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ABSTRACT

In this paper we compare two dense matching approaches. rEherie has been developed in the
context of shape from video using minimal path search. Tlkerstone is a PDE-based approach,
and would be expected to give better results for shape frosmg@ll number of) still images and for
wide baseline situations. Both methods use as input thgdalibrated camera parameters, that have
been obtained after structure form motion recovery fromalibcated images. Emphasis lies on the
usage of only a small amount of (high resolution) image®asdf a (low resolution) video sequence.
We use ground truth synthetic data as well as real data to amape two algorithms.

1 INTRODUCTION

During the last few years more and more user-friendly sohgifor 3D modeling have become avail-
able. Techniques have been developed (Armstrong et al4, 188yden andistrom, 1997, Hartley
and Zisserman, 1998, Pollefeys et al., 1998) to reconssaearies in 3D from video or images as the
only input.

The strength of these so-called shape-from-video tech-
niques lies in the flexibility of the recording, the wide
variety of scenes that can be reconstructed and the ease
of texture extraction.
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The structure from video pipeline in fig. 1 (Pollefeys et 4B98), that has already been used suc-
cessfully for small-baseline situations, needs to be chdmg possibly two parts for wide-baseline
conditions. First, one requires initial feature matchihgttshould be able to cope with the large
change in baseline or scale. This problem has been invesdigpg (Tuytelaars and Van Gool, 2000,
Baumberg, 2000, Matas et al., 2002, Mikolajczyk and Schrd@)2). They use affine invariant
regions for matching images taken from very different viemngs. An extension of this work to mul-
tiple views has recently been published by (Ferrari et 803. With these techniques, it is possible



Figure 2:Depth maps for three (left, middle, right) synthetic sceffeg ground truth, Middle PDE-
based approach, Bottom: Minimal path algorithm

to self calibrate images in the same way as before under-$rasdlline conditions (fig. 1) (Pollefeys
et al., 1998).

The second change - and this is the focus of this paper - isaih@edmatching that extends the sparse
Euclidean point model to a full 3D model (see fig 1). We comganeinimal path search algorithm
using dynamic programming (Van Meerbergen et al., 2002) wipartial differential equation (PDE)
based approach (Strecha and Van Gool, 2003, Strecha anda@n2®02) As explained in more
detail in section 2, dense matching using the minimal patincbealgorithm involves the solution of
the stereo problem for pairs of rectified images and the fusicthese to a depth map. Especially
when dealing with a small amount of images, one would likedimsine these two steps into a sin-
gle estimation scheme. The advantage becomes clear bydeadngj the fact that depending on the
geometry some pixels in imagecould be matched more reliably to image&vhile others have more
reliable matches in image An integrated scheme would be able to take advantage o theally
changing reliabilities, and is part of our PDE-based apgtahscussed in section 3.

Another advantage of the PDE-based approach is that mgthimot quantized to a predefined pre-
cision, which results in smoother 3D models. Hence, one evexypect more accurate results for the
PDE-based approach.

On the other hand, since the PDE-based approach is morietexdtio the search of corresponding
points along lines provided by the geometry of the calibratthis method is more sensitive to in-
accuracies in the calibration process. So in case of noriggrealibration one would expect to have
less reliable models.

2 DYNAMIC PROGRAMMING BASED DENSE MATCHING

With the camera calibration extracted for all viewpointghaf sequence, we can proceed with methods
developed for calibrated structure from motion algorithmi$he structure from motion algorithm
already delivers a sparse surface model based on disteciréepoints. To obtain a more detailed
model of the observed surface a dense matching techniqseds u
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Figure 3: Synthetic results: Histogram of the relative deviation loé £stimated depth maps from
the ground truth for each pixel (from fig 2 in the same ordegpTPDE-based approach, Bottom:
Minimal path algorithm

