simple and compact, and the necessary coplanarity andrectangularity constraints on the polygon’s shape are built in. (A more general approachbased on the Plucker coordinate representation of 3D lines has also been implemented fortriangulating general wireframe structures [5,6]).

Q

Figure 7: Parameterization of a flat, rectilinear polygon for multi-imagetriangulation.The triangulation process minimizes an objective function that measures how well each3D edge aligns with corresponding 2D line segments in the set of images. Each edge (Z,q, ri ) of the parameterized 3D roof polygon is projected into an image to form a 2Dline, a x + b y + c = 0. The endpoints (x1, y1) and (x2, y2) of a corresponding image linesegment determined by the prior epipolar matching stage provide a perpendiculardistance measure that is squared and added to the function:

19 El = S (ax1 + by1+c)2 + (ax2 + by2 + c)2 endpoints of corresponding line segments This is summed over all 3D roof edge lines, and over all images, resulting in an objectivefunction of the form: Ep = S S El images roof linesA standard Levenberg-Marquardt algorithm is employed to determine the set of polygonparameters( Z,q, r1...rn) that minimizethis objectivefunction. Suchnonlinearestimationalgorithmstypically requireaninitialestimate that is then iteratively refined. In t h i s system, the original 2D rooftop polygon extractedby the buildingdetector, andthe roofheightestimate computed by the epipolar matchingalgorithm,areused to automaticallygeneratethe initialflat-roofed polygon estimate. This results ina2D rectanglewith anassociated height estimate that best fits all the images simultaneously.After triangulation,eachrefined3D roof polygon is extrudedvertically down to t h e terrain to form a volumetric model. The extrusion process relies on being ableto computeaterrainelevation(Z value) for each (X,Y) vertex location in the scene. This computationis performed by the RCDE, which can handle a number of terrain representations, rangingfrom a simple plane equation for relatively flat terrain, to a complete digital terrain map(DTM). For representations such as DTMs that represent terrain elevations at a discretenumber of sampled locations, the elevation value at any horizontal location betweensamples is computed via interpolation. We compute the terrain elevation under each ofthe roof polygon’s vertices, and select the minimum elevation as the Z-value for the baseof the volumetric extrusion.4.5VOLUMETRIC HYPOTHESIS ARBITRATIONAfter building rooftops have been triangulated and extruded to the local DTM, they arerepresented as a volumetric, 3D model. The final set of buildings are filtered according tospatial overlap in order to generate a complete and consistent site model. Figure 8 showsa reconstruction that resulted in several competing model hypotheses. Arbitration ofthese overlapping building models is especially important when batch mode processingproduces similar or identical models due to 3D reconstructions from multiple overlappingpolygons from different images and processing windows. (see Section 3).

20The arbitration algorithm is straightforward. Each building model volume, VM, isintersected with eachneighboring,overlapping modelvolume,VO, to compute aintersection volume,VI . If this volume is greater than a certain percentage of both VMand VO, then the building model with the lower certainty measure is removed from the sitemodel. That is, if,

V V P IM >

and

VV P

IO >

, then the model with the lowest certainty measurecomputed from the grouping process (see Section 4.2) is removed. Otherwise, bothoverlapping models will be retained in the final output.Figure 8: Multiple, overlapping hypotheses generated by the Ascendersystem. Brightness corresponds to the certainty value of the hypotheses.There are five alternate building models in addition to the six true models.(There are no alternative models for the top center and left models and twoalternates for the bottom right model.) Only the best (brightest) of theoverlapping models is retained after arbitration.This criterion is used to filter similar overlapping building models but is not guaranteed toremove all false positives generated in the reconstruction process. For example, a smallbuilding completely contained within a larger building model will not be eliminated (sincethe intersected volume will always remain small with respect to the large model) eventhough this is not a physically realizable model. Multi-level buildings present anotherproblem since they are often detected as two separate, overlapping polygons.Hypothesis arbitration as currently implemented may filter one of the two polygons andthus correct detail in the site model may be removed. A more sophisticated analysis ofthe model topology would be required to include complex multi-leveled buildings in thesite model, and research into appropriate reconstruction strategies for these cases isunderway.

214.6PROJECTIVE INTENSITY MAPPINGRapid improvements in the capability of low-end to medium-end graphics hardwaremakes the use of intensity mapping an attractive option for visualizing geometric sitemodels from any viewpoint, with near real-time interactive virtual reality displaysachievable on high-end workstations. These graphics capabilities have resulted in ademand for algorithms that can automatically acquire the necessary surface intensitymaps from available digital photographs. We have developed routines for acquiring imageintensity maps for the planar facets (walls and roof surfaces) of each building modelrecovered by Ascender.Planar projective transformations provide a mathematical description of how surfacestructure from a planar building facet maps into an image. By inverting thistransformation using known building position and camera geometry, intensityinformation from each image can be backprojected to �paint� the walls and roof of thebuilding model. Since multiple images are used, intensity information from all faces of thebuilding polygon can be recovered, even though they are not all seen in any single image(see Figure 9a). The full intensity-mapped site model can then be rendered to predicthow the scene will appear from a new view (Figure 9b).

