In our system, in addition to the 3-D range image, we also get a binary mask image which
identifies the valid entries for the object in the scene in the 3-D image from the background.

The software system currently used for the range finder system is provided by KT Inc.,
Pittsburgh, PA. The system utilizes a calibration cube with calibration marks on three adjacent
visible surfaces. The system runs on a Sun SparcStation under X windows.

B.2 Data Collection and Processing

Before each data collection session, the LCRF system is calibrated using the K2T software
system. In addition, awhiteflat panel ismounted on therotary table vertically and two sets of range
images are taken at two different rotary table position. 3-D planes are fit to the resulting range
images and the rotation center of the rotary table is determined. This, together with the two
calibration matrices, is stored and associated to every range image taken after the calibration.

For each object, aset of 8to 12 wraparound range images are taken first by rotating therotary
tablefor the needed angles. The rotation angles between successive range images are recorded and
used for estimating the initial range image registration transformations together with the rotation
center information mentioned above (Chapter 3). In order to cover other parts of an object’s
surface, we then position the object in adifferent pose from the one in which the wraparound views
are taken. This time another set of wraparound range images may be taken with fewer views. The
initial transformation of this set of range images and the first set can be estimated by the operator,
or by registering two range images, one from each set, by hand-picking correspondence points and
using a standard pose estimation algorithm. The resulting transformation can then be propagated
to all range images in one of the sets as the initial transformation for registration. More range
images can be taken as needed.

All range images used in this dissertation, except those obtained from NRCC (National
Research Council of Canada) (the teapot images in Chapter 3), are used as they are acquired from
the range finder without any preprocessing, except that one layer of boundary points
(approximately one pixel wide) of the data areas of each image is masked out, because of the high
occurrence of outliers on the boundary.
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location of the points in the scene relative to the projector. This information, together with the
camera and projector calibration information, is subsequently used to compute the actua 3-D
coordinates at each image pixel using triangulation.

The LCRF system’s calibration consists in two parts, the projector and the camera. The
camera defines a 2-D parameter space (X Y.) . and the projector defines a 1-D (vertical)
parameter space x,. Using a homogeneous coordinate system, any 3-D point (X, y, ) can be
projected into the camera coordinates and projector coordinates as follows: [79]

hCXC X X
hy|=c|Y "ol = ply (B.1)
cyc !
z h z
h p
c 1 1
where
Cpy CpCi3Cyy P P_P.P
_ _ "1 1213 1a
c=|C,C,C,C,,|,P=
21 ~22 “~23 24 P P._P.P
C.. CoiCo C 21 T2 Fog3 Fog

31 ¥32 Y33 Y34

are camera and projector calibration matrices respectively. Once the camera coordinates (X, Y¢)
and the projector coordinate X, (the space code corresponding to the Gray code value of the Gray-
coded image at (X, Y)) are known, the 3-D coordinates of the corresponding scene location can be
computed: [79]

t -1
[xyd =Q°F (B2)
where
C11=CarXe C1pCaX, C13CasX, CaX:—Cyy
Q = |Cy—Ca1¥e CCs¥, C3CasVe|: F = [Cyy—Cyy
P11=P 21Xy P1o=PooXy P1a=PoaX, PoyXo = P14

Thisway, a 3-D image in the camera coordinates can be computed:

X=X(Xe Y)Y =Y (Xe Ye) Z = Z(Xs Ye)
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APPENDIX B
Experimental Range Finder System

B.1 System Configuration

Throughout this dissertation, a structure-light based range finder system is used, which is
called Liquid Crystal Range Finder (LCRF) after the liquid crystal mask that is used in the system
to produce the stripe patterns. The system was designed by Sato and Inokuchi [79] of Osaka
University, Osaka, Japan. In the following, we briefly describe the system principles and our
system set up for taking the range images used in this dissertation. The LCRF system components
are illustrated in Figure B.1. The projector projects 8 patterns with horizontal black-and-white
stripes in different widths to simulate the bit-planes of an image which encodes the line numbers
of the image with Gary code for space encoding in the vertical direction. The images of the scene
illuminated with the stripe patterns are captured with a video camera and the digitized images are
assembled into an 8-bit image after binarization. This 8-bit Gray-coded image encodes the spatial

[j WorkStation __CCD Camera
Object Side Projector
/, | N
Trandation Table Rotary Table Liquid Crystal Mask

Figure B.1 The components of the LCRF system.
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and Trace( ) isthetrace of asquare matrix. Now take the partial derivatives of e against v and

set de _ 0, we have
ov
g_\e/ - 2H'BHE + 2HEPE = 0
which gives
v = —FH'HE H'P (A.12)

: 0.t F1o¢ .
when the pseudo-inverse [[H H] H  exits.
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Notice that based on the assumption we made in Chapter 3, T, will only contain small rotation

angles, thus from Equation (3.2) we have:

T\, =

1 vy -Bt

-v 1 aty
B-a 1t

0001

(A.6)

when considering sin(x) =x and cos(x) =1, and ignoring terms of order 2 and higher.

Substituting Equations (A.3), (A.5) and (A.6) into Equation (A.4) we get:

_ t. .
wherev = (a,B,y,tX,ty,tZ) isthe variable vector, and

where
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dy = (A, B, C;D)
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-v 1 O(ty
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t .
, Ppo= Sjpi fori = 1...N

Now Equation (A.1) can be written as:

e= % (Hv+ Pi)2 = Trace[ (Hv+P) (Hv+ P)t]

= Trace[HW'H' + HVP'+ PV'H' + PP']

t

Hy'» P = (P,P,, ...

(xi,yi,zi,l)t = Hiv+ Pi

(A7)

(A.8)

(A.9)

(A.10)



APPENDIX A
The Least-Squares Solution for Registration

In Chapter 3 we introduced an iterative registration algorithm based on minimizing a
distance measurethat reflectsthe quality of registration (Equation (3.11)). We rewrite this equation

here and for convenience reason we drop the superscripts and simply denote T 1p.

. asp,,since
they are al known and can be precomputed:
N 2
e= Y d(T,p;S) (A1)
i=1
The plane S can be expressed as follows:
ij+ Bjy+ Cjz+ Dj = S}x =0 (A.2)
where
Sj = (AJ-, Bj, Cj, Dj)t (A.3)

is the plane coefficient vector, and x = (X, Y, z, 1)t is a 3-D point in the homogeneous

coordinates. Let p; = (x;,Y;,z,1) t, the signed distance function dg can be written as follows:

t
ST,.p;
d = _ 3k (A.4)

S
IN?+B7+C

If we normalize the plane coefficient vectors, we have

IN+B2+C = 1. (A.5)
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6
Conclusions and Future Resear ch

In this dissertation, we have identified the major problems in constructing models of real-
world 3-D objects from multiple range images, namely the integration and representation of the
object surface. We approach these problems by first registering the different views and then
combining the view integration with the shape description task. We developed a range image
registration algorithm that can find the accurate registration transformation between range image
views given coarse estimations. We have shown through examples from real data, that a less
constrained | east-squares problem leads to a faster convergence for the registration. The resulting
registered range image views are then used to fit a dynamic mesh model under an applied inflation
force through a physics-based process. In contrast to many deformable models and dynamic mesh
models proposed by previous researches, there is no explicit data force involved in this process,
which, in conjunction with the mesh subdivision and local mesh adaptation schemes, made our
system much less dependent upon a carefully selected initial guess in order to reach the correct
result.

What we have achieved so far is a complete triangulation of the object surface. In order for
the resulting model to be useful for visual understanding, recognition and shape learning, a high
level description is needed. The first step in achieving such a goal is to construct a smooth shape
representation from the triangulation [24]. The next step is to extract certain geometric features,
such as the intrinsic curves on the surface, based on the smooth shape representation. These
extracted features will help build ahigh level representation based on constituent parts [7][59].

To extend our current system, one way isto study how to use adifferent representation from
the mesh model that we use so that we can achieve a continuous representation directly [46]. Itis
also very interesting to investigate how to extend our system to handle objects with holes (genus 1
and up).
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5.9 Summary

We have presented a surface description method based on a dynamic balloon model using a
triangular mesh with springs attached to the vertices. The balloon model is driven by an applied
inflation force towards the object surface from inside of the object, until all the triangles are
anchored on the surface. The model is a physically based dynamic model and the implementation
of the agorithm is highly parallelizable. Furthermore, our system is not based on global
minimization and can alow the model to adapt to local surface shapes based on local
measurements. Experiments showed very good results on complex, non-star-shaped object. Some
improvements can be made on the resulting model, including using the algorithms presented in
Section 4.3 to improve triangle fitting errors, or the method in [68] to merge small triangles into
larger ones without affecting the fitting error for constructing a hierarchical representation.
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can be solved by examining and identifying local surface changes more closely and adjusting
system parameters accordingly in that area.

Comparing the results in this section with the results using the projection-based method in
Section 4.4 for the Wood and the Tooth, we can seethat, although the results here are better interms
of approximation (0.6 mmyvs. 2.0 mm), we do need many more triangleswhich is necessary for the
algorithm itself to maintain the smoothness of the balloon surface. This results in much more
computation effort. The tests here only show that the balloon model works on complex as well as
simple objects, but it is not necessary for simple objects.
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Figure5.8 Examples of the balloon model for Wbod and Tooth:
(a) the wireframes of the obtained balloon models and (b) the
rendered shaded images of the models.

As can be seem from the results presented above, our algorithm works very well on both
simple, compact objects and non-star-shaped objects with complex structures. The resulting
triangulated model surfaces preserve most of the important geometry feature of the objects with
evenly distributed meshes. Our initial meshes are al set in the neighborhood of the center of the
objects measuring 2mm and yet our balloons can successfully grow to cover all parts of the object
with complex geometric structures such as the Renault part. Also, despite of our effort to acquire
many rangeimage viewsto cover the whole object, the datathat we use for the Renault part contain
holes on top of both arms, and the resulting mesh was able to interpol ate them very well. Thereis,
however, adefect under the right arm of the Renault part, as can be seen in the wireframe drawing.
Itisasmall opening in the mesh that tendsto self-intersect which is caused by asmall narrow ridge
section (about 8mm thick, much smaller than 2times R;, where R, = 10mm). We believe that this
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Figure5.7 Sages of an inflating balloon inside the Phone,
showing the movement of the right front only. The wireframes are
superimposed with sample points from the input range images.

Table5.1: Statistics of thetest results

Objects Views | Triangles | Vertices | Iterations| Time

Wood Blob 16 2864 1434 51 12’247
Model Tooth 15 2870 1437 60 12'59”
Phone 20 3384 1694 16'17"
Renault 24 5696 2850 3226’

75



Figure5.6 Sample range images used in constructing the Phone
model and Renault model in Figures 5.9 and 5.10, shown here as
shaded intensity images.

Figure 5.10 shows a wireframe and a rendered image of the Renault part, whose real intensity
image is shown as an inset. The final model for the Phone has 1694 vertices and 3384 triangles, the
Renault part has 2850 vertices and 5696 triangles. Other result statistics can befound in Table 5.1,
where the time is measured on a Sun SparcStation-10 running Lucid Common Lisp. The system
parameters used can be found in Section 5.6. Both the Phone and the Renault part measure about
200mm across their longest sides. Note that the wireframe drawings presented here are not
produced using atrue hidden-line elimination algorithm, which isthe cause of most of the spurious
triangles seen in the wireframe drawings.
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Another advantage that this computation structure brings us is that we can adaptively adjust
system parameters independently for each front based on the information that we gather from the
prospective correspondence points of the vertices in the front. For example, if we have detected
that the movement of the front is virtually stopped and yet the prospective correspondence points

are still certain distance away, this tells us that the preset parameter R, in previous section is too
large and we should adjust it accordingly.

One example of such adaptation isin handling holesin data. In this case, there exist areas of
the object surface that are not covered by any of the input range images, we will not be able to find
prospective correspondence points for some of the vertices in the related front. Eventually, when
the rest of the vertices in the front have settled down to their correspondence points, we are left
with a front for which none of the vertices have a prospective correspondence point. In such
situations, the system automatically setstheinflation force to zero (k = 0 in Equation (5.5)), which
allows the mesh to reach an equilibrium state that interpol ates the surface over the hole.

Another important issue is that of noise. There are two types of noise that may affect out
results. One is the noise introduced by the small misalignment among the range images. The other
isthe outliers from the range images. Our system is very stable with respect to both types of noise.
The first one is effectively solved by the weighted sum line-surface intersection agorithm (see
Section 3.5) since the misalignment due to registration error causes the actual intersectionsto form
a cluster. The second type of noise usually cause the intersection algorithm on the related range
imageto fail to converge, in which case it does not contribute to the result of the intersection. Even
if the noise does produce a wrong intersection, it can easily be filtered out as an outlier that does
not belong to the correct cluster.

5.8 Experiment Results and Discussion

Now we present some examples of our balloon model in modeling a model telephone
handset (Phone) and an automobile part (Renault) using 20 and 24 range image views respectively,
along with examples for two simple object used in Chapter 3. The range images are acquired using
the same a Liquid Crystal Range Finder (LCRF) [63], and then registered using the range image
registration algorithm described in Chapter 3. Some sample range images used in the experiments
are shown in Figure 5.6. Figure 5.7 shows a growing balloon inside the Phone at different stages
of the growth. Note that our algorithm works on the fronts in a sequential order, and the figures
only show the process of the right front. Figure 5.8 shows two examples of the balloon model in
fitting compact objects, the Wood and the Tooth from Figure 3.9 on page 41 and Figure 3.12 on
page 44. In Figure 5.9, the final rendered views of the constructed model of the Phone are shown
below the wireframe drawing (compare with the real intensity image in Figure 1.1 on page 2).
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to S. Thisalso gives us asample configuration of an ideal front structure when the maximum mesh

tension is achieved. Let f be the maximum spring force exerted on to a vertex under

spring —max
such conditions. The inflation force needed to overcome the spring force (in order for the vertices
to move) istherefore

f > f (5.7)

inflate © " spring —max

The inflation force is also constrained by Equation (5.3), since once a time step and a maximum
displacement per iteration are set, the allowed inflation force should be (considering zero spring
force):

d

max
finflate < At (5.8)

t+ At

_ tly . . . . . .
where d_ .. = max(”x -X ||) Is the maximum displacement. Since a large inflation force

tends to dominate the mesh’s evolution, which is undesirable, we prefer a smaller one. We choose
to use the minimal inflation force as shown in Equation (5.7). We can then compute the needed
inflation force amplitude k according to Equation (5.5).

