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Abstract of thesis entitled:
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Abstract

Structure from motion algorithms, for example the two-pass interleave bundle adjustment
approach, can generate the pose and model. However, this approach assumes that good
feature correspondences are available. But noise and feature mismatch may corrupt the
correspondences and result in serious deformation of the model generated. In this thesis,
a feature filter by using the silhouette clipping approach is proposed to select a good
feature set from noisy data for model recovery of an object on a turntable. Synthetic as

well as real images were tested using this method with good results.
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Chapter 1: Introduction

1.1 Scope of the work

In this thesis we investigate a way to select good features for multiple view 3D
reconstruction. It is useful to enhance the result of existing model reconstruction
algorithms. Specifically, my work is used to enhance the result of the reconstruction of

an object on a turntable.

My implementation is specifically built on the algorithm of interleave bundle adjustment
for structure and motion recovery from multiple images [61]. The algorithm has an
advantage that the pose and model could be obtained simultaneously and efficiently
However, this algorithm, or any other Structure From Motion (SFM) algorithms, has a
weakness that noise and feature mismatch easily distort the recovered model. The aim of
my work is to select a better feature set to feed into the interleave bundle adjustment

method [61] to improve it accuracy.

A filter is proposed to filter out the bad and mismatch features. That filter takes the
interleave bundle adjustment result as its input. Then it uses the silhouette information

of the target object to select the correct features and feedback to the interleave bundle
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adjustment algorithm again. The process is re-iterated until the quality of the output
model is satisfactory. The system is tested with both synthetic data and real images.

Here is an overview of our work:

Given a set of noisy features that is extracted from a sequence of pictures, it is able to
recover the 3D model of the object in the movie. However, if the noisy feature set is
directly used in the interleave bundle adjustment algorithm for 3D model recovery, the
output model would be seriously distorted due to feature mismatch. Because the bad
feature points would locate at any places in the picture, therefore a simple 2D filter is

normally not be able to filter out those bad feature points.
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Feature sets extracted from image

Silhouette extraction

v

Initial 2D filtering to filter out the out of bound features

A

Use interleave bundle adjustment model to generate the model and pose of each image

Rotate the model to the pose of each image and re-project it to the 2D image

y
Compare the re-projected 2D image to the silhouette filter to filter the out of bound features

No out of boundary feature
found or exit maximum
iteration number

r Finish and return the pose and model

Figure 1 — the flow diagram of feature selection by using silhouette clipping
Therefore, we propose a 3D filter for feature point selection to improve the situation.
Figure 1 shows the basic flow diagram of our proposal. By using our algorithm, we are
able to obtain a set of good features to feed into the alternative bundle adjustment
algorithm. Our idea is implemented in Matlab code. In a synthetic data test, up to 14%
error improvement is found in large noise condition with our algorithm. Our algorithm is

also tested in real image cases and the results also have significant improvement.
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1.2 Main contributions

Before we enter the detailed discussion, it is useful to summarize the main contributions,

which we believe, are made through this work:

o Studied the weakness of the interleave bundle adjustment algorithm.

e Designed a feature selection algorithm by using silhouette information.

e An implementation of the snake algorithm with color histogram.

e Implemented the feature selection algorithm and tested it with the alternative

bundle adjustment method algorithm by using real images.
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1.3 Outline of the thesis

In Chapter 2 some background of structure from motion (SFM) is included. A study of
various work on un-calibrated and calibrated SFM methods (2 views, 3 views and
multiple views) are presented. The topics of dense matching and volume from silhouette

are also discussed.

A detailed discussion about the interleave bundle adjustment algorithm is included in
Chapter 3. The basic perspective projection, Lowe’s algorithm and interleave bundle
adjustment algorithm are also described. The noise and feature mismatch effect on

interleave bundle adjustment algorithm are also discussed.

In chapter 4 a feature filter using silhouette clipping technique is proposed. A discussion
about how the silhouette method is used to extract those bad features and how the bad
features were pruned out from a 3D model are presented. The implementation details of
the feature filter were presented in that chapter. Besides, a silhouette extraction scheme
using a snake algorithm with color histogram is also presented. Some experimental
results are included to demonstrate how the snake algorithm with color histogram
approach overcomes a complex image background to locate the silhouette of the target

object.
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In Chapter 5 the experimental data of our algorithm is included. A synthetic sphere
simulation is presented. The difference between before and after using the feature filter

was studied. Real image tests are also presented in this chapter.

The conclusion is presented in Chapter 6. The future work is also discussed.



3D Model Reconstruction with noise filtering using Boundary Edges Page 15 of 98

Chapter 2: Background

2.1 Three dimensional models from images

Stereopsis or Stereo vision, according to Trucco [57], is the construction of a 3D structure

and the distance of a scene from two or more images which are taken from different

viewpoints.
2.2 Un-calibrated 3D reconstruction

Two views

Early research on structure from motion concentrated on the study of the two views
problem [58] [59]. It is assumed that a set of corresponding features can be obtained.
By using two frames taken from an object, a fundamental matrix that incorporates the
information of the camera motion can be found. When the intrinsic parameters of the
camera are known, the extrinsic parameters can be obtained up to a scale factor. After
the extrinsic parameters are known, the 3D locations of the features points can also be

estimated. However, when the intrinsic parameters of a camera are hidden, it is called

un-calibrated structure from motion.
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In the field of feature-based structure from motion, two early approaches have been
investigated by Faugeras [15] and Hartley [23]. They developed the fundamental matrix
techniques that solve the projective structure of the two views geometry. A lot of work
has been developed on how to find and use the fundamental matrix [9] [22] [34] [42] and

some systems perform well on real image data [54] [55] [66].

Three views

Model recovery using three views have also been studied. This is called the trifocal
tensor technique. Spetsakis and Aloimonos [49] developed the calibrated case of
trilinearities to transfer line and points. Later the un-calibrated case is studied for points
[47], or lines [24] or both [21]. Torr and Zisserman [53] [53] then suggested robust

computation methods for trifocal tensor and the properties of this method are well studied

by Shashua and Avidan [46].

Multi-views

Many researchers have extended the method for two images to multiple images. One
method for multiple images structure recovery begins using two views, then sequentially
adding new images to refine the model [5] [9]. A detailed study about the relationship
between two views, three views to multiple views structure from motion have been

analyzed by Fitzgibbon and Zisserman [17].
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Moreover, Heyden [25], Triggs [56] and Faugeras and Mourrain [14] also studied the
problem of multiple view images recovery. Some important work has been done for the
full perspective camera model, for example Azerbayejani [3], Cui [12], Spetsakis and
Aloimonos [49] and Szeliski and Kang [51]. For the un-calibrated cases, one remarkable
work is the factorization approach from Tomasi and Kanade [52] based on an affine

camera model. An enhancement which is able to solve the missing data case was

proposed by Jacobs [26].

To refine the structure from multiple sequential images, Kalman filter is a useful tool [27].
Another approach is bundle adjustment [60] [65]. That idea was incubated by Mohr [39]

in an early paper and then it was formally entitled as bundle adjustment [48].

2.3 Self calibrated 3D reconstruction

Up to now our discussion focuses on un-calibrated structure from motion. This approach
generates a projective structure output. However, in many applications, the projective
structure is not accurate enough and the metric structure of scenes is preferred. A

popular method to achieve the metric structure is to assume fixed intrinsic camera

parameters.
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This problem was first studied by Maybank and Faugeras [37]. Then Luong [34] and

Zeller [63] [64] proposed a pair-wise calibration method which was inspired by Kruppa

equations [30].

Another approach is to compare the intrinsic parameters difference between computation
and factorization of the camera projection matrices. Hartley [19] obtained the metric
structure by minimizing that difference. A few years later Trigg [68] proposed an

absolute quadric approach.

Some researchers simplify the problem by solving a particular case of the problem. They
study the problem based on a restricted motion, for examples, a purely translating camera
is studied by Moons [40] [41], a stratified approach is studied by Armstrong [1], a
rotating camera case is studied by Hartley [20] and a planar motion is studied by

Zisserman and Hartly [2] and Faugeras, Quan and Sturm [13].

In addition, Zisserman [189] proposed to impose, a posteriori, constraints on intrinsic
parameters. Pollefeys [43] demonstrated how to use Kalman filter and bundle adjustment
method to filter the feature outliners in long images sequences. Chang and Wong [61]

proposed an interleave bundle adjustment method to acquire both the pose and model

information simultaneously.
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2.4 Initial model formation using image based

Dense stereo matching

Another approach is to compute the depth map by using correlation, or dense stereo
matching. That method generates textured 3D models but the results are often not
detailed enough. Moreover, some important scene features are missing so that the
recovered models are often incomplete. However, an interesting aspect is that when a
model is obtained from a set of sequential images, the poses of the camera are also

known. That output could be feed into existing stereo matching algorithms to obtain a

more detailed 3D model.

Matthies, Szeliski and Kanade[36] introduced an early work to estimate depth from
image sequences. They suggested a pixel-based algorithm that estimates depth and depth
uncertainty at each pixel and incrementally refined these estimates over time. Kalman
filtering is used to extrapolate and update the pixel-based depth representation.
Comparing to feature-based Kalman filtering algorithm, this method is an effective way

to extract depth from lateral camera translations.

The advantage of the dense map method is that it gives detailed surface estimates and the
accuracy of the multi-view aggregation is improved. However, in stereo processing, the
lateral camera translation creates a tradeoff problem between precision and accuracy in

matching. If the baseline of the camera is short, the estimated distance would be less
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precise due to narrow triangulation. For more precise distance estimation, a longer
baseline is preferred. Unfortunately, the tradeoff of this improvement is that a larger
disparity searching range is needed. For this, Okutomi and Kanade[29] introduced a Sum
of the Sum of Square Different (Sum of SSD) SSSD-in-inverse-distance function to

exhibit a unique and clear minimum at the correct matching position.

Another important work about correlation including the level-set algorithm was proposed
by Faugeras and Keriven [16]. That idea extends the snake method by Kass and the
context partial differential equation PDE driven evolving curves. A curve is like a 2D
snake and is evolved by a PDE . The matching criterion is to find a suitable function so
that the integral error [I;(m;) - Iz(m2)|2 is minimized. Their work generates high quality
reconstruction and even when occlusion occurs. However, some areas of their work
need improvement, which included bad complex surface performance, regularization

biases and no guarantee on unconstrained camera configurations and arbitrarily-shaped

scenes.

2.5 Volumes from Silhouettes

Besides feature-based structure from motion, some researchers studied the use of

silhouette information of an image to recover the model information.
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A lot of work in this area assumes that several views of the silhouette of an object are
found. An early work on this topic was proposed by Giblin and Weiss[18]. The model
is developed from the envelope of its tangents. However, Giblin and Weiss’s work is on
simulation stage only. A practical work is done by Ronen and Ullman[4]. They showed
that it is possible to predict a new appearance of a viewer-centered object from any given
viewpoint by using the magnitude of the image curvature of an object’s silhouette. They
made an assumption that the projection of the camera had to be orthographic. Blake and
Cipolla [7][8] assumed that a camera moves continuously with a known motion, they
parameterized the surface with respect to the arc length along the rim and the time. Their
result is quite sensitive to the noise of the boundary. Instead of using the curvature of
the boundary, they computed the difference between two radii of curvatures, or the
differential curvature. Besides, Lim and Binford [32] described an object’s surface by
using two views of the object. Régis and Faugeras [44] studied the occluding contours
problem of an image. They identified the occluding contours from triplets of images and

modeled the object as the envelope of its tangent plane.

More recent work about structure from motion using silhouette information has been
done. Mendoga, Wong and Cipolla[38] addressed the problem on using the profiles
information to develop the model of an object rotating on a turntable in front of a single
camera. The main improvement of their work is that it does not depend on point and line

correspondences. Another work was presented by Wong and Cipolla[62] which
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overcomes enhancement the problems occlusion when adding new views as the turntable

rotates since part of the structure is invisible under circular motion.

Up to now we already studied the development of the field of structure from motion.
From the review we found that many of the algorithms for solving the model acquisition
and pose estimation simultaneously were complex and slow. The approach from Chang
and Wong [61] provides a more efficient method by using interleave bundle adjustment
for generating both two results at once. However the generated model is easily distorted
because of the feature mismatch in input images sequence. Therefore we developed a

silhouette clipping method to enhance the structure reconstruction result of the interleave

bundle adjustment algorithm.
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Chapter 3: Initial model reconstruct the problem with

mismatch noise

In the last chapter, we have a brief revision about the research field of structure from

motion. In this chapter, we will discuss the interleave bundle adjustment algorithm and

the weakness of this algorithm.

A short summary about the interleave bundle adjustment algorithm will be described here
first. Figure 3.1 shows the flow diagram of the basic idea. A set of features was
extracted from each image and an initial model (e.g. a plane model) is assumed. The
feature sets and model will be used to estimate the pose of each frame. The pose
information will then be used to predict a better model by using Newton’s method with
minimal residual image error. The pose estimation and model estimation processes are

iterated until the total 2D re-projection error is small enough or too many iterations have

been executed



3D Model Reconstruction with noise filtering using Boundary Edges Page 24 of 98

Feature sets extracted from image

.