(a) (b)Figure 9. (a) Intensity maps are stored with the planar facets of a buildingmodel. (b) A complete site site model rendered from a new view.When processing multiple overlapping images, each building facet will often be seen inmore than one image, under a variety of viewing angles and illumination conditions. Thishas led to the development of a systematic mechanism for managing intensity map data,called the Orthographic Facet Library. The orthographic facet library is an indexed dataset storing all of the intensity-mapped images of all the polygonal building facets thathave been recovered from the site, tagged with spatial and photometric indices (e.g.viewing angle, resolution, sun angle). The building facets in the library are furtherautomatically partitioned into pieces according to whether they are sunlit, in shadow, oroccluded (as determined by the viewpoint, sun angle, and the position and size of theother buildings that are hypothesized to be in the site model). In order to render new

22views, the multiple intensity-map versions for each building facet are �compiled� into asingle, best representative intensity map for that facet. Each pixel in the representativeintensity map is backprojected to determine which pieces of the intensity map in theorthographic facet library it is associated with. The set of pieces is then sorted accordingto a heuristic function [34] that estimates the quality of the pixel data for that piece interms of resolution, orientation and photometric contrast, and the intensity data fromthe highest ranked piece is chosen as the representative value for that pixel. Each surfaceintensity map in the rendered image is thus a composite formed from the best availableviews of that building face, automatically chosen to avoid as much as possible visualartifacts caused by shadows and occlusions. While pixels are individually ranked, usuallylarger sets of pixels in connected components are selected from a single image becausethey are ranked equally in that image.Although intensity mapping enhances the virtual realism of graphic displays, this illusionof realism is greatly reduced as the observer’s viewpoint comes closer to the renderedobject surface. For example, straightforward mapping of an image intensity map onto aflat wall surface looks (and is) two dimensional, unlike the surface of an actual wall,windows and doors on a real wall surface are typically inset into the wall surface and aresurrounded by framing material that extends out beyond the wall surface. While theseeffects are barely noticeable from a distance, they are quite pronounced up close. Afurther problem is that the resolution of the surface texture map is limited by theresolution of the original image. As one moves closer to the surface, more detail shouldbecome apparent, but instead, the graphics surface begins to look �pixelated� andfeatures become blurry. In particular, some of the window features on the buildingmodels we have produced are near the limits of the available image resolution.What is needed to go beyond simple intensity mapping is explicit extraction and renderingof detailed surface structures such as windows, doors and roof vents. Our currentintensity map extraction technology provides a convenient starting point, sincerectangular lattices of windows or roof vents can be searched for in the orthographic facetlibrary without complication from the effects of perspective distortion. Specific surfacestructure extraction techniques can be applied only where relevant, i.e. window and doorextraction can be focused on wall intensity maps, while roof vent computations areperformed only on roofs. As one example, a generic algorithm has been developed forextracting windows and doors on wall surfaces, based on a rectangular region growingmethod applied at local intensity minima in the unwarped intensity map. Extractedwindow and door hypotheses are used to compose a refined building model thatexplicitly represents those architectural details. An example is shown in Figure 10. Thewindows and doors have been rendered as dark and opaque, but since they are nowsymbolically represented, it would be possible to render the windows with glass-likeproperties such as transparency and reflectivity that would enhance the dynamicvisualization of the scene. 23 Before

After

Figure 10: Rendered building model before and after symbolic windowextraction.Future work on extraction of surface structures will concentrate on roof features such aspipes and vents that appear as ‘‘bumps’’ on an otherwise planar surface area. Visual cuesfor this reconstruction include shadows from monocular imagery, as well as disparityinformation between multiple images. This is a challenging problem given the resolutionof available aerial imagery.4.7SITE MODEL EXTENSIONThe goal of site model extension is to find unmodeled buildings in new images and addthem into the site model database. The main difference between model extension andmodel acquisition is that now the camera pose for each image can be determined viamodel-to-image registration. Our approach to model-to-image registration involves twocomponents: model matching and pose determination.The goal of model matching is to find the correspondence between 3D features in a sitemodel and 2D features that have been extracted from an image; in this case determiningcorrespondences between lines in a 3D building wireframe and 2D extracted line segmentsfrom the image. The model matching algorithm described in [3] is being used. Based on alocal search approach to combinatorial optimization, this algorithm searches the discretespace of correspondence mappings between model and image lines for one that minimizesa match error function. The match error depends upon how well the projected modelgeometrically aligns with the data, as well as how much of the model is accounted for bythe data. The result of model matching is a set of correspondences between model edgesand image line segments, and an estimate of the transformation that brings the projectedmodel into the best possible geometric alignment with the underlying image data.

24Although a set of images with rigorous photogrammetric parameters are required togenerate an initial site model, partial site models can be used to compute the poseparameters of new views and extend the capability of the system to handle poorly orpartially calibrated imagery. This involves a second aspect of model-to-image registrationcalled pose determination. It is important to note that since model-to-imagecorrespondences are being found automatically, the pose determination routine needs totake into account the possibility of mistakes or outliers in the set of correspondencesfound. The robust pose estimation procedure described in [21] is being used. At the heartof this code is an iterative, weighted least-squares algorithm for computing pose from aset of correspondences that are assumed to be free from outliers. The pose parameters arefound by minimizing an objective function that measures how closely projected modelfeatures overlap with their corresponding image features. Since it is well known that leastsquares optimization techniques can fail catastrophically when outliers are present in thedata, this basic pose algorithm is embedded inside a least median squares (LMS)procedure that repeatedly samples subsets of correspondences to find one devoid ofoutliers. LMS is robust over data sets containing up to 50% outliers. The final results ofpose determination are a set of camera pose parameters and a covariance matrix thatestimates the accuracy of the solution.The model extension process involves registering a current geometric site model with anew image, and then focusing on unmodeled areas to recover previously unmodeledbuildings. This process is illustrated using the a partial site model constructed using theAscender system applied to the Model Board 1 dataset. 25 Figure 11: An existing model is matched to a new view (thin lines). Areasin the new image are masked if they contain a building and the remainingimage is processed for new buildings. New buildings (thick lines) areextracted and merged into a more complete site model.Results of model-to-image registration of image J8 with the partial site model can be seenin Figure 11, which shows projected building rooftops from the previous site modeloverlaid on the image. Image areas containing buildings already in the site model weremasked off, and the building rooftop detector was run on the unmodeled areas. The multi-image epipolar matching and constrained multi-image triangulation procedures fromSections 4.3 and 4.4 were then applied to verify the hypotheses and construct 3Dvolumetric building models. These were added to the site model database, to produce theextended model shown in Figure 11 (thick lines). The main reason for failure amongbuilding hypotheses that were not verified was that they represented buildings located atthe periphery of the site, in an area which is not visible in very many of the eight views.If more images were used with greater site coverage, more of these buildings would havebeen included in the site model. The utility of this approach is explored in section 5.6 bydetecting buildings in multiple views of the Ft. Hood dataset and analyzing the overallbuilding detection rate for the site.

