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Abstract of the Dissertation

Image based 3D Sensing and Modeling Technology for High-end Digital

Cameras

by

Xue Tu

Doctor of Philosophy

n

Electrical Engineering

Stony Brook University

2009

Image-based 3D sensing techniques have become increasingly important due to
advances in digital camera technology. These techniques can be used in numerous
applications like auto-focusing, 3D modeling, and photorealistic rendering. In this
dissertation, we first present Depth from Defocus (DFD) technology used in camera
auto-focusing. This technique models image formation process as a convolution

operation and recovers the depth of an object in a scene by comparing two different
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blurred images. We extend the technique for cameras operating in macro-mode by
adopting a new lens setting, a new magnification normalization algorithm, and a
three-image DFD scheme in a certain error sensitive area. We then present a novel
Shape from Shift-variant Blurring technique to relax the shift-invariance assumption
in the DFD technique. This technique localizes the global shift-variant transform
in a small neighborhood which elegantly models the actual imaging process. The
process can be inverted to recover not only depth of the object, but also its slope and
curvature. Both simulation and experimental results are presented to illustrate its
high potential. We also present a novel multi-stereo camera system for 3D modeling.
This multi-camera system consists of three recently designed stereo cameras. Each
camera is equipped with a stereo adaptor which splits the incoming light and projects
random patterns onto the object in a scene. The camera is programmed to capture
two images consecutively in a short time. The first image is with the random dots
projected and the second is the normal texture image. Through the Stereopsis
technique, each camera is able to reconstruct a partial shape of the target object. We
propose a new calibration algorithm specially tailored for its unique stereo camera
architecture that significantly improves the accuracy. Then a fast Gaussian-Pyramid
based stereo matching technique is presented for partial shape recovery. Three stereo
cameras are placed about 1.2 m away from the object and at 45 degrees apart. After
stereo matching, a fast registration algorithm is carried out to bring three partial
shapes into a common camera coordinate system. Then we adopt a volumetric
based shape integration method to extract an iso-surface from layered point clouds
and construct a complete triangle mesh using Marching-Cube algorithm. Finally,

we combine three texture images to render a photorealistic model on a computer

v



monitor.



Contents

List of Figures
List of Tables
Acknowledgments

1 Introduction

1.1 Motivation . . . . . . . ..o
1.2 Literature Review . . . . . . . . . . ..o
1.2.1  Camera Calibration . . . . . . .. ... ... ... ... ...
1.2.2  Depth-map Retrieval . . . . . ... ... ... ... ......
1.2.3  Multi-view Registration . . . . . ... .. ... ... ... ..
1.2.4 Imtegration . . . . . . . . ...
1.2.5  Texture Mapping . . . . . . . . . . . ...
1.3 Dissertation Overview . . . . . . . . . . ... ... ..

2 Depth from Defocus
2.1 Camera Model . . . . . . . .
2.2 S Transform . . . . . . .

vi

Xiv

XV

=~

(S

11
12
13



2.3 STM Autofocusing . . . . . . . . .. ..

2.4 Extension to Macromode . . . . . . .. ... L Lo
241 SNR Mask . . . . . ..o
2.4.2 Magnification Normalization . . . . . . . ... ... ... ...
243 New Lens Setting . . . . . . . .. . ... ... ...

2.5 Experimental Results . . . . . ... .. .. o0

2.6 Summary . .. ...

Shape from Shift-variant Blurred Images

3.1 Rao Transform (RT) . . . . ... ... ... ... ... . . . .....
3.2 Inverse Rao Transform (IRT) . . .. ... ... ... ... . .....
3.3 Shape Recovery . . . . . . . .. ..
3.4 Experiments . . . . . . . ... e
3.5 Summary ...

Stereo Camera Calibration

4.1 Camera Calibration . . . . . . . . .. ... 0oL
4.2 Camera Model . . . . . . . . ..
4.2.1 Closed-form Solution . . . . . .. ... ... ... ... ....
4.2.2 Tterative Refinement . . . . . . . ... ...
4.3 Pre-processing . . . . . . ...
4.3.1 Corner Detection . . . . . . . .. ... ... ..
4.3.2 Lens Distortion Correction . . . . . . .. ... ... ... ...
4.4 Experimental Results . . . . . ... ... ... ... ... ...
4.5 Summary ...

vii



5 Stereopsis

5.1
5.2
5.3

5.4
5.5

Epipolar Geometry . . . . . . . .. ...

Stereo Camera System . . . . . . . . . ...

Shape Reconstruction . . . . . . . . . .. ... ... ... .. .....

5.3.1 Rectification . . . . . . . . . .

5.3.2 Image Warping . . . . . . . . ... ... .

5.3.3 Matching . . ... .. ...

5.3.4 Triangulation . . . . . . .. ..o

Experimental Results . . . . . . .. ... ... .00

Summary

6 Registration

6.1 Initial Registration . . . . . . . . . . .. ... L
6.2 Registration Refinement . . . . . . . . .. ... ... ..
6.2.1 Corresponding Point Registration . . . . . .. .. ... .. ..
6.2.2 Iterative Closest Point Algorithm . . . . . .. .. ... . ...
6.2.3 Iterative Closest Surface Patch Approach . . . . . . . ... ..
6.3 Experimental Results . . . . . . . . . ... .. ... ... ... ...
6.4 Summary . . . ...

7 3D Modeling

7.1
7.2
7.3

Surface Extraction . . . . . . . . .

Mesh Generation . . . . . . . . . .

Texture Mapping . . . . . . . . . ..

7.3.1 View Selection . . . . . . . . .

viil

77
77
79
80
82
85
86
90
91
93

95

96
100
100
102
102
105
108



7.3.2 Texture Blending . . . . . . . ... ...

7.4 Summary .

8 Conclusions
8.1 Summary .

8.2 Future Work

Bibliography

X



List of Figures

2.1
2.2
2.3
24
2.5
2.6
2.7
2.8
2.9
2.10

3.1
3.2
3.3
3.4

4.1
4.2

Schematic diagram of a camera system . . . . . . ... ... ... .. 18
Images taken with different camera settings in macro mode . . . . . . 29
Images with Normalized Magnification . . . . .. .. ... ... ... 31
Step-o Table for Different Camera Settings . . . . . .. ... .. ... 33
Test Objects . . . . . . . . . 33
RMS Error of 2 Images DED . . . . . . . .. ... 34
RMS Error of 3 Images DED . . . . . . . ... ... 35

Shape of Flat Poster without and with Magnification Normalization . 36

Images of Inclined Flat Poster . . . . . . ... ... ... ....... 37
Shape of Inclined Poster without and with Magnification Normalization 38
Simulated blur images . . . . . .. ... Lo 51
Depth map of Recovered scene and Ground truth . . . . . . .. . .. 52
Images taken with different camera settings . . . . . . ... ... .. 52
Depth Map of Inclined Plane . . . . . . . .. ... ... ... ..... 53
Optics of Stereo Adaptor . . . . . . . .. . ... 56
Stereo Image of Calibration Pattern . . . . . . . . ... ... ... .. 56



4.3
4.4
4.5
4.6
4.7
4.8

5.1
5.2
5.3
5.4
5.5
5.6
5.7
5.8
5.9
5.10
5.11

6.1
6.2
6.3
6.4
6.5
6.6

Sparse Structure of Hessian Matrix . . . . . ... ... ... .. ...
Pattern Image with Inner Corners Marked . . . . . . .. ... .. ..
Original Image . . . . . . . . . .. o
Distortion Corrected Image . . . . . . . . . . ... ... ... ....
Reconstructed 3D Corners . . . . . . .. .. ... ... ... .. ...

Convergence of Mean Error Distances . . . . . . . ... ... .. ...

Simple Triangulation . . . . . . . . ... ...
Epipolar Geometry . . . . . . . .. ...
Stereo Camera . . . . . . . . . . ..
Stereo Images with Pattern Projection . . . . . . ... ... .. ...
Normal Textured Stereo Images . . . . . . . . .. ... ... .. ...
Rectified Cameras . . . . . . . . . . ...
Original Stereo Image . . . . . . . . . . . .. ... ... ... ...
Distortion-free Rectified Image Pairs . . . . . . . .. ... ... ...
Example of Gaussian Pyramid . . . . .. .. ... ... ... ...
Left Rectified Image and Segmentation Result . . . . . . ... .. ..

Point Cloud of Sample Object . . . . . . .. ... ... ... .. ...

Multi Stereo Camera System . . . . . . . . . ... ... ... ...
Images of Calibration Object taken by Left and Center Cameras . . .
Left Rectified Texture Images taken by Three Cameras . . . . . . . .
3 Point Clouds after Initial Registration . . . . .. .. ... ... ..
Surface Patches in Right Point Cloud . . . . . . . ... ... .. ...

Registration Refinement Result . . . . . .. ... ... ... .....

x1



6.7 Alignment of Right and Center Point Clouds before and after Refinement 106

6.8
6.9

6.10

6.11
6.12
6.13
6.14
6.15
6.16
6.17
6.18
6.19
6.20
6.21
6.22

7.1
7.2
7.3
74
7.5
7.6

Corresponding Control Points in Texture Images . . . . . . . . . . ..
Convergence of Mean Error Distance between Left and Center Point
Clouds . . . . . . . .

Convergence of Mean Error Distance between Right and Center Point

Pattern Images from Left and Center Camera . . . . . . ... .. ..
Point Clouds Alignment Before and After Registration Refinement . .
Convergence of Mean Error Distance between Two Point Clouds . . .
Pattern Images from Left and Center Camera . . . . . . ... .. ..
Point Clouds Alignment Before and After Registration Refinement . .
Convergence of Mean Error Distance between Two Point Clouds . . .
Pattern Images from Left and Center Camera . . . . . . .. ... ..
Point Clouds Alignment Before and After Registration Refinement . .
Convergence of Mean Error Distance between Two Point Clouds . . .
Pattern Images from Left and Center Camera . . . . . . .. ... ..
Point Clouds Alignment Before and After Registration Refinement . .

Convergence of Mean Error Distance between Two Point Clouds . . .

Possible Ways of Triangulation . . . . . . . ... ... ... .....
Range Surface from Single Point Cloud . . . . . . . .. ... ... ..
Signed Distance Computation . . . . . . .. ... ... ... .....
Cube of Voxels . . . . . . . . .
Surface Intersection of Voxel Cube . . . . . . .. ... .. ... ...

Cube Numbering . . . . . . . . ...

xii

106



7.7 Surface Mesh . . . . . . 120

7.8 Left Rectified Texture Images . . . . . . . .. .. . ... ... .... 120
7.9 Direct Texture Mapping . . . . . . . . . . . . ... 122
7.10 Texture Stitching . . . . . . . . . . . .. ... 123
7.11 Mapping between Color Space (R, G, B Channel) of Two Images . . 124
7.12 Normalized Texture Images . . . . . . . . .. .. .. ... .. .... 125
7.13 Texture Mapping Result Before and After Local Edge Smoothing . . 126
7.14 Final Textured 3D Model . . . . . . .. ... ... ... ... ..., 127

xiil



List of Tables

2.1 Distance-Step Table . . . . . . . .. ...
4.1 Intrinsic Parameters . . . . . . . . . ...
4.2 EBExtrinsic Parameters . . . . . . . ... L

X1v



Acknowledgments

First of all, I would like to express my sincere and deep gratitude to my advisor,
Professor Murali Subbarao. He offered me the great opportunity to do my research
and full freedom to pursue my interest. Without his excellent guidance and constant
encouragement, I can not finish this work.

[ am also very grateful to Professor Petar M. Djuri¢, Professor Gene Gindi and
Professor Xianfeng David Gu for serving on my thesis committee and reviewing this
dissertation.

I would like to thank the former and current members of Computer Vision Lab:
Dr. Soon-Yong Park, Dr. Tao Xian, Dr. Satyaki Dutta, Mr. Youn-Sik Kang, Mr.
Shekhar Sastry, Mr. Karthik Sathyanarayana and Mr. Devadutta Ghat. It has been
great pleasure to work with them. In particular, I want to thank Dr. Tao Xian for his
valuable suggestions during the early stage of my research and Mr. Shekhar Sastry
for writing camera-control software.

There are several other people I would like to thank for their support and
encouragement. The staff of our department, Ms. Deborah Kloppenburg and Ms.
Judy Eimer, have helped me to deal with numerous paperwork. I also want to thank

Peng Dai, Mingyi Hong, Yao Li, Ting Lu, Wei Xu, Jiansong Chen, etc. for their



precious friendships.

And special thanks goes to my parents for supporting me unconditionally in the
past years. Finally, I want to thank my boyfriend, Weidong Cai, who is always there
for me no matter what happens.

The support of this research in part by the Olympus Corporation is gratefully

acknowledged.



Chapter 1

Introduction

With the development of high-quality and inexpensive digital cameras in recent
decades, image-based sensing techniques have become increasingly important in many
applications such as 3D modeling and autofocusing. In this dissertation, we present
different image-based sensing techniques including Depth from Defocus (DFD), Shape
from Shift-variant Blurring and Stereopsis. We also address issues related to 3D
modeling including camera calibration, point cloud registration, shape integration
and photo-realistic model rendering.

This chapter begins with describing a set of problems related to 3D sensing and
modeling. We then briefly review some existing techniques and conclude with an

overview of the dissertation.

1.1 Motivation

The core task of 3D sensing and modeling is to retrieve 3D surface information

of an object and build a digital geometric model. Along with the development of new



digitizing techniques, high power computing, and inexpensive hardware, 3D sensing
technology has very wide applications. Autofocusing is one example that requires
a camera to automatically determine the distance of an object and move the lens
system to corresponding focus position. Reverse engineering is another application.
It usually measures object surface through laser scanner or structured light system and
then converts the obtained point cloud into polygonal models. In virtual reality, the
3D models are often further processed with texture mapping in order to be rendered
photo-realistically on a computer screen.

In the research area of 3D sensing and modeling, the following steps are involved:

e Camera Calibration

Camera calibration is the process to retrieve camera parameters such as focal
length, optical center, aperture diameter, etc. It is the very first step of 3D
sensing. In most applications, camera is considered as pin-hole model where
only focal length, pixel size, optical center and camera position need to be
calibrated. Some other applications (like autofocusing) adopt a more elaborate

camera model where more parameters need to be retrieved.

e Depth-map Retrieval

Depth-map represents the geometric 3D structure of the scene as a 2D image,
where the value at specific pixel is the distance from the sensor to corresponding
scene point. Techniques for depth-map retrieval are mainly divided into
two classes: active techniques and passive techniques. Image-based sensing

techniques belong to the latter.

e Multi-view Registration



The range image obtained from a single sensor provides only a partial surface
of the object. To get a complete 3D structure, we need several range images
from different view points. These range images must be brought into a common
coordinate system so that geometric and photometric structures from multi-view
range images could be fused into a single complete model. This process is called
multi-view registration. It requires determining rigid body transformations

between different coordinate systems.

e Multi-view Integration

Multi-view integration is the technique to merge registered range images into
a single model. Usually partial surfaces do not mesh with each other perfectly
even after registration, therefore integration algorithm has to extract an iso-

surface from layered partial surfaces.

e Texture Mapping

After multi-view integration, we obtain only the geometric information of the
3D object which is usually represented as a set of polygons. We have to add
surface reflectance and color to reconstruct a photo-realistic model. This is
termed as texture mapping. It is akin to wrapping a gift paper onto a white

box.

The ultimate goal of our research project is to build a real-time camera system
to reconstruct a 3D photo-realistic model of the object from its 2D images. In this

dissertation, we discuss the underlying theory, techniques, and our experiments.



1.2 Literature Review

In this section, we review some existing techniques in 3D sensing and modeling

literature.

1.2.1 Camera Calibration

Camera calibration can be mainly divided into two categories: photogrammetric
method and self calibration. Photogrammetric method determines camera parameters
by observing a known geometry object (like checker board pattern) [1, 2|, while
self calibration can recover camera parameters up to a scale by exploring different
constraints in arbitrary scene [3, 4]. 3D sensing tasks often require precisely
measuring the surface structure, where photogrammetric methods are more suitable.
Commonly adopted photogrammetric methods include DLT [5], Tsai [2] and Zhang’s
methods [1]. Direct Linear Method (DLT) first computes general projective matrix
and then uses R(Q factorization to retrieve intrinsic camera matrix and extrinsic
transformation matrix. Tsai’s calibration method assumes some parameters are
provided by manufactures and use them as initial guess. It requires n feature points
(n >= 8) per image and solves the problem with a set of n linear equations based
on radial alignment constraint. Zhang’s method requires a planar checkerboard grid
to be placed at different orientations in front of the camera. It first provides a
closed-form solution by exploring constraints from homography and then refine it
through minimizing reprojected geometric errors. Both Tsai and Zhang’s methods can
incorporate lens distortion estimation in iterative refinement step, while DLT corrects

the lens distortion separately and conducts calibration algorithm on ”distortion



free” images. It employs the property that perspective projective projection retains
linearity to estimate distortion , i.e., a straight line in 3D space should remain as
straight after imaging process if lens distortion effect dose not exist. Most methods
use sum of line fitting residues as error measure and estimate distortion parameters
through minimizing the residue [6], [7], [8]. Recently, some researchers propose to
incorporate lens distortion into fundamental matrix computation [9] [10] and solve

the distortion values based on 8-point algorithm [11].

