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Abstract e.g. [25, 14, 11]. In this paper, an extension to this algo-
rithm is proposed that targets its acceleration and itsiexec
This paper deals with the automatic stereo reconstruc- tion within an arbitrary small amount of memory capacity;
tion of wide-area scenes. lIts particular goal is a compu- the extension is algorithmic and, thus, equally applicable
tationally efficient method that can be performed on a per- to a conventional or hardware-accelerated implementation
sonal computer, despite the large amount of data involved in Our additional interest in memory-conservation is twofold
the reconstruction of wide-area scenes. Robustness is conFirst, because processing of high-resolution images typi-
sidered in terms of the accuracy of the final reconstruction, cally exceeds the available memory capacity. Second, be-
as well as, in the context of simplifying the image acquisi- cause state-of-the-art graphics hardware has even less on-

tion process for the end-user. board memory than a personal computer and, thus, the pro-
cessing of high resolution images in the GPU is not straight-
forward.

1. Introduction To cope with the large number of reconstruction points,

we employed a volumetric and local view-combination ap-
The large number of images and broad extent of the re_proach. .In order to fit a finely mj[erp.olatmg surfape to
the voxelized results of view combination, we considered

construction volume in wide-area stereo raise demandmgsurface fitting aporoaches and compared them with respect
computational requirements in processing power and rep- g app P P

resentation capacity, respectively. At the same time, theto accuracy of fit and robustness to outliers.
increase in resolution of cameras raises corresponding de- An additional requirement in wide-area stereo is the es-
mands, regarding the detail of 3D reconstructions that cantimation of camera motion. Principal approaches to hand-
be obtained with an off-the-shelf camera. Our goal is the held camera motion are based on tracking features in con-
ability to process the large amount of data required for re- Secutive images of a sequence to estimate camera motion.
constructing a wide-area scene on a conventional computerimages that are acquired from viewpoints densely arranged
while fully utilizing multiple images of arbitrary highres ~ in space and time, i.e. with a video camera [19] or multi-
lution. ple ones [20], facilitate robust camera motion estimation,
In this context, the application of stereo methods that si- despite inaccuracies in feature tracking. To simplify im-
multaneously consider all input views becomes quite com- 8g€ acquisition we attempted a sparser arrangement of less
plicated. The difficulties are due to the inability to fittme-i ~ Viewpoints. This attempt was supported by the utilization
ages and 3D representation in memory, which are required®f (&) high resolution imagess{pix) and (b) an experi-
by global operations such as visibility reasoning. In the li mental conclusion showing that more discriminant features
erature, wide-area scenes are treated by individually pro-can supporta sparser and less constrained “walkthrough” of
cessing stereo views and registering the partial resules on camera locations.
common reference frame. A view-combination step is ap- The remainder of this paper is organized as follows. In
plied subsequently to stereo, to cope with the effects efvie Sec. 2 related work is reviewed and in Sec. 3, the proposed
overlap and registration inaccuracy. extension to the space-sweeping is presented. A memory-
Space-sweeping is an efficient stereo algorithm that pro-conserving method to efficiently combine the reconstruc-
vides adequately complete reconstructions for well-teedu  tion results from space-sweeping is proposed in Sec. 4. We
surfaces (see Sec. 2). It has been utilized in multi-view demonstrate our contributions with experiments in Sec. 5,
stereo e.g.[12, 20], as a means of coping with large amountsalong with an experimental evaluation of conditions that fa
of data, in a timely fashion. For the same purpose severalcilitate robust camera motion estimation. Summary and di-
hardware-accelerated implementations for the GPU exist,rections for future research are provided in Sec. 6.
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2. Related work Finally, a component of a convenient approach to wide-
area stereo is the estimation of camera motion, in order
The space-sweepingpproach to stereo reconstruction t_o avoid th_e_ use Of_ marker poin_ts or additional localiza-
was introduced in [7], where the depth of sparse image 1‘ea-_tlon modalltn_es. This paper partially adqpts the approach
tures (edges) was recovered, by corresponding them acrosy [1,19], V.Vh'Ch r obustly utilizes the trgcklng of Harrisste :
multiple images with parallel optical axes. The method uti- ture;s [13] in a video sequence to estimate camera m_o'uon.
lizes a hypothetical plane that is translated along thetldep _Gwded by the res_ult in [24], SIFT features [16] are utilized
dimension. The image features are backprojected from both'nStead’ to establish correspondences across.
images onto this, “reference”, plane. At a given depth, the ] ]
features whose backprojections are collocated are consid3- Extension of space-sweeping
ered as corresponding and as to occur at that depth. The
algorithm was formulated for dense stereo [25, 14, 17], as The proposed extension to space-sweeping achieves the
follows. At a given depth, the acquired images are backpro-following two goals. First, the ability to execute the algo-
jected on the hypothetical surface and locally compared asfithm for a large image given an arbitrary small capacity
to visual similarity, by e.g. a correlation metric. The com- of memory. Second, the computational acceleration of the
parison evaluates the similarity of pairs of patches cedter technique. Before proceeding, notation is introduced.
at the same coordinates in the backprojected images. Itthen The version of the technique introduced in [28] is
stores the result for each such pair in a 2D similarity image, adopted, in which the backprojection plane is substituted
also at the same coordinates. For the series of similarityby a spherical secto$ that projectively expands from the
values of a pixel along depth, the depth at which similarity cyclopean eye outwards. Thus, a line of sight depart-
is maximized is an estimate of the depth of the surface ining from the cyclopean ey@is always perpendicular to the
the direction of that pixel. The output is imagé, which is backprojection surface and, as a result, the method previde
called adepth magbecause each of its pixels indicates the more accurate results in the periphery of the image.
estimated depth for the corresponding spherical cooreinat ~ The concentric instances of the backprojection seStor
Curved alternatives of the sweeping plane have been proat depth valuesls, whereé € {1,2,3,...,n} are noted
posed in [21, 28], to increase accuracy at image periphery. as Ss. The set ofds’'s values is called depth range.
Space-sweeping is not the most accurate approach tol hese values are exponentially increasing, so that the im-
stereo reconstruction. A weakness of this method is thatages’ depth granularity is fully exploited, while a minimum
it exhibits reduced accuracy at the reconstruction of afgliq nhumber of depth values is evaluated [6]. PointsSrare
surfaces relative to the sweeping direction, due to perspec Parameterized by an angular stepcoind determined by
tive distortion. To cope with this issue, multiple sweeping Spherical coordinateg andw. To generate sectors;, a
directions have been proposed in [10]. In order to com- corresponding secta$, is first defined on a unit sphere.
pensate for projective distortion and achieve better nestch A point 7' = [zy 2] on S is given by: z = sin(1)),
the backprojections of the acquired images are evaluated oy = cos(¥)sin(w), z = cos(i))cos(w). Its corresponding
multiple planar surfaces that assume a range of orientation PoiIntp’ on.S; is then:
in space and the most fitting are selected [9, 4, 26] . On the - .
other hand, considering multiple orientations signifibant P = di [Ro(=9) By (-w)p+ 0], (1)
increases the amount of computation. whereR, and R, are rotation matrices for rotations about
Several methods have been proposed for the combinatheyy’ andzz’ axes. The backprojection images are locally
tion of partial reconstructions acquired by individuakste compared with av x w correlation kernekC, which yields a
views (or LIDAR scanners); a comprehensive review of similarity scores. The strongest local maximum efalong
“surface fusion” methods can be found in [20]. Most rel- a line of sight indicates the estimated depth. The require-
evant to this paper is the work in [8], which is based on a ment of locality for this maximum introduces robustness to
volumetric representation, that implicitly defines thearec spurious maxima and textureless regions. It, however, re-
struction surface as the zero level-set of a functional ddfin  quires that the previous and next valuessadre recorded
in 3D space. The method was utilized in [12] for the merg- for each depth and, therefore, thrice the memory capacity.
ing of individual stereo results. In [27], this functionahs/
determined by the similarity value of stereo-matching and 3.1. Memory conservation
the Radial Basis Function (RBF) framework in [5] was uti-
lized to finely approximate the pursued zero level-set. In  Although that the pair of high resolution images may fit
a different approach [18], an error-minimization strategy in memory, the use of auxiliary representations for depth,
that fits a surface into an unorganized set of points was pro-3D coordinates, and color of reconstruction points quickly
posed. reduce the available capacity.
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Figure 1. lllustration of the proposed extension to space-s weeping for 3 iterations.

Memory conservation is achieved by tessellating the this paper wag. Prior to subsampling, images are Gaus-
backprojection surfacé. Each such segment is indepen- sianly smoothed for aliasing according/o The result of
dently swept along depth and the results are merged into a&he process is a pyramid of each stereo image. Stereo im-
single depth map. An individual depth map is obtained for ages at iteratiom are noted a§{'72 and their corresponding
each segment and, at the end, these depth maps are concadepth map\/;.
nated to produce the total depth map for the image pair. The Since the resolution of images is reduced at coarser
number of segments is determined by the available memoryscales, two more modulations are introduced to sample im-
capacity and can be arbitrary large. ages more efficiently. First,is modulated so that the den-

The tessellation procedure partitiafisnto x x « spheri- sity of points on the backprojection surface adjusts in ac-
cal segments of equal size, which are henceforth called seceordance to image size; = Y ‘c. Second, the number
tors. It is performed along the two spherical parameteriza- of the - exponentially distributed - depth valuesIinis in-
tion coordinateg) andw, which respectively correspondto creased by a factor ¢f at each iterationn; = 37~ n. The
image width and height. Sectors overlap at their boundaries above two modulations guarantee that all pixel samples will
so that the support samples for the completion of kekhel be utilized, while imageg; , are not oversampled. Thus,
are available and the computationsét these locations is  is set so that at the finest scale, each pixel is sampled &t leas
possible. The amount of angular overlap, so that each pointonce.

in the depth map is computed only onceg isv/2]. The algorithmic procedure is as follows. In the firstitera-
tion, the top of the pyramid is accessed and a low-resolution
3.2. Coarse-to-fine acceleration M, is rapidly obtained, due to the small number of points

on S. Due to the above memory-conservation technigue,
The proposed acceleration technique is coarse-to-finewas initially tessellated inte x x sectors. In each iteration
and iterative, withN being the - a priori defined - num- thereafter, each sectors is recursively tessellateddmaq3
ber of iterations. Iterations initiate processing fromrsea child sectors, so that the entire partitioning scheme oler a
samplings of the stereo images and proceed with finer onesiterations generates a tree-structure of sectors, whehein
at the last iteration the original image is processed. Thei'" iteration,(k3'~!) x (k3°~!) partitions are processed.
method utilizes depth maps from coarser scales to acceler- After the first iteration, the depth range within which a
ate the computation of finer ones, by restricting the evalu- sector is swept is restricted, reducing the amount of the re-
ated depth range. quired computation. Instead of evaluating the full depth
At iteration, the image area is/3'~ of the original rangeD, the limits for each sector are derived from the
image area, meaning that in each iteration image rows anddepth values obtained for the parent sector in the previous
columns are reduced by a factor@f Thus,5 determines  iteration. These limits are the extreme values of depth in
the rhythm of the coarse-to-fine progression and throughoutthe region ofd/;_; that corresponds to the current sector.
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Acceleration stems from the fact that the area in the depthis an overlap, facilitating semi-local operations in thasy

map of a child segment is only thg¢3 of the area of its  thesis of multiple views (e.qg. local plane-fitting etc), asliw

parent sector. It is therefore quite likely to exhibit aneve as, the detection of local maxima of the functional near box

narrower depth range than its parent sector - or in the worstboundaries.

case the same. The adopted method selects a single correlation maxi-
During the coarse-to-fine progression, the required mem-mum along an estimated normal of the reconstructed sur-

ory capacity to process any sector at any iteration is cahsta face to combine views. Therefore the output of the pro-

and equal to the memory required for the processing of thecedure for each box is much smaller, in terms of memory

K X K root sectors (of the first iteration). Therefore, the tech- capacity than the input. In addition, the recovery of the sur

nique does not demand for more memory as the precision offace normal from the stereo images, instead of estimating

reconstruction increases. it from the 3D points, is an additional information that is
The method is demonstrated in Fig. 1, for 3 iterations. valuable in surface-fitting.

On the left, the original stereo pair is shown. The rest of

the figure, shows the depth maps (top) and 3D reconstruc4.2 Surface fitting

tions (bottom) in each iterations (left to right correspsnd

to coarse-to-fine). The depth maps show thg'~") x With the reconstruction points significantly reduced, the

(kB'~") tessellation for each iteration = 3, 3 = 2). fitting of surfaces throughout the whole reconstruction vol

ume is more feasible. Based on the concept in [8], we

4  Application to wide-area multi-view stereo considered two more recent approaches [5, 18] towards the
fitting of an interpolating surface through scattered pint

The combination of individual reconstructions is per- (O & “point cloud”). We note that due to utilized view-
formed by a local volumetric approach, so that the data can@mPination combination approach, for each 3D point we

be partitioned. The result of this operation is 3D points and Nave an estimation of its normal as well.

normals, which are utilized by a surface-fitting approach to _ Althoughthat the above methods provide some treatment
output a mesh-represented surface. of outliers and surfacg normals, they were developeq in the
context of laser scanning and are prone to the magnitude of
errors in wide-area stereo. The work in [5] provides a treat-
ment in the availability of surface normals, however minute
errors in the direction of these normals create artifacts of
. . o - significantly greater magnitude. The method of [18] pro-
stereois that typical memory capacity is insufficient tosto vides of better detail with significant time-efficiency, but

all the 3D points. An approach utilized in the literature is ) : - :
! . . _cannot exploit surface normals and is sensitive to outliers
to sequentially fuse depth maps obtained from consecutive_ . ; ; )
o improve our results, an outlier extraction process is pro

ste_reo pairs of a wdgo sequence, thus retqmlng at any tlmeposed that besides the estimated locations of 3D points con-
a single reconstruction in memory [10]. Since we wish to

. . siders their estimated normals too.
utilize only a few snapshots of the scene, we attempt the uti- . . . . .
o ; . . Lo The proposed extension, requires that neighboring points
lization of all available views, given the limitation of mem

. on a surface should have continuous normals as well. The
ory capacity.

To overcome the increased demand in memory capacitynormalii of point p; is available from the utilized stereo
that the processing of the entire volume would demand, a lo_reconstructlo_n methqd. For each p_Oﬁi;l;t weﬁcomgute Ehe
. s : : vectors from itself to it%-nearest neighbors’; = p; — p;,
cal view combination method is applied [26]. The method - . - J J
. . . . . wherep;_1 2... 1 the k neighbors ofp;. We then compute
utilizes all available views and its accuracy was tested in J= s s St :

) ) the anglea between the’; andvy; via their dot product
outdoor scenes in [29], but due to memory constraints re- _~ ~ = 17||v7; | cos . If the surface is planary should
constructions were restricted in smaller spatial extents a Vi * Vig = |Vil[Vij] €08 A 5P b
coarser resolutions. The method defines a functional forbeﬂ/z' More generally, if the surface is assumed as locally
each voxel in space that is based on the score of correlatiorpIanar then o — /2| < o)
matching and extracts a reconstruction at the local maxima o= T
of this functional. It can be therefore evaluated indepen- should hold. The above geometry is illustrated in Fig. 2. In
dently for each voxel. the figurep; is an outlier point ang; is one of itsk-nearest

Depending on available memory capacity, the recon- neighbors. Solid arrows indicate (estimated) surface nor-
struction volume is tessellated into arbitrary small ragta mals and dashed ones vectofs. Our assumption is that
lar parallelepipeds, called “boxes”. By processing each bo for a surface point, the above condition should hold for the
individually, an arbitrary large reconstruction can beleva  majority of its k-nearest neighbors. To model the fact that
ated, even with a small memory space. Between boxes thereertain outliers occur at great distance from the veridical

4.1 View combination

A particular difficulty in view combination for wide-area
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a depth map of a (final) resolution ef 107 pixels was uti-
lized. The number of reconstructed points was aldodt

less, on average. The depth rarf@evas comprised o960

depth levels, exponentially distributed in depth,= 15,

N =5, andx = 3.

g Due to memory limitations we were not able to execute
the conventional version of the space-sweeping algorithm
in the above conditions. For half the depth map resolu-

~a tion, or 1/4 of the pixels, it lasted more thahhours, on
a Pentium computer withGB of RAM. Since the com-

Pj plexity of the algorithm is linear to the number of pixels,
the estimated time for the resolution we failed to evaluate
is aboutl6 hours. Utilizing the proposed sphere-sweeping

Figure 2. lllustration of the geometry of out- extension for théull image resolution the computation time

lier extraction (see text). was constrained inz 2.5 hours, depending on the stereo

pair (note that the exact amount of computation, is content-
dependent). With respect to the conventional version the

expected speedup 48 7. Due to the conservativgs(= 2)

coarse-to-fine progression, cases where an error in coarse

scale would result to the omition of part of the reconstruc-
tion did not occur. Finally, we confirmed that the fine scale
result was identical to that which would have been produced
by the conventional version of the method, by performing

She latter for smaller parts of stereo pairs and compariag th

results.

surfaces proximity is accounted by assuming that the av-
erage distance, of an outlier to itsnearest neighbors, is
greater than thresholdg.