265.System EvaluationThe Ascender system has been delivered to government contractors for testing onclassified imagery and for integration into the RADIUS Testbed System [11]. Aninformal transfer has also been made to the National Exploitation Laboratory (NEL) forfamiliarization and additional testing. The system has been extensively tested on diversesets of data. This section presents a of experiments designed to address questions like: 1. How is the rooftop detection rate related to system sensitivity settings?2. Is the detection rate affected by viewpoint (nadir vs. oblique)?3. Does 2D detected polygon accuracy vary by viewpoint?4. Is 2D geometric accuracy related to sensitivity settings5. How does 3D accuracy vary with the number of images used?6. Does 3D accuracy vary by the geometry of the images used?7. How does 3D accuracy vary according to 2D accuracy of the hypothesizedpolygons?Experiments were carried out using two different methods. The first set of tests were runon local image patches that were known to contain buildings. This helped to classifysystem performance and accuracy for a scenario in which a previous focus-of-attentionmechanism has detected image regions that may contain buildings. For example, an imageanalyst may have selected areas in which building reconstruction should take place. Eachimage patch is selected by creating a bounding volume around each building in the groundtruth model (discussed shortly). Each volume is then projected into each of the imagesusing the known camera geometry for those images. This obtains all image patches ofevery building in the ground truth model for which the entire building appears. Thesystem was then run on each of these projected regions.The second set of tests deal with the case in which focus of attention regions are notavailable. In this case, the image is broken into overlapping windows and reconstructiontakes place within each image window independently. In this �batch mode� style ofprocessing the final reconstruction undergoes a hypothesis arbitration phase in whichredundant buildings, generated from overlapping regions, are filtered (see section 4.5).The size of the window for each of the images was set to be at least as large as the largestground truth building. The size of the overlapping area between windows was half thewidth of a window.Evaluation was carried out on a large data set from Ft.Hood Texas. The imagery wascollected by Photo Science Inc. (PSI) in October 1993 and scanned at the Digital MappingLaboratory at Carnegie Mellon University (CMU) in Jan-Feb, 1995. Camera resectionswere performed by PSI for the nadir views, and by CMU for the oblique views.

275.1METHODOLOGYAn evaluation data set was cropped from the Ft.Hood imagery, yielding seven subimagesfrom the views labeled 711, 713, 525, 927, 1025, 1125 and 1325 (images 711 and 713 arenadir views, the rest are obliques). Table 1 summarizes the ground sample distance GSDfor each image. The region of overlap within the scene covers an evaluation area ofroughly 760x740 meters, containing a good blend of both simple and complex roofstructures. Thirty ground truth building models were created by hand using interactivemodeling tools provided by the RCDE. Each building is composed of RCDE �cube�,�house� and/or �extrusion� objects that were shaped and positioned to project as well aspossible (as determined by eye) simultaneously into the set of seven images. This hasbecome a standard procedure for acquiring ground truth data in a domain where groundtruth is difficult to obtain. The ground truth data set is shown in Figure 12.7117135259271027112513250.310.310.610.521.101.011.01Table 1: Ground sample distances (GSD) in meters for the seven evaluation images. AGSD of 0.3 means that a length of one pixel in the image roughly corresponds to adistance of 0.3 meters on the ground.

Figure 12: Ft. Hood evaluation area with 30 ground truth building modelscomposed of single and multi-level flat roofs, and two peaked roofs. Thereare 73 roof facets in all. The size of the image area shown is 2375x1805pixels.