1.2.2 Depth-map Retrieval

There are mainly two groups of techniques to acquire depth maps: active
techniques and passive techniques.

Active techniques can be understood as a modulation and demodulation
procedure. A carrier signal is projected onto the object surface, and the modulated
reflected light is detected by the sensor. The measurement result is obtained from
demodulation calculation. Laser range imaging and structured light techniques are
the most common active techniques. Some recent investigation [12, 13, 14] on these
techniques show that they can measure the depth very accurately in real time.
However, active techniques are much more expensive than passive techniques.

In contrast, passive techniques work with only naturally formed images produced
by reflected light from object. Some common methods include stereopsis, motion
parallax, shape from shading, depth from focus and depth from defocus.

Stereopsis is a widely used technique for 3D shape reconstruction without active
illumination. It is similar to human visual perception in that object depth is sensed

from two slightly different projections on the retinas. If two cameras are fixed



in parallel facing the object, the depth of certain object point can be recovered
through triangulation from its corresponding points in two images. There are two
main different classes of algorithms to perform stereo matching: local (window-
based) algorithms and global algorithms. Local (window-based) algorithms computes
the disparity at a given pixel by searching for the point with highest similarity
within a finite window. Sum-of-Squared-Differences (SSD)[15, 16|, normalized cross-
correlation [17] are two popular criteria to measure similarity. Other criteria
include binary matching costs (i.e. match/no match) [18, 19], rank transform [20]
and gradient based measures [21]. On the other hand, global algorithms make
explicit smoothness assumptions and seek a disparity (distance between corresponding
points) assignment minimizing a global cost function. The main distinction between
these algorithms is the minimization method used, e.g., simulated annealing [22],
probabilistic (mean-field) diffusion [23] or graph cuts [24]. In between these two
broad classes are certain iterative algorithms, which do not explicitly state a global
function but whose behavior mimics closely that of iterative optimization algorithm
[18, 23, 25]. Hierarchical (coarse-to-fine) algorithms are one example. They typically
operate on an image pyramid, where results from coarser levels are used to constrain
a more local search at finer levels [26, 27, 28].

Motion parallax is similar to stereopsis, which also utilizes disparity between
corresponding points to recover depth, except that the disparity is from relative
movement. Most stereopsis techniques can be all applied to motion-structure
estimation. Unlike stereopsis, the movement can be either caused by the object
or the camera, so there exists an ambiguity. In most cases, motion parallax can only

reconstruct the scene geometry up to a a scale unless more information is provided



5, 29].

Shape from shading (SFS) recovers object shape from a gradual variation of
shading in the image. SF'S technique adopts a Lambertian reflectance model, where
the gray level at a pixel depends on the light source direction and the surface normal.
Given a set of images captured with different light sources, SF'S usually first recovers
the surface normal (or gradient) and then the shape through integration [30]. There
are mainly four classes of techniques in SFS literature: minimization approaches,
propagation approaches, local approaches and linear approaches. Minimization
approaches obtain the solution by minimizing an energy function [31, 32, 33].
Propagation approaches propagate the shape information from a set of surface points
to the whole image [34, 35]. Local approaches derive shape based on the assumption
of surface type [36, 37]. Linear approaches compute the solution based on the
linearization of the reflectance map [38, 39].

Depth from focus and depth from defocus both retrieve depth map from a set
of different blurred images captured by a single camera. Depth from focus (DFF)
technique acquires many images with different lens settings, then searches for the
best setting through a focus measure [40, 41, 42]. The ideal focus measure should be
unimodal, monotonic, and reaches its maximum when the object is in focus. However,
due to lens configuration, the residual error of focus motor and device noise, there exist
many local maxima. A more complicated searching strategy that combines Fibonacci
search and quadratic curve fitting has been demonstrated to find the global maximum
(42, 43]. Normally, DFF algorithm is slow because of the multiple image acquisition.

Depth from Defocus requires only two or three images, and recovers the

depth information by computing the degree of blur. This makes it suitable for



realtime autofocusing and distance measurement. Early algorithms extracted depth
information from blur measurement of an edge [44, 45]. Later methods for arbitrary
objects can be classified as frequency domain approaches [46, 47, 43, 48, 49], spatial
domain approaches [50, 51, 52, 53, 54, 55], and statistical approaches [56, 57].

The frequency domain based methods tend to recover the depth through inverse
filtering in Fourier domain. Subbarao [46] removes the constraint of pinhole aperture
and allows several camera parameters to be varied simultaneously. To avoid the
sensitivity to the frequency spectra of local scene textures, Xiong and Shafer [43] use
moment filters compensate the frequency spectra within passband of each narrowband
filter. Watanabe and Nayar [48] propose a class of broadband filters instead of a
series of narrowband filters. They claim that the filters are sufficient to achieve high-
resolution depth map of image even with complex texture information.

The statistical approach formulates the image formation process as a convolution
plus additive noise. The depth information coded in Point Spread Function (PSF) can
be estimated through Maximum a Posterior (MAP) criteria [56]. In [57], Rajagopalan
and Chaudhuri model the image as Markov Random Field to add some smooth
constraints between pixels during estimation. Statistical approach usually requires
higher computation power and yields lower depth-map density.

The spatial domain approach usually involves less computation as it preserves the
spatial correspondence information. Subbarao and Surya propose a spatial-domain
Convolution/Deconvolution Transform (S Transform) for n-dimensional signals in [58]
and apply S Transform in depth recovery [51, 59]. They approximate blurred images
as cubic polynomial in local neighborhood and estimate depth-related blur parameter

by solving a quadratic equation. Two variations of this method have been developed



where the quadratic equation is reduced to liner equation. Ziou et al. [55, 60, 61] fits
the image with Hermite polynomial basis and illustrates that the Hermite coefficients
of one blurred image are functions of partial derivatives of other images and blur
difference. They calculate the blur difference through a group of equations and then
recover the depth map. Favaro et al. [53] infer the 3D geometry from defocused
images through computing PSF related orthogonal operators which are regularized
through functional singular value decomposition.

Most methods in DFD literature assume the scene (or small surface patch) is
planar and parallel to lens system (so called equifocal or shift-invariant assumption),
which limits the accuracy of reconstructed depth-map. Recently, Subbarao et al.
(62, 63, 64] propose a new framework to model the actual shift-variant blurring
process. Based on the new theory, they develop a method to recover both depth
and slopes of local planar surface patches. Favaro et al. [65] convert the shift-variant
integral equation to diffusion equation and solve partial differential equation through
gradient flow. Namboodiri et al. [66] also convert the problem to diffusion equation

but estimate the parameters through MRF-graph cuts based methods.

1.2.3 Multi-view Registration

Depth map (or point cloud) from single sensor only reveals partial surface
information. To build a full surface model, more depth maps obtained from different
viewing directions are needed. Usually point clouds are constructed with respect
to their own camera frames, therefore they need to be aligned into a common
coordinate system. Transformation between different coordinate systems can be

parameterized as a rotation and a translation. Registration is the procedure to



identify the transformation between each camera coordinate system and the reference
system.

Registration of multi-view range images is generally done in two steps: coarse
registration and registration refinement [67]. Most registration algorithms assume
the initial approximate transformation is provided and concentrate on improving
it. With calibrated camera systems, the transformation parameters can be derived
from calibration result. If the system is uncalibrated, auto calibration [3, 4], wide
baseline stereo [68] or motion parallax [29] techniques can be used to estimate the
relative motion parameters between different views. Starting from initial solution,
registration refinement improves the result by iteratively minimizing certain error
measure. Iterative Closest Point (ICP) approach [69, 70, 71] first pairs points in
one depth map with nearby points in the other, then calculates the rigid motion
that better aligns the two point clouds, and iterates these steps as long as the result
improves. Exhaustive search for closest points can be used to identify matching
pair, but it is very computationally expensive [69, 71]. Some approaches speed
up the process by projecting the point along its normal vector [70, 72] or viewing
direction [73, 74] line onto the other mesh and searching within the neighborhood
of the intersection. There are mainly two approaches to align point clouds: aligning
points with their mates (point-point alignment) [75, 76] and aligning points with
the tangent planes of their mates (point-plane alignment) [70]. Besides using pure
geometrical information, Johnson and Kang [77] improve registration by combining

texture information.
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1.2.4 Integration

After being aligned into a common coordinate system, multiple partial shapes
have to be integrated into a single 3D model. There are two common categories
of multi-view modeling techniques. The first one deals with multiple point clouds
obtained from different sensors [78, 79, 80, 81]. The other approach is based on
processing photographic images using volumetric modeling techniques, such as voxel
coloring or shape from silhouettes [82, 83, 84]. In this dissertation, we adopt the
technique belonging to the first category, which works with point clouds acquired by
three stereo cameras placed at different positions.

Among the point clouds merging techniques, mesh-based integration and
volumetric integration are two popular approaches. One of the mesh-based integration
techniques is based on stitching neighborhood meshes from one view after segmenting
meshes according to 'Region of Construction’ algorithm [85]. Mesh ’zippering’ and
mesh ‘growing’ are other techniques investigated by Turk et al. [86] and Rutishauser
et al. [87]. Volumetric integration usually adopts an implicit representation of the
object’s surface [88, 79, 80, 89, 90]. Hoppe et al. [88] produce a surface mesh from a
group of unorganized points assuming that every point is on object surface, which can
hardly be true in practice. Curless and Levoy [79] extract the iso-surface of object
based on signed distances of voxel grid. Hilton et al. [80] employ a similar procedure
but assume the implicit surface function be continuous. Most of the approaches
assume a noise-free data set as the range images are acquired by high-accuracy laser
scanners. An approach to handle the noise problem in partial shapes is investigated by
Wheeler et al. [81]. They exclude the noise data using a ’consensus surface’ algorithm.

For point clouds acquired by stereo camera system, stereo matching algorithms can

11



also be combined to create 3D models [91, 92].

1.2.5 Texture Mapping

Texture mapping is the last step in 3D reconstruction. The reconstructed mesh
model consists of numerous triangles on its surface. To reconstruct a photo-realistic
model, we need to map the texture information onto 3D wire-frame model. The
process is akin to wrapping a patterned paper onto a plain white box.

In image-based rendering application, based on several acquired texture images
and scene geometry, a new synthetic image is generated according to the virtual
camera position for texture mapping [93, 94]. This is termed as view-dependent
texture mapping. In 3D modeling applications, view-independent texture mapping
techniques are usually employed, where a big texture atlas is produced and wrapped
onto the whole model [95, 96]. With OpenGL or DirectX library, such techniques can
be easily implemented by establishing the mapping between vertices of triangle mesh
and their corresponding pixels in texture image. The system would automatically
perform perspective correction, stretching and squeezing through interpolation and
filtering.

When stitching multiple texture images together, there usually present obvious
seams and color difference the the 3D model. Bannai et al. propose to use several
global color transform functions to normalize the overall color tone [97]. Baumberg
blends the texture images in frequency domain with camera weight function [98].
Rocchini et al. blend the texture of frontier triangles using barycentric coordinate
factors [99]. Zhou et al. combine several techniques including gradient filed fusion

and texture impainting to generate a seamless textured 3D model [100].
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1.3 Dissertation Overview

This dissertation is organized as follows:

In Chapter 2, we first briefly review the spatial-domain depth from defocus (DFD)
algorithm [51] which can recover depth from only two different blurred images. We
then present new algorithms to extend the DFD method to cameras working in macro
mode used for very close objects in a distance range of 5 cm to 20 cm. We adopt
a new lens position setting suitable for macro mode to avoid serious blurring. We
also develop a magnification normalization algorithm to normalize images’ viewing
fields. In some range intervals with high error sensitivity, we use an additional image
to reduce the error caused by drastic change of lens positions. Experimental results
on a high-end digital camera show that the new algorithms significantly improve the
accuracy of DFD in the macro mode. In terms of focusing accuracy, the RMS error
is about 15 lens steps out of 1500 steps, which is around 1%.

In Chapter 3, we propose a new approach for 3D shape recovery of local planar
surface patches from two shift-variant blurred images. It is based on a recently
proposed technique Rao Transform/Inverse Rao Transform. The shape of a visible
object at each pixel is specified by the distance and slopes of a local planar surface
patch. Our method elegantly models the actual imaging process and recovers the
shape by inverting the shift-variant blurring in camera system. It is completely
localized, applicable to general Point Spread Function and facilitates fine-grain
parallel implementation. Results of both simulation and real experiments indicate
that the new approach is effective and useful in practical applications.

In Chapter 4, we present new camera calibration techniques for a novel designed

stereo camera. The stereo camera features a digital camera and a stereo adaptor
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attached in front of the lens. With a pair of periscope-like mirror system, the adaptor
splits the incoming light and form a pair of stereo image on left and right half sensor
respectively. Straightforward extension of the traditional calibration techniques are
found to be inaccurate and ineffective. Our new technique fully exploits the physical
constraint that the stereo image pair have the same intrinsic camera parameters such
as focal length, principle point and pixel size. Our method involves taking one image
of a calibration object and estimating one set of intrinsic parameters and two sets
of extrinsic parameters corresponding to the mirror adaptor simultaneously. The
method also includes lens distortion correction to improve the calibration accuracy.
Experimental results on a real camera system are presented to demonstrate that the
new calibration technique is accurate and robust.

In Chapter 5, we first review the basic theory of stereopsis and introduce our
novel stereo camera system. We then present several fast implementation methods to
meet the requirements of real time processing. We combine lens distortion correction
and rectification in one single step. We also adopt a multi-resolution search scheme
to identify corresponding points pair using Gaussian pyramid structure. The search
window size is limited based on the system design to further improve the speed. A
simple object segmentation is employed to exclude erroneous results of background
pixels. The experiments carried out on our stereo camera system illustrates that our
fast stereo matching algorithm is reliable.

In Chapter 6, we introduce our multi-stereo camera system where three stereo
cameras are placed at different positions to capture images. Each camera is able to
reconstruct partial shape of the object with respect to its own coordinate system.

Registration is the process to retrieve the transformation matrices between different
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camera frames and bring partial shapes into a common coordinate system. The
coarse registration can be done using information derived from calibration result.
We then present a fast Iterative Closest Surface Patch (ICSP) approach to refine
the registration. It finds the closest surface patches in overlapping parts of two
point clouds and compute the transformation matrices that minimize the error
distance. The process is carried out iteratively until the error measure converges.
The experimental results on real system data illustrate that our registration method
is fast and accurate.

In Chapter 7, we first describe a volumetric method to extract the object surface
from layered point clouds. It calculates the signed distances from every voxel to
different range surfaces and averages them according to viewing angles. The true
object surface rises at voxels whose signed distances are zero. The Marching Cube
algorithm is employed to generate a triangle mesh that intersect voxel grid at zero
distance. With preset lookup table, such process can be done in real time. Finally, we
present the texture mapping techniques to render a photo-realistic 3D model. Among
three texture images, the one with best viewing direction is selected as map source.
Due to inherent manufacturing differences and viewing directions, images captured
by different cameras would present serious blocking artifacts when they are stitched
together. To remove the artifacts, global color normalization followed by local edge
smoothing is performed. The final model appearance is satisfactory.

Finally, conclusion and future work are discussed in chapter 8.
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Chapter 2

Depth from Defocus

One important passive technique for acquiring range images is depth from defocus
(DFD) [51]. It requires the camera to capture two or three images with different lens
settings and recover the depth of an object by computing the degree of blurring. There
are two main categories of DFD algorithms: statistical and deterministic. Statistical
approaches like Maximum likelihood[57] and Markov Random field methods[56] are
computationally intensive. They formulate the task as a global estimation problem
and solve it through iterative techniques. Deterministic algorithms can be classified
as frequency domain approaches[43, 48] and spatial domain approaches[51, 55, 54].
The frequency domain approaches transform images to frequency domain and recover
the depth through different filtering techniques. They usually yield lower depth-map
resolution. In comparison, spatial domain approaches use only a small image region
and therefore require less computation and generate a denser depth-map. Due to
the inherent advantage of being local in nature, spatial domain approaches are more

suitable for real-time autofocusing applications.
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A Spatial-domain Convolution/Deconvolution Transform (S Transform)[58] was
proposed for n-dimensional signals and arbitrary order polynomials. Surya and
Subbarao[51] utilized S Transform to estimate the blur parameter in the spatial
domain using a method named STM. There are two basic variations of STM: STM1
uses two images captured by changing the lens position, and STM2 is based on varying
the aperture diameter. In practice, STM1 has been found to have good accuracy
for cameras operating in the normal mode used for objects at a distance of 20 cm
or more[52]. When cameras operate under macro-mode used for objects at close
range between 5 cm to 20 cm, many difficulties arise, such as highly blurred images,
significant magnification change for small lens displacement, and specific settings in
lens parameters.

In this Chapter, we first review the basics of S Transform and STM-DFD, then
we present some new techniques to extend STM1 to cameras working in macro-mode.
We adopt a new lens setting suitable for macro-mode to avoid serious blurring and
develop a new calibration algorithm to normalize the magnification of images captured
with different lens positions. In some range intervals with high error sensitivity,
we use an additional image to reduce the error caused by drastic change of lens
settings. Experimental results on different test objects show that the new algorithm
significantly improves the accuracy of STM1 for macro mode. The RMS error is

about 15 lens steps out of 1500 steps, which is around 1%.
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2.1 Camera Model

In the defocus problem, we adopt a more elaborate camera model rather than the
common pinhole camera model. Figure 2.1 shows a schematic diagram of a camera
system, where L1 and L2 are two lenses, OA is the optical axis, P1 and P2 are the
principal planes, Q1 and Q2 are the principal points, ID is the image detector, D is
the aperture diameter, s is the distance between the second principal plane and the
image detector, u is the distance of the object from the first principal plane, and v

is the distance of the focused image from the second principal plane. The relation

U

1D

0A
1 2R
Heene
LR
v
p: Object Point OA: Optical Axig ID: Image Detector

LF: Light Filter Pl: First Principal Plane g, {, D: Camera Parameters
AH: Aperture Step Pm: Last Principal Plane v Dist of Image Focus

L1: First Lens Ql: First Principal Poinl p: Focused Image

Lin: Lest Lens Qn: Lagt Principal Peint p": Blurred Image

Figure 2.1: Schematic diagram of a camera system
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between f, u and v is expressed by the well-known lens formula

L1, 1)
f u w '
The distance s, focal length f and aperture diameter D will be referred together as

camera parameters and denoted by e, i.e.,
e= (s, f,D). (2.2)

If the object point p is not in focus, then it gives rise to a blurred image p” on
the image detector ID. According to geometric optics, p” has the same shape as the
lens aperture but scaled by a factor. If we assume the lens system to be a circular
system, p” is then a circle with uniform brightness. Its distribution can be expressed
as a cylindrical function:

1 1f[l§'2+y2§R2

TR2

h(z,y) = (2.3)
0 otherwise

In practice, usually blurred circle is not a crisp circular patch of constant brightness
as suggested by geometric optics. It is more like a circular blob with brightness falling
off gradually at the border rather than sharply. Another popular PSF model is 2D
Gaussian function:

1 o?4y?

e 202 (2.4)

h(x,y) =

2mo?

where ¢ is a spread parameter corresponding to the standard deviation of Gaussian

distribution.

19



If the blur circle radius R is constant over some region on the image plane,
the camera can then be modeled as a linear shift invariant system. Therefore, the
observed image g(x,y) is the convolution of focused image f(z,y) with Point Spread

Function h(z,y), i.e.,

9(x,y) = f(x,y) * h(z,y) (2.5)

where * denotes the convolution operation.

2.2 S Transform

A new Spatial-Domain Convolution/Deconvolution Transform (S Transform) was
proposed for images and n-dimensional signals [58] for the case of arbitrary order
polynomials.

Let f(x,y) be an image. Within a small region, we approximate it as a two

variable cubic polynomial:

3
flz,y) = Z A ™Y (2.6)

where a,, , are the polynomial coefficients. This assumption of f can be made valid
by applying a polynomial fitting least square smoothing filter to the image.
Let h(z,y) be a rotationally symmetric point spread function. The moments of

the point spread function are defined by

hmm:/ / ™y h(x,y) dx dy (2.7)

The observed image g(z,y) is the convolution of the focused image f(z,y) and
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the PSF h(z,y):

g(x,y) = flz,y)*h(z,y)

- / / F(z = ¢,y — mh(C,m) dC dn (2.8)

Since f(x,y) is a cubic polynomial, it can be expressed in a Taylor series as

m_

fe-Cy-m= Y ot mey) (29

0<m+n<3

where
am o

fm (%y):&c—mg—w (z,y)

(2.10)

Substituting Eq.(2.9) into Eq.(2.8), we have

m+n
sen = [ % e CO fron e, )¢ h(G,m) d
)m+n

= Y EEreaw [ e dcan

0<m+n<3

= > ey £, Y) R (2.11)

mln!
0<m+n<3

= / / h(z,y)z™y" dx dy (2.12)

Equation 2.11 expresses the convolution as a summation involving the derivatives

where

of f(x,y) and moments of h(z,y). This corresponds to the forward S-Transform. Now

we can use this formula to derive a deconvolution formula. Since h(z,y) is circularly
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symmetric, it can be shown that

hop = hio="hi1=hoz=hzo=ho1 =h12=0 (2.13)

hg,o = ho,g (214)

Also if we assume the camera to be a lossless system (i.e., no light energy is absorbed

by the camera system), then

oo — / / h(z,y) dedy = 1 (2.15)

Therefore we obtain

F(o.9) = gle,9) — 220, ) + £, ) (2.16)

Applying aa_; to the above equation on both sides and noting that derivatives of order

higher than 3 are zero (because f is cubic), we obtain

f20x,y) = g%, y) (2.17)
Similarly applying 53—:2, we get
f9%(x,y) = 9% (. y) (2.18)
Therefore
h2,0 2
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where V? is the Laplacian operator, and oy, is the spread parameter of h, by the
definition of moments of h, we have hyo = hgs = 07 /2, so the above deconvolution

equation can be written as:

2

flxy)=glz,y) — %Vzg(% Y) (2.20)

Equation (2.20) is Inverse S-Transform. In the following section, we will describe the

application of this formula to distance estimation.

2.3 STM Autofocusing

Let f(x,y) be the focused image of a planar object at distance u, gi(x,y) and
g2(z,y) be two images of the object recorded for two different camera parameter

settings e; and ey where

e; = (s1, f1,D1)

€y = (527 f2, D2)

Left R be the radius of the blur circle and ¢ be the scale factor defined as

g =2R/D. Using the property of similar triangles in Figure 2.1, we have

q:ﬁzs_”:sG_l) (2.21)

D v v S
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Substituting for 1/v from Eq. (2.1), we obtain
D D/1 1 1
R=q— =s5— < ————— ) (2.22)

In a practical camera system, if two images g¢;(x,y) for i = 1,2 are captured with
camera parameter settings of e;, then image magnification and mean image brightness
may change even though nothing has changed in the scene. To compare the blurring
in two images ¢g; and g in a correct and consistent manner, both image brightness
and magnification have to be normalized. In the following discussion, we will assume
that images have been normalized. Without loss of generality, we assume that the
brightness normalization has been carried out by dividing the gray-scale value at
every pixel by the mean brightness value, and magnification has been normalized
corresponding to s = sp. After magnification normalization, the normalized radius

R’ can be expressed as a function of camera parameters e and object distance u
R D 1 1 1
R(eju) = 2008 = 20 ( ————— ) (2.23)

In practice, it is found that [101] the blur spread parameter o is proportional to
R ie.
oc=kR for k>0 (2.24)

In most cases, k = 1/4/2 is a good approximation [101, 45, 102].
The actual PSF of camera system is much more complicated than Cylindrical
or Gaussian due to diffraction, polychromatic illumination and lens aberrations, etc.

Yet the spread parameter o can be used to characterize the extent of blurring, where
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o is the standard deviation of the PSF h(z,y), i.e., the second central moment of

h(z,y):

7= [[ (@07 + = 0?) by dody

where (Z, ) is the position of the centroid of PSF h(z,y).

(2.25)

For a planar object perpendicular to the optical axis, the camera acts as a linear

shift invariant system. Therefore g; will be the convolution of focused image f(z,y)

and the corresponding point spread function h;(z,y). The spread parameter o is

linear to reciprocal of object distance u™' (see Eq.3.25 and Eq.2.24) [102]. Let the

spread parameter o for h; be o1 and for hy be 05. From the polar coordinate system,

and equation (3.25), we obtain:

o1 = mlu_l +

09 = mgu_l + co

where

_D180
2v2
D1$0 ( 1 1 )
cT = —— | 7 — —
2V2 \ fi s
_D280
2v2

S %(L_L)
? 2\/5 fa s
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(2.28)
(2.29)
(2.30)
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Then o7 can then be expressed in terms of o, as

o1 = aos + 3 (2.32)

where
my

a= and =0 —cp— (2.33)

meo mo
We assume that in a small image neighborhood the focused image f(x,y) can

be adequately approximated by a cubic polynomial. Now we can apply the inverse S

Transform (Eq. (2.20)) on both observed images ¢g; and gs:

1

f=qg — iafv2g1 (2.34)
1

f = g2 — 105V2g2 (235)

Equating the right sides of both equations, we obtain

1 1
g1 — ZO’%V291 =gy — Zagvzgg (2.36)
If we take partial derivatives on both sides, together with the fact that f is cubic

polynomial, it can be easily verified that V2g; = V2g,. Therefore, the above equations

can be expressed as

1
91— g2 = Zszg (2.37)

where

G =0’ — 0 (2.38)
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and
V291 4+ VZgs

Vg =V = Vg = ;

(2.39)

Substituting for oy in terms of oy from Equation (2.32) and using the definition of G

in Equation (2.38), we obtain
o3(a® — 1) +2a8B0y + 32 =G (2.40)

where a and  are defined in Equation (2.33).

In STM1, the aperture diameter is not changed but the lens position is changed
during capture of two images g1 and go, ( i.e., fi # fo and s # s, but Dy = D).
Therefore

my D,

a= =1 (2.41)

mo D,

so the quadratic equation is reduced to a linear equation which can be solved directly:

09 = (242)

S
IRy

and object distance can be retrieved using Eq. (2.27).

2.4 Extension to Macromode

In practical implementation of STM autofocusing, especially when camera is

operating in macromode, a many changes are needed to make the method applicable.
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2.4.1 SNR Mask

Ideally it should be possible to compute the value of oy at each pixel (z,y) and
obtain an estimate of the specific distance. However, because of digitization and noise,
it is necessary to combine information from its neighboring pixels. From Equation
(2.38), we notice that Laplacian of observed images V2¢g plays an important role
in o9 computation. Unfortunately, Laplacian estimates are very much sensitive to
camera noise and quantization. Its low Signal-to-Noise Ratio (SNR) will lead to large
errors in estimation of oy. Therefore, we introduce a binary mask [52] to improve
the robustness of STM1 algorithm. The binary mask is defined by thresholding the
Laplacian values:

1 |V >T,
My(z,y) = (2.43)

0 otherwise.

where 7' is a threshold on the Laplacian. It can be determined experimentally. We

then compute the average G within a small neighborhood W':

ZZ Mo (x, y) 2" Ivyg) (:ng()z,y) (2.44)

(gc,y Yew

where

N=>"Y Mzy) (2.45)

(z,y)eEW
Upon getting average G, the average oo and average inverse distance 1/u for the
small image patch can be calculated. This operation will remove unreliable points
with low SNR and optimize the estimation of depth, but at the cost of reducing

spatial resolution.
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2.4.2 Magnification Normalization

As stated earlier, the observed images g; and g, should be normalized in terms
of both brightness and magnification. In practical implementation, as magnification
change is less than 3% in most cases for consumer digital cameras, it is usually ignored
in favor of computational speed. However, when a camera is working in macro-mode
(for objects closer than 20 cm) instead of the standard mode (for objects farther than
20 cm), such change (shown in Fig. 2.2) has to be taken into account as the shift
between corresponding points could be up to 20 pixels near the image borders. To
ensure the correct calculation of the blur parameter o, at each pair of corresponding

pixels, image magnification normalization becomes a necessity.

Figure 2.2: Images taken with different camera settings in macro mode

The relation between two images’ magnifications can be expressed as

z? s 0 s.| [z
22 00 1] ]z®
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where [z, y® W]t and  [2®), 9P, 2®]" are homogeneous coordinates of
corresponding pixels in observed images g; and gs.

To compute the transformation matrix between magnification of two images, we
need to calculate three coefficients s, s,, s, from calibration. One method is to take
pictures of a simple pattern object (like black dots on white paper), and get two sets
of corresponding pixel coordinates from pattern images ¢g; and go. Then we can form
a group of over constrained equations as shown below, which can be solved through

least square criterion.

-xgl) 1 O- -xgz)-
gy 01 u”
xgl) 1 0 xgz)
w01l s ||
20 1 0| |s| = [2P (2.47)
ys? 0 1| s, v
xg) 1 0 xg)
yg) 01 yf)

If we write it as Az = b, then x could be solved through pseudo inverse method:

= (A"A)"TAD (2.48)

After getting the transformation matrix, the next step is to warp the target image
(e.g., g1, usually the one with larger field of view). As forward warping usually maps

integer pixel coordinates to sub pixel coordinates, here a backward warping scheme
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is applied. Integer pixel coordinates in transformed image are projected back to the
original image, usually resulting in sub pixel position. Then its gray scale value will
be computed by linear interpolation. The results of magnification correction is shown
in Figure 2.3. we can clearly notice that the viewing field are about the same in both

images.

Figure 2.3: Images with Normalized Magnification

2.4.3 New Lens Setting

Besides magnification change, another problem in macro-mode DFD is that
images are extremely blurred if the same lens positions are adopted as that for the
standard mode. In this case, the estimated Laplacian of observed image V¢ is noisy
and unreliable (SNR, will be low as Laplacian magnitude is reduced due to high levels
of blur). We have to change the camera settings so that the images used in estimating
o have a moderate or low blur.

Another problem is that the relation between ¢ and distance u is not exactly
linear (Eq. (2.27)) due to change of multiple unknown parameters in the lens system

(e.g. lens position and focal length). Therefore, we calibrate the camera to obtain
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a new lookup table specifically for macro-mode autofocusing. The lookup table has
two entries: step number and blur parameter o. Step number is a measure of lens
position. It is approximately linear with reciprocal of object distance 1/u. We use
Depth-from-Focus (DFF) [42] method to obtain the step number corresponding to the
object distance that is in best focus. DFF acquires a number of images and searches
for the best camera parameter that maximizes a focus measure. It needs much more
computation than DFD but is usually more accurate. The results are stored in a
table indexed by step number that gives focused object distance.

We place objects at several specified distances and compute the corresponding
blur parameter o through Eq.(2.42) and the focusing step number by DFF method.
These results were stored in a table indexed by o. After establishing this lookup table,
we use linear interpolation to get the focusing step number for any blur parameter o.
The lens step number is then indexed into another table to obtain the depth.

Due to some special change of lens position when camera operates in macro-
mode, mapping from ¢ to step number is not linear or even monotonic in a particular
sensitive region (shown in Figure 2.4). This makes the looking up task ambiguous and
difficult. In such a case, we capture an additional image with a new camera setting
and use a new lookup table to get the step number. The new lookup table will be
such that its sensitive region differs from the previous one. This strategy of using
an additional image and two lookup tables will effectively improve the accuracy as
the sensitive region of both lookup tables are avoided. Results of this 3 image DFD

approach is illustrated in Section 2.5.
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Step-o Table 1 Step-o Table 2
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Step Number Step Number

Figure 2.4: Step-o Table for Different Camera Settings
2.5 Experimental Results

We conducted our experiments on Olympus E-1 digital camera. The camera is
controlled by a host computer (Pentium 4 2.4GHz) from a USB port. The lens’ focus
motor position range from step 0 to step 1500, where step 0 corresponds to focusing

at infinity and step 1500 corresponds to focusing at a nearby object.