Figure 4:Three high resolution image8(72 x 2048 pixels) used in the experiments

Since the calibration between successive image pairs waputed, the epipolar constraint that re-
stricts the correspondence search to a line can be exploitedje pairs are warped so that epipolar
lines coincide with the image scan lines. For this purposeéhtification scheme proposed in (Polle-
feys et al., 1999) is used. This approach can deal with argitrelative camera motion which is
not the case for standard homography-based approaches fatiiwshen the epipole is contained in
the image. The approach proposed in (Pollefeys et al., 18/88)guarantees minimal image size.
The correspondence search is then reduced to matching edmingimage scan-line. This results in
a dramatic increase of the computational efficiency of tigeprhms by enabling several optimiza-
tions in the computations. In addition to the epipolar gewyether constraints like preserving the
order of neighboring pixels and bidirectional uniquendsthe match are exploited. However, these
are reasonable assumptions for small baseline stereo Oniger general wide-baseline conditions
they cannot be made. In (Van Meerbergen et al., 2002) thestraintsare used to guide the corre-
spondence towards the most probable scan-line match uslygaamic programming scheme . The
matcher searches at each pixel in one image for maximum tiaadaross correlation in the other
image by shifting a small measurement window along the spording scan line. The disparity



tured from the same positions as the images in fig. 4; left. Biaked approach; right: Dynamic
programming

search range is limited based on the disparities that weserebd for the features in the previous
calibration stage.

The pairwise disparity estimation allows to compute imagetage correspondence between adjacent
rectified image pairs up to pixel precision. It yields indegent discretized depth estimates for each
camera viewpoint. An optimal joint estimate is achieved lsirig all independent estimates into a
common 3D model using a Kalman filter. The fusion can be peréatin an economical way through
controlled correspondence linking and was discussed irerdetail in (Koch et al., 1998). This
approach can provide a very dense depth map while avoidirgy avalusions. The depth resolution
is increased through the combination of multiple viewpgiritarger global baselines are exploited
based on the matching of series of subsequent images undéiaral baseline conditions.

3 PDE-BASED DEPTH EXTRACTION

Due to space limitations, we only describe the main idea efalgorithm. For details, we refer to
(Strecha and Van Gool, 2003, Strecha and Van Gool, 2002)erGWwimagesi = 1..N, that have
been calibrated, our PDE-approach is based on the miniimizat the following cost functionals for
the different cameras, written here in terms of ttmecamera.

Bild] = [ Y @) - LT d)Pdz + X [(Vd) DVC:) Vi (1)
O 7 Q



Figure 7: Untextured and textured models zoomed to the woman’s hea isethe models of
fig. 5;from left to right: Zoomed image; PDE-based using ¢éhregh resolution images; dynamic
programming using three high resolution images

Figure 8: Un textured full models: from left to right: PDE-based usithgee high resolution im-
ages; dynamic programming using three high resolution iesa@ DE-based using using video input;
dynamic programming using video input

The minimum of this energy for all cameras (usually not mdérant 10) is estimated by a system
of coupled PDE’s. The dense matching of the images does mat agectification of image pairs.
Our PDE-based approach uses a parameterizéf(o?ndi)) of corresponding pixels by the inverse
depthd;. The advantage is the possibility to match a pixel in one ientagthe corresponding pixels
in all other images using only this single parameter. The inveepghdmapi; parameterizes in fact
a 3D mesh textured with imagg. By projecting this mesh to the other camefag j one can
compute the difference of it with each of the other images;. This is realized by the first term in
equation 1. The contribution for a match from image- j is weighted (byc;; (%)) to take care of
possible occlusions. The weighting factor is computed dyinally by the difference in matches from
image: to image; and vice versa. This difference should be zero in most casksaiting a correct
match with no occlusions. However, in case the differenemtszero we either have an occlusion or
a situation where the match is not yet established. Withwieighting mechanism individual pixels
can take advantage of their favorite view. The second teregirl regularizes the depthslt forces
the solutions to be smooth, while preserving depth disoaittes through anisotropic diffusion. The
initialization of the depth mapé;() is zero, accept for pixels where a depth estimate alreadysexi
from the calibration procedure. Using inhomogeneous tiiffasion (Strecha and Van Gool, 2003)
the diffusion time for these pixels is lowered in order to fke¢keir depth value almost fixed. This
results in attracting the other pixels to the minimum of thewae energy 1 very efficiently.