28Since the Ascender system explicitly recovers only rooftop polygons (the rest of thebuilding wireframe is formed by vertical extrusion), the evaluation is based on comparingdetected 2D and triangulated 3D roof polygons vs. their ground truth counterparts. In theset of seven images there are 73 ground truth rooftop polygons among the set of 30buildings. Ground truth 2D polygons for each image are determined by projecting theground truth 3D polygons into that image using the known camera projection equations.We have utilized a metric that provides a measure of the average distance between thetwo polygons boundaries, reported in pixels for 2D polygons, and in meters for 3Dpolygons. The Center-Line Distance measures how well two arbitrary polygons matchin terms of size, shape and location2. The procedure is to oversample the boundary ofone polygon into a set of equally spaced points (several thousand of them). For eachpoint, measure the minimum distance from that point to the other polygon boundary.Repeat the procedure by oversampling the other polygon and measuring the distance ofeach point to the first polygon boundary. The center-line distance is taken as theaverage of all these values. We prefer the center-line distance to other comparisonmeasures, such as the one used in [32] since it is very easy to compute and can be appliedto two polygons that do not have the same number of vertices.For polygons that have the same number of vertices, and are fairly close to each other interms of center-line distance, an additional distance measure is computed betweencorresponding pairs of vertices between the two polygons. That is, for each polygonvertex, the distance to the closest vertex on the other polygon is measured. For 2Dpolygons these Inter-Vertex Distances are reported in pixels, for 3D polygons the unitsare meters, and the distances are broken into their planimetric (distance parallel to the X-Y plane) vs. altimetric (distance in Z) components. An Inter-Vertex distance is onlycomputed between vertices for which there is a corresponding ground truth polygonvertex. Therefore statistics involving the inter-vertex distance will not include verticesthat are far from ground truth (from a partially detected building, for example).5.2EVALUATION OF 2D BUILDING DETECTIONOne important module of the Ascender system is the 2D polygonal rooftop detector. If2D building polygons are not detected in at least one image, then a complete 3Dreconstruction is not possible. The detector was tested on images 711, 713, 525 and 927to see how well it performed at different grouping sensitivity settings, and with differentlength and contrast settings of the Boldt line extraction algorithm. The detector was first tested in �bounding-box mode� by projecting each ground truthroof polygon into an image, growing its 2D bounding box out by 20 pixels on each side,then invoking the building detector in that region to hypothesize 2D rooftop polygons.The evaluation goals were to determine both true and false positive detection rates whenthe building detector was invoked on an area containing a building, and to measure the2D accuracy of the true positives.

2 Robert Haralick, private communication

29The detector was also tested in �batch mode� by blindly processing each image inoverlapping image windows of size N by N. Each window overlapped its neighbors byN/2 pixels. The number N was chosen for each image so that the image windows couldencompass the largest projected ground truth building. Typically, N was much larger thanthe size of ground truth buildings.5.32D DETECTION RATESThe polygon detector typically produces several roof hypotheses within a given imagearea, particularly when run at the higher sensitivity settings. Determining true and falsepositive detection rates thus involves determining whether or not each hypothesizedimage polygon is a good match with some ground truth projected roof polygon. Toautomate the process of counting true positives and tabulating their associated error, eachhypothesized polygon was ranked by its center-line distance from the known groundtruth 2D polygon that was supposed to be detected. Of all hypotheses with distancesless than a threshold (i.e. polygons that were reasonably good matches to the groundtruth), the one with the smallest distance was counted as a true positive; all otherhypotheses were considered to be false positives. The threshold value used was 0.2times the square root of the area of the ground truth polygon, that is:

Dist hyp gt Area gt(,).£ * ( ) 0 2

where hyp and gt are hypothesized and ground truthpolygons, respectively. This empirical threshold allows 2 pixels total error for a squarewith sides 10 pixels long, and is invarient with respect to the scale of the image. The total numbers of roof hypotheses generated for each of the images 711, 713, 525 and927 for bounding-box processing are shown at the top of Figure 13. Total polygons perimage were computed for nine different sensitivity settings of the building detectorranging from 0.1 to 0.9 (very low to very high). The line segments used for each imagewere computed by the Boldt algorithm using length and contrast thresholds of 10. Thesecond graph in 13 plots the number of true positive hypotheses. For the highestsensitivity setting, the percentage of rooftops detected in 711, 713, 525 and 927 usingthe bounding-box strategy were 51%, 59%, 45% and 47%, respectively. The same testwas performed for the system using batch-mode processing and the results are shown infigure 14. For the highest sensitivity, results similar to the bounding-box processingmode were produced. Detection rates of 46%, 55%, 42%, and 39% for each of the 711,713, 525, 927 images respectively. 30 .1 .2 .3 .4 .5 .6 .7 .8 .9

.1 .2 .3 .4 .5 .6 .7 .8 .9

10

20

30

40

50

60

70

80

90

73 ground truth polygons

Detector Sensitivity

Number of Polygons

Number of Polygons

525

927

713

711

525 927

711

713 combined

L>10, 81% combined

L>5, 97%

Figure 13: Bounding-Box processing detection rates.Top: Building detectorsensitivity vs. total number of generated roof hypotheses per image.Bottom: Sensitivity vs. number of true positives. Horizontal lines showthe actual number of ground truth polygons. Combining results from all fourview yields a detection rate of 81% with lines of L > 10 , and 97% withlines of L > 5. 31

102030405060708090Detector Sensitivity

Number of Polygons

102030405060708090Detector Sensitivity

Number of Polygons

73 Ground Truth Polygons73 Ground Truth Polygons

100110100110

(137)

(134)

711713927525

713711927525

Combined, 95%

Combined, 89%

.1.2.3.4.5.6.7.8.9.1.2.3.4.5.6.7.8.9Figure 14: Batch-mode processing detection rates. Top: Building detectorsensitivity vs. total number of roof hypotheses. Bottom: Sensitivity vs.number of true positives. Horizontal lines show the actual number ofground truth polygons. Combining results from all four view yields adetection rate of 95%. Combining results from a more feasible setting of0.7 yields a combined detection result of 89% with a false positivepercentage of 46%.