Now the whole issue comes down to determining f d__. and thetime step At.

spring—max’ “max
The maximum spring force is determined by the spring natural length |; J. and spring stiffnesswhich
are related (Equation (5.4)). In our experiments, we have used |, | = 0 and c; | = 40.d_ .. and
At are selected to allow the mesh to evolve smoothly and quickly relative to the object size and
complexity. For all thetestsin this paper, we have used 2mm and 0.05 respectively.

Finally, the user needsto select & and R, . For the purpose of simplicity, in our experiments,
however, we manually set R, and allow afixed number of N trianglesto fit the sphere with aradius

R, which gives anomina approximation error of about 0.6mm with N = 80 and R, = 10mm.

These parameters also apply to al the experimentsin this chapter.

5.7 Adaptive Local Fitting, Holes and Noise
It is worth mentioning that our algorithm presented in Section 5.5 is parallelizable since the

computations on each front in the queue Q are independent of each other. Furthermore, the
computation for each vertex within afront is also independent at each iteration.
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Algorithm 5.3

Let al the triangles on the initial mesh be front Fyand push it into the front queue Q, then
until queue is empty, do the followings repeatedly:

1) F 0 top of the queue Q, pop the queue.

2) Subdividethetrianglesin F if appropriate (see next section.)

3) For each vertex V, O F, whose 3-D coordinates at time t isvt, do

4)
5)
6)
7)

a)

b)

c)

d)

compute the internal force g; and external force f; = h; based on Equations (5.4) and
(5.5).

. t+ At . . . .
compute the new vertex location v, for the current iteration according to Equation
(5.3).

compute prospective correspondence point of vi, which is the intersection w; of the sur-
face and the ray through v; and in the direction of the mesh normal at v;.

t+ At t+ At

if ||vi —vit|| > ||Wi —v}” ,thenv, — O w, and mark vertex V; anchored.

. .. . . .. t + At
For each V, U F, update its position with the corresponding new positions v;

Discard triangles from F that have thus become anchored.

if F = {0} thengotol.

recompute connected triangle regions in F and push them into Q. Go to 1.

The intersection point w; in step (3)(c) isthe closest intersection to the mesh surface. If there

exist multiple intersections for the ray with many range image views, the weighted average
(Section 3.5, Equation (3.15)) of the closest cluster of the intersections is used.

5.6 Setting Up the Parameters

In our current implementation, triangles that have areas larger than a threshold S are

subdivided at each iteration, since the mesh elements can not be too large for surfaces with certain
maximum curvature. § is directly related to the precision of the fit of the final mesh to the input

surface data. Assuming that our goal is to approximate the object surface to have atriangle fitting
error O for surfaces with maximum curvatureof 1/R, , § can be easily computed by tessellating

a unit sphere of radius R, with equilateral (or near equilateral) triangles of sizes smaller or equal
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Figure5.5 Rearranging the local configuration to
eliminate long and thin triangles.

5.4.2 Local Mesh Adjustment

The above algorithm works very well under most circumstances, but degenerate triangles
that are long and thin may still occur. These triangles are undesirable since they do not represent
local surface shape well and are often the cause of self-intersections of the mesh surface. Currently,
we use a simple algorithm that checks for pairs of such triangles and rearrange the triangle
configuration locally. After each subdivision, we check for triangles that are thin and long, and if
two such triangles share an edge that is the longest for both triangles, then we simply switch the
cross edge as shown in Figure 5.5.

5.5 Description of the Algorithm

In this section we give a brief description of the entire algorithm of our approach. A
discussion on how to set the system parameterswill follow. We assume that registered rangeimage
views of the object to be modeled are avail able, although we believe the algorithm can be adapted
to other types of 3-D input.

We start with selecting aninitial point inside the object and constructing an icosahedron shell
(Section 4.2.1) at thislocation. The selection processis currently done by hand and the size of the
of the shell should be small enough so that it is completely inside the object. Since the algorithm
does not depend on the actual location of the initial shell, as long as it is inside the object, an
alternative to manually selecting theinitial positionisto choose a smooth patch in any rangeimage
and place avery small initial shell under the surface patch.The system algorithm can be described
asfollows.
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Figure5.4 Subdivision of triangle mesh: (a) before A is
subdivided, (b) after A is subdivided and subdivision is
propagated to both B and C.

5 IfR ,; = {G , stop, thesubdivision isdone. Else, set k — k+ 1 and go to step 3.

This subdivision algorithm has the feature that the subdivision will only be propagated
towards large triangles from the longest edge of a subdivided triangle. It is also proven that the
resulting triangles’ smallest inner angle islower-bounded by half of the smallest inner angle of the
original triangles [58].

This algorithm, however, does not guarantee that the triangles on the boundary areas of a
front conform with the rest of the triangles in the triangulation. Hence, after the algorithm is
finished, we must bisect the affected non-conforming triangles accordingly. Thus we have:

Algorithm 5.2
1) Carry out Algorithm 5.1 on the set of triangles T, [ Ty, .

2) For each non-conforming triangle T U 1., but connected tot ., bisect T by its non-con-
forming edge.

An example of this algorithm is shown in Figure 5.4, where triangle A is to be subdivided

and C does not belong to the region (front). As can be seen from the figure, the subdivision is

propagated to B and finally C is bisected to make the triangles at the region boundary conforming
(step (2) above).
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surface to adapt to the local object surface geometry without affecting other parts of the mesh
surface.

Before introducing the details of the triangle subdivision, we first define some terms. A
vertex is said to be anchored if it has reached the object surface and has been marked as such. A
triangle is said to be anchored if al of its vertices are anchored. At any time in the mesh growing
process, the triangles in the mesh can be classified into anchored triangle regions, consisting of
anchored triangles, and unanchored triangle regions, consisting of movable triangles called front.
Each front is a connected component of triangles, in which two triangles are said to be connected
if and only if they share an edge.

5.4.1 Adaptive Triangle Mesh Subdivision

Triangle subdivisioniscarried out only on the front, since anchored triangles are not allowed
to move. This alows the triangular mesh to adapt to the object surface better without globally
adjusting the position of all vertices. A good subdivision scheme would be one that yields an
evenly distributed mesh and produces few degenerate (i.e. long and thin) triangles. The algorithm
that we usein this paper first selectsa set of triangles that needs to be subdivided through bisection.
Then after these triangles are bisected on their longest edges, adjacent triangles are also bisected
or trisected to make the triangles conforming, the state that a pair of neighboring triangles either
meet at the avertex or share an entire edge. In our implementation, only those triangles that exceed
certain size limit are subdivided first. The algorithm presented below is adapted from Algorithm 2
(locdl) in [58], which is developed for refining triangular meshes for finite element analysis.

Algorithm 5.1

Let 1,, be the set of the triangles from a given front, and 1, 0 14, is the selected set of
triangles to be subdivided.

1) Bisect T by itslongest edge, for each T O 1.
2) Find R, O 1, the set of nonconforming triangles generated instep 1. Set k « 1.

3) For each TR, with non-conforming point P O T (mid-point on the non-conforming

edge): (a) bisect T by the longest edge; (b) if P isnot on the longest edge of the T, thenjoin
P with the midpoint of the longest edge.

4) Let r(k) be the triangulation generated in step 3. Find R, , ; [ rg the set of nonconforming
triangles generated in step 3.
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where k is the amplitude of the force and f; is the direction normal to the local model surface. In

our implementation, the normal at atriangle vertex is estimated from the vector sum of the normal

vectors of the surrounding triangles:

A = l, z 'J n'J) (5.6)
" ||(”u+”u)||

where n, j isthe direction normal to the jth triangle Tj [ {Tj} surrounding the vertex, and n’; j is
the direction normal to triangle T'j that is the neighbor to Tj but T' j O {Tj} . This estimation is

more stable than what we get when only the trianglesin { TJ.} are used.

5.4 Subdivision and Adaptation of the Triangular Mesh

In our ssimulated physical system, during the process of the growth of the mesh model, the
mesh triangles become bigger in size, and tensions due to the spring force a so build up, which will
eventually stop the movement of the mesh, and the inflation force and the spring tension enter an
equilibrium state. Thisis not desirable since we do not consider forces from the input data, so an
equilibrium state does not mean a good fit. In order to keep the balloon growing, we can keep the
inflation force unchanged (which actually meansto keep on inflating) and at the same time reduce
the spring tension by subdividing the trianglesin the mesh into smaller triangles. Alternatively, we
can increase theinflation force and allow the spring tension to increase. But increasing the inflation
force adso has the side effect of increasing the maximum displacement. As can be seen from
Equation (5.3), the spring force g; acts as a balance force to the inflation force f; = h; (assuming a
convex local structure), thus the maximum displacement is directly related to the inflation force

once atime step is chosen. So we choose not to increase the inflation force, but to subdivide the
mesh instead.

The purpose of subdividing triangles is twofold. Once atriangle is subdivided, the sides of
the triangles becomes shorter and if we keep the natural length and stiffness of the springs constant,
the spring tension is reduced. Also, subdividing the triangles helps maintain an evenly distributed
mesh. Subdividing triangles in certain region, as will be discussed later, also alows the mesh
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Because of the nonlinear nature of the forces g; and f; involved, the systems of ordinary differential
equations (5.1) can be solved using explicit numerical integration [73].

A dynamic system described by Equation (5.1) will reach an equilibrium state when both x;

and X; become O, which can take a very long time since it is usualy an exponentia process. A
simplified system can be obtained if we make my =0, and r; = 1 for al i, in which case Equation
(5.1) reducesto

x=f-g, i=1.N (5.2)

The reason for making this simplification is that our goal for the dynamic system isfor the
elementsin the mesh to reach the object surface and we will stop them without considering whether
the system isin an equilibrium state or not. We also do not intend to have a special treatment for
any elementsin the mesh at thistime, so al r; should be equal, in which case we can normalize the

parameters so that r; = 1. The set of first-order differential equations in Equation (5.2) has avery
simple explicit integration form as follows:

x A= Efit—g%m +x' (5.3
5.3.3 Spring Force and Inflation Force

The spring force exerted on vertex i by the spring linking vertex i and j can be expressed as
[73]:

—

s = U, 5.4
1 &4

where ¢; is the stiffness of the spring, &; = ||rij|| —1;. isthe spring deformation, r;; = x. —X;,

ij i j
|I'I| isthe vector length operator and |, ; isthe natural length of the spring. The total spring force

g; avertex receivesisthe vector sum of spring forces from all springs attached to it. The inflation

force a vertex receives takes the form of:

h. = kA, (5.9
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Object
Anchored Mertices

Balloon fronts

Figure5.3 Line-surface intersection: searching for a
corresponding point in the normal direction.

neighborhood of a mesh element is only in the direction normal to the mesh surface. So it is only
natural to ook for corresponding point from the object surfacein the direction of the normal, which
will also change in the process of inflation. In our implementation, this is done by computing the
prospective corresponding point P (Figure 5.3), the closest i ntersection between aray in the normal
direction and the object surface represented by range images. Details of the algorithm can be found
in Section 3.3.4. Once the intersection is found, the distance from the mesh surface to the
intersection can be used as a measure of whether the mesh has reached the object surface.

When there are holes in the input data (parts of the object surface not covered by the input
data), we will not be able to find the intersections as described above. In such cases, there are no
prospective correspondence points for the affected vertices and thus there is no reason to apply
inflation force further more. This kind of decision, however, should not be made locally for each
vertex point. We will talk more about handling holes later in Section 5.7.

5.3.2 A Simplified Dynamic M odel

The motion of any element i on the model surface can be described by the following motion
equation [73]:

mx, +rx+g =f, i=1.N (5.2

where x; is the location of the element, x; and X; are the first and second derivatives with respect
to time, m; represents the mass, r; is the damping coefficient, g; is the sum of internal forces from
neighboring elements due to spring attachments and f; is the external force exerted on the element.
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Figure5.2 Theinflating balloon moddl asillustrated in a 2-D
case (fromleft to right and fromtop to bottom): theinitial state,
intermediate states and the final state.

the surface of the object. This seems to be bad from the viewpoint of afitting process, which tries
to minimize some distance measure between the object surface and the model. But thisisimportant
In our case because our main concern isto find a correct mapping between the mesh elements and
the object surface. By not using any attraction force from the surface data it allows us to avoid
incorrect mappings (which is a similar situation to the local minima in energy minimization
approaches) without depending on a very close initial guess.

5.3.1 The Correspondence Problem

So far we have not discussed how to test whether the mesh has reached the surface of the
object. This is the key difference between our approach and other dynamic model systems or
energy minimization systems. In order to test whether a vertex has reached the object surface, we
must measure the distance between the mesh surface and some point on the object surface. Ideally
this point on the object surface should be the corresponding point of the vertex, which is not
possible before the vertex reaches the surface. Previous researchers have used the closest point on
the object surface to amesh element as an alternative, but it may provide incorrect information. In
[46], the distance from the data points on the surface to the nearest model point is used instead,
which is an improvement over the above approach. This approach, however, is not practical when
there isalarge number of surface sample points from the object, asin our case.

In our approach, we look for potentia corresponding points only in the direction normal to
the mesh surface. Thisisthe best knowledge locally available to the points on the mesh surface at
any time during the mesh’s growing process, because the equival ent mesh surface movement in the
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In the following sections, we first review some of the related previous work and then present
our balloon model in detail. Section 5.3 describes the model and how it works, and Section 5.3
defines the dynamics of the system. Section 5.4 explains the adaptive mesh subdivision scheme. In
Section 5.5, we give an algorithmic description of our system. Sections 5.6 and 5.7 discuss how
the system parameters are set and how to adapt the parameters locally. We present experimental
resultsin Section 5.8 and a summary in Section 5.9.