Figure 2.5: Test Objects

The performance of modified DFD algorithms for macro-mode was evaluated
with experiments using different objects shown in Figure 2.5. Each object is placed
at eight different distances in the range of 5 cm to 20 cm at roughly 2 cm intervals.

The distance and the corresponding focused step numbers are listed in Table 2.1. The
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steps are obtained using the DFF algorithm. Two images are taken with camera set
to step 800 and step 1100. If the focus step calculated by DFD is between 1000 and
1150, then a third image will be taken with the camera set to step 1250. In this case
a different lookup table is used to retrieve the depth. The focusing window is set to
96x96 located at the center of the scene. Before performing DFD, all the images are
normalized with respect to magnification and brightness and smoothed by a Gaussian

filter. The image Laplacians are thresholded to weed out low contrast pixels with low

SNR.
Position 1 2 3 4 5 6 7 8 9
Distance(mm) | 250 | 225 | 200 | 180 | 150 | 120 | 100 | 80 55
Step 786 | 806 | 893 | 902 | 993 | 1099 | 1158 | 1217 | 1401

Table 2.1: Distance-Step Table
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Figure 2.6: RMS Error of 2 Images DFD

First we present the RMS errors for 2 Image DFD and 3 Image DFD for objects at
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different distances. All test objects are flat and parallel to the lens plane. Therefore,
computing depth from central focus window is sufficient. For 2 Image DFD, RMS
errors are quite small for most regions, except in the range u = 10 ¢m to 12.5 cm, or
focus step position around 1100. This is the sensitive region shown in Figure 2.4. If
we combine the result from the third image, we find that the results are significantly
improved. Most RMS errors are less than 15 steps out of 1500 steps. The maximum

error is just 22 steps and the average error is about 1%.
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Figure 2.7: RMS Error of 3 Images DFD

Next we present the shape reconstruction results for planar objects. We split
the image into smaller blocks and compute depth separately in each block. The
magnification normalization procedure plays an important role here as magnification
can change up to 20 pixels near image borders.

Figure 2.10 displays the estimated shape of object in Figure 2.2. With

magnification normalization, the results around image borders are improved
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The next example is to an inclined poster shown in Figure 2.9. Once again,

magnification normalization is found to be very effective in improving accuracy.

significantly.
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Figure 2.8: Shape of Flat Poster without and with Magnification Normalization
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Figure 2.9: Images of Inclined Flat Poster

2.6 Summary

In this chapter, a modified DFD algorithm is presented for cameras operating in
macro-mode. Before performing DFD, we first normalize the magnification of both
images to ensure the correct comparison between corresponding pixels. The results
are substantially better, especially for areas far away from the image center. We also
use new lens settings and lookup table specifically for macro-mode. In some range
of object distance, a third image is taken and depth is determined through a second
lookup table. Such 3 image DFD scheme is found to be very accurate. The RMS

error in this case is around 15 steps out of 1500 steps, which is about 1% on average.
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Figure 2.10: Shape of Inclined Poster without and with Magnification Normalization
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Chapter 3

Shape from Shift-variant Blurred

Images

In Chapter 2, we model the camera system as a linear shift-invariant system.
This model is valid only when the object is planar and perpendicular to the optical
axis. If an object is of arbitrary shape or various optical abberations are present in the
view, this assumption does not hold. One way to approximate shift-variance is to split
the image into small blocks and model each block as a shift-invariant system [48, 54].
Others convert shift variant integral equation to inhomogeneous diffusion equation
and solve shape related diffusion coefficients through different numerical methods
[65]. In this Chapter, we present a new method to extend the S Transform approach
to shift-variant case. It is based on the recently developed Rao Transform (RT)
(62, 63] for image restoration and linear integral equations. In the new method, the
computations are completely localized (i.e. solution at a pixel is computed using image

data in a small neighborhood around that same pixel), efficient, and suitable for fine-
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grain parallel implementation. The effectiveness of the new approach is demonstrated

with both simulation and real experiments.

3.1 Rao Transform (RT)

We first illustrate Rao Transform for one dimensional signals. Let us express the

shift variant system as

o) = | k(. a)f(a) da

We define:

h(z,a) = k(x + a, )

and

b=x—a«

If we substitute o with = — 5 in Eq. (3.1), we have:

o) = / k(. 0)f(a) da
-/ k(wx— ) f (e — ) d(x— )

where

k(r,x = B) = k((x = ) + 0,2 — 3) = h(z — 5, 5)
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Substituting Eq. (3.5) into Eq. (3.4), we have

oa) = [ Wz — 5.8)f(x — B) d(z— B)
(3.6)
- / Wz — 5.6)f(x — 8)d(5)

i

The above transform is termed as Rao Transform (RT), which localizes a global
integral equation within a small region around z. Similarly, a two dimensional Rao

Transform to model shift-variant image blurring process can be expressed as:

T—a py—c
s = [ [ b —uy—ve)fe -y —oduds G0
z—b y—d

where f(z,y) is focused image, h(z,y,u,v) is shift-variant Point Spread Function
(PSF), and g(x,y) is blurred image.

Eq. (3.7) provides an intuitive and elegant way to model the actual blurring
process that takes place in a physical linear shift variant system. It also facilitates

the derivation of an explicit closed-form formula for inverting the transform.

3.2 Inverse Rao Transform (IRT)

The shift-variant blurring in Eq. (3.7) can be inverted to solve for the focused
image f(x,y) and related shape information. A summary of the inversion are
presented below.

We use superscript (m,n) to denote the m! partial derivative with respect x

and n'" partial derivative with respect to y and the subscript p, ¢ to denote (p,q)™"
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moments with respect to u, v:

am an
f( " = &)s—mﬁ—w (z,9) (3.9)
R = ;c—m;—y"h(x’y’u’v) (3.10)
plmn) - /x—a /y—c upvqa—mﬁ (x,y,u,v)dudv (3.11)
D, et Jyd oxm 8yn rgr

for m,n,p,q=20,1,2,....
Using the above notation, the truncated Taylor series expansion of f(x —wu,y—wv)
around (z,y) up to order N and h(x — u,y — v, u,v) around the point (z,y,u,v) up

to order M are given by

n

] =

flx —u,y —v) = ap Y Oyl fr=id) (3.12)
n=0 i=0
M m

h(z —u,y —v,u,v) =~ Z A Z Cru™ I plm ) (3.13)
m=0 7=0

where C7" and C}" denote the binomial coefficients

k!
k _
]
and a,, a,, are defined as
ap, = (—1)%/k! (3.14)

Substituting the truncated Taylor-series expansions of h and f into 2D Rao Transform
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in Eq.(3.7) and simplifying, we get

N n M m
)Ry an Y CrfOTON N, S oma ) (3.15)
n=0 i=0

m=0 7=0

The above equation can be rewritten as

N n
NED DDA (3.16)
n=0 i=0
where
M
Sn,z = a'nCZn Z Am Z thnT—l—n] JZ —jitg (317)

We can now write expressions for the various partial derivatives of g with respect to

T,y as

N n
o o
9PV RN [S, f T T (0 + p + q) (3.18)

n=0 =0 01’1” ayq

where

1 ifn+p+qg<N
Tn+p+gq) = (3.19)

0 otherwise

As we assume that f(x,y) can only be expanded up to certain order of Taylor Series,
then the terms with derivatives of f of order greater than N are set to zero, for

p+q=0,1,2,...,N. Note that

() _ 0" 0" A o
m=0 j
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and

8}3 8(1 n—i,t n—i 7
rr A (321)

The above equation for ¢»9 for p,q =0,1,2,---, N and 0 < p+ ¢ < N constitute

(N 4+ 1)(N +2)/2 equations with as many unknowns f®%. The system of equations

for g™ can be expressed in a vector-matrix form as

g9 koo kot -+ ---| | FOO
(1,0) T f®0
9
= (3.22)
_g(O,N)_ ] e | _f(OvN)_
or
8oy = Kuy f2y (3.23)

where the subscripts (z,y) make explicit the dependence of the vectors/matrix on
(z,y). This matrix equation can be solved to obtain f®%, by inverting the kernel

matrix K, ,. The solution can be written in the form

foy =Koy 8oy (3.24)

A -1
where K|, = K_ .

3.3 Shape Recovery

In this section we derive an interesting result that the blur circle radius R

corresponding to points on the same planar surface is a linear function of image
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coordinates. This result provides the crucial relation between the shift-variant blur
parameter o (or blur circle radius R) and the 3D shape parameters of the planar
surface patch. Using this relation, we obtain the 3D shape parameters given the blur
parameters at each pixel.

Figure 2.1 in Chapter 2 shows a schematic diagram of image formation by a thin
lens L with diameter D, focal length f, object point P at distance u, focused image
p" at distance v, image detector I D at distance s, and blur circle with radius R. From

Chapter 2, we derive that the normalized blur circle radius is :
, 1
R = 30—(? —— =) (3.25)

where image magnification is normalized with respect to uniform sensor distance s.
In order to compare images captured with different parameters s, image magnification
is normalized with s = sq.

Using a world coordinate system with its origin at the optical center () and Z-axis
along the optical axis, the image p” of the object point P at (X,Y, Z) has the image

coordinates (x,y) given by perspective projection relations:

X
T = Sp—
°Z
Y
y=so (3.26)
The tangent plane of object surface at point P can be expressed as
Z(X,)Y)=Zy+ ZxX + ZyY (3.27)
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where 7 is the distance of the plane along the optical axis at P, and Zx and Zy are
slopes along the X and Y axes respectively. The three parameters Z,, Zx, and Zy,
are the 3D shape parameters to be determined. Substituting X and Y in Eq. (3.27)
with its corresponding image projection z and y using Eq. (3.26), we can express Z

as a function of x and y:

7 = Zo+ ZxX + ZyY
27 o7 (3.28)

= o+ Ix—= + 2y 22
So So

Rearrange equation:

Z A
Z (1 - —Yy) = 7, (3.29)
So So
Finally, we obtain:
7z
Z(z,y) = 0 (3.30)

1—Zs, _Zvy
S0 S0

Substitute Z(z,y) as object distance v in Eq.(3.25), we can derive the relation between

normalized blur circle radius R’ and shape parameters Z,, Zx and Zy:

D
R =59—(= — —— — —
(l’,y) S0 92 (f Z(Zlf,y) S)
D 1 1—=Zxx/so— Zyy/so 1
505(?— 7 --)
0 5 (3.31)
B(E_i_l)_i_DZXx_'_DZY
oNF T 2 T T 2z, 25, 7

= Ry + Ryx + Ryy
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where

Ry = —2(5———= 3.32

o= g (3:32)
DZx

B = 57 (3.33)
DZy

= .34

Ry QZ() (33 )

The normalized blur circle radius R’ is a linear function of the image coordinates
(x,y) within a planar surface patch. The cylindrical PSF within a planar surface
follows:

1 2 2 12
W fOI' u +U SR

h(z,y,u,v) =
0 otherwise

Also note that the blur spread parameter o, defined as square root of the second

central moment of PSF:

o?(z,y) = // h(x,y,u, v)u*v® du dv (3.35)

For real camera systems, o is known to be proportional to blur circle radius R'[?],
therefore ¢ is also a linear function of the image coordinates. The shift-variant
Gaussian PSF can be expressed as:

1 u? + v?

2102 (x,y) P (_202(:17, y)) (3.36)

h(z,y,u,v) =

Within the planar surface patch, different moments of Shift-Variant PSF (SV-PSF)

at each pixel (x,y) can be explicitly expressed as functions of shape parameters Z,
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Zx and Zy. From inverse RT (Eq. (3.24)), we can establish two groups of equations
for two different blurred images g1 (z,y) and go(x,y), which are recored with different

camera parameter settings (e.g., s = s; and s = $y):

f=K, g (3.37)

f=Kj g (3.38)
Equating the left hand sides, we obtain
K g = K go. (3.39)

Given the camera parameters D;, s;, and f;, associated with the blurred images g;
for i = 1,2, the matrix K/ (different terms of moments of SV-PSF)can be expressed
in terms of the shape parameters Zy, Zx and Zy. The theory here can be extended
to include higher order shape parameters such as surface curvatures (e.g. Zxx, Zyy
and Zyy) but in practice such extension does not seem to be useful because of the
limited gray level and spatial resolution of image data and noise. Curved surfaces
can be adequately approximated by planar polygons (e.g. triangles) on local tangent
planes at each pixel. Therefore solving Eq. (3.39) at each pixel (x,y) will provide a

solution for 3D shape of the whole object in the scene.

3.4 Experiments

In practice image derivatives are very noise sensitive. Therefore it is necessary to

truncate the Taylor Series expansion of the image function f. Experimental results
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indicated that N = 2 and M = 1 would provide good results. We also assume that

SV-PSF h(z,y,u,v) to be rotationally symmetric, then all odd moments of A become

Z€ero:

WO = h"Y =0 if i s odd or j is odd (3.40)
Also,

hiy) = / / h(z,y, o, §) dadf = 1 (3.41)

Since M = 1, all derivatives of h of order more than 1 with respect to x and y are

zero. In summary;,

hé%o) -1 (3.42)
my = gy =hiy=0 (3.43)
R = B = b8 = hlY =g =0 (3.44)
heiD = B = hPY = hGY =gy =0 (3.45)

Therefore ¢(®% can be express as

, 0,1 1 0,0 1 0,0
g0 = JOU + fUOhy" 1 fODhgs) & S FOOh + SOV (3.46)

49



In this case, inverse RT in Eq. (3.24) provides the following simplified expression for

the focused image f(z,y) = f©0:

f(070)

f(LO)
f(ovl)
f(270)
f(072)

f(lvl)

Savitzky-Golay filters are used to compute image derivatives g

1
h(170) 2 -
(WY + 5 .

2 2

g 92,0 02 9

gD — %hg%l)g(z,()) _ hgéo)g(l,l) _
g0

g2

gt

(1,0) §h(1’0)g(2’0) . h(O,l) (1,1

1,0 0,1 1,0); (0,1
0,0) h§70 )g(l,O) . h(()72 )g(o,l) + th,o )hé,g )g(l,l)

1
hODpo _ L hm) 429

1,0, (1,0) . 3/, (0,1 1
hg,o )h((),2 ) + _(h((),2 ))2 — ~hoa 9(0’2)

1,0
h((),2 )9(0’2)

0,1
h((),z )9(0’2)

N WO —

(3.47)

(3.48)
(3.49)
(3.50)
(3.51)

(3.52)

(x,y) after

smoothing the images with Gaussian filter. As second order derivatives are highly

noise sensitive, especially when the image contrast is low, we use data at only those

pixels where the image derivative magnitudes were above a preset threshold. For

each pixel with reliable data in a small image block, we equate the right sides of the

above equations and form a set of non-linear equations with unknowns 7y, Zx and

Zy. Using data at more than 3 nearby pixels will result in an over-constrained set

of non-linear equations. These were solved iteratively in a least square sense to solve

for the unknowns.

Both simulation and real experiments on simple objects were carried-out. In

simulation experiments, a slanted planar object with a chessboard pattern was
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Figure 3.1: Simulated blur images

assumed, and two shift-variant blurred images were generated using corresponding
SV-PSF's (shown in Figure 3.1). Then an exhaustive search of the shape parameter
space was carried-out to find a solution that minimized an error measure. From the
piecewise STM1 method [51], we can get a rough estimation on depth, then from
depth between neighboring patches, we could estimate the local slope. Starting from
these initial values, we can compare the results between different parameter values
around the initials to get the optimum. Solutions in small overlapping image blocks
were averaged to obtain the final results. The depth map is presented in Figure 3.4
along with its ground truth for comparison. The average and maximum error in depth
were around 1% and 3% respectively.

