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Abstract

Stereo algorithms for structure reconstruction
demand accurate disparities with low mismatch errors
and false positives. Mismatch errors in large
textureless regions force most accurate algorithms to
be sparse, with disparities known only in textured
regions. We propose a novel method which uses
characteristics of the multi-valued disparity to
segregate image regions into unambiguous, occluded
but textured and regions with low color variation. The
disparity in the unambiguous region is calculated
using stable matching with local disparity filtering.
The disparity is interpolated into other regions by
diffusion using unstructured triangulation and method
of finite elements for rapid convergence. The boundary
conditions for each of the region are appropriately
modified so that accurate discontinuities in the
disparity are preserved. A comparison of our method
with some existing methods through experiments reveal
that this algorithm indeed performs significantly better
in producing dense accurate disparities.

1. Introduction

The area of stereo reconstruction involves recovery
of 3D structure of a scene from two images captured
from different viewpoints. Owing to the diversity in
content, viewpoint position, image resolutions and
applications, numerous stereo algorithms have been
proposed. A taxonomy based on matching cost,
aggregation and optimization can be found in [1].
Kostkova [2] classifies algorithms into those suitable
for view interpolation and others for structure
reconstruction and errors in the calculated disparity.
The disparity for view interpolation contains minimal
false negatives, and the structure reconstruction
demands no false positives and mismatches. [2] advises
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graph-cut [5] for view interpolation, and confidently
stable matching (CSM) [3], stratified dense matching
(SDM) [4] for structure reconstruction. But SDM and
CSM provide sparse disparities. In this paper, we will
present a novel algorithm for dense structure
reconstruction for images with large textureless areas.
The key realization leading to development of our
approach is that segregation of image into
unambiguous and ambiguous regions, and using
different techniques for each region is necessary to
provide an accurate disparity. By unambiguous region,
we mean a region whose disparity can be found reliably
by image matching alone. These include the textured
unoccluded areas of the image. The ambiguous regions
are occluded regions and regions with low color
variance (LCV). We propose a two-stage process to
recover dense disparity. We compute the disparity of
unambiguous region using stable matching and local
filtering. In section 2, we discuss the specific areas of
stereo vision pertinent to our algorithm, and also
review a few relevant stereo algorithms. In Section 3,
we present our approach. We discuss our experiments
andresults in Section 4 and conclude in Section 5.

2. Background

As graph cut, belief propagation, use image
matching to initially compute the disparity, they are
susceptible to illusions in low contrast regions[2].
Calculating accurate disparity in LCV regions is a task
very few stereo algorithms accomplish successfully.
There are differences in the LCV regions we consider
in this paper as opposed to that of [1]. In [I] for
instance, there are 10 gray values in a 20X20 window
of fextureless area, and disparity does not change
significantly inside those areas. The LCV regions we
consider have at most 2 gray levels in a 20X20
window, also the disparity changes by 15 levels. Hence
comparing LCV regions with even a 15X15 window









(b) Non-linear diffusion

(c) Membrane diffusion
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(d) Our algorithm
Figure 2. Comparison of disparity obtained from

various algorithms

A comparison is made with nonlinear-diffusion [7],
non-linear diffusion with membrane model [8] methods
provided with the source code by Daniel Scharstein and
Richard Szeliski[8], in Figure 2. It may be observed
that our algorithm performs better in the occluded and
the LCV regions such as (a) Flat region in upper right
of image on river ice (b) Middle of front —most ice
block (¢) Crevice between blocks in lower left corner
of image. Our algorithm preserves all the edges in the
image and does not cause smearing at discontinuities.

We estimated the ground truth by assigning manual
correspondences to a few pixels and interpolating those
values to fill the entire image. For example, the
disparity values at the edges of the ice block are
assigned manually and the values on the surface are
obtained by interpolation. It can be seen in Table 2 that
the average error is also minimized using our method.

Algorithm Average absolute error
Graph Cut 3.3171
Non-linear diffusion 3.4634
Membrane diffusion 4.4662
Our method 3.1366

Table 2. Comparison of errors with respect to ground
truth (the region containing the box is excluded for
sake of error calculation)

More results are provided in Figure 3. We observed
that in highly textured regions some pixels have good
matches at multiple disparity values but are classified
as LCV regions. This happens, for example, in the
image of ice blocks shown in Figure 3. The area
containing trees is classified as LCV region. This is
because the pixels belonging to one tree find a match in
the subsequent trees and although there are pixels with
high error in between trees, the best 10 errors will all
correspond to the tree pixels making the worst error
very small.

4. Conclusion

Areas without any texture are a challenge to most
stereo vision algorithms especially when the resulting
disparity is to be used for structure reconstruction. In
this paper, we describe an algorithm that segregates the
image into unambiguous, occluded but textured, and
low color variance (LCV) regions, using characteristics
of multivalued disparity. We then perform local
filtering and stable matching to obtain accurate but
sparse disparity. We then interpolate in the LCV region
using unstructured triangulation and FEM diffusion for
rapid convergence. We evaluated our algorithm with a
representative test sample for sea ice image pair and



found that our algorithm performs better in LCV areas
than other diffusion methods.
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(a) Left Image of ice blocks

(c) Left Image of river surface

.

(d) Disparity of river surface by our algorithm
Figure 3. Additional results from our algorithm on

images of ice.

However, we observed that in highly textured
regions some pixels have good matches at multiple
disparity values but are classified as LCV regions. Our
future work will involve correcting this by taking into
account the pattern in the disparity values as well as the
errors.
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