5.2 Related Work

Dynamic mesh models have been proposed by previous researchers for shape description.
Terzopoulos and Vasilescu [ 73] introduced a shape reconstruction algorithm using adynamic mesh
that can dynamically adjust its parameters to adapt to the input data. They also extended this
approach by introducing an attraction force from 3-D inputs for shape description [78]. Delingette
et al. [21] proposed a deformable model with internal smoothness energy and external forces from
both the input data and features. There are other deformable model approaches that differ in
representation schemes of the model and in the approaches to solving the system (see [20] and
[46]).

The main difference between our method and those used by previous researchersis that we
do not explicitly introduce a data force into our model, as will be discussed in detail in the
following sections. Our model is purely driven by an inflation force introduced inside the balloon.
Balloon models have been used by Cohen and Cohen [20] and Mclnerney and Terzopoul os [46],
but in their approaches, the introduced balloon force is used to assist the globa energy
minimization model to converge to the desired results and to overcome some noise in the volume
data, and a careful balance must be maintained between the balloon force and other forces.

5.3 ThelInflating Balloon M odel

Our balloon model isrepresented by amesh of triangular patcheswith verticeslinked to their
neighbors by virtual springs. The initial triangulated shell is generated from an icosahedron (see
Section 4.2.1). When placed inside the object and under the applied inflation force to the vertices,
the shell grows in size as the vertices move in the directions normal to the mesh surface,
maintaining a spherical shape, until one or more vertices reaches the object surface. During the
process of inflation, the triangles may be subdivided adaptively, which also creates new vertices.
Onceit reachesthe surface, avertex is considered fixed to the surface and thus can no longer move
freely. The remaining vertices will keep moving until reaching the surface (Figure 5.2). As can be
seen from this process, the movement of the vertices is not influenced directly by any force from
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— = Inflation forces
—— Composite spring forces

Figure5.1 Dynamic surface model illustrated.

drives the vertices towards the object surface until they “land” onit. This processis similar to that
of blowing up a balloon placed inside a hollow object until it fits the shell of the object. Thus the
goal of mapping the model to the object surface is achieved through the physics of a growing
balloon in avery natural way.

Our system is not based on global minimization methods, and it can make decisions based
on local information about the shape of the object surface. As a result, our system is much less
dependent upon theinitial state that we selected. Asthe mesh expands and the vertices start to reach
the object surface, the entire mesh surface will gradually be subdivided into pieces of connected
triangular regions. Thisallows usto treat the surfaces based on local surface properties by tailoring
the parameters, and possibly strategy, of the system in dealing with each region separately. One
such exampleisthat it allows us to handle the case when there are holes in the input data.

Another aspect of our system isits role in data integration. Most of the previous research
make use of scattered 3-D points or asingle range image asinput. Very few (e.g. [68] and see also
Section 2.2) try to use multiple densely sampled range images. As has been discussed in Chapter
1, integration can not be done without an appropriate representation. For non-star-shaped objects,
it ismore difficult since the surface points of an object can not be simply mapped onto, e.g., a unit
sphere, which would be sufficient for star-shaped objects (see Chapter 3). If we simply gather all
the range images and treat the data as aloud of scattered 3-D point, as some previous researchers
do, we throw away useful surface neighbor information that is present in the range images.
Therefore we choose to use triangulation as representation, since we believe that triangulationisa
proper level for integration purpose.
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5
M odeling Complex Objects

5.1 Introduction

Surface description using 3-D input can be described as fitting of a chosen representation
(parameterized model surface, or ssmply model) to the input data points. This process can be
formalized in a number of ways involving the minimization of a system functional that represents
thefit of the model to the input data explicitly or implicitly. Another very important aspect of such
a system is to construct a mapping or correspondence between the surface of an object and the
structure of the model. This mapping exists because the surface of the model and the surface of the
object are topologically equivaent, considering genus zero type of objects. Therefore there exists
a one-to-one mapping between the model structures and the object surface elements. Previous
researchers have studied such mappings in a variety ways using different representation schemes
and model fitting methods. Examples of these approachesinclude the dynamic system using energy
minimization in [21] and the dynamic mesh in [73] and [78]. The drawback of these approachesis
that they must rely on an initial guess of the model structure that isrelatively close to the shape of
the object. The reason is that, in the absence of mapping or correspondence information, some
other approximations have to be used to associate the points in the model and those in the input so
that the model will converge to the desired result under the attraction force between the associated
correspondence points. An example of such an approach is the nearest data point to the model
surface used in [78]. Such an approximation will have problems in cases where there are data
points that are not the closest to their true corresponding points of the model, and thus inevitably
lead the system towards a suboptimal situation (local minimum). That iswhy those approaches can
only deal with mainly star-shaped objects.

In this chapter we present a new approach for surface description using a dynamic balloon
model represented by atriangular mesh. We start with a small triangulated shell placed inside the
object and apply a uniform inflation force on all vertices in the direction normal to the shell’s
surface. The vertices are aso linked to their neighboring vertices through virtual springs to
simulate the surface tension to keep the shell smooth (Figure 5.1). The applied inflation force
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Figure4.8 Three rendered views of the constructed
triangulation of the object “ Tooth” .



Figure4.7 Two rendered views of the constructed
triangulation of the object “ Wood” .

seconds yielding 872 triangles. Note that the original range images have a resolution of about 1 to
2 mmwith acomparable registration error.

4.5 Summary

In this chapter, we have presented a new method for constructing an integrated surface
description from multiple range images based on surface triangulation. This method combines the
surface description and data integration through an effective evaluation of triangle approximation
error using an integrated error measure. Projecting atriangulated shell onto the surface of the object
is simple and very efficient in acquiring triangulated surface models compared to systems that
employ global optimization techniques (see[67], [74], [21] and [72]), because theinitial projection
is only done once and the subsequent iterations are only carried out at locations that have not
satisfied the approximation error. This technique, however, still has the limitation that it can only
handle compact objects (the object needs to be star-shaped), though the dynamic subdivision of
triangles and reprojection of the triangles alleviated the situation to some extent.
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Figure4.6 lIterative triangle subdivision

To improve the fit of the triangles to the object surface, the newly created triangles must be
re-mapped onto the object surface. Thisis done by projecting the triangle vertices in the direction
of the surface normal vectors of the object in that location, which can be approximated by the
average normal vector of the surrounding triangles of the vertex, weighted by the areas of those
triangles. The difference between this projection and the initial projection lies in the direction in

which the projection is done.

This division-and-projection process continues until al the triangles have an approximation

error within the desired threshold.

4.4 Experimental Results

We now show some test results of the triangle subdivision and approximation. For the tests,
the range images from the wood blob (Figure 3.9 on page 41) and the model tooth (Figure 3.12 on
page 44) were used. Figure 4.6 shows the wire frames of the triangle subdivision process. Figure
4.6 (a) showsthetriangulated shell projected onto the object surface. Figure 4.6 (b) showsthe shell
after one subdivision iteration with approximation error threshold set to 2mm (see Section 4.3 and
Equation (4.5)). Figure 4.6 (c) is the final result after three iterations with all triangles having
approximation errors under 2mm. As can be expected, most of the subdivisions take place around
the ridge line in the lower part of the object. Figure 4.7 and Figure 4.8 show some rendered
intensity images of the “Wood” and the “Tooth” using the derived triangulation models from
various view points. In both cases, the initial icosahedrons are subdivided with N=5 and the center
of the fitting ellipsoidal are used as the center of the projection. Our test programs are written in
Lisp. On a Sun SparcStation 2, with Sun Common Lisp, the test on the “Wood” completed in 3
minutes and 18 seconds, resulting atotal of 649 triangles, while the “Tooth” took 3 minutes and 34
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Figure4.5 Triangles are subdivided in groups with the same type of
approximation errors. The dashed lines define the new triangles.

4.3.2 Triangle Subdivision and Reprojection

Oncethe approximation errorsfor al projected triangles are eval uated, those triangles whose
approximation error E does not meet the predefined approximation threshold must be subdivided
and re-mapped. Our subdivision algorithm tries to subdivide triangles without altering the
neighborhood adjacency property of thetriangulation, i.e., each triangle must have 3 neighborsthat
each shares an edge with it. This regularity makes it easy for higher order surface reconstruction
in the future. For this reason, we group triangles with the same type of approximation error (i.e.,
triangles with e of the same sign and their |g| exceeding a certain given threshold) into connected
components. Here, two triangles are connected when they share an edge. The subdivision method
is illustrated in Figure 4.5, categorized by the size of the connected components. More
sophisticated subdivision schemes can also be used and will be discussed in Chapter 5. A simple
rule here is that, except for the components that contain only one triangle, triangles with one
neighboring triangle in the connected component will be divided into two, those with two
neighbors three, and those with three neighbors four.
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LetQ = {qij} be the set of 3-D pointsin V. covered by T';, and €, be the signed Euclidean distance

of q; to the plane containing T. We can compute the mean and standard deviation of €8s follows:

> (e=e)”
- |wHG
= > ,

where n.=|[Q||isthe cardinality of the set Q.. Then we adopt a majority vote scheme to effectively
eliminate the bad views from being considered in the final approximation error estimation for that

0;

o= di=™ (4.1)

triangle. That is, we computeasubset G 0 {Q,, i= 1, 2...n} , such that the absolute value of the

difference of the mean approximation error éi between any pair in G is below certain threshold:
G = {QiDDQkDG,|ei—ek| <g (4.2

and that the cardinality of G is at least half of the original set:

Gl 2 o.5H {Q) H 43)
The value of € can be set based on the range image resolution and the statistics of the
registration errors from the registration process (see Chapter 3). Once G is selected, we recompute
the mean and standard deviation of the approximation error for all the pointsin G for triangle T.

L et the results be e and o respectively. In the case when G is an empty set, or G isaminority group,
then we simply select the Q. that has the |east absol uteél:

G = {QiD|ei| = min (|ek|) } (4.9

Q0 {Q}

The overall approximation measure is defined as
E = e+sign(e)ao (4.5)

where sign() returns 1 or -1 depending on whether its argument is larger or smaller than 0. a isa
constant that reflects the noise present in the data. The approximation measure E in the equation
above is used to simulate the maximum approximation error for atriangle. We have found a=2to
be a good choice, which can eliminate most of the outliersin the data.
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Local Surface Normal ST

Object Surface Patch

Actual Projection of T
Ideal Projection of T

Figure4.4 The problem in defining data points in evaluating
triangle approximation error. The data points in the shaded area
are not appropriate because of the oblique viewing angle of the
sensor relative to the surface patch. The hashed triangle is
preferred but cannot be obtained.

the local surface is at an obligue angle, however, the data points so collected may no longer be
meaningful to evaluating the approximation error, as shown in Figure 4.4. The ideal projection
should be one with projection direction roughly normal to the local surface, but it is difficult to
compute. To collect data points that are meaningfully associated with atriangle, we further project
the points collected based on the method above onto the plane of the triangle orthographically. If
the projection of apoint still staysinside of the triangle then it is considered in the approximation
evaluation. We call this set of 3-D points from all views for atriangle T the covered points of the
triangle.

The second problem in the approximation error evaluation is to define a measure for the
approximation error. In triangulating single view range images, the maximum Euclidean distance
of the covered points to the plane containing the triangle can be used as such a measure [64]. But
thiswill not work when there are multiple views. Thereason isthat although the range image views
arewell registered in general (see Chapter 3), some rangeimages or asection of them might deviate
from the rest. There can also be regions that contain contaminated data. A simple maximum
distance measure does not truly reflect the status of the approximation in such situations. Therefore
we have adopted a statistical approach which allows us to eliminate the bad data points and bad
range image views for each approximating triangle.

Let T, bethe projected 2-D triangle of T for range image view V,i = 1,2...m,

where mis the total number of range images that have at least one vertex of T projected in them.
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Approximating triangle T

Projected 2-D triangles

Figure4.3 A 3-D triangle projected into range
image parameter space.

4.3.1 Triangular Patch Approximation Error Evaluation

To evaluate the approximation error of atriangle T to the input range data, we first need to
define the set of data points that need to be considered in evaluating the approximation error for
the triangle. Naturally we do not need to consider those range images in which none of thetriangle
vertices have projections. For the rangeimagesin which at least one of the vertices has projections,
we project (not to be confused with the projection mentioned early) the triangle T onto the range
image parameter space to obtain a 2-D triangle T', as though the triangle had been in the place
when the range images were taken (see Figure 4.3).

In the ssimplest case of a Cartesian range image, where the depth value z isindexed by the x
and y coordinates as z = f(x,y), T' is simply the orthographic projection of T. In general,
however, the projection of T involves in a transformation from 3-D world coordinates into the
sensor coordinates. Such a transformation is usually available from the calibration of the range
finder system (see [63] and APPENDIX B for details). Once the projected 2-D triangle for each
view is obtained, all range image points in that view that fall inside of the 2-D triangle can be
considered in evaluating the approximation error.

This method works well when the triangles are close to the underlying surface represented
by the range images, or when the local surface patch is not too oblique relative the sensor. When

54



Figure4.2 Result of projecting the ellipsoidal shell onto the
surface of an object. Shown with the wire frames are sample data
points from the range image views of the object.

itself on the ellipsoid. Thus an initial triangulated shell which is close to the object surface is
desirable. An example of the result of the projection is shown in Figure 4.2.

Since our input isin the form of range images from many viewpoints, there are overlapsin
the surface areas that each range image covers. This results in multiple projection points on the
range images when avertex is projected using the method described above. Assuming that thereis
only one intersection between the projection ray and the actual object surface, we need to combine
the set of intersections obtained for the range images from different views into one. We have used
the same weighted average method as in Section 3.5 (see Equation (3.15)), which takes into
account the reliability of the input data.

4.3 Approximation via Triangle Subdivision

When the triangulated shell is projected onto the object surface, each triangle may or may
not approximate the covered surface well. In this section, we discuss how to evaluate the
approximate error of thetriangles, especialy in the context of dataintegration, and how to improve
the approximation error by subdividing the triangles.
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(a) An icosahedron with each (b) An initialized ellipsoid
of itsfaces subdivided into 25~ (With sample input data
sub-triangles (N=5) superimposed)

Figure4.1 Initializing the ellipsoidal shell
from an icosahedron with its faces subdivided.

4.2.1 Initializing and Projecting the Triangulated Shell

Our goa is to map a triangulated shell onto the surface of an object. We start with an
icosahedron and divide each of its triangular faces into N x N sub-triangles [21] (Figure 4.1(a)),
where N is the order of initial subdivision. The triangulated shell is then re-initialized into an
ellipsoidal shell of approximately the size of the object (Figure 4.1 (b)), based on the distribution
information of the input data. Thisis done by estimating the three eigenvalues of the covariance
matrix of the sample data points from the range images and by constructing an ellipsoid with axes
in the direction of the eigenvectors and axes length in proportion to the eigenvalues.

The triangulated €ellipsoidal shell isthen projected onto the object surface by projecting the
vertices, from the center of the projection (which isthe center of the ellipsoid in our case). To find
the projection for a vertex, a ray (the line of projection) is constructed from the center of the
projection through the initial position of the vertex and the intersection between the ray and the
surface is computed using the iterative algorithm presented in Section 3.3.4. The starting point for
this intersection algorithm should be relatively close to the intersection point, which also means
close to the surface. In our case the starting point is chosen to be the initial position of the vertex
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4
Surface Level Integration: Simple Objects

4.1 Introduction

In this chapter, we present an algorithm that builds a triangular mesh that approximates the
object surface directly from multiple range image views, as opposed to integrating the datafirst as
we have done in Chapter 3. The agorithm is based on a ssimple projection of the vertices of an
initial mesh onto the object surface followed by a dynamic subdivision scheme. We also introduce
an approximation error estimation scheme that reflects the integration role of our triangular mesh
surface model. The main motivation for this research is that if the object we are dealing with are
known to be not very complex, we can use amuch simpler algorithm than the ones reported in the
literature, which are much more complex yet have only been tested on simple objects.

4.2 Mapping a Triangulated Shell by Projection

In our new method, a triangulated shell is first initialized around the object. Then the
triangles are mapped onto the object surface by projecting them in the radial direction from the
center of the projection. The projection is obtained by computing the intersections of the lines of
projection and the object surface represented by the range images. Our input isaset of rangeimage
views of an object registered using the registration algorithm described in Chapter 3. Although
registered, the individual views might not align exactly everywhere, which reflects some defects
present in the raw data and some misalignment due to noise and other defects. We al so assume that
the range images are dense enough for eval uating surface properties such as surface normal vectors
using neighborhood fitting. We first present the details of the method and then discuss the
advantages and disadvantages of the method.
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Figure 3.16 Registration error distribution for the teapot range images
before (a) and after (b) registration with the global registration scheme.

49



48

Figure 3.15 Range image slices of a teapot before (a) and after
(b) registration with the global registration scheme. The initial
positions of the roughly registered slices (a) are computed fromthe
system calibration information.



Figure 3.14 Sample range images from the teapot.

(standard deviation is 0.575 mm) and the registered ones have a nice Gaussian-like distribution
(standard deviation is 0.156 mm).

3.6 Summary

In this chapter, we presented a range image registration algorithm that can find the
registration transformation between the range image views of an object based on coarse estimates.
An extension to this algorithm has been successfully used to model simple, compact objects with
complex surface structures. Thisisthe foundation for constructing modelsfor more complex (non-
star-shaped) objects.

Yet our registration algorithm can still be improved in the following aspects. The first isto
reduce the dependency on theinitial transformation information. This can be done by using certain
object recognition or pose estimation schemes (e.g., [69]) to estimate theinitial transformation. We
can also use multi-resolution range images to enhance the ability of the algorithm to converge to
the global minimum. The second is to find a systematic way of selecting control points for the
registration (Section 3.3.5), so that the control points are well distributed to allow the best possible
registration result. The third is to apply certain robust estimation techniques [47] to make the
algorithm more stable to noisy input data.
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where g; is the intersection of | with Q;, ﬁq_ is the unit vector normal to Q; at ¢, N is the vector

pointing towards the sensor and g; is a binary number depending on the intersection of | with Q;,
and

a = 0L iftheintersection exists
! U 0, if thereisno intersection

The reason behind taking a weighted sum of the intersection points is that the sensor
measurement of the position of a surface point is less reliable if the local surface is facing away
from the sensor. The weight w; is areflection of this heuristic. In case of a Cartesian range image

with no information about the sensor, one can simply take n, = (0, 0, 1)t. In genera, this

information is available from the range image sensor setup and calibration. Likewise, we can also
estimate the tangent plane at the estimated intersection point with its normal vector being:

Ay = L (3.16)
Ing|
where
m
Z aiwlﬁql
ng = S

and w; is defined in Equation (3.15).

An example of thisglobal registrationis shown in Figure 3.14 and Figure 3.15 for aset of 12
range images of ateapot. Figure 3.14 shows some of the range images and Figure 3.15 shows the
wireframes by linking sample data (afew horizontal slices) from each rangeimage. In Figure 3.15
(@), the unregistered range images were in their initial positions computed from the calibration of
the system when the range images were taken (the center of the rotary table and the amount of
rotation are given by the calibration). Figure 3.15(b) shows the same wireframe after the
registration. The error histograms of the registration are shown in Figure 3.16. The registration
errors are computed using the same method as in Section 3.3.6, but for al possible pairs of range
images. The histograms shown are for the total error distribution. As can be seen that the
unregistered range images have scattered error distribution with multiple peaks and biased mean
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Figure 3.13 The rendered images (top and middle rows) and the
wireframe drawings (bottom row) of the constructed model for the
tooth.
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Figure3.12 The original model plaster tooth (a) and the
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Figure3.11 Therendered images (a) and the wireframe
drawings (b) of the constructed model of the wood blob.
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Figure3.10 Constructed model for the wood blob in spherical
coordinate image for the wood blob in Figure 3.9, where the
horizontal and vertical axes correspond to the O and ¢ angles
respectively, while the image value encodes the radiusr.

thisisdone and how theline-surface intersection is handled when there exist multiple rangeimages
that overlap.

The basic idea of global registration is the same as that for the simple object case. When a
new range image view is considered, we try to register it with all the previously registered views
so far to reduce possible error accumulations. But instead of carrying out registration with the
integrated previous views, we need to do it with a set of registered range images. As can be seen
from Algorithm 3.1, the relevant part of this change in input form is step (2)(a), in which the
intersection of aline with the range image and the tangent plane at the intersection are sought. A
straightforward extension to the algorithm isto compute all the intersections of the linewith all the

range imageswe areregisteringitwith. Let { Q} ,i = 1, .., m, bethe set of range images aready

registered and | be the line in consideration. The intersection of | with { Q} can be written as

q==— W, =fi *n (3.15)
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Figure 3.9 The wood blob and four of its range

images used for model construction.
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3.4.3 Results and Discussion

We present results for two different objects. One isafree-form shaped wood blob (*Wood”),
and the other is a plaster model of atooth (“Tooth”). Both objects are free-form objects with few
distinct surface features. Thus, matching detected surface features for registration would prove
very difficult. The surface structures of these objects (especially the model tooth) are very special
in that it is very difficult to define a reliable segmentation to achieve high level description. In
Figure 3.9, the original wood blob intensity image and some of the range images (shaded) used in
the modeling process are shown. The integrated results are shown in Figure 3.10 as a spherical
coordinate map, and in Figure 3.11 as rendered intensity images and wireframe plots. In Figure
3.12 the results for the model tooth are shown in spherical image along with the intensity image of
the original object. The rendered images and wireframe drawings of the model are shown in Figure
3.13. In these examples,we have used 8 side views and 6 to 8 top and bottom views for each object
with 45° of rotation angle between successive side views for simplicity.From the results, we can
see that, although the original range images (as shown in Figure 3.9) exhibit heavy quantization
noise in the acquisition process, the final integrated models are generally smooth, which showsthe
quality of the registration. Although the averaging effect of the integration of multiple range
images has contributed in some extent, the shape of the object surfacesin theridge and valley areas
have been presented very well, which shows the good performance of the registration algorithm,
since, otherwise, the data from different views would not “fit” together and the ridges and valleys
on the object surface would have been blurred. The spherical coordinate maps shown in Figure
3.10 and Figure 3.12 contain afew small uncovered areas, especially in the pole areas. Thisis due
to the fact that the poles are specia points for our representation and to the process of mapping
range images into spherical maps. Other small uncovered areas can be solved by a more careful
selection the individual views in taking range images.

3.5 Handling Complex Objects

We have presented a complete strategy in constructing low level modelsfor compact objects.
This method, however, is clearly not suitable for objects with more complex geometries dueto the
limitation of the representation schemes used. In order to be able to handle object such as a
telephone handset (see Figure 1.1 on page 2), we must use some other representation schemes.
Before we commit to certain type of shape representation schemes, however, we believe that the
best thing to doisto keep all therangeimagesin their original form, since onceregistration isdone,
we can choose what ever representation is appropriate for integration and representation. The
question now is what changes we need to make in the registration algorithm in order to achieve a
similar global registration effect asin the simple object case. In the followings we will discuss how
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Figure 3.8 Relationship between Cartesian, cylindrical
and spherical coordinate systems.

They are then further re-parameterized through interpolation into cylindrical or spherical
coordinates (see [62] for the re-parameterization method). Since all data are now in the same
parameter space, additional datafrom different views can be merged into one by simple averagein
the overlapping areas. The actual implementation also includes decisions about avoiding outliers.

3.4.2 Global Registration

For this specific modeling procedure, we can work globally for better overall results. That is,
when we merge a current view range image, instead of registering it with only the neighboring
views, we register it with the merged data from al previous views to find out the needed
transformation. In this way, the information from all the previously merged viewsis used, and the

error accumulation due to successive registration can be reduced.
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established, and the fact that the distance measure used is not invariant to the sensor’s viewing
direction.

We have noticed that in [84], there is also a pair of human head range images with similar
initial rotation between them to ours, but with much less noise in the images. Their closest-point-
based algorithm takes 39 iterations. The reason why our algorithm and that of Horn and Harris' has
similar rate of convergenceisthat in Horn and Harris method, the derivatives of the range images
are used in their formulation and hence achieved similar effect as our first order approximation.

3.4 Integration of Multiple Range Images for Compact Objects

In this section, we present an application of the range image registration algorithm to the
modeling of compact objects. In order to get a description of the whole object surface, multiple
range images of the object from different vantage points are needed. While putting an object on a
rotary table is enough for obtaining a wraparound representation of the object without use of
registration, asis done in [79], it is seldom the case that all surface areas can be covered in this
manner. But when taking range images from different object poses, the exact spatial relationship
between them islost. Our test goes as follows. We first put the object on rotary table and take a set
of 4to 8 side view rangeimages of the object, and then the object islaid down and the rangeimages
of the top and bottom areas of the object are taken. The number of side views depends on the
complexity of the object surface structure. For the range images taken from the top and bottom
views, we need the approximate relationship between them and those of the side viewsin order to
use our registration algorithm, as assumed in thefirst part of this paper. Thisis done by asking the
user to estimate the 3 rotation angles, and they do not have to be accurate. Then the registration
algorithmis applied to bring the range image of the top and bottom views in registration with those
of the side views. The details for merging data are described in the following sections.

3.4.1 Object-Centered Representation

The original range images come as three separate dense images x(u, v), y(u, v) and z(u, v) in
the parametric space of the sensor. Our goal is to build an object-centered model for a class of
compact objects. The object is described in acylindrical or spherical coordinate system (based on
the type object, e.g., for an elongated shape we use cylindrical coordinates) centered in the object
(Figure 3.8), hence the term object-centered as opposed to the viewer centered representation used
in the original range images. This kind of representation provides us with an intermediate
representation towards a higher level description of the object. Once the object coordinate frame
has been selected, the range image from each view of the object is transformed to this coordinate
frame with transformations from a priori knowledge (for side views, e.g.) or from registration.
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Table 3.5: Registration convergencetest: trandationin Y axis

Trandation

inY axisin | 25 | 50 | 75 | 10.0 | 125 | 150 | 175 | 20.0 | 225
mm

[terations 5 6 6 7 8 8 8 9 9

RMSerror | 0.56 | 0.56 | 0.57 | 0.57 | 0.56 | 0.56 | 0.57 | 0.57 | 0.56

Control pts | 278 | 276 | 275 | 276 | 273 | 275 | 272 | 268 | 272

Trandation

inY axisin | -25 | -5.0 | -75 | -100 | -125| -15.0 | -17.5 | -20.0 | -22.5
mm

Iterations 5 6 7 8 8 9 9 10 10

RMSerror | 057 | 057 | 0.57 | 057 | 057 | 057 | 0.56 | 0.57 | 0.57

Control pts | 278 | 277 | 277 | 277 | 274 | 274 | 274 | 276 | 268

Table 3.6: Registration convergencetest: trandlation in Z axis

Trandation

inZaxisin | 25 | 50 | 75 | 100 | 125 | 150 | 175 | 20.0 | 225
mm

Iterations 4 5 6 6 6 8 7 8 8

RMSerror | 057 | 0.57 | 0.57 | 0.57 | 0.57 | 0.56 | 0.57 | 0.58 | 0.58

Control pts | 279 | 278 | 274 | 278 | 277 | 276 | 276 | 274 | 275

Trandlation

inZaxisin | -25 | -50 | -7.5 | -10.0 | -125 | -15.0 | -17.5 | -20.0 | -22.5
mm

Iterations 4 4 4 6 6 7 5 7 6

RMSerror | 056 | 0.57 | 0.56 | 0.57 | 0.57 | 0.57 | 0.59 | 0.56 | 0.59

Control pts | 277 | 273 | 274 | 274 | 275 | 273 | 272 | 271 | 271
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Table 3.3: Registration convergence test:

rotation in Z axis

Rotation in

Z axisin 5 10 15 20 25 30 35 40 45

degrees
Iterations 7 8 7 7 12 9 12 14 14
RMSerror | 057 | 0.57 | 0.57 | 0.56 | 0.57 | 0.58 | 0.57 | 0.57 | 0.56
Control pts | 276 | 274 | 272 | 268 | 260 | 260 | 260 | 257 | 261
Rotation in

Y axisin -5 -10 | -15 | -20 | -25 | -30 | -35 | -40 | -45

degrees
Iterations 6 7 9 8 9 12 12 12 13
RMSerror | 057 | 057 | 057 | 057 | 057 | 057 | 0.56 | 0.57 | 0.56
Control pts | 276 | 273 | 275 | 273 | 271 | 268 | 264 | 266 | 263
Table 3.4: Registration convergencetest: translation in X axis
Trandation
inX axisin | 25 | 50 | 75 | 100 | 125 | 150 | 175 | 20.0 | 225
mm
Iterations 8 8 8 9 9 10 12 11 13
RMSerror | 057 | 056 | 0.57 | 0.57 | 0.57 | 0.57 | 0.57 | 0.57 | 0.57
Control pts | 279 | 279 | 276 | 276 | 273 | 273 | 267 | 273 | 270
Trandation
inX axisin | -25 | -50 | -7.5 | -10.0 | -125| -15.0 | -175| -20.0 | -225
mm

Iterations 5 8 9 9 9 12 15 NC | NC
RMSerror | 057 | 057 | 0.57 | 058 | 0.60 | 0.57 | 0.56 | N/A | N/A
Control pts | 276 | 273 | 271 | 265 | 273 | 267 | 255 | N/A | N/A




Table 3.1: Registration conver gence test:

rotation in X axis

Rotation in
X axisin 5 10 15 20 25 30 35 40 45
degrees
Iterations 4 5 6 7 7 9 12 14 15
RMS error 057 | 057 | 057 | 0.57 | 0.57 | 0.57 | 0.57 | 0.57 | 0.57
Control pts | 279 | 280 | 279 | 280 | 275 | 270 | 272 | 268 | 273
Rotationin
X axisin -5 -10 | ;15| -20 | -25 | -30 | -35 | 40 | -45
degrees
Iterations 4 6 7 7 7 10 11 15 NC
RMS error 057 | 057 | 055 | 0.57 | 0.57 | 0.57 | 0.57 | 0.57 | N/A
Control pts | 278 | 279 | 276 | 278 | 277 | 277 | 273 | 267 | N/A
Table 3.2: Registration convergence test: rotation in Y axis
Rotationin
Y axisin 5 10 15 20 25 30 35 40 45
degrees
[terations 6 5 5 7 6 7 7 8 12
RMS error 056 | 0.57 | 0.57 | 0.57 | 0.57 | 0.56 | 0.56 | 0.57 | 0.59
Control pts | 278 | 280 | 280 | 279 | 279 | 273 | 273 | 271 | 263
Rotationin
Y axisin -5 -:10 | -5 | -20 | -25 | -30 | -35 | 40 | -45
degrees
Iterations 5 6 5 6 8 8 9 11 11
RMSerror | 057 | 057 | 0.60 | 0.60 | 0.57 | 0.59 | 0.59 | 0.57 | 0.58
Control pts | 277 | 275 | 277 | 274 | 269 | 268 | 268 | 268 | 265
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Figure 3.7 Coordinate system for the range images
used in this dissertation.

points are used in these experiments than in the previous section partly ensuresthat the RMS errors
are good indications of the quality of the registration. As shown in the tables, our algorithm can
still converge under very largeinitial rotation (up to 40°) and trandation (up to 17.5 mmwhich is
about 40% of the width of the face of the bust shown in Figure 3.1) with a reasonable number of
iterations. For those tests that did converge, the quality of the registration seemsto be unrelated to
theinitial states, although it doestake moreiterationswhen theinitial position isfurther away from
registration.

3.3.8 Comparisons and Analyses

We have aso implemented Horn and Harris's algorithm [34] for comparison, with asimilar
iterative scheme as the one described earlier. The corresponding points are obtained by simply
proj ecting the points from one image onto the second after theinitia transformation is applied. We
used the least-squares method that is described in the first part of the paper with the same set of
control points as used in our algorithm, instead of over the whole image for computation time
considerations. Iterative application of the method is needed because the simple projection scheme,
by which the algorithm establishes correspondence between points in two range images, does not
produce true correspondence. In the examples we tested successfully using our method (including
those presented later in this dissertation), Horn and Harris's method produced similar resultsin a
comparable number of iterations, but failed to converge on quite afew examples, dueto poor initia
transformation estimations. This could be contributed to the way the corresponding points are
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Tooth Reg. Error Hist., {unit=mm) u=.0115,s5=.3219,min=—7F.65,nax=9.741
(d) Histogram of the error image.

Figure 3.6 (continued) Registration results for the model
tooth.

(72 of which found correspondence) and 6 iterations. In both cases, €_in Equation (3.12) was set
to 0.01.

3.3.7 Stability with Respect to Initial Conditions

In order to show the ability of the registration algorithm under varying initial conditions, we
have conducted the following experiments. We first register the two Mozart range images as
described above. Then we manually control the initial position of the first range image relative to
the second by rotating or translating the first image from the position in registration. We vary the
amount of rotation and trandlation in both positive and negative directions and in all axes. The
coordinate system for the range images in this experiment is such that the X axis is pointing
towards the right, the Y axis up and the Z axis out towards observer (Figure 3.7). The center of
rotation islocated at the center of inertia of the sample data points from the two range images. The
results are shown in Table 3.1 through Table 3.6. In these tables, the first and fifth rows show the
amount of rotation or translation about the indicated axes or in theindicated directions. The second
and sixth rows show the number of iterations the algorithm takes to converge for € =0.01 (table

entry NC means non-converging). The third and seventh rows show the residue RM S (root mean
squares) errors for the set of control points used, and the fourth and eighth rows show the number
of control point used when the registration converges (out of atotal of 301 control points used).
We have not included in the tables the recovered parameters (rotation and translation) since the six
parameters are not independent and it isimpossibleto list them al. Thefact that many more control
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O |
(a) Thefirst view of a (b) The second view of the
model tooth (175%168). model tooth (163%168).

(c) Thefirst view of the (d) Theregistration error
tooth after registration. image

Figure3.6 Registration results for the model tooth.
(Continued on next page.)

the rotation between the two Mozart images to be -15.06° while the actual rotation is-15°. For the
second test shown in Figure 3.6, the computed rotation of the two images is -19.75° while the
actual value is -20°. The running times (elapse time) for the tests on a Symbolics 3620 Lisp
Machine for the whole registration processes, from control point selection to transformation
output, are asfollows. It took 20 seconds for the Mozart image with 82 control points (78 of which
found correspondence) and 7 iterations. The tooth image took 15 seconds with 88 control points
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(a) The second view (b) Thefirst view of (c) The registration
of the Mozart bust. the Mozart bust after error image.
registration

B sl
-3 =2 -1

b i
Mozart Reg. Error Hist. {(unit=mm) u=-.046,s5=.6523,mnin=-39.3, max=20.2

(d) The histogram of the error image in (c).

Figure 3.5 Registration resultsfor the Mozart range images.(In the
histogram figure, “u” stands for “mean”, “s’ for “standard
deviation” and “ min” and “ max” for minimal and maximal values

respectively.)
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Figure 3.4 The selected control points for Figure 3.1(a).

images are all 0.5 mm, while the accuracy of the range finder isin the neighborhood of 1 mm. In
thefirst example, we register the two range images shown in the beginning of this chapter in Figure
3.1. Figure 3.5(b) showsthe first view of the Mozart bust after the registration is performed, while
(c) and (d) show the registration error image and error histogram. The second test is shown in
Figure 3.6 for the range images from amodel tooth. The range images in the first example contain
many detailed patterns and complex surface structures. But due to quantization noise, surface
features cannot be detected reliably, thus matching surface features for registration may not
produce satisfactory results. On the contrary, the range images in the second example contain few
interesting features. Besides, the surfacetypeisvery specia inthat itisvery difficult to haveagood
surface segmentation, and therefore difficult to match high level surface descriptions. Our
registration algorithm works very well on these examples, as can be seen from the error images and
error histograms in Figure 3.5 and Figure 3.6. They are very comparable to the resolution of the
original data. In fact, if the images are smoothed with a small Gaussian filter, an even better
registration accuracy can be achieved. From the computed registration transformation, we found

30



3.3.5 Control Point Selection

Next, we discuss the selection of control pointson P. Since our control points do not need to
represent meaningful surface features, and we only need them from one surface P, we can simply
pick pointson P on aregular grid, instead of every point on P to save computation time. However,
we do want the control points to be in smooth areas for two reasons. First, the corresponding
neighborhoods on surface Q of the control points will likely be smooth, and, consequently, the
outcome of the line-surface intersection algorithm will be more reliable and stable. Second, the
surface normal can be computed more reliably. This makes amajor difference between our control
point selection strategy and most other feature-based matching algorithms which seek points or
features that represent certain geometric context for localization purpose. This is because our
registration algorithm does not rely on the accurate correspondence of the control points or other
features, but uses the constraints from the overall shape of the surfaces. To check the smoothness
of asurfacein some neighborhood, we can fit a smooth surface function to the neighborhood using
aleast-sguares method and check theresidual error of thefit. For simplicity in implementation, we
fit aplane. Thethreshold ontheresidual error iscurrently chosen through experiment, and it should
not be a problem with some noise estimation procedure on the range data. One example is shown
in Figure 3.4 for the chosen control pointsfor the rangeimagein Figure 3.1(a), where the threshold
for the residual standard deviation of a 9x9 window plane fitting was set to half of a spatial
sampling unit. Other issues relating to the selection of control points are the number of the control
points and their distribution in the range image. Depending on the type of surface and how much
the two range images overlap, the control points needed for a good registration usually range from
50 to several hundred, but more can be used if needed. Since more control points means more
computation, we can begin with less control points and increase the number when we come close
to convergence. Currently we have not adopted a measure to ensure a good distribution of control
points, since it is a complicated issue relating to global surface properties and evaluation criteria.
But it isimportant for arobust registration algorithm.

3.3.6 Experiments

We present some examples of the range image registration algorithm. The range images used
in the examples are Cartesian images with the background area aready identified. As before, all
range images are shown as shaded intensity images for display purposes. The actual images all
have single-precision (24-bit) floating-point number pixels or (X, y, z) values (depending on the
images). The two range images used in each example are taken under the same conditions, but the
objects in the images were rotated 15 to 20 degrees about the y axis. In these tests, we smply use
the identity matrix as the initial transformation. The error images are computed as the distances
from the surface of thefirst image to the second in the surface normal direction of thefirst surface,
once registration has been performed. The spatial resolutions of the range images and the error
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surface normal of the tangent plane, r, satisfy Ny r >0, which smply means that the

corresponding surface neighborhoods have to be in approximately the same orientation. Similar to
the Newton method for finding roots of afunction of type y=f(x), the convergence of thisalgorithm
depends on the choice of the starting point, which is the orthographic projection of p on Q along
the z axis, and on the surface characteristics of the neighborhood of the actual intersection point.
So, if the neighborhood of q is smooth and the assumption about the initial approximate
registration is true, then the projection of p onto Q will be close to q and we will have a high
likelihood to converge. Typically oneintersection takes 3 to 5 iterations for the € , specified below.

The agorithm will fail when either the projection of p is outside of the represented surface by Q
or the surface normal is nearly perpendicular to the z axis.

The surface normal vectors needed in computing line-surface intersections are estimated
using surface fitting [75]. If the range image is represented as a Cartesian image f(x,y), we first

approximate thefirst order derivatives % and % using afinite difference mask and then compute

the normal as

0 . oft 0., oft
L, O,a—XD x 0, 1,@1 (3.13)

When the range images are specified as three separate dense images of 3-D coordinates
x(u,v), y(u,v) and z(u,v), surface normal vectors are computed as follows. The surface fitting
technique is applied to each of the x, y and zimages to get partial differential estimates for each of
them with respect to the parameters u and v. Then the surface normal is computed by

[ox dy 0zO' [Dx dy 9z}

Cou au ol * Do av' o (3.14)

For afixed window size in evaluating surface normal vectors, the time complexity for each
iteration of this line-surface intersection algorithm is constant. As for the selection of € , we have

set it to the space sampling unit of the range image, which means that we terminate the iteration
process when the computed intersection converges to within the neighborhood of a spatial
sampling unit. Thisis because our final goal of computing the intersection point q is to find the
tangent plane at q according to the last section, and the exact location of g isnot very important. A
second order surface fitting and a subpixel intersection algorithm can be used which may provide
more accurate results.
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Figure 3.3 Intersecting a line with a digital surfaceillustrated in a
2-D case.

Q=Q(x,y), and the value of P or Q represents the distance from some reference plane. Under the
assumption of approximate initia registration, p is expected to be in the neighborhood of g. In the
following algorithm the initial prospective intersections are chosen by projecting p
orthographically along the z axis onto Q. In the case where the range images are represented in a
genera parametric form of x(u,v), y(u,v) and z(u,v), this projection can be replaced by a system
calibration matrix (see [63] and APPENDIX B) that projects any 3-D point on to the range image
parameter space. Our intersection algorithm works as follows (see Figure 3.3 for an illustration of
the process for atypica 2-D case):

Algorithm 3.2

1) Let p=(x,y;P(x,y)), be apoint on P, and | aline normal to P at p. Let x’=x, y’=y.

2) Ateachiterationk, for k=1, 2, 3. . ., compute g‘=(x,y*,2)!, the intersection of | with the
tangent plane of Q at (}*1,y*%,Q(x%,y*1)), under a directional constraint (see below).

k—1|

3) We stop when ||qk—q |ssd’(sd>0).

