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ABSTRACT

In this paper, we present a fully automatic multiview fine registra-
tion algorithm capable of registering range images acquired from
unknown view points. Our algorithm represents each range image
with multiple tensors and indexes these tensors by a 4D hash table.
Tensors of each view are simultaneously matched with the tensors
of the remaining views by casting votes using the hash table and
calculating the correlation coefficient between the pair of tensors
with the highest votes. Matching pair of tensors are then used
for the coarse registration of their corresponding range images. A
graph building algorithm registers all the views in a common co-
ordinate basis. Finally, a multiview fine registration algorithm is
used in a hierarchical fashion to iteratively refine the initial coarse
registration. Thus our algorithm avoids the use of a pairwise fine
registration algorithm. Our results show that our algorithm is fully
automatic and accurate.

1. INTRODUCTION

Many reverse engineering, medical diagnostic and robotics appli-
cations require geometrically accurate 3D models of free-form ob-
jects. Existing range imaging techniques can only acquire a partial
surface of a free-form object from a single view point due to self
occlusions. To construct a complete 3D model of the object, its
multiple range images must be acquired from different view points
to cover the entire surface of the object. These range images must
then be registered in a common coordinate basis. According to
the survey of Campbell and Flynn [5], registration is performed in
two steps namely, coarse registration and fine registration. Auto-
matic coarse registration of range images acquired from unknown
view points is performed with a feature matching algorithm. This
process is also known as automatic correspondence identification.
Points on two range images which correspond to the same point on
the object are known as corresponding points. These correspond-
ing points are then used to derive a rigid transformation (rotation
matrix and translation vector) that aligns the two range images by
minimizing the distance error between them. Once the views are
coarsely registered, the registration is refined using a pairwise reg-
istration refinement algorithm like the ICP [3] for example. In case
of multiple range images, the registration errors may accumulate
and result in large seams between some of the range images. To
avoid this, a global registration algorithm is used after pairwise fine
registration which distributes the registration errors evenly over the
entire 3D model. Once the range images are registered they are in-
tegrated and reconstructed to form a single smooth surface.

We propose a two step algorithm which automatically per-
forms the coarse registration followed by the fine registration of
multiple range images of an object acquired from unknown view
points. Our algorithm does not require the manual identification of
corresponding points or the initial estimates of registration. More-
over, no information regarding which range image overlaps which
other range image is required (i.e. the views are unordered). This
is in contrast to existing multiview fine registration algorithms (see
Section 2) which assume that the range images have already been
pairwise registered. The novelty of our approach is that it does
not use a pairwise fine registration algorithm at any stage. See
Fig. 1 for a comparison between our approach and the traditional
approach.

The rest of this paper is organized as follows. Section 2 gives a
brief review of existing work in the area of pairwise and multiview
registration. Section 3 gives an overview of our approach. Sec-
tion 4 explains our tensor representation. Section 5 describes the
hash table construction. Section 6 contains the details of our au-
tomatic multiview registration algorithm. Qualitative and quanti-
tative results are given in Section 7. Finally, conclusions are given
in Section 8.

2. EXISTING WORK

Existing work in the area of automatic pairwise coarse registra-
tion include the RANSAC-based DARCES (Data Aligned Rigidity
Constrained Exhaustive Search) algorithm [6], the bitangent curve
matching [25], the SAI (Spherical Attribute Image) matching [11],
Roth’s technique [20] and the spin image [14] matching algorithm.
These algorithms are pairwise coarse registration algorithms and
must perform an exhaustive search for correspondences between
N(N —1)/2 (N is the total number of views) pairs of views in
case they are unordered.

Pairwise fine registration algorithms include the classic ICP
[3] algorithm and its many variants for example [21]. These al-
gorithms iteratively establish correspondences between the near-
est points of two views and minimize their mutual distance. An-
other example is the Chen and Medioni’s algorithm [7] which min-
imizes the point to surface distances instead. Mutual information
based approach [19] maximizes the mutual information between
two views in order to register them. These fine registration algo-
rithms however assume that the views have already been coarsely
registered.

Multiview correspondence (coarse registration) is defined as
a one-to-many matching approach in which one view is simulta-
neously matched with all the remaining views [1]. