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Abstract. Inthis paper an approadch is presented that obtains virtual models from sequences
of images. The system can ded with urcdibrated image sequences aajuired with ahand held
camera. Based ontradked ar matched fedures the relations between multiple views are
computed. From this both the structure of the scene and the motion d the canera ae
retrieved. The anbiguity onthe reconstructionis restricted from projedive to metric through
auto-cdibration. A flexible multi-view stereo matching schemeis used to oltain adense
estimation d the surfacegeometry. From the computed data virtual models can be
constructed ar, inversely, virtual models can be included in the original images.
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1 Introdu ction

In recent yeas the enphasis for applicaions of 3D modelli ng has difted from measurements
to visuali zation. New communication and visuali zation tedindogy have aeaed an important
demandfor phao-redistic 3D content. In most cases virtual models of existing scenes are
desired. Thishascreaed alot of interest for image-based approaches. Applicaionscan be
foundin e-.commerce red estate, games, post-production and spedal effeds, smulation, etc.
For most of these applicaionsthereisaneed for smple andflexible aquisition procedures.
Therefore cdibration shoud be ésent or restricted to aminimum.  Many new applicdions
also require robust low cost aqquisition systems. This dimulates the use of consumer phato-
or video cameras. Some gproaches have been proposed for extrading 3D shape and texture
from image sequences aqquired with afredy moving camera have been proposed. The
approach of Tomas and Kanade (1992 used an affine fadtorisation methodto extrad 3D
from image sequences. Animportant restriction d this g/stem isthe asumption of
orthographic projedion. Ancther type of approac starts from an approximate 3D model and
camera poses and refines the model based onimages (e.g. Facade propacsed by Debevec ¢ al.
(1996. The avantageisthat fewer images are required. On the other hand a preliminary
model must be avail able and the geometry shoud na be too complex. The gproad
presented in this paper avoids most of these restrictions. The gproach captures phato-
redistic virtual models from images. The user acquires the images by fredy moving a canera
aroundan oljed or scene. Neither the caneramotion na the camera settings have to be
known apriori. Thereisalso no real for preliminary models. The gproac can also be used
to combine virtual objedswith red video, yielding augmented video sequences.

2 Relating images
Starting from a @lledion d images or avideo sequencethefirst step consistsin relating the

different imagesto eat ather. Thisisnot an easy problem. A restricted number of
correspondng pointsis sufficient to determine the geometric relationship or multi-view



constraints between the images. Sincenat al points are equally suited for matching or
trading (e.g. apixel in ahomogeneous region), the first step consists of seleding feaure
points (Harris and Stephens, 1988 Shi and Tomasi, 1994. Depending on the type of image
data(i.e. video o still pictures) the fedure points are tradked or matched and a number of
potential correspondences are obtained. From these the multi-view constraints can be
computed. However, sincethe corresponcdence problem isanill -posed problem, the set of
correspondng points can be mntaminated with an important number of wrong matches or
outliers. Inthiscase, atraditional |east-squares approach will fail and therefore arobust
methodis used (Torr, 1995 Fishler and Bolles, 1981). Oncethe multi-view constraints have
been oltained they can be used to guide the search for additional correspondences. These can
then be used to further refine the results for the multi-view constraints.

3 Structure and motion recovery

Therelation between the views and the crresponcdences between the fedures, retrieved as
explained in the previous dion, will be used to retrieve the structure of the scene and the
motion d the canera. The gproach that is used isrelated to the goproach propaosed by
Beadsley et al. (1997 but isfully projedive and therefore not dependent on the quasi-
Euclidean initialisation. Thisisadieved by strictly carrying out all measurementsin the
images, i.e. using reprojedion errorsinstead of 3D errors. To suppart initiali sation and
determination d close views (independently of the adual projedive frame) an image-based
measure to oltain a qualitative evaluation d the distance between two views had to be used.
The propased measure is the minimum median residual for a homography between the two
views. At first two images are seleded and an initia projedive reconstruction frameis st-up
(Faugeras, 1992 Hartley et a. 1992. Then the pose of the canerafor the other viewsis
determined in this frame and for ead additional view theinitial reconstructionis refined and
extended. Thisisillustrated in Figure 1.