Initialize model

b

Use the existing model and image feature to estimate the pose
change of each frame by Lowe method

v

An estimated pose sequence is found

v

Is all frames
evaluated?

Use the new poses to estimate a better model

Have all frames
evaluated?

v

A better model is found

!

Is the error small
enough or too
many iterations?

Finish and return the pose and model

Figure 3.1 — Flow diagram of the interleave bundle adjustment method
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3.1 Perspective Camera Model

In figure 3.2, a camera with focal length f is located at position O, and a point P is
located at a 3D position [X,,Y,,Z_] with respected to the camera. The perspective

camera model of the image coordinate (x, y) is given by:

x=f)Z(c and y=f—ZYL 3.1)

c c

Model M at t=1

P=[X,,Y,Z.]

Y-axis

1

0, (World
center)

Jf=focal
length

Figure 3.2 - Perspective projection of an object onto an image
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3.2 Intrinsic parameters, Extrinsic parameters and camera motion

3.2.1 Intrinsic parameters

For a CCD camera, an image point (,v) that is captured from the computer does not
directly represent the physical coordinate in the retinal plane. The value of this image
point depends on the size and shape of the pixels and the position of the CCD chip in the
camera. Figure 3.3 shows the relationship between pixel size and the value of an image
point. Therefore, in addition to the focal length, there are a set of parameters to
characterize the optical, geometric and digital characteristics. They are defined as the

intrinsic parameters [57] of the camera and we have:

_~(u-0)s, i p=_0T9)s, 32
7 and y 7 (3.2)

where (o,,0,) is the coordinates in pixel of the image center and (s,,s,) is the effective

size of the pixel in the horizontal and vertical direction respectively.

Using a matrix form, the relation between two coordinates can be denoted as follow:

u _‘L O o

Sy X

X
vli=| 0 =L o | ¥ (3.3)
1

Sx

lf 10 o0 1
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Figure 3.3 - The relationship between pixel size and the value of an image point
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3.2.2 Extrinsic parameter and camera motion

In general, the camera center location and the world center are not the same. Therefore,
the transformation between the camera and the world frame is needed. To describe this
transformation, two kinds of information are needed. The first one is a 3-D translation
vector 7. It describes the relative position between two centers. The second one is a 3
by 3 rotation matrix R. It is an orthogonal matrix that brings the corresponding axes of
two coordinate systems onto each other. With this information, the relation between

world coordinates and camera coordinates could be written as:

P =R(P,-T) (3.4)

where P,, is the world coordinate.

This is also called the extrinsic parameters [57] of a camera. Then we obtain:

e - RIT(PW_T)
(u ox)sx_fR;'(Pw_T)
o JRR-T)
¢=0)% = 2, -1

where R,i=1,2,3 is a 3-D vector formed by the 7-th row of the matrix R. By using the

matrix form, the equation can be rewritten as:
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X

w

w

X .
2 =[R —RTT] z

which is simplified to

Page 29 of 98

This equation also describes a camera motion from one point A to another point 7, so

that we have

XZ

X, v

% |=[® -R'T] (3.5)
ZZ

Zl

1

Plugging into equation (2.3), we rewrite the equation as

X = -_é 0 0, X2

y|=| 0 L o|[R —RTT];2 (3.6)
2

z 0 0 1 1

or, it is simplified to
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X X2
b &
y =MinlMe.r/ ’
ZZ
V4
1

and we have

u=£ and v=X

3.3 Lowe’s method

The basic perspective projection equations illustrates the relation between the position of
corresponding features in two images and the pose change of a three dimensional model.
However, it still has not provided the solution of the pose change calculation. An early
work was done by Lowe [33]. It demonstrates that the locations of all projected model

features in an image have to be consistent with the projection from a single viewpoint.

Assumed that the pose change parameters of the model between two images are denoted

as (§,,9,:9.,%,5,2) . The partial derivatives of « and v with respect to each of the pose

change parameters are able to be calculated. The Newton method is used to calculate the

optimum correction rotations Ag,,Ad, ,Ag. about the camera-centered axes and

correction translation AD,,AD,,AD, . Since have:
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u= J2 +D.
z+D.
SO
ou 4
oD.
Also
ou __f ox  fx Oz
op, z+D, 59, (z+D.,) op,
but we know that
Ox oz
—=z and —=-x
op, o9,

for simplicity, a constant c is substituted to:

1
c=
z+D,
giving,
ou 2.2 2
—= fez+ fc'x" = fe(z+cex”)
y
Similarly,
ou ox
LI 4 =—fey
o¢, z+D, 5p,
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The goal of the multi-dimensional Newton convergence is to solve the vector of

corrections
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h=[AD,,AD,,AD,,A¢,,Ap,,Ap.]
The error of u, v components is used independently to create separate linear constraints.

The error E,and E, of uand v is generated by the sum of the projects of its partial

derivatives times the unknown error-correction values:

B 5o AD, 0 T A 4T AD b T A Mg 37
sD, ' 6D, ’ 6D, ° &8, ¢ A

DALY LY, LN, A LY LS
sD, ' 6D, &D, 5¢, sp, 54,

where the partial derivatives of # andv with respect to each of the camera viewpoint

parameters are:

u v
D, |1 0

D, |0 1

D, |-fx —fcty

9, fe*xy fe(z+cy?)
¢, fe(z+ex?) f*xy

¢ —fey Jex

Table 3.1 Residual Error with respect to pose parameters
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In general the more correspondences between model and image the better the result, one
way to merge correspondences is to use the Gauss least-squares method. The matrix
equation is rewritten to:
Jh=¢
where J is the Jacobian matrix containing the partial derivatives, h is the vector of
unknown corrections for pose change parameters that we are solving, and € is the vector
of total 2D error measured in the image. When the iteration converges to a correct
solution, a least squares fit of the error is able to be performed by solving the
corresponding normal equation:
J'Jh=J"¢
By solving the vector h, we are able to get the pose change of the object between the

images.

3.4 Interleave bundle adjustment for structure and motion recovery from multiple

images

The original Lowe’s pose estimation is designed to solve the pose estimation problem
with a known structure in a single image. It is also an advantage of this method.
However, this method assumes that the model structure P is known. Generally, in real

application, this assumption does not hold. Chang and Wong [61] implemented an
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interleave bundle adjustment algorithm to solve it by using a sequence of I" images to

find the model P and the pose sequence 6= £0,, 0,550,550}

Assumed an object M with N observable feature points P= (B; Byeiis Bseies By) 'Where
P =[X,,Y,,Z] is a 3D position (Figure 3.2). Attime =1, the object is placed at an
arbitrary location. At time 7=2,3,....I", the object is moved to a new position of

rotational R and translation 7, transformations. A set of 2D feature point

G=4{4,,-9,,»-9,,} 1s taken at time 7.