In real experiments a slanted textured poster on a plane was recorded with a
calibrated digital camera at different focus settings (See Figure 3.3). Then, using the
same approach as in the simulation experiments, the depth map of the object was
computed. The result is shown in Figure 3.4. Images of size 640 x 480 were processed

in blocks of size 30 x 30 on a 1.6GHz laptop computer with unoptimized code. The
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Figure 3.2: Depth map of Recovered scene and Ground truth
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processing time was about 5 minutes, most of which was spent on searching for the

final solution. This step could be improved substantially.
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Figure 3.3: Images taken with different camera settings

Results of our experiments show that the new approach presented here is effective
and efficient for computing the 3D shape of a planar object using shift-variant blurred
images. Unlike approaches based on piecewise constant distance approximation (local
convolution or shift-invariant blurring) the results of the new method does not exhibit

blocking artifacts in the shape.
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Figure 3.4: Depth Map of Inclined Plane

This method can be extended from planar to more complex 3D shapes. For
example, curvature parameters (second-order partial derivatives Zxx, Zxy, and Zyy)

can be included in Eq. (3.27) by approximating the surface patch as

Z(X,)Y) =20+ ZxX + ZyY + Zxx X* + Zxy XY + ZyyY?. (3.53)

In this case, with two images captured at two different camera parameter settings,
image derivatives at six or more (non-degenerate) pixels will need to be used to
determine the six shape parameters. Six simultaneous equations corresponding to Eq.
(3.39), one at each pixel, is solved. As an alternative, image derivatives at a single
pixel can be used by using seven defocused images as follows. A set of simultaneous

equations correponding to Eq. (3.39) of the form

K; gi = K2+1 i+l (3.54)
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could be solved for i = 1,2,---,6 by processing 7 images g; recorded with 7 different
(non-degenerate) camera parameter settings. Note that, in addition to the six shape
parameters, the focused image at a pixel is the seventh parameter to be determined.
In the case of a planar surface patch, there is an alternative to the method presented
earlier based on two defocused images at three or more pixels. Four images captured
at four different camera parameter settings and image derivatives at a single pixel can
be used to obtain three equations from Eq. (3.54). They can be solved to determine

the three shape parameters. These approaches are under investigation.

3.5 Summary

In this Chapter, we present a new theoretical framework to recover 3D shape
of object from shift-variant blurred images. It represents a basic theoretical and
computational advance in the literature. Experimental results indicate that the
method is effective and efficient. In addition to shape, the new method can be used
to compute the focused image of the object from its blurred images [63]. The method
here will be further improved using regularization and better iterative techniques for

solving non-linear system of equations.
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Chapter 4

Stereo Camera Calibration

Stereopsis is widely used in many applications such as surface reconstruction
and robot vision. Traditional stereo vision systems usually consist of two cameras
attached to a mount to implement the epipolar geometry. Recently, some researchers
have designed a novel stereo camera as an alternative to the two-camera stereo system.
This new architecture features a single digital camera with an adaptor attached in
front of the camera lens. The adaptor has a pair of periscopes, where the incoming
light is split to form two stereo images as shown in Figure 4.1. Figure 4.2 is a sample
stereo image captured by an actual camera with the new architecture. In Figure 4.2,
left half and the right half are pictures of the same object from different views.

The calibration of a stereo camera requires estimating two sets of external
transformation parameters and one set of intrinsic camera parameters. One
straightforward strategy is to separate the left half and the right half image as if
they were captured with two distinct cameras, and calibrate them independently using

existing state-of-the-art techniques [5, 2, 1]. In practice, we have found that this direct
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Figure 4.1: Optics of Stereo Adaptor

Figure 4.2: Stereo Image of Calibration Pattern

extension is not accurate and reliable, because using information from only half the
image sensor is very sensitive to noise. Instead, we present an effective new technique
which fully exploits the physical constraints. Our method first provides a closed-
form solution for all camera parameters (both intrinsic and extrinsic) from a single
stereo image. The initial results are then refined by minimizing reprojected errors
between model-computed image points and observed points. We also provide some
pre-processing techniques including corner detection and lens distortion correction

to improve calibration accuracy. Experiments on a real camera system is shown to
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validate the effectiveness of our new calibration technique.

4.1 Camera Calibration

Our goal is to find a fast and reliable method to determine all the camera
parameters from a single image captured by the new stereo camera system. It is well-
known from the principles of projective geometry [5] that reliable calibration requires
the use of a 3D non-planar calibration object to avoid degenerate configurations.
We use a 3D calibration object where checkerboard patterns are pasted on two

perpendicular planar surfaces as shown in Figure 4.2.

4.2 Camera Model

We adopt the conventional pin-hole camera model which assumes that object is
in perfect focus. The perspective projection between 3D object and its 2D image

projection is modeled by a 3 x 3 matrix C as:

fﬂc S Up
C = 0 fy Vo (41)
0 0 1

where f, and f, denote focal lengths in pixel units along x and y axes, vy and vy specify
the position of the optical center, and s denotes the skew factor. Rigid transformation

between the world coordinate system and the camera frame is modeled by a rotation
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matrix R and translation vector t, where

11 T2 T3

R=1ry 7o ry (4.2)

31 T32 T33

is a 3 x 3 orthogonal matrix and

l3
is a 3 X 1 vector.
Given the world coordinates of scene points as X = (X,Y,Z, W)" and their
corresponding image points u = (u, v, w)’, where W and w are homogeneous scalars,

the projection relation between them can be expressed as:

u=C[Rt]X. (4.4)

In the case of our novel stereo camera system, image points on the left half and

the right half are modeled separately (due to the split optical path) as:

u; = C [Rl tl] X (45)

u, = C[R, t,] X (4.6)

Note that the intrinsic camera matrices C for the left and the right half are the

same because the stereo image is formed using a single lens and a single sensor. This
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important constraint will be fully exploited in our calibration scheme.

4.2.1 Closed-form Solution

Given a group of measured 3D scene coordinates X; = (X;,Y;, Z;) and their
corresponding left and right image coordinates w; = (uy,v;) and w.; = (Ui, V),
two general 3 projective matrices P; and P, can be recovered through Direct Linear

Transform (DLT) [5] which satisfy:

_ - XZ
Ug
Y;
Vi| = |Pun Pi2 Pi3 Pu (4.7)
Zi
1
- 1
and L
X
Urg
Y;
Urs = |:prl Pr2 Pr3 pr4:| (48)
Zi
1
1

where p;; and p,; are column vectors of P; and P, respectively. From Eq. (4.6), we

have

[le P2 P pz4} =AC [1“11 rp I3 tz] (4.9)

and

|iprl Pr2 Pr3 pr4:| :)\TC |irrl Iro Tp3 tr:| (410>
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where \; and A, are arbitrary scalars. Employing the orthogonal property of rotation

matrix R; and R,., we can derive

p,C'C'pp = 0
p,C'C'pz = 0
pC'C'pn = p,C'C'ppy
p;,C'C'p = pjsC'C 'pys
p.,C'C'ps = 0
pi2c_tc_lpr3 = 0
p,,C'C'p,y = pl,C'C 'py

p,,C'C'p,ys = pl3C'C 'py3

(4.11)
(4.12)
(4.13)
(4.14)
(4.15)
(4.16)
(4.17)

(4.18)

where C~* denotes (C™1)!. Note that matrix B = C'C~! is symmetric, whose degree

of freedom is only 6. The above 8 linear equations can be easily solved to determine

B through Singular Value Decomposition (SVD) or Pseudo-Inverse.

JFrom B = C7!C~!, we can easily derive that B~! = CC!. Because of the

scaling factor in projective matrices P; and P, the actual relation between B and C

should be B~! = A\CC!, i.e.

bir bz bi3 fo s wl| [fe 0 0
B! = bia bay bas| =A |0 fy o s fy, 0 (4.19)
b13 b23 b33 0 0 1 Ug Yo 1
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The unknowns in camera matrix C can then be solved as follows:

A= bz
Ug = blg/)\
Vo = bgg/)\

fy = \/522—2102
s = (b12_u0'U0)/fy

fx = \/511—52—U02

(4.20)
(4.21)
(4.22)
(4.23)
(4.24)

(4.25)

After solving the intrinsic camera matrix C, the next step is to calculate rotation

matrices and translation vectors. From Eq.(4.9) and Eq.(4.10), we have

R, = 1/A c™ {pu P12 pl3] (4.26)
tl = 1/)\l C_1p14 (427)
RT’ = 1/)\7’ C_l |:p7"1 Pr2 pr3:| (428)
t, = 1/A\C 'pu (4.29)
with Ay = [|pul| = |[pel| = |[pws|| and, similarly, A, = [|p| = [|pr2l| = |[Pss]l.

In practice, usually, norms of different column vectors would not be equal to each

other and thus the resulting rotation matrix R would not satisfy the orthogonality

constraint. Therefore a standard method [1] to estimate the best rotation matrix

from a general 3 x 3 matrix is used.
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4.2.2 TIterative Refinement

The closed-form solution described above tends to minimize the algebraic error of
equations (Eq.(4.11)-Eq.(4.18)), which is not physically meaningful. We can further
refine the initial result by minimizing geometric errors between reprojected image
points and actual image points. Radial distortion can also be incorporated in this
process to improve calibration accuracy.

Due to complex design of lens system and imperfect manufacturing, practical
lens system usually can not be modeled as linear system (described by camera matrix
C). It usually shifts image points to new positions along their normalized radius
(which is termed as radial distortion). Here we use simple polynomials to model the
shift to achieve numerical stability [1].

Let (z;,y;) be ideal normalized image projections of scene point (X, Y, Z) through

stereo adaptor, where

X
Z’j v
wj Yi| — [R] tj:| P (430)
1
1

and the distorted normalized image coordinates are:

o= T (431)
T; = xj+xj(k1rj2+k2rj4) (432)

Yy = Yj + yj(]fﬂ”j2 + ]fg?”j4) (433)

where j = [, r, denoting coordinates from left and right half of stereo image and (k;,
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ky) are radial distortion coefficients. The final observed image coordinates in pixel

unit are: o _ -
?lj fm S Uo Li'j
ol =10 f, vl |9 (4.34)
1 0 0 1 1

We assume that each detected image coordinate ' is corrupted Gaussian noise

with zero mean and uniform standard deviation o that ' = u + Au and

_[Au]?

202

P(Au) = —— exp (

2mo?

) (4.35)

We also assume noises are independent and identically distributed, then the

Probability Density Function (PDF) of noise perturbed data is

YRS I - 1 Hﬁ;_ﬁi(c7k17k27Rl7tl7RT7R7‘)H2
P(ds. ) = [[ 5= exp (- =

=1

) (4.36)

2o

Then Maximum Likelihood estimate of (MLE) of camera parameters (C, Ry, t;, R, t,.)

can be obtained by minimizing the following objective function:
E = [|a);, = 44(C, ki, ko, Ry, t)[|* + D [0, — 0i(C, ko, Re t,)[[ - (437)

where [ and r denote where image points lie, on left or right half of stereo image.

Because of orthogonality, rotation matrix R has only 3 degrees of freedom, which can
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be parameterized as a unit 4-vector quaternion Q = (qo, ¢z, gy, ¢) , that is:

Tk; — Tjk

o = 2 (4.39)
w

L = = 4.40

q 5 (4.40)
Tij — Tji

¢ = Tki — Tik (4.42)

2w

where r;; is the largest diagonal element of R and 75k is an even permutation of 123
(ie., 123, 231 or 312).

Up till now, we assumed that the 3D measurement of corner points on the
calibration object is precise, but in practice, such assumption rarely holds due to
limited accuracy of mesurements. It has been demonstrated in [1] and [103] that the
systematic error from measurement has more effect than the random error. To further
improve the accuracy, we can also estimate 3D coordinates X; in the refinement step.
As measurement errors are within certain range, it is natural to limit the search range
of X; in the parameter space to improve the speed. Now the new objective function

becomes

E = Z ||uli _ﬁli(ca kla k2a Qlathi)H +Z ||u7’i _ﬁr’i(ca kla k2> Qratra Xz)” (443)

subject to

I1X; — Xpol| < 6 (4.44)
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and

Q=1 (4.45)
Q[ =1 (4.46)

where X; are estimated 3D coordinates of corners and X,y are the originally measured
ones.

We use Interior Point algorithm [104] to solve this constrained optimization
problem. Interior Point method starts from a group of initial guesses of estimated
parameters and improves the results step by step by evaluating the Jacobian Jz and
Hessian matrix Hg of the objective function. Directly computing the large Hessian
matrix could be slow, but its sparse structure can be utilized to speed up the process.

As there is no interaction between different corners, we obtain

OE OF
0X,0X;

0 (4.47)

which results in a large number of zero entries in the Hessian matrix Hg. Its sparse
structure is illustrated in Figure 4.3, where nonzero entries exist only along diagonal,
first few horizontal, and vertical bands. These few nonzero entries can be computed
analytically and the overall computation cost is acceptable.

The initial values of camera parameters (Cgy, Ry, tio, R0, and t,9) can be
calculated using the linear method described in Section 4.2.1. (kq, k2) can be roughly
estimated using methods described in Section 4.3.2, and initial values of 3D corners
X,o are measured. The optimization converges after a few iterations and generate

reliable results (illustrated in Section 4.4).
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Figure 4.3: Sparse Structure of Hessian Matrix

4.3 Pre-processing

Before applying the above calibration method, we have to detect all the inner
corners in the stereo image. The following part describes the corner detection scheme

and the estimation method for initial distortion coefficients.

4.3.1 Corner Detection

We adopt a Harris corner detector based algorithm [105] to detect inner corner

points on a checkerboard pattern. The first step is to compute the function:

c(u,v) = det(M) — Xtrace(M))? (4.48)
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with

E (4.49)

where g(u,v) is a smoothing Gaussian filter, I(u,v) is the intensity of checkerboard
pattern image and A is a tuning operator.

Function ¢(u, v) will show prominent positive peaks in correspondence to corners,
including T, X, and L junctions. Thresholding followed by local maximum search
can reveal integer corner positions p(u,v). To exclude the L-junctions, a heuristic
method is adopted. Let I, be a small n x n block with detected corner p as its
center, and I,., Iy, I, I be the intensity of its four vertices. If any of absolute
intensity differences between two orthogonal vertices (e.g., | — Is|) is larger than
that between adjacent vertices (e.g., |Ine — Inwl|, |[Ine — Ise|), then this corner will be
marked as L-junction and removed from the detected corner list.

Subpixel refinement can be achieved by quadratic fitting of the intensity space
within a small neighborhood (s,t) € [u — Au, v+ Au] x [v — Av, v+ Av]. Minimizing

the following equation can retrieve the quadratic parameters a, b, ¢, d and e.

E = ||as® + bst + ct> + ds + et + f — I(u,v)|] (4.50)

The X-junction is the critical point (saddle point) of this hyperbolic paraboloid, which

is also the intersection of two lines:

2a5s + bt +d =0 (4.51)

bs +2ct+e=10 (4.52)
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Such quadratic fitting scheme requires a preliminary interpolation to achieve
certain accuracy, which is computationally expensive. Instead, we use a simpler
approximation to compute subpixel saddle point. Assuming the Gaussian smoothed
image around p(u,v) can be exactly fitted by the quadratic equation, the coefficients

a, b, ¢, d and e will be partial derivatives of intensity I at (u,v):

1
_ i 4,
a 5 (4.53)
b = I, (4.54)
1
_ 1 4,
c 5 (4.55)
d = 1, (4.56)
e = I, (4.57)

and the subpixel saddle point p(u + sg, v + o) lies at

o IvIuv - IuIvv

So = [qum} — [SU (458)
Il —I,I

to — vituu utuv 4.

0 ]uulvv - [2 ( 59)

uv

The partial derivatives can be computed by Savitzky-Golay filter, and the subpixel
position can be solved directly. In Figure 4.4, all detected inner corners are marked

with a red cross.

4.3.2 Lens Distortion Correction

The multi-parameter space being searched during refinement step (described

in Section 4.2.2) is rarely convex in practice and the iterative process can easily

68



Figure 4.4: Pattern Image with Inner Corners Marked

converge to a local minimum. Therefore the accuracy of initial values becomes crucial.
The main limitation of our closed form solution (which served as initial guess for
refinement) is that it models camera as a linear system. To make this assumption
valid, we have to first roughly remove the distortion effect from the stereo image.
As described in Section 4.2.2, radial lens distortion is modeled as a simple

polynomial:

F =11+ kyr? + kor?) (4.60)

where 7 is distorted normalized radius, and 7 is ideal normalized radius. Recovering
ideal image position from distorted one requires solving the above quintic equation.

There is no direct analytic method to find the roots, so we use Taylor Expansion to

69



derive an approximate solution. We denote

fOr) = —r = kar® + kor®
=f(7+ (r — 7))
=f(7) + f(F)(r —7)

Substituting f(7) with k7% + ko> and f/(7) with 3k 72 + 5kyrd, we obtain
F—1 = k7 + kot® 4+ (3k1 72 + Bhot) (1 — 7)

We can then easily obtain the inverse lens distortion model:

P 2k 3+ Ay

T T 3k + Bkt

If expressed in pixel unit, they are:

1 272 + Akt
O Bk 72 + kit
1+ 272 + Ayt
T4 B2 + kit

U=1u

UV = g

(4.61)

(4.62)

(4.63)

(4.64)

(4.65)

where (ug,vo) is the principle point, (a,v) are distorted (actual observed) image

coordinates and (u,v) are the ideal image coordinates.

