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Neighborhood Constraints Relaxation

WU Chun-Hong FU Guo-Liang
(School of Automation and Electrical Engineering , University of Science and Technology Beijing . Beijing 100083)
(Key Laboratory for Advanced Control of Iron and Steel Process (Ministry of Education) .
University of Science and Technology Beijing , Beijing 100083)

Abstract  The paper proposes a stereo matching method based on K-means Segmentation. With-
in the proposed method, more than one matching windows are involved in one corresponding
task. Not only the shape but also the size, number and weight of each matching window can be
modified intelligently according to the image content. K-means Segmentation was used to detect
object edges and kept the matching window within a same object. Neighborhood Constraint and
Relaxation Algorithm is further adopted to utilize the environment information. This combination
tackles the problem of how to choose an appropriate matching window intelligently. The algo-
rithm is tested using the Middlebury stereo test bed. It was proved that the error percentage of
the depth map obtained by the algorithm is lower than other algorithms based on local optimiza-
tion, approaching to global optimization algorithms. The efficiency of the algorithm is higher

than other global optimization algorithms, the overall performance is outstanding.

Keywords stereo matching; neighborhood constraint relaxation; K-means segmentation; neigh-

borhood weight setting; occlusion handling
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Background

Stereo correspondence has traditionally been and contin-
ues to be one of the most heavily investigated topics in com-
puter visions. Although much progress has been achieved
during the past decades, the corresponding problem is still
far from mature. Lack of intelligence as human being is the
one of the major problem.

By far, several critical problems in stereo correspon-
dence for dense depth map lies in the matching window size
and shapes control, the region lack of texture and the occlu-
ded region. This paper attempts to tackle above problems by
using a Neighborhood Constraint and Relaxation method base
on K-means Segmentation. In our method, more than one
matching windows are involved in the matching process. Not
only the shape but also the size, number and weight of each
matching window can be modified intelligently according to
the image content. K-means Segmentation is used to detect
object edges and keep the matching window within the same
object. Neighborhood Constraint and Relaxation Algorithm is
to utilize the environment information. The combination
tackles the problem of how to choose an appropriate matching
window intelligently. For the region lack of texture, the un-
certainty of the corresponding can be reduced by using the in-
formation from its neighboring regions. The occluded region
is detected and removed from the calculation.

We test our algorithm using Middlebury stereo test bed
(http://vision. middlebury. edu/stereo) and compared the

results with other algorithms listed on the website. The error

percentage of the depth map obtained by our algorithm is

sis and Machine Intelligence, 2006, 28(4): 650-656
[17] Veksler O. Stereo matching by compact windows via mini-
mum ratio cycle//Proceedings of the 8th International Con-
ference on Computer Vision. Vancouver, 2001; 540-547
[18] Hirschmuler H. Improvement in real-time correlation-based
stereo vision//Proceedings of the Workshop on Stereo and
Multi-Baseline Vision. Hawaii, 2001: 141-148
[19] Yang Q, Yang R, Davis J, Nistér D. Spatial-depth super
resolution for range images//Proceedings of the IEEE Con-
ference on Computer Vision and Pattern Recognition. Minne-
apolis, 2007: 2003-2010
[20] Klaus A, Sormann M, Karner K. Segment-based stereo
matching using belief propagation and a self-adapting dissimi-
larity measure//Proceedings of the 18th International Confer-

ence on Pattern Recognition. 2006. 15-18

FU Guo-Liang, born in 1983, M. S.. His research in-

terests include image analysis and computer vision.

lower than other algorithms based on local optimization and
approaching to global optimization algorithms. The efficiency
of our algorithm is higher than other global optimization
algorithms. The overall performance is outstanding.

The task is one of the subtasks of “Depth extraction
from 3D integral images”. Integral imaging is a technique
capable of displaying 3D images with continuous parallax in
full natural color. Extracting depth information from integral
image has various applications ranging from remote inspec-
tion, robotic vision, medical imaging, virtual reality, con-
tent-based image coding and manipulation for integral ima-
ging based 3D TV. The results not only can provide funda-
mental for data processing of the next generation II-based 3D
TV but also can be used as a novel depth measurement meth-
odology.

Below are our representative publications:

1) Depth Mapping of Integral Images Through View-
point Image Extraction With a Hybrid Disparity Analysis
Algorithm. Journal of Display Technology, 2008

2) Depth measurement from unidirectional integral ima-
ges using a modified multi-baseline disparity analysis algo-
rithm. Journal of Electronic Imaging, 2005

3) A depth measurement approach based on integral im-
aging and multiple-baseline stereo matching algorithm. Acta
Electronica Sinica, 2006

This current result can be used to further improve the
depth measurement result from plane recorded 3D integral

images.