The projected 2D feature g,, is expressed as the projection result of the rotation and

translation of model point . Assumed the rotation and the translation of the model at

M h hs
time ¢ is R =|r, 1, n,|and 7, =([7,,T,,T;]"), respectively. The 2D projection

nhy I, I,

resultis g, =(«,,v,,) = g(R P, +T)) ,where g() is a projective function, 7, =([7;,7,,7;]"),

(AR

T T2 73
is the translation vector and R, =|r, n, r,| isthe rotational matrix. Specifically, g() is

T I3,

u=f WX +RY +5,Z +T)

X +n,Y +1,,Z+T,
v___fr2,X+r22Y+rz3Z+T2
X +nY+rZ+T,

(3.9)




3D Model Reconstruction with noise filtering using Boundary Edges Page 35 of 98
Let & be the initial estimate of the pose and @ be the true pose, so that 8 = 0+66 , Where

J6 is the estimation error. By using expanding g(é, P) into a series, we have

(3.10)

— g(6,P)=g(0, P)+dg(96;’7)

where ¢, is the actual 2D feature point we measured, and g(é, P) is the predicted feature

point based on the known model point 7, and the estimated pose 6. The residual error
between the measured feature point position and the predicted position is

dg(9 F) ag0.F) 5o

i

Because both d¢, and g(é,P,.) are measurable or calculable, @ is able to be found. By

decreasing the residual error ¢, , the estimated pose is able to gradually approach to the

true pose by repeating the process iteratively until the residual error is small enough.

Let the initial estimated pose 6 = (7,7, 15,4, 4, 4,1, where @,,8,,4, denotes the roll,

pitch and yaw (RPY) angles. By using Eq. 3.7 and Eq. 3.8, we have

ou ou,
& —LAT, LAG 1,
u, Z[ar +a¢j é,]

;[ﬁAT £ 20 a¢ Ag)).

To compute the residual error, the i~k point of the 3D model is rotated and translated.

By using Eq. 3.9, the rotated model (X,¥",Z) is given by
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X! =nX, +n,Y, +n,Z,

i

R o
Y" =n X, +n,Y +n,Z,

Z; =r X, +3, Y +n,Z,

i

and the translated model (X,,Y,Z,)is

X =Xt+T1,
Y =F"+T,
Z,=7Z'+T,

s b am e e

T, z’ o, aT, Z
and

ety L e et LSO Y 54

o, 'or, z = of ?

The residual error components with respect to ¢ are written as:

%__fX,Y," ou, _fX,X,’*+z,z," ou, ___fY,_R

o4, z} ' o4, z: o4 Z,
and

ﬁ__f__YiYiR+Z,.Z,." %__erY;R %__fY;R

o4, z: o4 z! '’ o4, z,

Now we have six unknown parameters (A7},A7,,AT;,Ag,,Ag,,A¢,) in two equations for

each feature point. When we have N feature points in a model, we have 2N equations for

the six unknown parameters. The equations are then solved by using standard least
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square methods [50]. After A7, and A¢, have been solved, they are converted back to

matrix representation for further calculation.

Now the model estimation component is added into the calculation process. By

extending the equation Eq. 3.10, the estimated model error 6P is included in the

calculation of residual error. The Eq. 3.10 is then expanded to

dg@,F) 5, , 480, F)

g, =80, P)+ 56, +

t i

5P

where P represents the current state estimation of the model points. Then the model is
improved by updating P = P +8F,. The model and pose change development are

1

separated into two phases. The first phase estimated the pose sequence

5 ={6, ,92,...,5, ,...,67,.} by an estimated model P. The second phase then used the

estimated @ result in phase one to update the estimated model P. The two phases iterate

until the overall residual error becomes a minimum.

The general description of Wong and Chang’s algorithm is shown as follow:

Step 1: Feature sets {g,} are extracted from images for i=1,2,..,N and 1=1,2,...,".

Step 2: Initialize model structure P, e.g. a plane with some noise
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Step 3: First pass:
Fort=1t T
Using P and image feature {4,,,9,,5----qy,,} of the t-th image to find é,
by Lowe’s method.

End

An estimated pose sequence 5 = {é, ,92,...,9,,...,ér} is found.
Step 4: Second pass:

Fori=1to N

Using 6 and the i-th image features of the all images {4,159i25+5ix}

find a better-predicted model structure P using Newton’s method by
minimizing the residual image error.

End

An estimated structure pose P is found.

Step 5: Stop if the 2D total re-projection error Z (8g,,)* is small enough or too many

all it

iterations have been executed. Otherwise loop back to step 3.
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3.5 Feature points mismatch analysis

One of the significant causes of incorrect model recovery is the error of feature points.

Those errors of feature points mainly come from three sources:

1. The extraction error from the feature extraction program
2. The noise from the original picture

3. The missing points from the motion of the object

The effect of noise is explained. Assumed the noise of a feature point 7 at frame 7 to be

Eu;, and vy, then the feature point location becomes:

Su’i =0u+ &u;, ,

8v ’,'_,=8v + E_y,;, s

The noise error term causes a deformation of the model. Because it is bounded by an

initial base image, the deviation of dXe; and oYe; will not be greater than
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(5Z€i *gu' !
0Xe, =
f
5Z'e*¢v,
oYe, =
g

where f is the focal length of the camera

Since we have,

du,, = a6 X, +a,8Y, +a;,6Z,
ov,, =adX, +a5,0Y, +a5,0Z,

Therefore, the effect of u;, and Ev;, are rewritten to

Eu,, = a0 Xe, + a),0Ye, +a,6Ze,

&v,, = ay O Xe, +ay,dYe, +dy5Z'e,

where Ze; is the effect of Z change due to &u;and Z’e; is the effect of Z change due to &v;.

By substituting the value of 6 Xe, and 6Ye,, we have

, 02Z¢e,*Su,, , 0Z'e*¢&y,
Su,, =ay, I +ap,

o6Ze *&u 8Z'e *&y
&, = ay— fg s 22 8 Ry

+ay,0Ze,

+andZ'e,
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Then we have the total noise effect of Ze from both the horizontal and vertical pixel noise:

’ 5 . 2 ; - X :
o= f(a;lgui,l +al'2§vi.l —alllgui,lévi.l ._al'Bé:vi,lf_a;2§ui,l§vi,l —azl'jéui,lf)

(alilfui.: + a,"3f)(a;2§v,', +ay f)- a:Zaglgul.lng,l

0Ze,+07Z'e,

From the above result, we found that point mismatch causes a serious model distortion
during reconstruction. In spite of many improvements in feature points tracking
algorithms, point correspondence are still a problem in this topic especially for real
images. Therefore, we need a mechanism to pick out the mismatch points. Chang and
Wong [61] suggest two methods to solve the problem.

The first method is to hard code the boundary of the feature point by using a rectangular
boundary. An important source of mismatched feature points comes from the
background of the picture. This method filters out the unwanted background feature
points. The advantage of this method is fast and simple. However, the weakness of this
method is not robust enough and it is not able to filter out some background feature
points if the object under test is an irregular object. Besides, this method is also not able

to fix the mismatch feature points belonging to the object.

The second method is to delete those fast moving feature points. If the movement of a
feature point is found abnormally large between two pictures, it will be considered as a

noisy feature point and it will be deleted during the model recovery. This method is able
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to filter some noisy features. However, if the image of object under test is moving fast,
this method will delete some actual feature points by wrongly considering those feature

points as noise.

The feature point mismatch effect is demonstrated by a simulation result using a sphere
as follows. The simulation is processed by the following condition.

Step 1: The set of 3D sphere raw data is generated by Matlab software

Step 2: The 3D sphere is then rotated by a small step sequentially

Step 3: An image is captured for each pose-changed sphere

Step 4: Those images are feed to the alternative bundle algorithm and a 3D model is

generated

Step 5: Some noise is added to those captured images

Step 6: Those images are feed to alternative bundle adjustment algorithm and a 3D

model is generated again

The model output from step 4 for the images set without noise is shown in figure 3.4a.

The model output from step 6 for the image set with noise is shown in figure 3.4b. From
the model result, serious distortion is found due to the effect of the mismatch noise at the
input image sequence. More detail about the synthetic data will be discussed in chapter 5

again.
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plon

Figure 3.4a (Left) The simulation sphere result from the images without noise. Figure 3.4b(Right) the

simulation sphere result from the image with noise

In this chapter, we have a revision on the perspective camera model and discussed the
details of an interleave bundle adjustment algorithm. We have also studied the effect of
feature mismatch to that algorithm. In the next chapter, we will suggest a method to

improve the noise effect problem.
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Chapter 4: Feature selection by using silhouette

clipping

In the last chapter we discussed the effect of feature mismatch in 3D model recovery by
using an interleave bundle adjustment method. In this chapter, we shall propose a
solution to improve the problem. Our proposal is inspired by a technique called
silhouette clipping. Silhouette clipping was originally an algorithm for 3D rendering
which was introduced by Sander, Hoppe and Snyder[45]. In the rest of this chapter, we
have a brief introduction about the silhouette clipping technique and how to enhance the

result of the interleave bundle adjustment algorithm.

4.1 Introduction to silhouette clipping

In a rendering process, a set of triangles to describe the surface models is required.
However, to process those triangles is also the bottleneck in geometry processing. The
output quality and the calculation efficiency in a rendering process are contradicted to
each other because the increase in the number of triangles provides a better result visually
but causes longer calculation time. Much work has been done for how to generate a

surface model in using coarse meshes [35] [11] [10]. Those techniques give a pretty
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good approximate result by using fewer triangles; however, it is not a true solution to the

problem.

Sander, Hoppe and Snyder[45] introduced a silhouette chipping technique to improve the

performance. The basic idea of their algorithm is shown as follows:

Preprocess - Give a dense original mesh:

e Build a progressive hull representation of the original mesh and extract from it a
coarse mesh, which has the property that it encloses the original, allowing proper
clipping.

e Sample the color and/or normal field of the original mesh, construct a texture map
and/or normal map over each face of the coarse mesh.

e Enter the edges of the original mesh into a search tree for efficient runtime
extraction of silhouette edges.

Runtime — for a given viewpoint:

e Extract the silhouette edges from the search tree

e Create a mask in the stencil buffer by drawing the silhouette edges as triangle fans.

e Render the coarse mesh with its associated texture/normal maps, but clipped an

anti-aliased using the stencil.
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4.2 Silhouette clipping for 3D model

Out of bound feature

Silhouette clipping extracts the silhouette edges to set a stencil and clips away the out of
bound data. It is able to filter out those feature data that do not belong to the observed
object. Figure 4.1 shows an example of out of bound feature with an imaginary sphere
face. During the feature capture phase, some out of bound features are captured for
model recovery. Those bad feature points distort output model and are needed to be
removed. By checking whether a feature point lies outside the silhouette of the object, it

is not difficult to separate out those bad feature points from good ones.

Feature not belongs to the object

Silhouette of the object

Figure 4.1 Raw pictures of sphere face
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Out of bound spike

As we mentioned in the last chapter, the feature noise or mismatch causes the distortion
of the model and generates many spikes on the output model. When those mismatch
feature points are removed, those spikes will be disappeared as well. Let’s use the sphere
face example again. When a mismatch feature point exists on the sphere face picture, the
3D output model will generate an unwanted spike similar to that in figure 4.2. Figure

4.2a shows a perfect sphere face. Figure 4.2b shows a sphere face with a spike from the

same point of view.

-> ->

O O
R S
(@) (b)

Figure 4.2 the view of a sphere face from reference frame view.

Figure 4.2a (Left), a perfect sphere face. Figure 4.2b (Right) the face has a spike

It is difficult to pick out the mismatch point from the view of figure 4.2b. However,
when the camera view is changed to another position, for instance, rotates the object by

90 degrees, those spikes will be easier to be found out, at least by human eyes. For



3D Model Reconstruction with noise filtering using Boundary Edges Page 48 of 98

examples, in figure 4.3b, the spike is easier to be figured out when the camera view is

changed. Figure 4.3a shows the perfect model view for the same pose.

(a) (b)

Figure 4.3 The view of the sphere from a new pose.

Figure 4.3a (Left), a perfect sphere face. Figure 4.3b (Right) the face has a spike
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The spike in figure 4.3b is easier to be detected by human eyes because all spike points
shall not exceed the silhouette boundary in all pose projection view. It is quite similar to
the idea of silhouette clipping. However, the original silhouette clipping method only
corrects the out of bound triangles for the rendering result. We enhance the idea so that
the 3D model is corrected as well. The pose changes (6,,6,,...6;.) of a set of sequential

picture (¢ =1,2,...,I) are assumed to be known. By comparing the projection of the

model at the pose 6, and the silhouette of the image at #=i (Figure 4.4), we are able to

pick out those mismatched points.