32A significant difference between the two modes of processing is in the number of falsepositives generated by each technique. Because batch-mode processing involves blindapplication of the building detector to the entire image an increase in the number ofpolygons detected is expected. At the mid-to-higher range of sensitivities (0.5-0.7) thenumber of false positives produced is not significant, however, at the highestsensitivities, batch-mode processing produces a large number of false positives. Withouta prior focus-of-attention mechanism, the batch-mode extraction is only feasible atmiddle-range sensitivities, which limits the number of true positives achievable.The detection rates seem to be sensitive to viewpoint. More total hypotheses and moretrue positives were detected in the nadir views than in the obliques. This may represent aproperty of the building detector, but it is more likely that most of the discrepancy isdue to the difference in GSD of the images for this area (see Table 1). Each building roofsimply occupies a larger set of pixels in the nadir views than in the obliques for this dataset, and therefore the nadir view of buildings has a significantly higher resolution.To measure the best possible performance of the rooftop detector on this data, it was runon all four images at sensitivity level 0.9, using Boldt line data computed with the lowestlength and contrast thresholds of 5. These were judged to be the highest sensitivity levelsfor both line extractor and building detector that were feasible, and the results representthe best job that the current building detector can do with each image. The percentages ofrooftops detected in each of the four images under these conditions in bounding-box modewere 86%, 84%, 74%, and 67%, with a combined image detection rate of 97% (71 out of73). Under these same conditions (ignoring false positives) the batch-mode systemreconstruction percentages were 85%, 83%, 72%, and 66%, with a combined imagedetection rate of 95%. Using the highest possible feasible sensitivity for batch-modeprocessing at 0.7 produces 62%, 51%, 34%, and 32% detection rates for each of theimages and a combined rate of 89% while limiting the false positive rate to 46% (seeFigure 13). This represents the best possible performance in batch-mode while limitingthe number of false positives. Finally, the rooftop detector was run in batch-mode on all four images at a sensitivity of0.7, using Boldt line data with length and contrast thresholds of 10. These settings weredeemed to be the most feasible for batch-mode processing and were chosen to maximizethe detection rate versus false positives. This reflects the proper setting of the systemwithout specific focus-of-attention mechanisms. The set of buildings extracted in thebatch-mode experiments at a sensitivity of 0.7 were combined, yielding an overalldetection rate of 89%. It is interesting to note that although not all buildings are detectedin one image, the use of multiple images improves results significantly. Figure 15 shows aview of the groundtruth with the number of times each of the buildings was detected inthe dataset. Nearly all buildings were detected in more than one image. The reader should understand that if a building polygon was only detected in a singleimage, all line correspondences in an epipolar constrained search region in the other images

33will contribute to the 3D building triangulation even though a complete polygon was notdetected in other images. The peaked roof building at the right of the image was notdetected in any image because it does not conform to the class of buildings currently builtinto the system (see Section 6). The center roof polygon was missed because tree coverbreaks up both line and corner features. Other reasons for failure included too-lowcontrast between the building and ground in all images, resolution problems (as in thesmall second story polygon at the right of the image), and accidental alignment ofsurrounding clutter causing large error in the final polygon (a polygon that included therooftop at the far left of the image with surrounding walkways was generated in twoimages and was eliminated because of the introduced error).

Figure 15: The ground truth model projected into image 713. The numberof times each roof polygon was detected over the four different views isoverlayed to depict an overall 2D detection rate of 89% for batch-modeprocessing at 0.7 sensitivity setting.

345.4QUANTITATIVE ACCURACYTo assess the quantitative accuracy of the true positive 2D roof polygons, each wascompared with its corresponding 2D projected ground truth polygon in terms of center-line distance. Figure 16 plots the median of the center-line polygon distances betweendetected and ground truth 2D polygons for different sensitivity settings. Polygonsdetected at low sensitivity levels seem to be slightly more accurate than those detected atthe high sensitivity settings. This is so because the detector only finds clearly delineatedrooftop boundaries at the lower settings, and is more forgiving in its grouping criteria atthe higher settings (i.e. accepting less accurate line and polygon data) with the obviousbenefit of a higher detection rate. .1 .2 .3 .4 .5 .6 .7 .8 .9

Detector Sensitivity 0.51.01.52.02.5

Distance (in pixels)

Figure 16: 2D polygon accuracy vs. Building detector sensitivity.Accuracy is represented in pixels for both modes of processing (see text).For pairs of detected and ground truth polygons having the same number of vertices, theirset of inter-vertex distances were also computed, and the medians of those measurementsare broken down by image in Table 2. The average distance is around 2.7 pixels. Polygons detected in image 927 appear to be a little more accurate. This difference mayor may not be significant; however, image 927 was taken in the afternoon, and all theother images were taken in the morning, so the difference in sun angle may be the cause.An interesting result is that the reconstruction accuracy of the two modes of processing issimilar. The differences shown in Table 2 are statistically insignificant.InterVertex Results for Bounding-Box Mode711713525927IVDistance2.752.822.712.22InterVertex Results for Batch Mode711713525927IV Distance2.782.872.732.24