Thedirectional constraint for computing the intersection of line | and the tangent plane of Q
says that the intersection exists only when the direction of | (the surface normal vector n Io) and the
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@ For each control point p,
« Apply T to both the control point p. and the normal n, toget q; and n'p_.

* Find the intersection qi" of surface Q with the normal line defined by p’, and n'p_
(detailsin Section 3.3.4). '

» Compute the tangent plane S.k of Qat .

b) Find the transformation TZ that minimizes € in Equation (3.11) with a least-squares
method.

C) Let !

ok k-
= TpeT
The control point selection and line-surface intersection problems will be discussed in the

next two sections. The convergence of the procedure is tested by checking
k k-1
o= |e —€ |

N <&, (£,>0) (3.12)

wheree_isathreshold set viaexperiment, N' isthe actual number of p'; sused, since some of them

may not have counter part in Q. Although we could have checked € directly, since & is much less
sensitiveto noisewhile € isadirect reflection of the noiselevel, areasonablee_servesfor avariety

of range images. The time complexity for each iteration of this algorithm is linear in the number
of control points used.

3.3.4 Iterative Line-Surface I ntersection Algorithm

In this section, we present the algorithm for finding the intersection of aline with a digital
surface, which is needed in Equation (3.10). It is aso the basis of the line-surface intersection
algorithms used through out of this dissertation.

Let P and Q be the two views of the surface in consideration, and p I P. Inimplementing the
idea of registration from last section, we need to find the intersection of the line

| = {Ox [T 3|np x (q—x) =0 , which passes through p and in the direction of the surface

normal vector n, of P at p, with surface Q. Let the intersection point be g U Q. Since we do not

have an analytical form for surface Q, we have to use an approximation. Our approach is to find
the intersection of the line | with the tangent plane to Q in the neighborhood of prospective
intersection points on Q instead (first-order approximation). Thus thisis an iterative process and
we need to have a prospective intersection to start with. As an example, let us consider the case
where P and Q are represented in a Cartesian range image form, i.e., we have P=P(x,y) and
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3.3.3 Algorithm Description

Assume that we have two surfaces P and Q, and an initial transformation T, which applies
to P. We rewrite Equation (3.10) in Section 3.3 asfollows:

N
k 2, k_k-1
e = 3 di(T, T My, 9 (3.12)
i=1
where
kk—1 k k . :
o TAT = T, and T, isthe transformation to be computed.
. §I< = {Ox [ 3|ngi- Eg:(—xgz O isthetangent pIanetoQatqi".

ng is the unit vector normal to surface Q at qi".

q/'=(T";)n Qistheintersection point of Q with line T**;.

| = {Ox @ 3|(pi—x) XNy = G isthelinenormal toP at p,

p.L) Pisapoint on P.

d. () isthesigned distance from apoint to a plane.
e “e”and"“x” stand for scalar and vector products respectively.

Our registration algorithm isto find the TZ which minimizes € in the above equation with a

least-squares method. At each iteration, TZ updates the overall registration transformation s

until the process converges. The algorithm can be described as follows:

Algorithm 3.1
1) Select aset of control points p.lJ P (i=1. .. N) (see Section 3.3.5 for details) and compute

the surface normal vectors n, a those points. Let T = Ty

2) Ateachiterationk for k=1, 2, 3. .., repeat the following until the process converges (see
below for explanation).
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P (a) Q and P before T<!is applied

Tk1p  (b) Thedistance to the tangent plane of Q

Figure3.2 Defining the distance measure between 3-D
surfaces P and Q illustrated in a 2-D case.

where d(x, S isthesigned distance from apoint x to aplane Sand nz_ isthe surface normal vector

of Q at q:( and “ « 7 stands for scalar (dot) product of vectors. This way, we do not work with

specific correspondence point pairs, so we can achieve faster convergence. In fact, by minimizing
the distance from a point to a plane, we only constrain the direction in which this distance can be
reduced. It has two other degrees of freedom (i.e., inside the plane perpendicular to the said
direction), along which it can move in accordance with the constraints imposed by other points and
planes. Thus, optimization (in our case, minimization of the sum of distances) can be achieved
more quickly, which has been verified in our experiments and in comparison with the results of
others. Thisideais an extension to that used by Lowe [45], who minimized point-to-line distance
in his object recognition system SCERPO.

In thefollowing, wefirst present the complete iterative registration algorithm. Then the line-
surface intersection agorithm and the control point selection strategy will be discussed.

24



With this approach, however, we need to perform the minimization on a surface in discrete
format (i.e., a range image) to find qi", as is usualy the case. If we use an approximation point

instead of the qikdefi ned in Equation (3.7), the problem becomes easier. Potmesil [54] has used the

distance between the surfacesin the direction normal to thefirst surface as aregistration evaluation
function. Following thisidea, we have

N
= Z ”Tkpi —q':(”z, q':( = ETk_lliE nQ (3.8)
i=1

where ; = {x 0O D3| (p;—x) x n,= G isthelinenormal to P at p, n, isaunit vector normal

toPat p.and (Tlj)n Q standsfor theintersection point of linel; (after being transformed by T) with

surface Q,! and “x” stands for vector product. The common problem with the above two iterative
methods is that, at each iteration, they work with certain pairs of “control points’ that do not
necessarily correspond to the same points on the actual object surface. The consequenceisasiower
convergence, since the constraints imposed by different pairs of such control points are mutually
incompatible until the state of registration is reached.

Our approach isto approximate Q using itstangent plane S at g, as shown in Equation (3.6).
Equation (3.6) can then be written as:

N

e= Y [To~a a = al min([Tp~a)) (39
i=1

where S is the tangent plane of Q at g.. As mentioned earlier, we do not know where ¢ is. But if
we have an initial T° as mentioned above, we can start an iterative process as an approximation. In
this case we can use the qi" defined in Equation (3.8) as an approximation to the g at each iteration.

Since the distance from a point to a plane can be expressed as a linear function of the coordinates
of the point, the iterative procedure can be formulated as follows (see Figure 3.2(b)):

N
k 2,k
e = 3 diT P, S) (3.10)
i=1
with
k K
|

3 U U K k-1, 0
§|<: { Ox Ng* M —x0 =049 = %T lgn Q

1. Here we aways choose the intersection point closest to P if there are more than one.
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they are approximately registered. The purpose of doing this is twofold. First, we argue that the
goal of the surface registration algorithm is to find a finer, more accurate transformation between
different descriptions/views of an object surface and that the initial approximate transformation
can be obtained through high level matching or through the knowledge of the geometry of the data
acquisition setup. Second, since we are not sure that a global minimum for D(P, Q) can be found
in general, a good starting point is very important. In the following sections we will discuss how
theideasin this section are implemented and how we can achieve registration without knowing the
function f.

3.3.2 Registration Evaluation Functions

According to our definition of surface registration, if we know a set of N pairs of
corresponding points, called control points, in two views, p.lJ P and g.lJ Q, i=1...N, we can easily

find the transformation by minimizing the following (see [61] for areview of genera methods):

N
e= 3 [ni-ai @9)
i=1

when the set size N islarger than 3. Unfortunately, this point to point correspondence information
is difficult to obtain especialy for non-structured surfaces, since surface features cannot be
detected reliably and located accurately. Another approach to this problem is to minimize the
distances from points on one surface to the other. That is, we minimize

N

e= > ||Tpi‘qi||21 o = al min (e —df) (3.6)
i=1

This follows directly from Equation (3.1), since if rnDiré(”Tpi —q||) = 0 foradli=l...N, ein
q
Equation (3.6) will be zero. Thisisthe formalization used by Besl and McKay [5] and Zhang. This

isvery difficult to implement in our case given the form of input we have (raw range images), since
finding g, is an optimization problem itself [5]. Zhang [84] used k-D tree [56] to speed up the

closest-neighbor problem. Besl and Mckay [5] assume that an analytical surface representation for
Qisavailable. Approximations of the algorithm by an iterative method can be used if we know an

initial transformation TO that brings P to near registration with Q. In this case, at each iteration k,
we use the previous value T“* to find p

N
=5 [tp-al’ o = amip (T 'p-d) (37)
i=1
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3.3 Registration as Minimization

3.3.1 Problem Definition

Intuitively, we say that two views of a surface are registered if they coincide when one view
is placed at a proper position and orientation relative to the other (here we use the term “view” to
mean the rendered representation of the object surface from a specific viewpoint). More precisely,
two views of a surface are said to be in registration when any pair of points (p, q) from the two
views representing the same surface point can be aligned by arigid spatial transformation. That is,
there exists arigid transformation T, such that

ITp—ql=0,0p0P,0gOQ (3.1)

where P and Q are two views of the same surface, Tp isthe result of applying transformation
Ttopand Tisarigid spatial transformation, which can be expressed in matrix form asfollowsin
homogeneous coordinates:

_chy sasfcy + casy —caspey + sasy t):

—C[3sy —sasPsy + cacy caspsy+sacy t,

T=T, By t,t,1)= (3.2

sB —sacf cacp t,
0 0 0 1

where o, B and y are rotation angles about the X, y and z axes respectively, t, ty and t, are the

trandation components, and sx and cx are short form of sin(x) and cos(x) respectively. In general,
the transformation T needed to bring the two views into registration has 6 degrees of freedom.
Thus, the task of registration is actually to search for such atransformation in the transformation
parameter space, so that Equation (3.1) is satisfied. In practice, the problem can be expressed as
solving T to minimize the following measure:

D(P,Q = SITp—f (P (33)
where f is a correspondence mapping function:
P> Q|OpOP f(pOQ (3.4

The difficulty in solving for T isthat the processis highly nonlinear [4] when f is unknown.
Furthermore, D(P, Q) may not be a convex function of T in general and there is no guarantee that
a global minimum can be reached by an iterative procedure. Potmesil [54] used a heuristic search
in the transformation parameter space to match surfaces, but the second problem mentioned above
still exists. In fact, there are other ways to help reduce our search effort. Our approach is based on
the assumption that an approximate transformation between two viewsis known before hand, i.e.,

21



algorithm to eliminate gross outliers to make the estimation of the transformation more robust. An
initial estimate of the transformation is assumed.

Delingette et al. [22] reported an approach for matching two sets of descriptions of an object
based on the so-called Simplex Angle Image (SAl) representation. The SAI representation is a
semi-regular discrete mesh tessellating the unit sphere, with nodes representing certain surface
elements of a genus 0 type object. The mapping between the original object description and the
SAI mesh nodes is achieved by deforming an initial mesh to fit the object surface under certain
local regularity constraints. The matching is donein rotation first for the two SAls by minimizing
adistance measure between the two SAls through searching the 3-D rotation space using asimilar
scheme as Bed and McKay [5]. The true rotation and tranglation between the two inputs can then
be found by mapping the matched mesh elements back to the original inputs to get the true
correspondence sets. The difficulty in this approach is in constructing the necessary SAl
representation and in guaranteeing itslocal regularity property especialy when only partial object
surface datais available from one range image, which directly affects the final result of matching.

Horn and Harris[34] addressthe problem of estimating the rigid body motion of an observer,
given sequentially digitized range image frames of some terrain environment from the observer.
They describe a range rate constraint equation and an elevation rate constraint equation. They
obtain the 6 motion parameterswith aclosed form | east-squares method under the assumptionsthat
the motion between frames is small and the underlying surface is differentiable. Since this
approach is based on minimizing viewer-dependent measures, iteration is still needed to achieve
best results and some system error is aso expected under noisy conditions.

In contrast to the methods discussed above, where known correspondence between two sets
of input is not required beforehand, there is much more work done in motion estimation between
two sets of 3-D input (mainly range images) based on features (points, line segments and surface
structures) extracted from the input. Sabata and Aggarwal [61] presented an extensive review of
this type of methods and we only briefly outline the key points here. Assuming that the
correspondence between the feature setsis given, the main point of these methods isto derive the
motion parameters (3 rotations and 3 trandations) efficiently and accurately. All these methods
formulate the problem in terms of minimizing a certain distance measure in one way or another,
with various representation schemes for the motion parameters. The solutions can be linear or
nonlinear depending on the representations used and other constraints. The main problems of these
approaches lie in the fact that the accuracy of the motion parameters are directly related to the
localization accuracy of the featuresthemselves, which is prone to noise and far from being solved,
and in establishing the correspondence between the two feature setsin the first place.
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simple, compact objects. Section 3.5 explains the registration strategy for complex objects. A
summary is given in Section 3.6.

3.2 Previous Work on Registration

Asmentioned earlier, to register two sets of 3-D input isto find the transformation or motion
between them. So, registration is synonymous to pose estimation, motion estimation and to
matching to some extent. In this section, we will use these terms interchangeably unless specified
otherwise.

Potmesil [54] developed a system for modeling complete surface of an object by taking
multiple range images and then matching (i.e., registering) them through heuristic search in the
transformation parameter space. Although his matching technique is quite general, we feel that
searching through the huge parameter space, even with some heuristics, is neither computationally
tractable nor necessary. Kamgar-Parsi et al. [37] developed a range image registration method
based on matching 2-D elevation contours for ocean floor mapping. Their method can only handle
2-D transformations between range images to be registered.