As perspective projection retains collinearity, lens distortion is the sole factor

making straight lines appear curved. We exploit this characteristic to estimate

distortion coefficients k1 and ky. To exclude errors from optical misalignment, we

detach the stereo adaptor and take an image of a planar object shown in Figure 4.5.
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There are n straight lines in the image, where (4, 0;;) are the j point lying on the

it" line. They satisfy:

~ 1+2k1fi2j +4k2ffj

Uij = U -+ Uij —1"‘3]917:2‘23""5]927:?3‘ (466)
o 142k 7Y ko
Vij = Vo + Uy —1+3k1f§j+5k2f?; (4.67)
;U + bi’Uij +c¢ = 0 (468)
Naturally, we can formulate an objective function:
F= Z” ||aiuij + bvi; + ci| (4.69)

Minimizing F with regard to (ki, ks, a;,b;,¢;) (i = 1,2,...,n) can retrieve the
distortion coefficients. The initial values of a;, b; and ¢; can be calculated through line
fitting of (w;;, 0;;), and (kq, k2) can be set to zero. Principle point (u,vg) is assumed
to coincide with image center, and focal length can be read from EXIF data.

After getting the lens distortion coefficients k; and ks, we apply inverse model
Eq.(4.64) and Eq.(4.65) to recover ideal corner coordinates (u;, v;) from the detected
ones (u;,0;). Then use (u,v) to compute camera parameters through closed-form
method (described in Section 4.2.1). Because of coupling effects between optical
center and distortion, k; and ks estimated from straight line based method has to be
adjusted after getting the new optical center. They serve as initial values in refinement
step (described in Section 4.2.2). Figure 4.5 is an original image and Figure 4.6 shows

the distortion correction result.
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Figure 4.5: Original Image

Figure 4.6: Distortion Corrected Image

4.4 Experimental Results

The calibration algorithm described above is implemented and evaluated on our
stereo camera system. We first detach the stereo adaptor and estimate lens distortion
using straight line based method (described in Section 4.3.2). The distortion corrected
image of figure 4.5 is shown in figure 4.6, where we can easily notice that curved lines

become straight. This also illustrates that this correction step is necessary to make

72



valid the linear camera model used in the closed-form method.

Next we attach the stereo adaptor and capture stereo images of a chessboard
pattern (see Figure 4.2). The inner corners’ 3D world coordinates are carefully
measured. Their 2D projections are detected using the method described in Section
4.3.1 and corrected using inverse lens distortion model (Eq. (4.64-4.65)). We obtain
initial estimation of camera parameters Cy, Ryg, t;0, R, and t,¢ through closed-form
formula. They are then refined together with lens distortion coefficients and 3D corner
positions by minimizing reprojected errors (described in Section 4.2.2).

The calibration pattern is placed on a desk about 1.2 m away from the stereo
camera. We take five images (camera’s resolution set at 3136 x 2352) of the pattern

with slightly different viewing directions. Results of each trial are presented in Table

4.1 and Table 4.2.

Table 4.1: Intrinsic Parameters

Trial fm fy S Uo Vo ]{71 ]{72
1 44579 | 4446.5 | -8.17 | 1595.3 | 1156.1 | -0.130 | 0.101
2 4463.2 | 4453.1 | -8.13 | 1599.8 | 1160.5 | -0.121 | 0.011
3 4460.6 | 44479 | -7.79 | 15979 | 1155.0 | -0.132 | 0.112
4 4467.3 | 4457.6 | -7.81 | 1600.0 | 1157.4 | -0.121 | 0.018
D 4463.4 | 44534 | -7.83 | 1596.5 | 1161.6 | -0.123 | 0.033
Mean | 4462.49 | 4451.69 | -7.95 | 1597.92 | 1158.11 | -0.125 | 0.055
STD 3.51 4.50 0.19 2.07 2.85 0.005 | 0.048

The rotation and translation vectors obtained from calibration are with respect
to the world coordinate system, but this world coordinate system is fixed on the
calibration object (origin and three axes are fixed on the object). Therefore, this
coordinate system varies with respect to the camera coordinate system from one

experimental trial to another because the object position and orientation are changed.
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We present the extrinsic parameters in a fixed coordinate system [106] with respect to

the camera to evaluate their consistency. The new coordinate system’s origin is the

center of left virtual camera. Its X axis is parallel to baseline, Y axis is orthogonal

to X axis and original left Z axis, and Z axis is orthogonal to XY plane. Within

this new coordinate system, left virtual camera sits at the origin and right virtual

camera is on new X axis at (Baseline, 0, 0), and they are both rotated. Then there

are 7 extrinsic parameters in total, 2 x 3 parameters to describe left and right rotation

(rotation is parameterized as yaw, pitch, roll) and baseline. Conversion from rotation

matrix to yaw «, pitch 5 and roll v can be calculated according to following equations:

arctan <
arctan <
arctan (

7’21)
T11

—T31

v7“322+7“332>

7’32)
33

(4.70)
(4.71)

(4.72)

The choice of quadrants for inverse tangent function is decided by the sign of

numerator and denominator of the argument.

Table 4.2: Extrinsic Parameters

Trial | oy(°) | Bi(°) | w(°) | ae(®) | 5-(°) | 7-(°) | Baseline(mm)

1 0.14 | 12.40 | 0.03 | 0.14 | -10.59 | -0.15 97.56

2 0.08 | 12.68 | 0.02 | 0.06 |-10.31 | -0.15 97.91

3 0.15 | 12.54 | 0.03 | 0.15 | -10.42 | -0.15 97.75

4 0.05 | 12.66 | 0.01 | 0.05 |-10.31 | -0.16 98.01

5) 0.07 | 12.47 | 0.01 | 0.05 | -10.52 | -0.15 97.81
Mean | 0.10 | 12.55 | 0.02 | 0.09 | -10.43 | -0.15 97.81
STD | 0.04 | 0.12 | 0.01 | 0.05 | 0.13 | 0.00 0.17

Results presented in Table 4.1 and Table 4.2 show that our calibration method

74



is very reliable. The standard deviation of all parameters are very small. We also
notice that the designed baseline value of stereo adaptor is about 100 mm, while
the mean value of our result is 97.81mm, showing that the system error is small.
Another way to evaluate the accuracy is to compare the reconstructed 3D positions
of corner points with their actual 3D coordinates. The average RMS error between
corresponding reconstructed point and original point is about 2 mm. The result is

presented in Figure 4.7.

+  Reconstructed Corners
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Figure 4.7: Reconstructed 3D Corners

Besides evaluating the consistency of our algorithm, we also check the
convergence speed of iterative refinement. Figure 4.8 plots the RMS residual during
iteration. We find that the mean error distance quickly decreases to less 1 pixel after

several iterations.
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Figure 4.8: Convergence of Mean Error Distances

4.5 Summary

In this Chapter, we presented a new calibration technique for a novel stereo
camera architecture and demonstrated its effectiveness as a stable, accurate, and
useful technique in practical applications. We proposed a closed-form solution
utilizing the constraint that intrinsic parameters are the same. Then we refined
the initial result by minimizing the reprojected geometric errors incorporating both
lens distortion and 3D corner position estimation. We exploit the sparse structure of
the objective function’s Hessian matrix to improve the speed. We also proposed some
pre-processing techniques including feature corner identification and lens distortion
correction to decrease the system error of initial estimation. Experimental results on

a real camera system show that our method is accurate and reliable.

76



Chapter 5

Stereopsis

In Chapter 2 and 3, we introduced Depth from Defocus and Shape from Shift-
variant Blurring. These techniques require the camera to take images with different
lens settings and recover depth by analyzing the extent of image blur. In this Chapter,
we present our research on another shape recovery technique: Stereopsis. As in the
human visual system which has two eyes, stereopsis involves two cameras placed at
different positions with fixed lens setting (as shown in Figure 5.1). Images of the same
object are taken with two cameras. After identifying corresponding image points p
and p’ in each frame of a common object point P, we can recover the 3D position of

P by intersecting Op and O'p’.

5.1 Epipolar Geometry

Let us consider a stereo rig composed of two pinhole cameras (Figure 5.2). Let
C7 and (5 be the optical centers of the two cameras. Object point W is projected

onto both image planes at M; and M,. Its epipolar plane is defined by intersecting
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Figure 5.1: Simple Triangulation

rays W and W5, Epipolar line is the intersection of the epipolar plane and the
image plane, i.e., line M FE; and MyFE;. CC5 is the baseline connecting two optical
centers. F; and FE, are intersections of baseline and two image planes termed as
epipoles. Given a point M; in one image, its corresponding point M; in the other

image should lie on the epipolar line. All the epipolar lines pass through the epipole.

Figure 5.2: Epipolar Geometry
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5.2 Stereo Camera System

Traditional stereo vision systems consist of two vergence cameras (as illustrated
in Figure 5.2). Even if two cameras of the same type with fixed settings are used, they
still present slight differences in image characteristics such as brightness, contrast, and
noise level. This difference often introduces errors in stereo matching and texture
mapping. To overcome these problems, Olympus Corporation developed a new type
of stereo camera featuring an ordinary digital camera and an attached stereo adapter

(shown in Figure 5.3).

Figure 5.3: Stereo Camera

As shown in Figure 4.1 in Chapter 4, the stereo adapter features a pair of parallel
mirrors which splits the incoming light and forms a stereo image pair on the single
sensor. This new architecture has many advantages over traditional two-camera stereo
system in terms of compactness, cost and accuracy. The stereo adaptor also carries a
small pattern projector which can project a random dot pattern onto the object
surface during image capture. The camera is programmed to shoot two images
consecutively within a short time period, one with pattern projected and another

one an ordinary texture image. The pattern image is used for shape recovery as the
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random dots add more contrast on texture-less surfaces (like human face), and the
texture image is mainly used for photorealistic rendering. Example of pattern image

and texture are shown in Figure 5.4 and Figure 5.5.

Figure 5.4: Stereo Images with Pattern Projection

The brightness of the projected pattern has an effective working range between
1.2 m and 1.8 m. Beyond this range, the pattern fades away and therefore objects
outside the range appear very dark in the image. This feature together with a dark
background setting largely simplifies the object segmentation from the background

in stereo matching.

5.3 Shape Reconstruction

The stereo camera is first calibrated using techniques presented in Chapter 4.

As described before, one set of intrinsic camera parameters and two sets of extrinsic
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Figure 5.5: Normal Textured Stereo Images

parameters are estimated. If X = (XY, Z, W)! is 3D object point, 0; = (4, 0y, ;)"
and 4, = (4, 0., W, )" are corresponding images points in stereo image, then their

relation follows:

u = C[Rl tl]X (51)

u, = C[R.t,]X (5.2)

where C is camera matrix, R; and R, are rotation matrices, t; and t, are translation
vectors, w; and u, are ideal image points.

Because of radial lens distortion effects, the actual observed image coordinates
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are shifted along the radius:

u; = u; + (u; — uo) [kl(i’sz + ?/j2) + k2(5”j2 + 912)2] (5:3)

v = uj+ (Uj — ) [kl(ffj2 + yj2) + k2(953'2 + 912)2] (5:4)

where j = 1, r denotes left and right half of stereo image, k1 and ko are distortion
coefficients, (z;,y;) are ideal normalized image coordinates and (ug,vp) is principle

point in pixel unit.

5.3.1 Rectification

In Section 5.1, it is proved that corresponding point in the other image must lie
on the epipolar line. If baseline is parallel to both image planes, then the epipoles
would be at infinity and epipolar lines are a bundle of parallel horizontal lines. With
this special configuration, correspondence search is largely simplified as its location
is constrained on the same horizontal scanline in the other image.

In practice, we usually adopt the vergence setting (two cameras are placed with an
angle, illustrated in Figure 5.2) rather than parallel setting to retain certain length of
baseline as well as large viewing filed. Our stereo camera can be viewed as two virtual
cameras with vergence setting. However, the stereo image pair can be transformed
so that epipolar lines are parallel and horizontal in each image. Such procedure is
termed as image rectification [106].

The idea of rectification is to define two new Perspective Projection Matrices
(PPM) Py, and P,, obtained by rotating the old ones around their optical centers

until the focal planes become coplanar (as illustrated Figure 5.6). This ensures that
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epipoles are at infinity and therefore the epipolar lines will be parallel. To get
horizontal epipolar lines, the baseline must be parallel to the new X axis of both
cameras. In addition, to have a proper rectification, corresponding points must have
the same vertical coordinate. This is obtained by requiring that the new cameras

have the same intrinsic parameters.

Figure 5.6: Rectified Cameras

The calibrated PPMs for stereo camera are:

P, = C[R;t] (5.5)

P, = C[R,t,] (5.6)
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Two virtual cameras’ optical centers in world coordinate system are at

Cc = —Rl_ltl (57)

c, = —R,7't, (5.8)

To satisfy the requirements of rectification, both virtual cameras are rotated to

the same pose, which means that they share the same rotation matrix R, that:

R, = |r, (5.9)

The row vectors ry, ro and rz specify the new X, Y, and Z axis of the new camera
frame with respect to world coordinate system. They can be constructed in the

following way:
e The new X axis is parallel to the baseline: r; = (c; — ¢3)/||c1 — ¢

e The new Y axis is orthogonal to new X axis and an arbitrary vector k:

ro = k A r.
e The new Z axis is orthogonal to new XY plane: r3 = r; A rs.

Usually, we set arbitrary vector k as old left camera’s Z axis.

Then the new PPMs for both virtual cameras can be written as:

P, = C[R, —R,c] (5.10)

P,, = C|[R, — R,c] (5.11)
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The transformation matrices mapping the old image coordinates to rectified

image coordinates are

T, = CR,R;'C™ (5.12)

T, = CR,R;'C™ (5.13)

5.3.2 Image Warping

If we directly map the old image coordinates to the new ones, usually we get
non-integer result, which would be difficult to construct a new image. Instead, we
map the integer pixel position in the rectified image back to the original image at
sub-pixel position, and obtain the color information through bilinear interpolation.

Radial lens distortion is also present in the original stereo image. Before
proceeding to any other step, lens distortion effects have to be removed from
the original image, which also requires image warping. Actually, lens distortion
removal and rectification can be combined together to speed up the process. We
can formulate an overall transformation equation which projects the distortion free
rectified coordinates to original image coordinates. In this way, bilinear interpolation
only needs to be performed once.

We denote u,, = (u,,v,) as rectified image coordinates and 01 = (4, v) as actual

observed image coordinates. Combining Eq. (5.4) and Eq. (5.13), we can derive that
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the transformation from u,, to 0 follows:

T Up,
w Yyl = RjRT_LlC_l Un (514)
1 1
and
& =x[l+ki(2® +y°) + kao(2® + y°)?] (5.15)
g =y[l+ ki (2® +9°) + ka(a? + ¢*)] (5.16)
and finally
U x
o] =C |y (5.17)
1 1

where k; and ko are distortion coefficients computed from calibration.

Figure 5.8 is the distortion free rectified pair of Figure 5.7. We use a planar
checkerboard pattern for easy illustration. After image warping, we can see that the
corresponding points (such as square corners) lie on the same horizontal line in both

images.

5.3.3 Matching

After rectification, the next step is to identify the pair of corresponding points
in two images. From epipolar geometry, we can derive that they lie on the same

horizontal line in rectified images. This constraint largely reduces the computation
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Figure 5.7: Original Stereo Image

complexity. For an arbitrary point (u;,v;) in left rectified image, its corresponding

point (u,,v;) in right rectified image is defined as

w0, = arg max Sy ey D+ 4o+ ) (w4 v+ )

NS5 S YOS RO Y N S AR R
(5.18)

which means that the centers of two small image patch with largest cross-correlation
are marked as corresponding points.