35Table 2: 2D vertex accuracy. Median inter-vertex distances (in pixels)between detected polygon vertices and projected ground truth roofvertices, for four images.5.5EVALUATION OF 3D RECONSTRUCTIONThe second major subsystem in Ascender takes 2D roof hypotheses detected in oneimage and reconstructs 3D rooftop polygons via multi-image line segment matching andtriangulation. Two different quantitative evaluations were performed on this subsystem.The 3D reconstruction process was first tested in isolation from the 2D detectionprocess by using 2D projected ground truth polygons as input. This initial evaluationwas done to establish a baseline measure of reconstruction accuracy, that is, to see howaccurate the final 3D building models would be given perfect 2D rooftop extraction. Asecond evaluation tested end-to-end system performance by performing 3Dreconstruction using a set of automatically detected 2D image polygons.5.5.1Baseline 3D Reconstruction AccuracyThe baseline measure of reconstruction accuracy was performed using 2D projectedground truth roof polygons. Since these 2D polygons were generated from the same 3Dground truth 3D polygons, presumably they would optimally regenerate the initial 3Dpolygon model. For each of the 7 images in the evaluation test set, all the ground truth2D polygons from that image were matched and triangulated using the other 6 images ascorroborating views. The accuracy of each reconstructed roof polygon was thendetermined by comparing it with its 3D ground truth counterpart in terms of center-linedistance and inter-vertex distances. Table 3 reports, for each image, the median of thecenter-line polygon distances between reconstructed and ground truth polygons in pixelsfor that image. Also reported are the medians of the planimetric (horizontal) andaltimetric (vertical) components of the inter-vertex distances between reconstructed andground truth polygon vertices in meters. Horizontal placement accuracy was about 0.3meters, which is in accordance with the resolution of the images. This baseline errorprovides a measure of inherent 2D noise effects and pose errors in the 3D reconstructionprocess. 711713525927CL Distance0.570.460.450.53IV planimetric0.290.250.330.35IV altimetric0.490.420.370.43Table 3: Evaluation of baseline accuracy of the 3D reconstruction process.Median center-line distances (in pixels) as well as inter-vertex planimetricand altimetric errors are shown (in meters) for four images. See text.

36Another suite of tests was performed to determine how the number of views affects thebaseline accuracy of the resulting 3D polygons. These tests were performed using image711 as the primary image, and all 63 non-empty subsets of the other 6 views asadditional views. For each subset of additional views, all 2D projected ground truthpolygons in image 711 were matched and triangulated, and the median center-line andinter-vertex distances between reconstructed and ground truth 3D polygons wererecorded. Figure 17 graphs the results, organized by number of images used (including711), ranging from only two views up to all six views.

2 3 4 5 6

Number of Views .250.5.751.0

Distance (in meters)

CL distance

IV altimetric

IV planimetric

Figure 17: Number of views used vs. 3D reconstruction accuracy in meters.(see text). The distances reported under label �2� are averaged over the 6 possible image setscontaining 711 and one other image, distances reported under �3� are averaged over all 15possible image sets containing 711 and two other images, and so on. There is anoticeable improvement in accuracy when using three views instead of two, but thecurves flatten out after that, and there is only modest improvement in 3D accuracy to begained by taking image sets larger than four.5.5.2ACTUAL 3D RECONSTRUCTION ACCURACY In actual practice, Ascender reconstruction techniques are applied to the 2D imagepolygons hypothesized by its automated building detector. Thus, the final reconstructionaccuracy depends not only on the number and geometry of the additional views used, butalso on the 2D image accuracy of the hypothesized roof polygons. The typical end-to-end performance of the system was separately evaluated by taking the 2D polygonsdetected through both bounding-box and batch-mode processing and performing matchingand triangulation using the other six views. The median center-line distances betweenreconstructed and ground truth 3D polygons are plotted in Figure 18 for differentsensitivity settings of the polygon detector. The accuracy is slightly better when using

37polygons detected at the lower sensitivity settings, mirroring the better accuracy of the2D polygons at those levels (compare with Figure 16).

.1 .2 .3 .4 .5 .6 .7 .8 .9

Detector Sensitivity 0.5 1.0 1.5

Distance (in meters)

Figure 18: Building detector sensitivity vs. 3D polygon accuracy,computed as the median of center-line distances between reconstructed 3Dpolygons and ground truth polygonsFor pairs of detected and ground truth polygons having the same number of vertices, theset of inter-vertex planimetric and altimetric errors were computed, and the medians ofthose measurements are shown in Table 4, broken down by the image in which the 2Dpolygons feeding the reconstruction process were hypothesized. Unlike the baseline errordata from Table 3, where the horizontal accuracy of reconstructed polygon vertices wasbetter than their vertical accuracy, here the situation is reversed, strongly suggesting thatthe planimetric component of reconstructed vertices is more sensitive to inaccuracies inthe 2D polygon detection process than the altimetric component. This result is consistentwith previous observations that the corners of Ascender’s reconstructed building modelsare more accurate in height than in horizontal position [8].Bounding-Box Mode 3D Accuracy711713525927IV planimetric0.680.731.090.89IV altimetric0.510.550.900.61Batch-Mode 3D Accuracy711713525927IV planimetric0.670.751.110.90IV altimetric0.530.550.910.60

38Table 4: Evaluation of actual reconstruction accuracy. Median planimetricand altimetric errors (in meters) between reconstructed 3D polygonvertices and ground truth roof vertices for the two different modes ofprocessing.6.Summary and Future Work6.1EVALUATION SUMMARYThe previous section presented results of a comprehensive evaluation of the Ascendersystem using an unclassified data set of Ft. Hood. While the results of the analysis areinevitably tied to this specific data set, they give some indication of how the systemshould be expected to perform under different scenarios.Single-Image Performance: The building detection rate varies roughly linearly with the