4 RESULTS

First we applied the algorithms to synthetic data. The cas@xternal and internal parameters) are
known in this case and have not been extracted by self cabhraBoth algorithms used the same



Figure 9:Four images used in the wide-baseline experiment

parameter setting for all the three synthetic experiments.

Three images of three small-baseline scenes have beenrusetkr to extract the depth maps seen
in fig. 2. The left side depth maps in fig. 2 are made fromamdy translating camera scene.

In the middle column one can see the interesting
case where the epipole lies inside the image (%
translating camera). To the PDE-base approach t
does not pose any problem. Dynamic progra
ming has difficulties near the epipole. The right i
ages show the behavior with occlusions for a ca
era path translating im-y direction. The deviation
of both algorithms from the ground truth is show
in figure 3. We show the histogram of the relati
depth deviation from the ground truth
H((Dgroundtruth - Destimated)/Dgroundtruth)

for the three synthetic experiments. The histograg 3
value at—0.5 collects all the pixels with a depth|§ ¢&"
value outside the deviation range (usually occludggd

-’;‘ ]

pixels or pixels where no depth value could be ak® .. d .. % g
signed). The error of the dynamic programmingisre 10:Details of the wide-baseline experi-

approach is mainly due to the matching with pixe},ant- PDE-based (left) and dynamic program-
accuracy that results in a discretization of the PORiing (right)

sible depth values. The computational speed of the
algorithms is in the same order of magnitude (for the syitlsetene:(82, 119, 76sec. dynamic pro-
gramming, 80, 98, 113sec. PDE-based).

Two real sequences have been captured in a small-baselpeeirent. One video sequence with
resolution 72576 pixels and a sequence of images with a digital cameBdtf x 2048 pixels,

both following approximately the same path. Figure 4 shdwsd images from the high resolution
camera. These three images have been used to extract thésmbdigs. 5, 7 and 8. We show
the textured and untextured models for the part within théemectangle in fig. 4. Figure 6 shows
the reconstruction of the scene by using a low-resoluti@ewicaptured approximately from the
same camera path. An even more detailed view of the modaetsiaih algorithms, can be seen in
fig.7. Figure 8 shows the complete model. One can see thaytterdc programming approach can
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Figure 12: Details of the wide-baseline experiment: PDE-based (lfifl dynamic programming
(right)

produce good results for a low resolution video input (rfjglBecause of linking much more views
this model appears to be better than dynamic programmingyusily three images (middle-left).
However, our PDE-based approach has the best results ms&lé @s one can see also in figures 5 and
7.

The last experiment is a wide-baseline high resolution expt, where the images are too far apart
to calibrate them with small-baseline techniques. Insigadised the affinely invariant regions of
(Tuytelaars and Van Gool, 2000, Ferrari et al., 2003) to fimel initial matches. Figure 9 shows
the original images. Zoomed models of the parts indicated tite rectangle for both algorithms
of the top-left image in this figure can be seen in figures 10add 12. Since the matching is not
restricted to pixel accuracy in the PDE-based approach tidefs are more smooth and detailed. The
effect of the restriction to pixel accuracy for the dynamiogramming approach is clearly visible in
figure 11(right).



5 CONCLUSIONS

Using our PDE-based dense depth estimation scheme one imdeledd be able to replace a structure
from video pipeline by structure from high resolution stilages. This approach gives also accurate
results when using only a few images. In that case the PDEebagproach outperforms even the
dynamic programming using many more images. By defining theespondence search directly in
3D and using a fine grainexlibpixelaccuracy matching the PDE-based approach outperformed the
dynamic programming approach in the level of detail and enapplicability to more general scenes.
Further work should evaluate the precision of the calibratiThis work can be seen as a step forward
from structure from motion being a tool to compute visuatlyactive 3D models to becoming a real
3D measurement system.
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