Exhaustive search for matching image patch along the whole scan-line in high
resolution image is time consuming. To improve the speed, we adopt a multi-
resolution search scheme, where we form a group of images with different resolution
from original image and the search is conducted from coarse level to fine level. Figure

5.9 shows an example of Gaussian pyramid, where the original image [ is sub-sampled
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Figure 5.8: Distortion-free Rectified Image Pairs

to half resolution several times. Each level in Gaussian pyramid is calculated as

ge(ing) = D> wlm,n)gg-n(2i +m,2j +n) (5.20)

m=—2n=-2

where w(m,n) is a 5 x 5 size Gaussian kernel.
In our application, we adopt a three level gaussian pyramid spanning from gg

to go. For any point wy(u, vy0) in original left rectified image gy, its corresponding

point search is conducted in the following way:
1. Identify wy’s projections in g;; and g2 using Eq. (5.20)

2. For uj(usa, vi2), search along the scan-line vy in g0 within range [ug, up] for
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Figure 5.9: Example of Gaussian Pyramid

optimal match w,o(tu,2, V)

3. w; (w1, vn)’s correspondence u,.q (4,1, vy1) is searched within [2u.o — 1, 2u,o + 1]

on horizontal line v, in gy,

4. The final search is performed between [2u,; —1, 2u,;+1] in original right rectified

image go, to identify w,.o (0, vr0)

In practice, we also search along the vertical direction from v, — 1 to v, + 1 as rectified

images may not be perfectly aligned due to errors from calibration.
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5.3.4 Triangulation

After identifying corresponding points w;(u;, v;) and u,.(u,, v,.), we can recover the
object point’s position in 3D space. Its 3D coordinates with respect to left rectified
camera frame is denoted as X = (5( Y. Z ). From perspective projection geometry,

we have

wp vy | = CX (521)

Since right rectified camera frame is translated along X axis to (B,0,0)" (B is the

length of baseline), the perspective projection for right image is:

Up

w, v | =CX+t) (5.22)

where t = (=B, 0,0)".

Ideally, v;, v, should be the same and u;, u, and X should form a perfect triangle.
In practice, such assumption usually does not hold that two rays uw,c; and u,c, do
not intersect in 3D space. To calculate X, we can rearrange Eq.(5.21) and Eq. (5.22)

to form a group of linear equations:

Ju 8 wo—w| . 0
X
0 f, vo—u ~ 0
fovomw ot (5.23)
fu S Uy — Uy ~ .fuB
VA
0 fv Vo — Up 0
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where f, and f, are focal length in pixel unit, s is skew factor, (ug,vg) is principle
point and B is length of baseline. They are all obtained through calibration described
in Chapter 4. The above over-constrained equation can be solved through pseudo-

inverse method.

5.4 Experimental Results

Our experiment is carried out on the novel stereo camera system. The camera is
connected through USB cable to a host computer, which controls the image capturing
and transferring process. Figure 5.4 and Figure 5.5 are sampled stereo pattern and
texture images of resolution 3136 x 2352. They are corrected from lens distortion
and rectified using methods described in Section 5.3.1 and Section 5.3.2. Then we
generate a three level Gaussian pyramid to perform multi-level search to identify all
corresponding point pairs. For background pixels, matching process is time consuming
and meaningless. As pattern projector’s working range is within certain range and
we use a dark background, usually object is much brighter than background (as
shown in Figure 5.4) so that it can be segmented through simple thresholding and

morphological operations. A binary image can be generated using:

1 I(u,v) >T
M(u,v) = (5.24)

0 I(u,v)<T

Simple thresholding may filter out some object parts with dark colors (like human
beard). The initial binary mask M can first be dilated to fill the holes inside and

then eroded to remove unreliable boundary pixels. Figure 5.10 shows the left rectified
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pattern image of Figure 5.4and the segmentation result.

Figure 5.10: Left Rectified Image and Segmentation Result

Then the correspondence search algorithm is only performed on object pixels. We
can limit the search range in coarsest level of Gaussian pyramid to further improve

the speed. From Eq. (5.21) and Eq. (5.22), we have

fuX + Y +ugZ

W = 5.25
l ~ 7 ~ ~ (5.25)
WX — B Y A
u = Lol ) &Y+ (5.26)
A
which means
fuB
Up = U] — —= 5.27
- (5.27)

In our experiment setting, the object is of limited size (usually human face model)

and placed in the working range of pattern projector (from 1.2 m to 1.8 m), then Z
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should be between [ZS, Zb] (where in implementation, we can set Z, as 1.2 and Z,
as 1.8). So for point (uy,v;), the search window [us, up] in the second level Gaussian

pyramid g5, can be set as

L By T (5.28)
4 47,
Uuj fuB
wpy = - — 1 5.29
=17z (5.29)

The point cloud generated from stereo image Figure 5.4 is shown in Figure 5.11

Figure 5.11: Point Cloud of Sample Object

5.5 Summary

In this Chapter, we introduced the basic theory of stereo vision and presented our
novel stereo camera system. We combine lens distortion correction and rectification

in a single process so that image warping has to be conducted only once. We
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adopt a multi-level resolution search scheme and limit the search range derived from
practical system design to improve the speed. We first segment the object from
background and then perform our fast correspondence search algorithm to recover its
depth information. The generated point cloud illustrates that our method is fast and

reliable.
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Chapter 6

Registration

In Chapter 5, we presented our novel stereo camera. Due to limited viewing field,
a single stereo camera can reconstruct only a partial shape of an object. To recover
the object’s full shape, we have built a multi-stereo camera system. It consists of
three stereo cameras with one placed in front of the object and two at the sides about
45° apart from the center one (as shown in Figure 6.1).

The partial shape reconstructed by each stereo camera is expressed in camera’s
own coordinate system. To combine three partial shapes together, the first step is to
bring them into a common coordinate system, which is termed as Registration. For

convenience, we choose the center camera’s frame as the reference coordinate system.
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Figure 6.1: Multi Stereo Camera System

6.1 Initial Registration

The transformation between different camera coordinate systems can be

described by a rotation matrix and a translation vector:
X, =RX,+t (6.1)

where X, = (X,, Y,, Z,) is object point’s 3D coordinates in its original camera frame,
R is a 3 x 3 rotation matrix, t is a 3 x 1 translation vector, and X, = (X,, Y, Z,)

is the new coordinate in the common reference coordinate system. They can also be
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written in homogeneous coordinates form:

S
=
SN

- (6.2)

= N
o
= N

where W, and W, are homogeneous scalars, and 0 is a row vector that is 0 = [0, 0, 0]".

If the calibration object is placed facing two cameras so that both cameras can
get good views (as shown in Fig. ), then the transformation between two cameras
and the common world coordinate system (set according to calibration object) can

be retrieved using methods described in Chapter 4.

Figure 6.2: Images of Calibration Object taken by Left and Center Cameras
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If we take left camera and center camera as example, we have

X X
Y, R, t| | Yy,
7z - 0 1| |Z,
_VVl_ _Ww_
and
_XC_ _Xw_
Y. Re t.| | Yy
Z. - 0 1| |Z,
_Wc_ _Ww_

(6.3)

We can easily derive the transformation between left camera and center camera as:

which can also be written as

Xc = Rchl + te

where

Rlc - Rch !

and

tlc - _Rch_ltl + tc
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Figure 6.3: Left Rectified Texture Images taken by Three Cameras

Similar procedures can be applied to right stereo camera and center camera, so
that we can also obtain the transformation matrix R,. and t,.. Applying Eq. (6.3)
to left point cloud and right point cloud, we can roughly align three partial shapes in
one coordinate system. Figure 6.3 shows the left rectified texture image captured by

different cameras, and Figure 6.4 shows the initial registration result.

Figure 6.4: 3 Point Clouds after Initial Registration
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6.2 Registration Refinement

In Figure 6.4, we can easily observe that point clouds do not align with each

other perfectly. The transformation matrices Ry, t;., R,. and t,. calculated from

calibration result need to be further refined to minimize the alignment errors.

6.2.1 Corresponding Point Registration

Assume that the point set X,; in left (or right) point cloud correspond to point

set X,; in center view, then the optimal transformation matrices R and t are the ones

that minimize the following objective function:

N
1
F(R,t) = ~ > (X — RX,; — tf?
i=1

(6.9)

The closed form solution of R and t that minimizes F' can be derived as follows. Let

U, and U, be center of mass for each point set:

1
Uo = NZUOi

1
Ur = NZUM
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An anti-symmetric matrix A is defined as

A=%, -3 (6.13)

then a symmetric 4 x 4 matrix Q can be formed

trace(Xo) Al
Q= (6.14)
A Yor + 38— trace(X,, )13
where A" = (Ags, Az, AL,) and I3 is a 3 x 3 identity matrix. The unit eigenvector

a = (9o, 91, @2, q3) corresponding to the maximum eigenvalue of matrix Q is selected

as the quaternion to generate optimal rotation matrix R, where

GC+E—a¢ -0 2(qg — q9) 2(q1q3 + 9o0q2)

R = 2(Q1Q2 + QOQ3) qg + q% - Q% - %2, 2(Q2Q3 - QOQ1) (6‘15)

2(q193 — 9042) 2(pqs +9001) GG -G — a6

and the optimal translation vector t is given by

t = U, — RU, (6.16)

The detailed proof of the optimality of the above closed form solution can be found

in [76].
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6.2.2 Iterative Closest Point Algorithm

Based on the closed-form solution of optimal transformation matrices derived in
Section 6.2.1 (see Eq. (6.15) and Eq. (6.16)), the Iterative Closest Point Algorithm

(ICP) registration refinement is stated as the following:

1. Bring left (or right) point cloud X, to center camera’s frame using the initial
transformation matrices R,,¢ and t,,¢ calculated from calibration result. The

new coordinates of X, is denoted as X,;, where j = 0 in this initialization step.

2. For each point in X,;, find its closest point in center point cloud where Euler
distance d; is used for error measure. Then we establish the correspondence

between two point sets X,; and X,.

3. Compute the optimal registration matrices R,,; and t,,; between X,; and X,

using methods described in Section 6.2.1.
4. Apply the registration: X(j+1) = RopjXo; + top.

5. Terminate the iteration if the change of mean error distance between two point
sets Xo(j+1) and X, falls below a preset threshold 7 (i.e., d; — djy1 < 7 ),

otherwise go back to step 2 to continue.

The convergence of the above algorithm is elaborately proved in [69].

6.2.3 Iterative Closest Surface Patch Approach

The ICP algorithm described above has obvious disadvantages when applied to

our camera system. With the wide angle system setting, two point clouds to be
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registered do not completely overlap with each other and therefore correspondences
only exist among a part of them. Exhaustive search for correspondence for every
point is not feasible and extremely expensive. Instead, we propose an Iterative Closest
Surface Patch (ICSP) approach to accelerate the process.

Instead of establishing correspondences between every pair of points, we try to
find the matching surface patches in overlapping parts. From epipolar geometry, we
know that approximately the left half of right point cloud overlaps with the center
one (similar derivation applies to left point cloud). The surface patches are selected
in equal spacing from the overlapping area on depth map. Figure 6.5 illustrates

the surface patches to be registered in right point cloud. As point cloud can also

110 15

Figure 6.5: Surface Patches in Right Point Cloud

be viewed as the depth map of a down-sampled image, each surface patch can be
indexed by its corresponding 2D coordinates. SP,, ,, denotes the surface patch whose
center is projected onto (u,v) in 2D image and X, , denotes the 3D coordinate of

object point projected onto (u,v). For a surface patch SP,, ,, in right point cloud,
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its corresponding patch in center point cloud is defined as

SP.,, .. = arg min d(u,v) (6.17)
(u,v)€[uo—Wug+W]x [vo—W,v0+W]
where
1 N N
d(u,v) = ON 1) i;N j:Z_N [ Xy iyopti — Xuioril| (6.18)

where (2N+1) x (2N +1) is the patch size, [ug—W, ug+W|x[vg—W, vo+W] is a preset
search range, and the center of search window (ug, vg) can be calculated through the
spatial geometrical relationship. Assume that the current estimated transformation
matrices between two cameras are R and t, then projection of X,, ,, in center image
Is at:

uy = C.[Rt]X,, ., (6.19)

where C. is the intrinsic matrix of center camera, ug = (Ugy, Vow, w) is homogeneous

image coordinates, and

Uy = Ugy/W (6.20)

vy = Upw/W (6.21)

Though we have preset the overlapping areas to select surface patches, the ones around
borders may fail to find its correct correspondences. Such mismatch would prevent
the iterative process from converging to the correct solution. An outlier removal
procedure is needed when establishing corresponding point sets. If the mean error
distance d between two surface patches are larger than certain threshold 74, both of

them have to be removed from the list. The rest of our approach remains the same
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with ICP algorithm.

Our surface patch matching strategy is similar to the image patch matching in
stereopsis. The inherent ordering constraint within the small patch helps to capture
more local geometrical features, which is more reliable than measuring error distance

between pair of points.

6.3 Experimental Results

We apply our ICSP approach on the left and right point clouds generated by
stereo camera to align them into the center camera’s frame. The coarse registration

result is shown in Figure 6.4. The refined result is shown in Figure 6.6. A close-up

if’:" e

Figure 6.6: Registration Refinement Result

view of right point cloud and center point cloud is shown in Figure 6.7. From Figure
6.6 and Figure 6.7, we can clearly see that the point clouds are almost perfectly
aligned together after the refinement step.

Another way to check the accuracy is to project the center of matched surface
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Figure 6.7: Alignment of Right and Center Point Clouds before and after Refinement

patches (which we term as control points) to their corresponding texture images.
If perfectly registered, corresponding control points should lie on the same texture
feature points. Figure 6.8 shows the positions of these control points in rectified

texture images.

Figure 6.8: Corresponding Control Points in Texture Images

The convergence speed of ICSP is displayed in Figure 6.9 and Figure 6.10, where
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the mean error distance quickly drops after several iterations.
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Figure 6.9: Convergence of Mean Error Distance between Left and Center Point
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Figure 6.10: Convergence of Mean Error Distance between Right and Center Point
Clouds

Experimental results on other data sets are displayed in Figure 6.11 - Figure

6.22.
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6.4 Summary

In this Chapter, we introduced our multi-camera system which consists of three
stereo cameras. Each camera can reconstruct partial shape of the object from different
viewing directions. We also presented our registration method that aligns three point
clouds into one common coordinate system. For convenience, we take the center
rectified camera frame as reference. The initial coarse registration is performed based
on the calibration results. Then we refine the transformation matrices through our
Iterative Closest Surface Patch (ICSP) approach, where small surface patches are
selected in left (and right) point clouds and their correspondences in center cloud
are identified. The optimal transformation matrices are calculated from two point
sets by minimizing a least squares error measure. Such procedures are carried out
iteratively until the error measure converges. The experimental results illustrate that

our method is fast and robust.
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Figure 6.14: Pattern Images from Left and Center Camera

Figure 6.15: Point Clouds Alignment Before and After Registration Refinement
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Figure 6.16: Convergence of Mean Error Distance between Two Point Clouds

110



Pattern Images from Left and Center Camera

Figure 6.17
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Chapter 7

3D Modeling

In Chapter 6, we presented an Iterative Closest Surface Patch (ICSP) approach
to register three partial shapes of the object into one common coordinate system.
The next step is to build a single 3D model from point clouds. To properly render
a 3D object on a computer screen, we need a suitable mathematical representation
of its surface information. Usually the geometrical shape is parameterized as a set
of triangles (termed as triangle mesh) and then the textured appearance is projected
onto the wire-frame. 3D modeling task mainly involves iso-surface extraction, mesh

generation and texture mapping.

7.1 Surface Extraction

Though registration step minimizes the error distance between overlapping parts
of point clouds, there will still be slight misalignment. We adopt a volumetric method
to extract the object surface from overlapped point clouds [79].

First, we triangulate each point cloud to obtain a surface mesh. As described in
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Chapter 6, a point cloud can be indexed by its corresponding image coordinates. For
any pixel p(u,v) on a 2D grid, it either corresponds to a 3D point X, , or is marked as
an invalid background pixel. The tessellation starts from the upper left corner of the
image. Each time we look at four points (u, v), (u,v+1), (u+1,v) and (u+1,v+1).
If two or more points are marked as invalid, then no triangulation will be performed.
There exist 6 possible ways of tessellation for the remaining cases (see Figure 7.1). If
all four points are valid, the configuration with the shorter diagonal (distance between

Xy Xyt1,0+1 OF Xy pr1Xy+1 10 3D space) gets selected. The tessellation result of

e
@ Valid 3D point

¢ Invalid 3D point

»

Q

O

o o

Figure 7.1: Possible Ways of Triangulation

center point cloud is shown in Figure 7.2.

Figure 7.2: Range Surface from Single Point Cloud

Next, we generate a voxel grid covering the whole range of all three range surfaces.
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We can calculate a signed distance d; from every voxel P to each range surface S; (i
= 0, 1, 2, denoting the left, center and right range surface). As illustrated in Figure
7.3, we can cast a ray from a camera center V; to any voxel P, which would intersect

with triangle P, P»oP.3 at P, and d; is defined as

d; = [[PVi]| — [P V4] (7.1)

In this way, all voxels inside the object have positive distances, and those outside
have negative distance values. The triangle P P»Pg3 at P, that ||[PV,|| intersects
is decided as follows:

First, we project voxel P to range surface S;’s corresponding texture image:

where R,; and t; are rotation matrix and translation vector from reference coordinate
system and original camera frame, C; is intrinsic camera matrix, A\ is an arbitrary
scalar and p = (u,v,1) is P’s projection. The integer pixels surrounding p are
(u], [v]), (lu],[v]), ([u],|v]) and ([u],[v]), which can be used to index the
corresponding 3D points Xy, v], X|u),[v]s X[u],[»] a0d X[y []. From the tessellation
configuration and p’s relative position to the square, we can easily identify the triangle
that ray PV, intersects.