To avoid dealing with threshold valuesandr, they are
both liberally set (e.gr, = 20°, 7; = 5 voxels) and we de-
pend on the combined value of the two assumptions abov
for the final result. To efficiently retrieve the-nearest
neighbors of); akd-tree ¢ = 3) that is sorted according to

distance [2], is utilized. . . .
5.2 Camera motion estimation

5 Experiments Camera motion estimation is based on the work in [1],

as elaborated for projective geometry in [19]. The Bundle
The main experiment in this section regards the recon- ogjustment procedure in [15] was optionally invoked to im-
struction of an outdoors: 15m x 30m scene, from 40  prove the estimated camera motion and structure, as a final
images acquired with a Canon Powershot SLR camera. Thepost-processing step.
image resolution was272 x 2456 color pixels, with2!¢ In the experiment, image feature detection and match-
levels of gray. In the first 20 frames, the motion of the cam- ;4 \as tested in two conditions: utilizing Harris and SIFT
era was smooth. In the rest of the frames, images were aCtgatyres. In the Harris condition, matching was correfatio
quired along wider baselines, as the observer moved aroung) ;e using a neighboring constraint which was based on
the scene with greater affinity. In Fig. 3, some sample im- [30] and extended in [22] to disambiguate between sim-
ages of the sequence are shown. _ilar matches. In the SIFT condition, matching was as in
In the remainder of this section, the proposed extension[16) |t is noted that the computation of the SIFT features
to space-sweeping is experimentally evaluated. Next, an eX tqy the images required more memory than available. The
periment in camera motion estimaﬁon compares accuracyimage was, thus, tessellated into patches, which were in-
and robustness of the procedure with respect to the type ofyependently processed, and features from each patch were
tracked image features. Finally, comparative results in su merged. To avoid blocking artifacts, the patches were ade-
face fitting and outlier suppression conclude this section. quately overlapping. Duplicate features, due to block over
lap, were removed in merging.
5.1 Sphere-sweeping extension The recovered camera motions for the Harris and SIFT
conditions are shown in Fig. 4. The first observation from
Stereo views were comprised of image pairs acquired atthe experiment was that in the SIFT condition greater base-
adjacent positions. The sphere sweeping method was utilines of camera motion were tolerated. In théframe
lized to obtain a reconstruction from each view. The visual sequence of the experiment, the Harris condition returned
angle of the spherical sectors wa® x 60°. To guaran-  very inaccurate results after a specific frarp@'((), where
tee that each image pixel was to be sampled at least oncecamera motion was relatively large. Increasing the spatial
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Figure 3. Sample images from the acquired sequence (frame nu mbers from left: 0, 14, 21, 34).

i

v

4678910133

Figure 5. Comparison of reconstruction ac-

Figure 4. Estimated camera trajectory using curacy for the established correspondences
Harris (left) and SIFT features (right). in the Harris and SIFT conditions (see text).

5.3 Surface-fitting

range of search in the Harris condition did not alleviate of

the problem. In contrast, an even greater increase in er- After combining (see Sec. 4) the results from the

ror was observed, due to the occurrence of more spuriousstereo views of the SIFT condition, we compared the
matches. In Fig. 7, the viewpoints of some camera loca- surface-fitting methods in Fig. 6.

tions are indicated into a colorized top view of the total re-  The results from the RBF interpolation [5] show that
construction. although this method constructs smooth surfaces, the ac-
curacy of the reconstruction is seriously affected from the
%resence of outlier points. In the experiments, we initiall

of the corresponded features. In the SIFT condition more utilized theerrorbar method of this approach to introduce
correspondences (aba2% on average) were established ) . PP
. tolerance against outliers and errors in surface normal es-

across frames. The mean reprojection error (measured in. ; .
) . i . . imations. However, the interpolating surface would ceeat
pixels) is shown in Fig. 5(left), as a function of time (num- : . ; :
protrusions in order to interpolate through, or near, eutli

ber of input frame). The Harris plot (dashed line) termisate .
earlier tr?an the S?FT plot dueF:o trge error at th)e frate points. We then tested thheducedmethod of the approach,
' which was the one to perform best (shown in Fig. 6). The

Acguracy can be also visually conflrmed_ in Fig. S(right), technique attempts to find a better fit by reducing the num-
which shows the reconstructed 3D locations of the estab- . . L
ber of pivot points, however oversimplifies the result or ex-

lished correspondences, in a side-view and for the two Con'hibits the same artifacts as above. Another issue with the

ditions (top: Harris, bottom: SIFT). By observing the spa- RBF approach was that the metho.d would necessarily out-

tial variance of these points and the considering approxi—put a single interpolating surface and, thus, introduce sur

mately planar structure of the ground, it is concluded that]c . . here input point ,Id t,

SIFT-based correspondences approximate better the image&lce N reglons where Input points would hot occur.
Ohtake’s method [18] yielded more accurate reconstruc-

surface. . R :
tions in significantly shorter period{ 10x) than [5], but
We observed the same behavior in several sequencewvas prone to outliers. In their occurrence it created “Holes

without in any case the Harris condition performing bet- or small pyramidic structures that protruded from the main
ter. The consequent tolerance to relatively large baseline surface, to fit through remaining outliers. The proposed, in
or angle changes is important, because we wish to reconSec. 4.1, preprocessing step applied to the above approach,
struct scenes from a only few snapshots instead of a videds shown in Fig. 6, and it is observed that the proposed out-
sequence. lier suppression technigue improves the result fitting pro-

The second observation regards the number and accurac
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cess, produces less holes, and reconstructs a great@mporti
of the scene. The detail images show the round structure
(on the right), which is shown in the bottom-right of frame
#14in Fig. 3.

6 Summary and future work

In this paper an approach to wide-area multi-view stereo
is proposed that is automatic and can be performed with
of-the-shelf computational resources and materials. Our
goal is the acquisition of images from an arbitrary large
area and the automatic generation of the 3D model of the
scene, in a personal computer. This paper contributes on the
time-efficient and memory conserving reconstruction of the
scene. In order to support a convenient image acquisition
process, it tests the possibility of acquiring a few snafsho
with a high-resolution camera. In this effort, SIFT feature bers of some frames. The large white structure on the bot-
facilitate a more affine trajectory of the camera. tom is the one shown in Fig. 1. In addition, conventional

We point out that, besides acceleration, the extension ofapproaches to mapping texture on the triangles of a mesh
Sec. 3 is useful for the stereo-processing of high-resmiuti  (e.g, VRML), require that all input textures are present in
images, in the limited memory capacity of the GPU. Atime- memory. Since this is difficult for many images a more
consuming part of such implementations, is the transfer of efficient approach, which possibly utilizes only necessary

Figure 7. Colorized reconstruction of the
scene for the SIFT condition.

data from RAM to the GPU’s working memory. Given our
data-partitioning memory-conservation approach, a depth
first access tree-structure of sectors (see Sec. 3), is pro-
posed. This way the algorithm first completes the process-
ing of an image region until the finest scale and, then, pro-
ceeds to the next.

A future research direction concerns larger-scale recon-
structions and the case that even the reduced capacity re-
construction, inputted to the method of Sec. 4.2, is tocgarg
to be processed by the surface fitting approach. A possi-
ble treatment would be partially fit a surface in each box
and then adopt the work in [23] to “zip” the partial surface-
fittings.

Given the progress in automatic panorama extraction [3],
a relaxation of the constraint for sequential ordering of in
putimages in camera motion estimation could be attempted.
Regarding memory-constraints in this motion estimation, a
way to adopt bundle adjustment for an arbitrary number of
frames is pursued. The method in [15], sufficed for the ex-
periments in this paper, but we were unable to apply it in [6]
twice the data.

We left out of the scope of this paper the procedure 7
of texture mapping the output mesh surfaces. Currently a
scheme of multiple Z-buffers is utilized, to determine the

(1]

(2]

(3]
(4]

(5]

) N S EE (8]
images that a 3D point is visible and assign it with the ap-
propriate color. However, inaccuracies in camera motion
estimation and photometric equalization of images give ris  [g)

to “seams” in the final result and require further research.
Fig. 7 shows the visual result from such a coloring or points, [10]
from a top view. For reference with the camera motion esti-
mation procedure, marked are also the viewpoints and num-

image segments, is warranted.
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