sensitivity setting of the polygon detector. At the high sensitivity level, roughly 50% ofthe buildings are detected in each image using Boldt lines extracted at length and contrast >10, and about 75%-80% when using Boldt lines extracted with length and contrast > 5. Although line segments and corner hypotheses are localized to subpixel accuracy, themedian localization error of 2D rooftop polygon vertices is around 2-3 pixels, due in partto grouping errors, but also in part to errors in resected camera pose. Note that even aperfectly segmented polygon boundary will not align with the projected ground truthroof if the camera projection parameters are incorrect.Multiple-Image Performance: One of our underlying research hypotheses is that the use of multiple images increases the accuracy and reliability of the building extraction process.Rooftops that are missed in one image are often found in another, so combining resultsfrom multiple images typically increases the building detection rate. By combiningdetected polygons from four images, the total building detection rate increased to 81%using medium-sensitivity Boldt lines, and to 97% using high-sensitivity ones.Matching and triangulation to produce 3D roof polygons, and thus the full buildingwireframe by extrusion, can perform at satisfactory levels of accuracy given only a pair ofimages, but using three views gives noticeably better results. After four images, only amodest increase in 3D accuracy is gained.Of course, any of these general statements depends critically on the particularconfiguration of views used. Further testing is needed to elucidate how different camerapositions and orientations affect 3D accuracy. Nadir views appear to produce betterdetection rates than obliques, but this can be explained by large differences in the groundsample distance for this image set and may not be characteristic of system performance ingeneral -- again, more experimentation is needed. For this data set, 3D building cornerpositions were recovered to well within a meter of accuracy, with height being estimatedmore accurately than horizontal position. The accuracy of the final reconstruction

39depends on the accuracy of the detected 2D polygons, as one might expect; howeverhorizontal accuracy is more sensitive to 2D polygon errors than vertical accuracy. Also,the version of Ascender tested here uses only a simple control strategy for detecting flat-roofed buildings. More complex control strategies under development (see next section)may yield more reliable results.6.2 FUTURE WORKThe building reconstruction strategies used in the Ascender system provide an elegantsolution to extracting flat-roofed rectilinear buildings, but extensions are necessary inorder to handle other common building types. Examples are complex multi-level flatroofs, peaked-roof buildings, juxtapositions of flat and peaked roofs, curved-roofbuildings such as Quonset huts or hangars, as well as buildings with more complex roofstructures containing gables, slanted dormers or spires.To develop more general and flexible building reconstruction systems, a significantresearch effort is underway at UMass to explore alternative strategies that combine awider range of 2D and 3D information. The types of strategies being considered involvegeneration and grouping of 3D geometric tokens such as lines, corners and surfaces, aswell as techniques for fusing geometric token data with high-resolution digital elevationmap (DEM) data. By verifying geometric consistencies between 2D and 3D tokensassociated with building components, larger and more complex 3D structures are beingorganized using context-sensitive, knowledge-based strategies.In addition to work that addressses a wider class of building models, improvements to theAscender system have been implemented in order to increase the overall detection rates.Changes to the control structure that allow polygons to be detected in any of the availableimages and improvements to the perceputal grouping routine have increased overalldetection rates. For example, in recent tests, three additional buildings have been detectedat the Fort Hood site without increasing in the number of false positives.Our symbolic building extraction procedures is being be combined with Terrest [33], acorrelation-based terrain extraction system developed at UMass. The two techniquesclearly complement each other: symbolic processing and triangulation of 2D linesproduces 3D line features, complementing area correlation techniques that produce DEMsto which planar surfaces can be fit. Another way that they complement each other is thatthe terrain extraction system can determine a digital elevation map upon which thevolumetric building models rest, and the symbolic building extraction procedures canidentify building occlusion boundaries in exactly the locations where correlation-basedterrain recovery is expected to behave poorly. A tighter coupling of the two systems isalso being investigated, to allow correlation-based surface extraction to be applied tobuilding rooftop regions to identify fine surface structure like roof vents and airconditioner units.

40Bibliography[1] J.R. Beveridge and E. Riseman, �Hybrid Weak-Perspective and Full-PerspectiveMatching,’’ Proc. Computer Vision and Pattern Recognition,Champaign, IL, 1992, pp.432-438.[2] J.R.Beveridge and E.Riseman, �Optimal Geometric Model Matching under Full 3DPerspective,� CVGIP: Image Understanding, Vol.61(3), 1995, pp.351-364.[3] M.Boldt, R.Weiss and E.Riseman, �Token-Based Extraction of Straight Lines,� IEEETransactions on Systems, Man and Cybernetics, Vol.19(6), 1989, pp.1581-1594.[4] Y.Cheng, R. Collins, A. Hanson and E. Riseman, �Triangulation WithoutCorrespondences,� ARPA Image Understanding Workshop, Monterey, CA, 1994,pp.993-1000.[5] Y. Cheng. �Acquisition of 3D Models from a Set of 2D Images�, PhD Thesis,University of Massachusetts, Computer Science Dept. Sept. 1997.[6] R. Chung and R. Nevatia, �Recovering Building Structures from Stereo�, Workshopon the Applications of Computer Vision, Dec. 1992, pp. 64-73.[7] R. Collins, A. Hanson, E. Riseman. �Site Model Acquisition under the UMassRADIUS Project�, ARPA Image Understanding Workshop, Monterey, CA., Nov. 1994,pp.351-358.[8] T. Dang, O. Jamet, and H. Maitre, �Applying Perceptual Grouping and SurfaceModels to the Detection and Stereo Reconstruction of Buildings in Aerial Imagery�,ISPRS Comm. III Symposium, pp. 165-172, 1994.[9] A. Fischer, T. Kolbe, and F. Lang, �Integration of 2D and 3D Reasoning for BuildingReconstruction�, Workshop on Semantic Modeling for the Acquisition of TopographicInformation from Images and Maps, pp. 159-180, Bonn, Germany, 1997.[10] W. Foerstner, �Mid-Level Vision Processes for Automatic Building Extraction�,Workshop on Automatic Extraction of Man-Made Objects from Aerial and Space Images,Monte Vertia, Switzerland, 1995.[11] D. Gerson and S. Wood, �RADIUS Phase II - The RADIUS Testbed System�, ArpaImage Understanding Workshop, Washington, DC. April 1993, pp. 253-260.[12] N. Haala and M. Hahn �Data fusion for the detection and reconstruction ofbuildings�, Workshop on Automatic Extraction of Man-Made Objects from Aerial andSpace Images, Monte Vertia, Switzerland, 1995.

41[13] O. Hennricsson, F. Bignone, W. Willuhn, F. Ade, O. Kubler, E. Baltsavias, S.Mason, and A. Grun. �Project Amobe, Strategies, Current Status, and Future Work�,International Archives of Photogrammetry and Remote Sensing, XXXI, Part B3, pp. 321-330, 1996.[14] M Herman and T. Kanade, �Incremental Reconstruction of 3D Scenes fromMultiple, Complex Images,� AI, 30(3), 1986, pp.289-341.[15] A. Huertas and R. Nevatia, �Detecting Buildings in Aerial Images�, CVGIP, 42(3),.2988, pp.131-152, 1988.[16] A. Huertas, C. Lin and R. Nevatia, ‘‘Detection of Buildings from Monocular Viewsof Aerial Scenes using Perceptual Grouping and Shadows,’’ Proc. Arpa ImageUnderstanding Workshop, Washington, DC, April 1993, pp.~253--260.[17] R. Irving and D. McKeown, �Methods for Exploiting the Relationship betweenBuildings and their Shadows�, IEEE SMC , 19(6), 1 989, pp.1564-1575.[18] C.Jaynes, F.Stolle and R.Collins, �Task Driven Perceptual Organization forExtraction of Rooftop Polygons,� IEEE Workshop on Applications of Computer Vision,Sarasota, FL, Dec.1994, pp.152-159.[19] C. Jaynes, F. Stolle, H. Schultz, R. Collins, A. Hanson and E. Riseman, �Three-Dimensional Grouping and Information Fusion for Site Modeling from Aerial Images�Proc. Arpa Image Understanding Workshop, Palm Springs, CA, Feb. 1996, pp.479-490.[20] T. Kim, J. Muller, �Building Extraction and Verification from Spaceborne and AerialImagery using Image Understanding Fusion Techniques�, Workshop on AutomaticExtraction of Man-Made Objects from Aerial and Space Images, Monte Vertia,Switzerland, 1995.[21] R.Kumar and A.Hanson, �Robust Methods for Estimating Pose and SensitivityAnalysis,� CVGIP: Image Understanding, Vol.60(3), Nov.1994, pp.313-342.[22] F. Lang and W. Forstner, �Surface Reconstruction of Man-Made Objects usingPolymorphic Mid-Level Features and Scene Knowledge�, International Archives ofPhotogrammetry and Remote Sensing, XXXI, Part B3, pp. 415-420, 1996.[23] C.Lin, A.Huertas and R.Nevatia, "Detection of Buildings using PerceptualGrouping and Shadows," IEEE CVPR, Seattle, 1994, pp.62-69.[24] C.Lin and R.Nevatia, "Building Detection and Description from MonocularAerial Images," DARPA IUW, Palm Springs, CA, 1996, pp. 461-468.[25] Y. Liow and T. Pavlidis, �Use of Shadows for Extracting Buildings in Aerial Images�,CVGIP, v.49, 1990, pp. 242-277.

42[26] C. McGlone and J. Shufelt, �Projective and Object Space Geometry for MonocularBuilding Extraction�, CVPR, 1994, pp. 54-61.[27] D.McKeown et.al. "Research in the Automated Analysis of Remotely SensedImagery: 1994-1995," DARPA IUW, Palm Springs, 1996, pp. 215-245.[28] J.Mundy, R.Welty, L.Quam, T.Strat, W.Bremner, M.Horwedel, D.Hackett andA.Hoogs, �The RADIUS Common Development Environment,� DARPA ImageUnderstanding Workshop, San Diego, CA, Jan.1992, pp.215-226.[29] S. Noronha and R. Nevatia, �Detection and Description of Buildings from MultipleAerial Images,� DARPA IUW, Palm Springs, CA, 1996, pp. 469-478.[30] M. Okutumi and T. Kanade, �A Multiple Baseline Stereo�, IEEE Trans. on PatternAnalysis and Machine Intelligence, Vol. 15, No. 4, pp. 353-363, 1993.[31] M. Roux and D. McKeown, �Feature Matching for Building Extraction fromMultiple Views�, CVPR �94, 1994, pp. 46-53.[32] M. Roux, Y. Hsieh, and D. McKeown, �Performance Analysis of Object SpaceMatching for Building Extraction using Several Images�, Integrating PhotogrammetricTechniques with Scene Analysis and Machine Vision II, SPIE Vol. 2486, 1995.[33] H. Schultz, �Retrieving Shape Information from Multiple Images of a SpecularSurface�, IEEE Trans. on Parttern Analysis and Machine Intelligence, Vol. 16, No. 2,1994.[34] X.Wang, W.J.Lim, R.Collins and A.Hanson, �Automated Texture Extraction fromMultiple Images to Support Site Model Refinement and Visualization,� Proc. ComputerGraphics and Visualization, Plzen, Czech Republic, 1996.[35] U. Weidner, �An Approach to Building Extraction from Digital Surface Models�,International Archives of Photogrammetry and Remote Sensing, XXXI, Part B3, pp. 924-929, 1996.