Figure 1 The pose estimation of a new view usesinferred structure-to-image matches.



In this way the pose estimation d views that have no common feaures with the reference
views also becomes possble. Typicdly, aview is only matched with its predecessor in the
sequence. In most cases thisworksfine, but in some caes (e.g. when the camera moves badk
andforth) it can beinteresting to also relate anew view to a number of additional views.
Candidate views are identified using the image-based measure mentioned above. Oncethe
structure and motion hes been determined for the whole sequence, the results can be refined
through a projedive bunde aljustment (Triggs et a. 200Q. Then the anbiguity is restricted
to metric through auto-cdibration (Triggs, 1997 Pollefeys, 1999h). Finally, ametric bunde
adjustment is carried ou to oltain an ogimal estimation d the structure and motion.

4 Dense surface estimation

To oltain amore detail ed model of the observed surfacedense matching isused. The
structure and motion okliained in the previous geps can be used to constrain the
corresponcence seach. Sincethe cdibration between successve image pairs was computed,
the goipdar constraint that restricts the crrespondence search to a 1-D seach range can be
exploited. Image pairs are warped so that epipalar lines coincide with the image scan lines.
Deding with images acqquired with afredy moving hand-held camera, it isimportant to use a
cdibration scheme that works for arbitrary motions (Pollefeys et al., 199%). In addition, this
approach guarantees minimal image sizes. The @rrespondence seach isthen reduced to a
matching of the image points along ead image scan-line. An example of aredified stereo
pair isgiven in Figure 2. It was recorded with a hand-held dgital video camerain the
Béguinage in Leuven. Dueto the narrow streds only forward motionisfeasible. Thiswould
have caised standard homography-based redification approaches to fail .

In addition to the epipdar geometry other constraints li ke preserving the order of
neighbouing pixels, bi-diredional uniquenessof the match, and detedion d ocdusions can
be exploited. These mnstraints are used to guide the crrespondence towards the most
probable scan-line match using a dynamic programming scheme (Cox et al. 1999. The
matcher seaches at ead pixel in oreimage for maximum normali zed crosscorrelationin the
other image by shifting a small measurement window along the @rrespondng scan line.
Matching ambiguiti es are resolved by exploiting the ordering constraint in the dynamic
programming approad (Koch, 1996. The dgorithm was further adapted to employ extended
neighbouhoodrelationships and a pyramidal estimation schemeto reliably ded with very
large disparity ranges of over 50% of image size (Falkenhagen, 1997. The disparity seach
rangeislimited based onthe dispariti es that were observed for the feaures in the structure
and motion recvery.

The pairwise disparity estimation all ows computing image-to-image @rrespondence between
adjacent redified image pairs and independent depth estimates for ead camera viewpaoint.
An ogimal joint estimate is achieved by fusing all i ndependent estimates into a wmmon 3D
model using a Kaman filter. The fusion can be performed in an econamicd way through
controll ed correspondencelinking. This approach was discussed more in detail in (Koch et al.
1998). This approach combines the alvantages of small baseline and wide baseline stereo. It
can provide avery dense depth map by avoiding most ocdusions. The depth resolutionis
increased through the wmbination o multi ple viewpoints and large global baseline whil e the
matching is smplified through the small | ocd baselines.
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Figure 2 Béguinage sequence Redified image pair (left) and some views of the remnstructed street model
obtained from several image pairs (right).