Silhouette

£

©) Out of bound
— feature

Figure 4.4 Use the silhouette to filter the out of bound feature
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The procedure of the boundary filter is shown as follows:

Step 1: Raw feature sets {g, } are extracted from images for i=/,2,...N, and t=1,2,..,I".
Step 2: Boundary sets {b,,} are extracted from image for j=/,2,..,M, and ¢=1,2,..,I" by using the

snake algorithm.

Step 3: First pass:
Fort=1to I’

By using the boundary outline {5, }, take out all the out of bound feature in each

image frame. The preliminary filtered feature sets {g,,} are extracted for

i=1,2,..,N,,and t=1,2,.., " are generated

End

Step 4: Initialize model structure Pand pose change per frame @ ={8,,8,,.4,,... 6} information

per frame by using bundle adjustment Lowe’s method and the filtered feature sets.

Step 5: Second pass:

Fort=lto T’

~

For 6=6, to 0

rek
4

1. Transfer the model P to pose 6

2. Project the transferred model to corresponding image view.
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3. By using the boundary outline {b,,}, take out all the out of bound

features in each image frame.  The filtered feature sets {g,, } are

extracted for i=1,2,..,N’, and r=1,2,..,I" are generated.
End

End

Step 6: Iterate the model structure P and pose change per frame @ ={6,,6,,.4,,...6;} by using

bundle adjustment Lowe’s method and the filtered feature sets.

Step 7: Loop back to step 5 until either deletion of no further point or exit the maximum iteration

number.

Figure 4.5 shows the flow chart of our algorithm. Stepl prepares the raw features for
model recovery and step 2 prepares the silhouette boundary for boundary filter. Step 3
filters the useless background features which do not belong to the object. Step 4
generates the preliminary model and the pose change per frame. However, the model in

this stage is still distorted by noise and mismatch points.

Step 5 mainly has two purposes. The first purpose is to move the model to the poses of
the future frames and to generate the projected view of the model at those poses. The
second purpose is to delete the model points if those corresponding feature points are out

of bound in the projected view.



3D Model Reconstruction with noise filtering using Boundary Edges Page 52 of 98

Step 6 regenerates the model again. Because the model and the pose that were generated
in step 5 are distorted, we need to regenerate the model and pose after the feature points

are updated. The new result will be more correct.

Step 7 reiterate the boundary filter and model generation until the stop criteria is fulfill.

Feature sets extracted from images

Silhouette extraction

v

Initial 2D filtering to filter out the out of bound features

.

Use alternative bundle adjustment model to generate the model and pose of each image

y

Rotate the model to the pose of each image and re-project the 2D image

Compare the re-projected 2D image to the silhouette filtered the out of bound feature

No out of boundary point
found or exit maximum
iteration number

Finish and return the pose and model

Figure 4.5 — Flowchart of feature selection by silhouette clipping
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4.3 Implementation

The implementation of our work is divided to two parts. The first part is a silhouette
extraction program. The second part is a feature filter which is merged into the algorithm

{

of interleave bundle adjustment algorithm.

4.3.1 Silhouette extraction program

Our silhouette extraction program is modified from a well-known snake algorithm [69].
In additional to the traditional snake algorithm, a color likelihood function is added to the

original external energy term. The detail of the modification is shown as follow:

In the original snake algorithm, a curve function z(s) = (x(s), y(s)) is used to describe the

boundary outline of an object in a picture, where s is measured from the arc-length from
the starting point of a boundary curve. An energy function is used to control the

evolution of the boundary curve. The function energy is given by:

E()= [ B, (2(s)ds+ [ B, (2(s))ds

2

is the interior energy

Bo=3 [ (a(s)

and «a(s) is the snake tension and A(s) is the snake rigidity.

where E.

int

2

0z(s)

os

8%z(s)

os’

+B(s)
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The external energy E,, typically uses the spatial gradient —-”VI ” of the gray-level

intensity image / , computes at each snake point. To minimize the energy function, the

Euler equation F, + F,, has to be equal to zero. F,is the interior force from internal

int

energy E,, and F,, is the external force from external energy E,,, .
When the snake program is used to capture the silhouette outline in real images in our

application, the outline is wrongly captured when the background is noisy. Therefore, a

minor modification is made to add a color analysis on top of the snake algorithm.

A color histogram of the target object is a pre-requisite of our color analysis. The target
object is assumed to be located at the center of the image. The sample color histogram is
obtained from a 10 by 10 square box around the center point of the picture. The color

histogram is then normalized and translated to probability function p(z| /).

p(t | h) represents the probability that a color measurement # belongs to the target object

baed on the color histogram 4 of the target object.

An initial boundary curve is set in an arbitrary area on the image that coveres the target

object. In addition to the original external force in the snake algorithm, a color likelihood

external force —VE_, is added so that the external force is then changed to
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F ,,=-VE,_ -VE_,. This color external force is proportional to the color likelihood of

the control point to the target object. It is then formulated to:

VE. = ifp(t| h) < d,
col p( t' h) P ( I ) plhre.\'hold an

VE,, =0if p(t| h) > Pyreshora

With this color external force term, the snake curve is able to overcome the local

minimum attraction from the noisy and complex background and is able to catch the

target object.

The program was implemented in Matlab environment. The original images are shown
in Figure 4.6. Figure 4.6a, 4.6b, 4.6¢ and 4.6d shows the objects that need to be tracked

for their outline respectively. The objects under test were put around the center area of

the images.
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(© (d)

Figure 4.6 Examples of the input picture for the snake algorithm
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Then the color histograms of the target object were captured. Figure 4.7a, 4.7b, 4.7¢ and
4.7d show the color histograms of the target object respectively. In Figure 4.7, the hue
and situation color space are divided to 51 partitions and was laid horizontally on the x-

axis and y-axis respectively. The vertical axis represents the normalized frequency of a

particular color found on the target object. -

The initial boundary of the snake curve is set on either the 4 corners of the image or an
arbitrary location on the image. The result of the outline tracking is shown at Figure 4.8.

The thick line around the target object is the tracking result.
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(© (d)

Figure 4.7. The color histogram of the target object in Figure 4.6
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(©)

(d

Figure 4.8 The result (in blue traces) of the snake outline tracker.
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4.3.2 Feature filter for alternative bundle adjustment algorithm

The implementation is assumed that an object is put on a turntable and a video sequence

is taken. Pictures are extracted from the video and undergo the following process steps:

Silhouette outline of the object from the image sequence are extracted from our
snake tracker.