Bedl [4] presented a unified formulation for the so-called “free-form surface matching”
problem and suggested possible ways to it with the conclusion that reliable detection of generic
surface points, curves or regions are essential to the matching problem. Bes and McKay [5]
presented some implementation of the approaches proposed in [4]. Their approach is formulated
as the minimization of the distance from a set of 3-D points, caled data point, and a set of
corresponding 3-D points (model points) from amodel surfaceiteratively. For each data point, the
corresponding model point is defined as the point on the model surface which is closest to the data
points, hence the algorithm is called “iterative closest point” or ICP agorithm. They proved that
the algorithm must converge to some local minimum. To increase the chance of finding the global
minimum, initial guesses of the parameters are selected at equally spaced sample points over the
entire 6-D transformation parameter space to search for the global minimum, which is still not
guaranteed. The method al so needs an efficient algorithm to find the corresponding point for adata
point. Another important drawback of this method, as will be discussed later in this chapter, isthe
use of minimization based on the “ corresponding points’ (they are actually not true corresponding
points), which results in a very slow convergence as reported. Zhang [84] proposed a system
similar to that of Besl and McKay'’s, in which at each iteration, a modified closest-point algorithm
is used to establish correspondence between two sets of 3-D data (for surface matching) and a
quaternion-based least-squares algorithm is used to estimate the 3-D transformation between the
two sets of input. During each iteration, certain constraints are applied to the closest-point
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Figure3.1 Two range image views of the Mozart bust shown as
shaded intensity images. Theimage sizesare 217X422 and 221x420
respectively.

be called “pose estimation without correspondence”. Our registration method avoids the search
through the transformation parameter space by assuming an initial approximate transformation for
the registration algorithm, since we believe that thisinformation is available from the range finder
setup (e.g. rotation on arotary table) or through high level feature matching, e.g., [69], [50] and
[23]. Figure 3.1 presents two range images taken of aMozart bust in Cartesian image format (also
called depth map or graph surface), which show the type of complex surface that our registration
algorithm can handle. For display purposes, the range images are shown in shaded intensity image
form computed from floating-point values (the pixel values of the shown images are proportional
to the scalar product of the normal to the underlying surface at the point and the directional vector
of a predefined light source).

In the following sections, we first review some previous work on range image registration
(Section 3.2), then we introduce the registration algorithm and show sometest results (Section 3.3).
In Sections 3.4 we present a method to register the range image views globally for modeling
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3
Range Image Registration

3.1 Introduction

Asdiscussed in Chapter 1, if one needs a complete model of an object, the following steps
are necessary:

1) dataacquisition,
2) registration between views, and integration of the views,
3) description.

The goal of registration isto find the spatial transformation between the range images taken
of an object at different view points, so that the points found in different range image views
(“views’ for short hereafter) that represent the same surface point are“aligned”. Thisisalso known
as solving the correspondence or pose estimation problem. Many object recognition systems also
solve the problem of obtaining a transformation between the scene and the model for pose
estimation and/or as a verification ([69], [50], [23], [12] and [25]). Because al of these systems
rely on the correspondence of some features, the accuracy of the obtained transformation depends
on the localization of the features (see [61]), which is prone to noise. The registration problem is
also important because it belongs to a class of very important problems known as “free-form
surface matching” problem (see Bed [4]), which has applications in shape matching, inspection,
medical image analysis, terrain modeling and navigation.

In this chapter, we present an iterative algorithm for range image registration. Our algorithm
iteratively minimizes a distance measure which measures the closeness between the two views.
Unlike most other pose estimation techniques used in the literature, ours does not require point-to-
point correspondence, since we minimize the distance from points to planes, which are first-order
local approximations of the corresponding surface, and the correspondence is thus achieved
implicitly. An added benefit of thisisthat the convergence of the registration processis faster than
those using point-based registration without correspondence (e.g. [84] and [5]). Our method can
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2.6 Summary

From the above discussion we can conclude that global shape models do not carry enough
degrees of freedom for describing shape details. Deformable models and dynamic mesh models,
though powerful and flexible, have serious restrictions in formulating the system so that a global
optimum is aways achieved, and hence must rely on good initial guesses or need human
intervention. They aso have to address the selection of system parameters. Triangulation methods
have been shown to be successful in describing complex shapes but with some restrictions on the
sampling of the object surface. Few have addressed the problem of integrating multiple densely
sampled range images, where too much input data may pose a serious problem regarding to time
and space complexities as well as the issue of noise.
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Besides superquadrics as the parametric model, researchers have used implicit algebraic
functionsfor shape description[71]. In addition to the af orementioned drawbacks with other global
shape models, this approach also suffers from instability and unboundedness problems [70].

2.5 Other Approaches

There are many other shape description approaches devel oped by vision researchersthat may
be used for model construction purposes. But for the following reasonswe only give abrief review
here, and interested readers should refer to the cited references for details: 1) these approaches are
only suitable for specific types of object, 2) they have not so far been demonstrated to be
advantageous in describing complete object surface shapes and 3) segmentation is necessary
before description is constructed, which is not preferred in our approach as has been discussed in
Chapter 1.

Generalized Cylinder (GC)

Shape description using generalized cylinders (also known as generalized cones) was
proposed by Binford [8] in the early 70's. A GC is a volumetric shape primitive defined by
sweeping a closed planar curve (called cross-section) along a 3-D space curve while changing its
shape and size. Since the model is very general, the representation is generally not unique. More
constrained versions of GCs are often used (see [48], [14] and [57]). Some form of GCs can be
recovered from the contour of the object with certain assumptions on the objects or imaging models
(see[53], [28], [42], [76] and [83]). In short, GC is suitable for describing certain regular shapes
such as cylinders or cones precisely or approximate shapes that are close to these shapes. It is not
for describing any arbitrary shape precisely.

Shape from Multiple I ntensity I mages

Using multiple intensity images, it is possible to estimate dense, but mostly sparse 3-D
information of points of an object in the scene, using either stereo (apair of images) [2] or motion
(a sequence of images of a moving object or camera) [36]. Although the results of the systems
based on these methods can be used for shape description purposes, they themselves do not make
full description of the shape. Recently, there have been developments in recovering local surface
shape descriptions using the apparent contour images of an object (see [40], [77] and [9]). There
have also been reports of using these methods for global shape descriptions (see [65] and [41])
using calibrated image sequence and purposive vision. But much work still needsto be done before
they can actually be used for constructing models for arbitrary objects.
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local surface shape. The system isdescribed by the governing equation of motion, and solved using
a time-integration technique for differential equations. In [78], this approach is extended by
introducing an attraction force from 3-D inputs and a dynamic mesh subdivision scheme to
describe 3-D shape with scattered 3-D points. Huang and Goldgof [35] also proposed a similar
system with dynamic nodal addition/deletion for shape description and nonrigid object tracking.

One common problem for the deformable models is that they rely on a carefully selected
initial state for the system to converge to the desired solution. This is because these systems rely
on the establishment of the correspondence between the elements in the model and those on the
object surface, which is dynamically established and can only be approximated when the two are
relatively close. Another drawback of these systemsisthat the system parameters are usually very
difficult to define and need to be tuned to suit different objects.

2.4 Parametric Models

Parametric models are global shape models, therefore they are usualy not good for
describing details of the shape of an object unless appropriate segmentation is performed and the
resulting parts are described separately.

Superquadric models [3] are one of the commonly used parametric models. One of the
problems with fitting superquadrics to 3-D input has been to choose a meaningful and yet easy-to-
evaluate distance function, with which a least-squares based minimization can be formulated for
the fitting process. This is because a closed-form Euclidean distance measure between a point in
space and the model surface does not exist. Boult and Gross [13] and Guptaet al. [30] have studied
alternatives to such a distance measure. The simplest one is to use the so-called inside-outside
function based on the definition of the superquadric models. The inside-outside function is larger

than 1 if a given point (x, y, 2)! is outside the volume, and smaller than 1 if it is inside. By
minimizing the mean-squares value of the difference of thisinside-outside function and 1, we can
recover the parameters of the superquadric model. The problem with this approach is that the
inside-outside function is not uniformly weighted over the entire parameter space. Nevertheless,
thisworks for simple, compact objects.

In order for the superquadrics model to accommodate more complex shapes, Solina and
Bajcsy [67] introduced superquadrics models with global deformations, which include bending,
tapering and cavity. Another example of introducing deformation to superquadrics is the work of
Terzopoulos and Metaxas [ 72] we discussed in Section 2.3 on page 13. Pentland [52] and Ferrie et
al. [26] use superquadrics for obtaining segmented description from range data. Gupta [31] also
uses superquadrics to segment range images into convex volumes by using multiple
representations and hypothesis generation and verification.
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functions represent the stiffness and smoothness of the model shape, and the external energy
functions represent the mismatch of the model shape to the input data, which is often represented
as apotentia field around the input data points and isinversely proportional to the distance to the
data. 2-D deformable shape models are called “snakes’, after Kass et al. [38][39], because of their
behavior. Terzopouloset al. [74] used a3-D version of such deformable modelsto reconstruct GC-
like (Generalized Cylinder, see [8] and [48] and also Section 2.5), symmetry-seeking tube models
from object contour information, by combining a deformable tube with a deformable spine. An
instance of the model is reconstructed by combining the internal energy constraints of the spine
with symmetry-based constraints, plus the external energy constraints that deform the model so
that the projection of the model is consistent with the 2-D silhouette in the image. This method
relieson agood initial guess of the model, which often requires human interaction.

Delingette et al. [21] used a 3-D deformable model to describe the shape of compact objects
for modeling and collecting pebble samples using range images. The system combines both data
and feature forces to accommodate both local and globa deformations at the same time. The
feature force comesfrom geometric features extracted from the input and acts asaglobal attraction
force, which decreases over time. The dataforce has limited active range and therefore can deform
the surface shape locally when the surface comes close to the data. The surfaceis represented as a
discrete sphere initialized at the center of the object and gradually deformed over time under the
attraction of the data points and features.

Terzopoulos and Metaxas [ 72] combined local deformation with the global deformation of a
superquadric model (see Section 2.4 for more on this) to recover 3-D shapes. They formulate their
approach as a dynamic system which models the physical properties of the object surface in terms
of kinematics, dynamics and elasticity. The system is able to capture both global and detailed local
shape using such a scheme. A similar deformable model using a finite-element model is used by
Mclnerey and Terzopoul os[46] to describe the shape and track the motion of theleft ventricle (LV)
from computer tomography (CT) image sequences.

Besides the approach mention above, there are other deformable models using B-splines,
which differ in formalization of internal and external energy terms and in implementation schemes
(see[29] and [43]).

Another type of deformable shape model is called dynamic mesh. This type of model
simulates the model surface with a set of nodes with a certain mass and the neighboring nodes are
linked to each other with virtual springs to simulate surface tension. Terzopoulos and Vasilescu
[73] introduced a shape reconstruction algorithm using a dynamic mesh that can dynamically
adjust its parameters to adapt to the input data. The mesh is represented by a mesh of nodes
connected to their neighbors with adjustable springs. The spring stiffness changes based on the
properties of the input, e.g., curvatures, which allows the mesh to adapt to the complexity of the
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points from the object surface. In the surface-based approach, a set of nearest neighbors of each
data point is found, and then a local surface triangulation is constructed and extended iteratively
by projecting the neighborhoods into their tangent planes and then constructing triangles in 2-D.
In the volume-based approach, the 3-D Delaunay triangulation (3-D volumes instead of triangles,
see [81]) of the set of surface sample points is constructed, which forms the convex-hull of the set
of points. An iterative elimination algorithm subsequently deletes any resulting tetrahedra that do
not belong to the object volume, resulting in a volume representation of the object with its
boundary being the surface of the object. However, these approaches require strict dense sampling
of the entire object surface, which may be violated in practice, otherwise the result may not
correspond to the actual object. Another drawback of these approachesisthe lack of consideration
of noise. A specialized and more constrained application of the volume-based approach was also
reported by Boissonnat [11] for constructing triangulations from a series of 2-D cross sections.

Hoppe et al. [33] aso proposed amethod to construct triangul ated description from scattered
3-D points. In their approach, the neighborhood of each 3-D point is used to estimate the tangent
plane of the surface at the point and atree traversal isthen carried out to make consistent labeling
of the orientation of the tangent planes across the entire surface. The local tangent planes define an
implicit surface which is then used to construct a triangulation using the “marching cubes’
algorithm (see[82]). Their algorithm is supposed to be able to handle objects of arbitrary topol ogy,
but the difficulty in the consistent orientation labeling involving surface normal discontinuities
seems to be the biggest problem for it to work in practice.

Soucy and L aurendeau [ 68] presented a system that builds surface descriptionsfrom multiple
registered rangeimages. Their system first compute the i ntersection among the range image views,
from which ahierarchical Venn diagram structureis constructed that divides each range image into
digoint regions that are exclusively shared among a subset of the range images, called canonical
subsets (CS). Surface triangulations are then constructed for each CS and then merged to obtain an
integrated representation. The system is also claimed to be able to handle objects of arbitrary
topology, yet no result for a complete surface model is shown. One mgor disadvantage of the
system is the complexity of the algorithm in constructing the CSs, which is exponential, which
prohibits us from considering more than a dozen views. The system also requires segmentation for
each range image along depth discontinuities.

2.3 Deformable M odels
Deformable shape models are introduced by Kass et al. [38][39]. The deformable modelsare

formulated by using variational principles with shape constraints. Shape description is done by
globally minimizing the internal and external energies of the model shape. The internal energy
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Delingette et al. [22] proposed a system using the so-called Simplex Angle Image (SAl)
representation (after EGA, Extended Gaussian Image), which maps any genus 0 type object surface
onto aunit sphere. SAI representations of the range image views of an object are constructed using
a deformable model technique [21] with constraints on the mesh shape regularities. The range
images are then registered (see Section 3.2 on page 19 for a more detailed discussion) using their
SAI representations. A final SAI of the object is constructed using data from all the views after
transforming them into a common reference frame. This technique depends on the specific
representation, which should still be considered a research problem itself.

So far, the only system that achieves high level description from multiple range image views
is that of Parvin and Medioni [51]. They developed a system using unregistered multiple range
images to model objects with planar and quadric surfaces. In their approach, both convex and
concave edges are extracted and vertices, edges and surfaces are recovered for each range image
view to form an attributed graph. Matching is done using the graph representation with atwo-level
constraint satisfaction network with local and global constraints [50]. A boundary representation
(B-rep) of the object model is constructed by merging the attributed graphs and computing the
intersection of surface patches.

2.2 Triangulation

There are two types of method which are based on surface triangulations for surface
descriptions. Thefirst oneisbased on local surface triangulations and the second explores theories
in computational geometry for the construction of triangulations both in 2-D and 3-D.