After computing all the signed distance d; from voxel P to range surface S;, we

can compute the weighted average:
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Voxel grid

Figure 7.3: Signed Distance Computation

the weight w; is the angle between viewing direction and surface normal at Pg:

w; = [PV, - (7.4)

Naturally, the object surface is generated at the location where the signed distance d

1s 0.

7.2 Mesh Generation

The Marching Cube algorithm is adopted to generate a surface mesh at zero

signed distance. For any cube in the voxel grid (as shown in Figure 7.4), its vertices
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are either outside of object surface (with negative signed distance) or inside of object
surface (with positive signed distance), and the true object surface should intersect

the cube edges whose vertices have opposite distance signs.

Slice K+1

o e

7
L

Figure 7.4: Cube of Voxels

Since there are eight vertices in each cube and two states (inside and outside
of object surface), there are only 2% = 256 ways a surface can intersect the cube.
By enumerating these 256 cases, we can create a table to look up surface-edge
intersections given the labeling of cube vertices.

However, enumerating the 256 cases is tedious and error prone. Two different
symmetries of the cube reduce the problem from 256 cases to 15 patterns. The first
symmetry comes from the vertex sign symmetry, i.e., if the state of all vertices are
reversed (from inside the surface to outside or vice versa), the surface intersection
remains unchanged. The second symmetry is from cube rotation. Figure 7.5 shows
the triangulation of these 15 cases. The simplest pattern, 0, occurs if all vertices are
inside (or outside) the surface such that it produces no triangles. Pattern 1 separates

one vertex from the other seven and one triangle is generated. Other patterns generate
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multiple triangles. Permutation of these 14 basic patterns using complementary and

rotational symmetry produces the 256 cases.

0 I/ 2 2

[

B

a/ﬁ
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@ i I

Al | /

e 44

Figure 7.5: Surface Intersection of Voxel Cube

We use a 8 bit char data to index these 256 cases, where each bit indicates the
state of one specific vertex (0 if it is outside and 1 if inside). This index serves as a
pointer to the edge table and a triangle table. Each entry in the edge table is a 12
bit integer indicating which edge is to be intersected (as shown in Figure 7.6). The

triangle table is a 256 x 16 array, where each row vector is the triangle list. Every
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three entries from the left represent the edge indices of one triangle. The remaining

entries are filled with -1. After identifying which edges are to be intersected, we can

v8 v7
elt e12
v4 LS v3 e6
e8
o e2

v5 85 v6
e9 el0

vi 51 v2

Cube Index: vl |v2 |v3|vd |vE |v6 |Vv7 |v8

Edge Index: | o1 | 02 | e3 | o4 ‘ e5 ‘ 66 ‘ o7 ‘ o8 ‘ 09 ‘e10|e11|e12|

Figure 7.6: Cube Numbering

use interpolation to calculate the position of intersection. If the edge e; connecting
voxels v, and v, is to be intersected, and v,, and v,, have signed distances of d,, and

d;, then the interpolated vertex v of surface mesh should be:

_ Upldy| 4 vp|dp|

7.5
A [ (7:5)

Such surface-intersection algorithm is carried-out in the whole voxel grid from
one cube to another cube to generate a single surface mesh. In our application, we
only perform the algorithm in those cubes whose signed distances are below certain
threshold value. This would not only improve the speed, but also avoid generating a
psuedo-surface at the back of object as our model is not closed. Figure 7.8 shows the

surface mesh generated from multiple point clouds (shown in Figure 6.6).
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Figure 7.7: Surface Mesh

7.3 Texture Mapping

7.3.1 View Selection

Texture mapping is the last step of 3D modeling. To render a photo-realistic
3D model on computer screen, we wrap the texture images taken by stereo camera

(shown in Figure) onto the triangle mesh like gift-wrap paper onto a white box. For

Figure 7.8: Left Rectified Texture Images
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every triangle on the mesh, we have to choose one source image among three for
texture mapping. Due to occlusion, some triangles on the surface only have one or
two valid texture correspondences. To exclude the invalid candidate, we can simply
project the vertices back to images and check whether they are within the object
area (the segmentation process is described in Chapter 5). Among the valid texture
images, we choose the one with best viewing angle.

Suppose AP,P,P. is a triangle on the surface mesh (shown in Figure), the

viewing angle a; between each texture image and triangle is calculated as:
—
where n is the normal vector of triangle AP,P,P..:
n="°P.P, PP, (7.7)

and V; is camera center, P is the center of triangle AP,P,P.:

P, +P,+P,

P
3

(7.8)

and the image patch ¢; with maximal «; is chosen to wrap onto AP,P,P. in texture
mapping.

With OpenGL, texture mapping can be easily implemented. It automatically
stretches and rotates the 2D image to fit the 3D shape. With hardware support,
this expensive computation can be completed in a short time. However, due to

the inherent differences between cameras (such as noise level, color tone, brightness),
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Figure 7.9: Direct Texture Mapping

directly stitching different images onto single 3D model would present serious blocking

artifacts (as shown in Figure 7.9).

7.3.2 Texture Blending

To generate a photo-realistic 3D model, it is necessary to normalize the color of
different images before texture mapping. Assume Py, Ps, Pj3, ..., P, are vertices on
a surface mesh that lie between different texture sources. As shown in Figure 7.10,
the triangles on the left use image I, for texture mapping and the ones on the right
use image [,. Ideally, the corresponding points of P; in two images p,; and py; should
have same colors, while in practice, they often present different RGB values. To
normalize the color tone between them, we have to first establish the correspondence
between two color spaces.

First, we construct three 256 x 256 lookup tables for three color channels

respectively. The x-direction entries indicate color values in Image [, and y-direction
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Figure 7.10: Texture Stitching

entries represent those in Image I,. Each color pair (Rg;, Rp:), (Gui, Goi) and (By;, By)
has one vote at the corresponding entry. By selecting the entries getting the
most votes along vertical direction, we can establish a one-to-one mapping between
(R, G4, By — [Ry, G, By]. Due to limited color distribution of the adjacent vertices
P; and noise disturbance, the mapping does not cover the whole color range from
0 to 255, and it is not smooth either. To establish a full smooth mapping, we can

approximate it using a quadratic function:

Ry = kiR + ko R, (7.9)
Gy = ki,Go® + koGl (7.10)
By, = kB + kuB, (7.11)

We omit the constant in quadratic equation because zero value from one color space
should be mapped to zero in another space. If some entries are mapped to values

larger than 255, they should be cropped to 255. Usually, the valid texture area in
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one image do not appear to be extremely bright or extremely dark, so the above crop
usually do not cause problems in practice. The coefficients of quadratic equation
k1, and kg.can be estimated through polynomial fitting of the selected color pairs
(Rai, Rpi). The same procedures are applied to (Gy;, Gy;) and (By;, By;) to obtain kg,

kag, k1p and kop,. Figure 7.11 illustrates the quadratic fitting results.
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Figure 7.11: Mapping between Color Space (R, G, B Channel) of Two Images

We can then apply the mapping to image I, to correct its color tone. After
calculating the new value for each pixel using equations (7.9-7.11), we can obtain a
color-normalized new image. For our system, we correct the color tone of left and

right texture image with respect to center image respectively. Figure 7.12 shows the
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normalized color images.

Figure 7.12: Normalized Texture Images

The global color normalization scheme targets at correcting the overall color tone
of the whole image. Its underlying assumption is that the difference comes from each
camera’s unique internal parameters. In practice, viewing angles, reflectance and
lighting condition also play important roles in the appearance of object in texture
images. After global normalization, there still presents some discontinuities along the
edges between different texture sources. We can smoothen the discontinuities through
blurring techniques in the local neighborhood.

As described before, py; and py; (1 = 1,2, -+ ,n) are two groups of image points
corresponding to the same vertices on object surface. The discontinuities on the 3D
textured model is mainly due to the color differences along two linked edge groups:
PaiPa(i+1) and py;Psi+1)- Using linear interpolation, we can replace the color of all the
pixels on pg;Pai+1) With their counterparts on pyppit1) (1 = 1,2,---,n). We then
dilate the single pixel edge to a k pixel width transition band. For every pixel inside

the transition band, we blend its original pixel values and the new values through a
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distance weighted function:

k

C, = (7.12)

where C; is the blended color of pixel p;, d;; is the horizontal distance from pixel p;
to edge pixel i, C,; is the new color dilated from edge, and C,; is p;’s original RGB
value.

Such blending scheme can blur the edge discontinuities on the surface and also
keep certain texture details from the original image. Similar to global normalization,
we process the left and right texture image with respect to the center image. Figure

7.13 shows an close-up view of the local edge smoothing effects.

Figure 7.13: Texture Mapping Result Before and After Local Edge Smoothing

The final result of 3D photo-realistic modeling is shown in Figure 7.14. From
three pattern stereo images and texture stereo images, we build a 3D model of the
object through stereo matching, registration, integration and texture mapping. The
multi-stereo camera is calibrated and fixed before image capturing. There is much

room for further improvement, but overall, the result is satisfactory.
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Figure 7.14: Final Textured 3D Model

7.4 Summary

In this Chapter, we focused on the 3D modeling techniques in Computer Graphics
literature. We first introduced a volumetric method to extract the iso-surface from
several layered point clouds. It computes a signed distance from every voxel to each
range surface generated from different point clouds. Then a weighted average of these
distances is computed where the weights depend on the viewing angle. We then use
Marching Cube algorithm to generate a triangle mesh at voxels with zero signed
distances. To render a photo-realistic 3D model on computer screen, we have to wrap
the texture image onto the wire-frame model. From among three different texture
images, we choose the one with the best viewing direction for texture mapping. To
avoid the blocking artifacts in texture stitching, global color normalization followed

by local edge smoothing is performed. The final rendered result is satisfactory.
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Chapter 8

Conclusions

8.1 Summary

In this dissertation, we presented some novel techniques for image-based 3D
sensing and modeling.

First we presented a Depth-from-Defocus (DFD) technique used in camera
autofocusing and 3D shape recovery. The camera captures two images of the object
with different preset lens positions. From different levels of blur, we retrieve the
depth information of object and thus obtain the suitable lens setting for autofocusing.
We extended this method to cameras operating in macro-mode, where image
magnification can not be neglected. We developed a magnification normalization
method to establish the correct correspondence between different images. We also
capture one more image to improve the autofocusing accuracy if the object is placed in
a certain sensitive distance range. Experimental results on a real SLR camera system

are presented to demonstrate the effectiveness and robustness of our technique. In
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Chapter 3, we extended our DFD technique to shift-variant cases. The convolution
model we adopt in DFD assumes the camera to be a linear shift-invariant system,
which is only valid when the object is planar and parallel to focal plane. Our new
Shape from Shift-variant Blurring technique relaxes the previous assumption. It
models the actual imaging process through a local integral equation and inverts the
process to recover the shape parameters, not only the depth but also the slopes in
horizontal and vertical directions. We carried-out the experiments on both simulation
data and real camera system. Preliminary results on objects with simple shape
indicate that our novel approach is useful in practical applications.

We presented another approach to 3D sensing techniques- stereopsis. Compared
with single-viewing setting (such as DFD), stereopsis retrieves the depth information
from two views. We introduced a novel stereo camera designed recently by some
researchers which is able to capture a pair of stereo images using a single lens and
a single sensor. With two sets of parallel mirrors in the stereo adaptor attached
in front of the lens, the camera splits the incoming lights as if they were captured
by different cameras. It is also programmed to shoot two images consecutively in
a short time. During the first shooting, a pattern projector is turned on to project
a random dot pattern onto the object surface; and the second image is an ordinary
textured image. Chapter 4 presents a new camera calibration algorithm tailored
for this special architecture. We utilize the physical constraint that the stereo
pair has the same intrinsic parameters and derive a closed-form solution. We then
refine the initial solution by minimizing the reprojected errors iteratively. Corner
detection and pre-lens distortion techniques are also included to improve the accuracy.

After estimating all camera parameters, the depth map of object can be calculated
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through triangulation. In Chapter 5, we presented a fast stereo matching technique
based on Gaussian pyramid structure. The correspondence search is carried out in
multi-resolution levels to decrease the number of comparisons. We also limit the
search window size based on practical system setting. Simple image warping and
segmentation techniques are applied to further improve the speed.

Finally, we describe our multi-stereo camera system, where three stereo cameras
are placed about 1.3 m away from the object and 45 degrees apart from each other.
Each camera can reconstruct partial shape of the object. In Chapter 6, we present a
new registration technique to bring different point clouds into a common coordinate
system. Similar to traditional Iterative Closest Point (ICP) algorithm, our method
also computes the optimal transformation matrices between two corresponding point
sets in a least square sense. When identifying the correspondence, we propose a
new Iterative Closest Surface Patch (ICSP) approach which tries to find a pair of
matched surface patches instead of points. Such a scheme is found to be more
robust and faster than the standard technique. After registration, we have to build
a single 3D model from the layered point clouds. In Chapter 7, we first introduce
a volumetric method to extract the iso-surface of object at voxels with zero signed
distances. The Marching Cube algorithm is implemented to generate a triangle mesh.
The final texture mapping step includes view selection and texture blending. Among
three texture images, the one with best viewing direction is chosen as the "wrap
paper”. Direct stitching of different images onto a single model would produce serious
blocking artifacts. We use a global color normalization method followed by local edge

smoothing to generate a photo-realistic model.
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8.2 Future Work

This research can be extended and improved further in the future. Some possible

topics are listed below:
Image Restoration

Image restoration (or soft focusing) is the process to deblur the image through
post-processing techniques. In autofocusing, we can acquire a new focused image
with lens system being set at correct positions. If the camera system is not under
full control or the image is blurred because of object movement, hard focusing is not
applicable. From our theoretical framework, the focused image can be computed from
blurred images through deconvolution techniques. More elaborate implementation
methods need to be developed to improve the restoration results.

For shift-variant cases, image restoration is even more important. For imaging
systems with limited depth of field, such as microscope or bar-code scanner, there
usually exists serious shift-variant blurring across the whole image. Moving lens may
just focus at another part of the object. Our new theory on inverting the shift-variant
blurring can be applied to image restoration and the experimental results are very
promising. With advanced post-processing techniques, low-end lens systems like cell
phone camera or webcam can replace the high-end imaging equipments to acquired

high quality images.
Depth Recovery

In this dissertation, we recover the depth map through a single approach, such as

Depth from Defocus (DFD) or stereopsis. In some applications, different techniques

131



can be combined together to achieve better results. In endoscopy, a video sequence
is acquired where the images are seriously blurred and distorted. Applying DFD
or Structure from Motion (SFM) only may not achieve accurate results, as SFM
usually requires accurate feature matching and DFD assumes images are perfectly
aligned. We can apply SFM first to obtain an initial estimation and then apply
shift-variant image restoration techniques to improve image sharpness. They can be
applied alternatively or together in some iterative process to improve the accuracy of

depth map.

Auto-registration

Our current registration approach requires the calibration pattern being placed
facing both cameras to calculate the initial transformation matrices. Though it is
performed only once in the beginning, such manual procedure is tedious. Instead
of using a specific calibration pattern, coarse registration can be done by observing
images of the object acquired by two cameras. We can first detect common features
(such as corners of eyes and lips) in different images and recover relative camera
positions through epipolar geometry. In refinement step, both 2D texture features
and 3D surface features can be employed to identify correspondences. This should

improve the accuracy of both geometric and photometric alignment.

Texture Blending

The appearance of our textured 3D model is satisfactory but the color
discontinuities are still visible. To further improve the result, several approaches

can be explored. In global color normalization, we can establish the mapping in other
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kinds of color space (such as Lab) instead of RGB space. RGB color model is device
dependent and does not depict the natural color perception process. Correcting each
channel separately may introduce some color distortion due to its non-orthogonality.
The current view-selection scheme can also be improved. As it selects texture patch
based on viewing direction, it may split texture images at specular highlighted or
fine detailed areas. This makes seamless texture mapping very difficult. Instead, We
can split the image at texture-less areas where enforced color transition looks more

natural.
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