Feature extraction by KLT tracker[28]

Initial filter out those feature points lie outside of the silhouette boundary of each
picture

Feature positions are fed to the alternative bundle adjustment algorithm

3D structure and pose information obtained

Use the pose information from the alternative bundle adjustment algorithm, rotate
and translate the 3D model from the pose of each image accordingly.

Project the 2D pictures for each changed pose model

Filter those features the lie outside the silhouette bounady of each picture

Feature position are fed back to the alternative bundle adjustment algorithm again
until the feature is good enough

From the 3D structure and the first picture of the sequence, produce textured

VRML files for display.
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In this chapter, we described the idea of using silhouette clipping in feature points
filtering. We also discussed about the details of the implementation work of our

algorithm. The test result of our algorithm will be demonstrated in the next chapter.
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Chapter 5 - Experimental data

5.1 Simulation

A synthetic data simulation has been used for testing the algorithm. A virtual sphere was
generated by a Matlab program. The sphere had many feature points on its surface. The
sphere was then placed before a simulation camera. The sphere was rotated and pictures

were taken for each few degrees of rotation. Those pictures were then input to our

algorithm for testing.

5.1.1 Input of simulation

The details of the simulation are described as follows:

A synthetic sphere was generated and about 1200 feature points in evenly distribution by
scattered on the surface of the sphere. The synthetic sphere was then rotated before a
virtual camera and a picture was taken for every 3 degrees of rotation. Totally 120
frames were taken. Figure 5.1 shows a few sample pictures of the original synthetic
sphere. Because the rotation angle between each picture is not large, each sample picture

looks quite similar and not much different.
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Figure 5.1 Sample pictures of original sphere

After the synthetic sphere pictures were generated, noise was injected into those pictures.
To demonstrate the effect of noise, noise was injected in different magnitude in several
tests so that the effect is easier to be compared. Noise was injected with the following

conditions:
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Noise magnitude distribution

normal distribution with:

mean (x4, ) = 1., Where

Mo = O pixels in testing condition (a).
n..« = 10 pixels in testing condition (b).
n...= 15 pixels in testing condition (c).
..« = 20 pixels in testing condition (d).
)=5

and, variance (o

noise

Probability of a feature point are

inflected by noise

normal distribution with:
mean ( luNoi.re_ probability ) = 0'3’

. 2 —_
variance( O Noise_ probability )=0.1

Figure 5.2 and figure 5.3 show the captured feature points. Figure 5.2 shows the original

feature points without noise. Figure 5.3a, 5.3b, 5.3¢ and 5.3d show the feature points

with maximum noise magnitude (7, ) equals to the testing condition (a), (b), (c) and (d),

or, 5, 10, 15 and 20 pixels respectively.
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fname e:\Ovision\Dtest-images\sphere\sphere-040.jpg

100 )

g 8 B

Figure 5.2 - Feature extraction for no noise condition
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5.1.2 Output of the simulation

The improvement of our feature point filter is demonstrated in three ways - comparing
the radii distribution of the recovered 3D model points, comparing the actual 3D model
feature points plotting. The third way is by plotting the recovered 3D model by using a

VRML display with the texture map.

5.1.2.1 Radii distribution

The radius of each recovered sphere model feature point is plot in a graph. From the
graph, many mismatched feature points are found to be filtered. Figure 5.4 shows the
radii distribution for the original sphere without noise. The y-axis represents the scaled
radii and the x-axis represents the feature point number. The range of the radii is in
between 12x10° to 15x10°. Figure 5.6al, 5.6b1, 5.6c1 and 5.6d1 show the scaled radius

of the recovered model from the picture with noise magnitude »_,  in testing condition

(a), (b), (c) and (d) respectively before using the feature filter. Figure 5.6a2, 5.6b2, 5.6c2

and 5.6d2 show the scaled radii of the recovered model after using the feature filter.
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Radius distribution
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Figure 5.4 - The radius of the recovered 3D sphere feature distribution

When we compare the difference between the recovered model error before and after
using the feature filter in figure 5.5, we find that the radii distribution with the filter is
narrower than that without using the filter. Then the root means square (RMS) of the

radii errors are calculated to demonstrate the improvement. Before the filter is used, the
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Maximum Noise (7, )/ pixel | Small noise condition | Large noise condition
S 10 15 20
RMS radii error without using 669 993 2751 2894
filter
2

Gar e ‘F R-Rw) )

e'!, all i;oN N
RMS radii error using filter 596 921 1268 947

2

i J (R=Ry)

ej all i;oN N
Percentage error of radii 5% 7.4% 20% 21.6%

e
without using filter (En= R"f )
real
Percentage error of radii with 4.5% 6.9% 9.4% 7%
filter (E= ° )
real

Improvement (En+Er) 0.6% 0.5% 10.6% 14.6%

Table 5.1 - The comparison of radius error between using filter and without using filter

—e— Error without filter
—m— Error with filter

Percentage error of radii against noise level

25.00%
2 20.00% -+
°
g
5 15.00%
o
T
Q
-3 10.00%
g
2 5.00%
[
o

0.00% :
5 10 15 20
—e—Errorwithout | 5.01% 743% | 2059% | 21.66%
filter
—m— Error with filter | 4.46% 6.89% 9.49% 7.09%
Noise level

Figure 5.5 — The comparison of RMS radii error before and after using filter
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The next analysis is done by comparing the radii range. In Figure 5.6al, the radii range

of the sphere model lies between 7x10° and 20x10°. After the feature filter is applied, the
radii range is narrowed down from 7x10° to 15x10°. The radii range deviation of the
model has about 51% improvement. In other testing conditions (figure 5.6b, 5.6¢ and

5.6d), similar improvement is also able to be found. The detail radii range improvement

is shown in table 5.2.