To triangulate a surface represented in range image means to construct a triangle mesh that
approximates the actual surface represented by the range image. Floriani and Puppo [27]
introduced an algorithm to construct such atriangul ated approximation based on planar Delaunay
triangulation (see[56]). A Delaunay triangul ation approximation of arangeimageisatriangulated
approximation whose projection on to theimage planeisaDelaunay triangulation. Their algorithm
first constructs a Delaunay triangulation over the 2-D image domain. The initial triangulation is
theniteratively refined by inserting verticesfor pointsthat exceed the allowed approximation error
threshold. The reason for using the Delaunay triangulation isthat it isoptimal in the sense of equal-
angularity for the resulting set of triangles. Actually, this property is only true for a planar
triangulation, but enforcing optimality of the triangulation in 3-D is very difficult. Schmitt and
Chen [64] used a similar algorithm to construct triangular approximations of range images for
segmentation purposes.

Boissonnat [10] introduced a surface-based triangulation scheme and a volume-based
triangulation scheme for construction of geometric models of an object from a set of scattered
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representation is then converted into a triangulated surface approximation. This approximation is
further refined by examining and reducing the intensity difference between observed and
reconstructed images. There have also been efforts trying to build surface models from multiple
views directly. Vemuri and Aggarwal [79] use range images taken of an object on arotary table.
Intensity images are also taken at the same time to cover the patterns drawn on the base-plane on
therotary table, and are used to compute the inter-frame rotational transformation by matching the
image of the patternsin two adjacent views. The range images are then transformed and integrated
into asingle object-centered cylindrical image representation. Wang and Aggarwal [80] developed
a system that integrates both active and passive sensing techniques. In their system, a structured
light pattern is projected onto the object and the image is used to extract the local surface structure
and relative depth information. Such information from multiple viewsisintegrated with passively
sensed occluding contour from multiple views of the object to constrain the actual 3-D position of
the object surface. They used the same technique as Vemuri and Aggarwal to obtain the inter-frame
rotational transformations. The resulting surface is represented as a set of cross section contours.
The above methods are only able to obtain wraparound data of the object surface, because they rely
on the object being rotated on arotary table.

Potmesil [54] studied the problem of building surface models using general viewpoint range
images. A hierarchical quadtree representation of the surface patches is used for the surface
segments from each view. The surface segmentsfrom all the views are transformed into acommon
3-D space by a surface matching procedure and then their overlapping sections are eliminated by
a merging procedure. The matching is done by a heuristic search agorithm through the 6-
parameter transformation space for a registration transformation, which will spatially “align” two
overlapping surface segments. The search is guided by minimizing distances of certain shape
features on the surface segments. The match-and-merge process is repeated for all 3-D surface
segments until acomplete model for the object isgenerated. Test results for simple compact objects
are shown.

Bhanu [6] constructed a surface representation from multiple range images for object
recognition. In his system, inter-frame transformations are either known (from object rotation) or
are computed by matching special control points on the object. 3-D surface points from individual
views are transformed into a single coordinate system, and a 3-point seed algorithm is used to
extract points belonging to the same planar faces. These points are then grouped and approximated
by using planar polygons. The 3-point seed algorithm used is very inefficient since it does not use
the topological information that is present in the range image in computing the polygonal

approximation of the surface, which resultsin a high time complexity (O(n?log n)), where nisthe
number of data pointsin the input.
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2
Object Modeling: A Review

In this chapter, we review some of the previous researches on shape description and object
modeling related to our own. The emphasisis on describing the complete shape of an object from
one or more sets of input. Range image registration techniques are reviewed in Chapter 3. The
review is conducted in the following sections: low level (Section 2.1), triangulation based method
(Section 2.2), deformable models (Section 2.3) and other approaches (Section 2.5).

2.1 Object Modeling Using Multiple Views: Data Integration

Some previous research efforts have used multiple views for object modeling. These
methods actually achieve low to mid-level descriptions and thus can be better categorized as
integration methods than description methods. Two issues need to be solved in integration. Oneis
the inter-frame transformation between the views, since the data from different views are often
stored in different coordinate frames. The second is the representation for the integration. Most of
the methods reviewed below either assume the inter-frame transformations to be known, or try to
recover them through various methods. The output of the system is represented either by volume
octrees or alow to mid-level surface descriptions.

Ahuja and Veenstra [1] studied the problem of constructing octree models for 3-D objects
using object silhouettes from orthogona views with orthographic projections. Their method
constructs an octree by computing the intersection of the projection cylinders of the object
silhouettes. Potmesil [55] presents an improved algorithm which allows arbitrary viewpoint and
assumes perspective projection. His algorithm is based on recursively projecting the octree nodes
into the image plane to determine the value of the node. The inter-frame transformations are found
by tracking the images of special markings on the objects. Because these methods use object
silhouettes, they can not handle objects with concavities in general. Range images can be used in
this case to help reduce the ambiguities associated with intensity images [19]. Liedtke et al. [44]
also constructed a voxel representation from registered multiple silhouette images. The voxel






* We have developed a system for constructing a triangulated surface description for com-
plex, non-star-shaped objects from multiple registered range images. The system is based
on adynamic mesh surface model which startsasatiny sphere, and evolves over time under
an inflation force and finally reaches the object surface, which accomplishes the mapping
of aunit sphereto the object surface. The system addresses the description and the datain-
tegration at the same time, and has many advantages over current dynamic systems or de-
formable models based on globa minimizations.

* We have developed a new scheme to evaluate triangle fitting errors in the context of data
integration for merging multiple range images.

1.3 Dissertation Organization

The dissertation is organized in two parts. The first part deals with range image registration
(Chapter 3) and the second part deals with constructing triangulated surface models for simple
(Chapter 4) and complex objects (Chapter 5). A survey of related research in object modeling is
presented following this chapter and before the main parts. Most of the material presented in this
dissertation has been published before (see[15], [16], [17]and [18]).



Multiple View Input

Registration

Integration
and Low Level
Description

High Level
Description

Figure 1.4 Proposed object modeling system
flow chart, the shaded part are not covered in this
dissertation.

1.2 Contributions

Here is asummary of contributions of this dissertation:

* We have devel oped a system for range image registration. The system is based on minimiz-
ing an intrinsic distance measure between the surface segments represented by the two
range image views. The formalization of the least-squares results in faster convergence
than other methods based on point correspondence reported in the literature. The algorithm
does not rely on feature extraction and is suitable for any object with piecewise smooth sur-
faces.



object surface, and we al so need to reason about the ambiguities and the possible conflicts resulting
from the incomplete, and possibly wrong, segmentation results from the lower levels when
integrating them at high level. The accuracy of theintegration isanother problem for this approach,
because some information is lost during the processing when we go to a high level to perform the
integration, as is done by Parvin and Medioni [51].

The second method has the advantage of being able to use all the surface information for
description, therefore it is much easier for us to take a more geometrical approach than a“vision”
approach. Another advantage of the second method isthat sincetheintegrationisdoneat low level,
we have a better chance to reduce the effect of sensor noise and quantization errors during the data
merging process. The difficulty of this approach lies in choosing an appropriate representation
scheme for the integration and in achieving it. Aswill be shown in the coming this dissertation, it
is relatively easy to perform data integration at low level for smple objects, e.g. in a spherical
coordinate system. However, it isin general very difficult to find an appropriate parameterization
to represent the entire surface of an arbitrary object (we only consider objects with smooth
surfaces). The common approach in previous researches for shape description is to formulate the
problem in terms of a minimization process of fitting certain shape model to the input data, which
is not guaranteed to result in a global optimum and hence often requires a good initial
approximation.

Based on the above analysis, our approach is to combine the integration process and the
description process into one, as illustrated in Figure 1.4. We use a triangulated approximation as
shape representation to perform data integration. The reasons for using an intermediate
representation based on triangulation is, first, we think atriangular surface approximation presents
a good trade-off between high and low level representations and is also a powerful representation
in describing any complex shapes and theoretically to any degree of accuracy. This allows us not
to address the segmentation issue at this moment. Secondly, we believe that, just like in 2-D case
[60], an analytical surface representation will be very helpful in the process of segmentation and
description both in terms of surface and volume, and atriangul ated surface approximationisafirst
step towards building a smooth analytical surface representation [24].

It must be point out that in some situations (e.g. [32]), integration of the registered range
images is carried out by ssimply gathering all the 3-D points from the range image views. In doing
so, valuable information in the range images, e.g. the neighborhood information of each range
image pixel, is lost, which can be used in the description process. For this reason, we always
maintain the range images in their origina format. The assumption that the range images are
densely sampled alows us to perform local surface approximation with good results except at
depth discontinuities.
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Figure 1.3 Two different ways of performing
integration and description.

Low Level
Processing

1.1.2 DatalIntegration and Description

As discussed above, due to self-occlusion, multiple range images of the object from a set of
vantage points are needed in order to describe the complete surface of an object. There are two
possible approaches to solving the shape description problem using multi-view input, as shownin
Figure 1.3. One is to describe each view and then integrate the results to obtain a complete
description. The other is to integrate the data from the views and then construct the description.
The first method has the advantage of being able to use many existing systems design for shape
description from single view input. The drawbacks of this method are that single views are
inherently ambiguous, therefore we must predict the occluded shape from the visible portion of the
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Figurel.2 Seps in object modeling: data acquisition,
registration and description. Top: the range images taken of the
telephone handset shown as shaded images, middle: sample data
from the range images after registration, bottom: the constructed

surface model shown as a wireframe

transformation that minimizes a distance measure between a pair of range images. This distance
measure is based on the distance from points on the first range image to the first-order
approximation of the second surface and hence is a intrinsic measure (invariant to sensor
orientation). The system is not designed to solve the general optimization problem and it assumes
an approximate initial guess, which in turn may be provided by some pose estimation systems

discussed above.



Figure 1.1 A telephone handset.

that each range image can only cover the visible portion of the object surface, more than onerange
images from different viewpoints must be taken in order to describe the complete surface of the
object. Once range images are taken, we need to represent the acquired datain acommon reference
frame before we can start to build the description. In order to do that, we must find the relative
positions of the range images by using a process called registration. Once the registration is done,
the next step is to construct a description from the set of aligned, or registered, rangeimages. This
process is shown in Figure 1.2.

1.1.1 Registration

Toregister apair of rangeimagesisto find therigid 3-D transformation between them so that
the overlapping areas of different range images covering the same segment of the object surface
are aligned with each other. This is the same as finding the motion between the range images or
estimating the pose of the object in one range image related to the other [61], except that in feature-
based motion or pose estimation systems the accuracy of the registration is not adequate for shape
description purposes because of the error introduced in feature detection process. In addition,
correspondence between features extracted from the two range images must be established. Thus
aregistration system that does not rely on feature extraction and correspondence, and can produce
accurate result, is desirable. The difficulties lie in the formalization of such a problem as a
minimization problem and the design of a working system that can deliver accurate registration
results for a usually non-convex minimization problem, which is the topic in the first part of this
dissertation.

Our solution to this problem is an iterative registration algorithm that works on raw range
images without feature extraction. We formalize the registration problem as finding the rigid 3-D



1
| ntroduction

We address the problem of building a complete surface model automatically for an existing
three dimensional (3-D) object by “looking” at it from various viewpoints. A model of an object is
the mathematical description of the entire shape of the object. Such a model is needed in vision
systems for tasks such as recognition. It can also be used in robotics systemsto carry out planning
and manipulation tasks. Constructing computer models from existing objects is a very important
technique for applications such as reverse engineering (reverse CAD) and computer graphics (see
[4], [66] and [49]).

By “looking” at (as opposed to touching) the object, depending on the kind of sensor we are
using, we can get two types of information, visual (intensity) and range (3-D coordinates). There
isawhole line of research in vision in developing methods for shape description using intensity
images, which includes stereo-, motion- and contour-based techniques. However, these techniques
usually need first to extract the corresponding 3-D information from the intensity image before
they can actually start to construct any description. Range images, which capture the geometry of
3-D object surfaces as (densely) sampled arrays of 3-D points, are more directly suitable for shape
description purpose because they allow us to focus our attention on the actual description of the
shape, rather than on extracting the 3-D data from a complex function of 2-D images. Many
difficult vision tasks are thus bypassed. The availability of the sensors (e.g. [62] and [63]) and the
quality of the data compared to those obtained from intensity images al so make range image agood
choice.

In the following sections, we first introduce the major stepsin constructing complete models
of objects using range images and then we give a summary of the contributions of dissertation.

1.1 Issuesin Object Modeling Using Range I mages

Figure 1.1 shows a telephone handset, a typical object with piecewise smooth surface that
we would like our system to be able to model. Since range images are just like intensity imagesin
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ABSTRACT

Building computer models of existing 3-D objectsfrom sensor dataisaninteresting yet very
difficult problem. Thisresearch has applicationsin computer vision research aswell asin industry
for such purposes asinspection and reverse-CAD. The acquired models can also be used for robotic
planning and manipulation. We identify three key stepsin the model construction process, which
are, 1) data acquisition, 2) data integration and 3) description. We use range images of an object
from multiple viewpoints as input to our system since range images provide direct 3-D
measurements of the object surface. To integrate the range image views, we develop a new
algorithm for range image registration, which can find an accurate rigid 3-D transformation
between a pair of range images given coarse transformation estimates. Our formalization of the
registration problem is less constrained than the commonly used schemes based on point-
correspondence, resulting inamuch faster convergence. A global registration schemeis aso
presented to integrate all the range image views for the description task. Our description scheme
can achieve both integration and description at the same time. We use adynamic triangulated mesh
with spring attachment between the vertices as the shape model. We introduce an inflation force
inside the balloon-like model initially placed inside the object with aspherical shape. Theinflation
force expands and deforms the mesh until it reach the object surface. A dynamic mesh subdivision
and a local adjustment scheme are aso incorporated so that the mesh eventually fits the entire
surface of the object, accomplishing the mapping from a sphere to any complex object surface. The
novel point of the approach isthat only inflation force isintroduced during the mesh deformation
process. The problem with other deformable model and dynamic mesh methods, which is the
reliance on a good initial guess for the global optimum, is thus no longer an issue. Experimental
results for modeling both simple and complex objects from real range images are given.
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