5 Building virtual models

In the previous fdions a dense structure and motion reavery approach was given. This
yields al the necessary informationto buld phdo-redistic virtual models. The 3D surfaceis
approximated by a triangular mesh to reduce geometric complexity and to tail or the model to
the requirements of computer graphics visuai zation systems. A simple gproac consists of
overlaying a 2D triangular mesh ontop of one of the images and then buld a correspondng
3D mesh by pladng the vertices of the triangles in 3D space acording to the values foundin
the mrrespondng depth map. The image itsalf is used as texture map. If no depth valueis
avail able or the confidenceistoolow the mrrespondng triangles are not reconstructed. The
same happens when triangles are placed owver discontinuities. This approach works well on
dense depth maps obtained from multi ple stereo pairs andisill ustrated in Figure 3. The
texture itself can aso be enhanced through the multi-view linking scheme. A median o
robust mean o the crrespondng texture values can be mmputed to dscard imaging
artefads like sensor noise, speaular refledions and highlights.



Figure 3 Surface remnstruction approach (top): A triangular mesh isoverlaid on top of theimage. The
vertices are back-projeded in spaceaccording to the depth values. From thisa 3D surfacemode is
obtained (bottom).

To reconstruct more complex shapesit is necessary to combine multi ple depth maps. Since
all depth-maps can be located in a single metric frame, registrationis not an isse. In some
casesit can be sufficient to load the separate models together in the graphics s/stem. For
more complex scenes it can be interesting to first integrate the diff erent meshesinto asingle
mesh. This can for example be dore using the volumetric technique propaosed in (Curlessand
Levoy, 1999. Alternatively, when the purposeisto render new views from similar
viewpoints image-based approacdhes can be used (Koch et al. 200). This approach avoids
the difficult problem of obtaining a cnsistent 3D model by using view-dependent texture and
geometry. This also all ows taking more complex visua effeds such asrefledions and
highlights into acourt.

5 Examples and applications

The Indian temple sequencewas ot in Ranakpur (India) using a standard Nikon F50 phdo
camera and then scanned. The sequenceseen at the left of Figure 4 was processed through
the method presented in this paper. The results can be seen ontheright of Figure 4.

Anather chall enging application consists of seanlesdy merging virtual objeds with red
video. In thiscase the ultimate goal isto make it impaossble to dff erentiate between red and
virtual objeds. Severa problems neal to be overcome before adieving thisgoal. The most
important of them isthe rigid registration d virtual objedsinto the red environment. This
can be dore using the motion computation that was presented in this paper. A more detail ed
discusson d this application can be foundin (Cornelis et a. 2001).



Figure 4 The Indian temple sequence (left), recovered spar se structure and motion (top-right) and
textured and a shaded view of the recnstructed 3D surfacemodel (bottom-right).

The foll owing example was recorded at Sagalassosin Turkey, where footage of the ruins of
an ancient fourtain was taken. The fourtain video sequence @nsists of 250frames. A large
part of the original monument is missng. Based onresults of archaeologicd excavations and
architedural studies, it was possbleto generate avirtua copy of the missng part. Using the
propased approach the virtual reconstruction could be placeal badk onthe remains of the
original monument, at least in the recorded video sequence. Thetop part of Figure 5 shows a
top view of the recovered structure before and after bunde-adjustment. Besides the larger
reconstruction error it can also be naticed that the nonrefined structureis dightly bent. This
effed mostly comes from nat taking the radial distortioninto ac@urt in the initial structure
recvery. Intherest of Figure 5 some frames of the aigmented video are shown.

6 Conclusion

In this paper an approach for obtaining virtual models with a hand-held camerawas
presented. The gproach utili zes diff erent comporents that gradually retrieve dl the
information that is necessary to construct virtual models from images. Automaticdly
extraded feaures are tracked or matched between conseautive views and multi-view
relations are robustly computed. Based onthis the projedive structure and motionis
determined and subsequently upgraded to metric through self-cdibration. Bunde-adjustment
Is used to refine the results. Then, image pairs are redified and matched using a stereo
algorithm and dense and acaurate depth maps are obtained by combining measurements of
multiple pairs. From these results virtual models can be obtained ar, inversaly, virtua
models can beinserted in the original video.



Figure 5 Fusion of real and virtual fountain parts. Top: recovered structure before and after bundle
adjustment. Bottom: 6 of the 250frames of the fused video sequence.
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