Maximum Noise Small noise condition Large noise condition
(1, )/ pixel 5 10 15 20

Max radius without 20276 23328 67349 107750
filter (M,)

Min radius without 7315 8337 5908 4313
filter (M,)

Max radius with 15865 19252 16454 17543
filter (M,)

Min radius with 7315 9075 5908 9188
filter (M)

Radius range 12961 14991 10546 102937
without filter

( R = M, -M, )
Radius range with 8550 10195 10546 8355
filter

(R, =M, - M,)

Table 5.2 - The comparison of radius range between using filter and without using filter
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Figure 5.6a - Radius distribution with noise
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Maximum Noise (7, ) = 15 pixels
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Figure 5.6¢ - Radius distribution with noise
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Maximum Noise (7, ) = 20 pixels
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5.1.2.2 3D model output

The second way to demonstrate the feature filter effect is by plotting the output model in
a 3D graph. Figure 5.7 shows the 3D recovered model without noise. Figure 5.8al,
5.8b1, 5.8c1 and 5.8d1 show the recovered model from the pictures with noise condition
(a), (b), (c) and (d) respectively and without using feature filter. Figure 5.8a2, 5.8b2,

5.8¢2 and 5.8d2 show the recovered model after using the feature filter.

model found in reaktrack

10000
i R R
8000 < : R
e e 0.
6000 . : B - o
38 ¥ o -
4000 . il
7
.y
5 2000 ~| A
N

y-axis S x-axis

Figure 5.7 - The 3D feature graph for the recovered model without noise
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Maximum Noise (7,,,, ) =5 pixels

model found in reak-track

Figure 5.8al

sixe-z

model found in reaktrack

x-axis

y-axis

Figure 5.8a2
Figure 5.8a - The 3D features of the recovered model with noise
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Maximum Noise (7, ) = 15 pixels
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Figure 5.8¢ - The 3D features of the recovered model with noise
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Maximum Noise (7, ) = 20 pixels
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Figure 5.8d - The 3D features of the recovered model with noise
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5.1.2.3 VRML plotting

For better visual understanding, the improvement of the filter is demonstrated by plotting
the recovered model in a VRML diagram with the texture map. Figure 5.9 shows the
VRML model without noise. Figure 5.10al, 5.10b1, 5.10c1 and 5.10d1 show the VRML
output model from the pictures with noise testing condition (a), (b), (c) and (d)
respectively and without using feature filter. Figure 5.10a2, 5.10b2, 5.10¢2 and 5.10d2

show the VRML output of the recovered model after using feature filter.

Figure 5.9 VRML plotting of the recovered sphere without noise
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5.2 Real Image testing

Real images are used to test the silhouette filter algorithm. The tests include different
kinds of objects. Those objects include a toy robot, toy house, flask and toy tomb.
Each object is put on a turntable and pictures are captured by a camera during the

object rotation.

5.2.1 Toy house on turntable test

A toy house is put on a turntable for testing. A camera captures pictures in every 2 to
3 degrees during the turntable rotation. A comparison between the recovered 3D

model results before and after the use of the filter is performed. Some samples of the

pictures of the house are shown in Figure 5.11.

Frame 1 Frame 10 Frame 20

Figure 5.11 - Sample pictures of house test
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The pictures are then feed into the interleave bundle adjustment algorithm. The
results of the 3D model before and after using our filter are shown in figure 5.12.
Figure 5.12al and 5.12b1 display the texture mapped VRML results of the recovered
model without using our feature point selection filter. Figure 5.12a2 and 5.12b2
display the result after applied the feature filter. It is clearly shown that a spike is
located at the top and the bottom of the house and it is removed after the filter is

applied.
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5.2.2 Other tests on turntable

To test the flexibility of the algorithm, different objects are using for testing. Figure

5.13 shows the sample original pictures of a toy robot, flask and tomb respectively.

The comparison of the result is shown in Figure 5.14 and Figure 5.15.

Frame 1

Robot
2

Figure 5.13a

Frame 10 Frame 20

-
8
=2
Figure 5.13d Figure 5.13e Figure 5.13f
)
§
=
Figure 5.13g Figure 5.13h Figure 5.13i

Figure 5.13 - Original sample pictures for toy robot, flask and tomb respectively
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Without filter With filter

Robot

Flask

Figure 5.14¢ Figure 5.14d

Tomb

Figure 5.14¢ Figure 5.14f

Figure 5.14 - The result of the toy house, flask and tomb with and without using feature filter (wire

frame)
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Robot

Without filter With filter

Figure 5.15a

Flask

Fi Figure 5.15d

Tomb

Figure 5.15e Figure 5.15f

Figure 5.15 - The result of the toy robot, flask and tomb with and without using feature filter
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In this chapter, we discussed a synthetic data simulation result of the feature filter
algorithm and demonstrated the improvement of the filter by using the radii
distribution of the sphere and the 3D texture mapped VRML diagram. The algorithm

was also tested in sequential real pictures and significant improvement on the 3D

recovered model was found.

In the next chapter, a conclusion of our work and the future working direction will be

discussed.
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Chapter 6 — Conclusion and discussion

The work presented in this thesis dealt with a feature point selection problem for a
realistic 3D model recovery algorithm for sequential images. A feature filter that is
able to filter out the mismatch feature points is developed for the use of the interleave
bundle adjustment algorithm. We implemented the algorithm and applied

successfully to synthetic data simulation and real images.

In this thesis,

e We discussed the effect of the mismatch feature points to the alternative
bundle adjustment algorithm. We found that the mismatch points would
generate some spikes on the recovered output model.

e We proposed a feature point selection algorithm by applying the silhouette
clipping technique. A brief description of our proposal is shown as follows:
1. A set of feature point is extracted for each image.

2. Use the silhouette of the target object to pick out the out of bound feature

points in each image.
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6. Use the silhouette of the target object to filter out the out of bound feature
points in each image again.
7. Loop back to step 3 and reiterate the process until no out of bound feature
is found or the maximum number iteration is exceeded.
e In our study, we found that our algorithm still has some areas for improvement.
o Feature over-pruning — because the noisy feature affects both the
estimated model and pose, if the pose result is incorrect good feature
points are also pruned incorrectly.
o Silhouette clipping sensitivity — because of the above over feature
pruning problem, we need to add some tolerance to the silhouette
boundary to avoid over pruning. However, how to set the tolerance

parameters to optimize the performance needs future study.

Future directions:

Selection of correct feature points for a corresponding object in Structure from motion
(SFM) is my main research interest. Many structure-from-motion algorithms

nowadays are able to solve the problem of a single moving object only. However, in
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moving objects situation. The main reason is that many existing approaches found the
pose and model in separate processes. However, by using the interleave bundle

adjustment algorithm, it would be possible to find a reasonable solution.

In the interleave bundle adjustment algorithm, because the pose and model
information can be found in a same process, some clustering techniques in the process
is able to be applied so that multi-moving objects problem is possible to be dealt with.
The idea for multiple objects structure from motion is described as follows:

During the pose estimation phase of the alternative bundle adjustment algorithm,
instead of estimating the pose angles by using a standard least square method, we can
use a clustering tool, for example K-mean clustering, to separate the feature points to

two or more groups by using the residual error of each model point error. After the

feature groups are formed, we can apply a standard least square method to find the 4,

value of each group. Then we continue the original interleave bundle adjustment

algorithm to find the model and pose of each feature group.

Although the theory of the above feature selection method is quite simple, it still
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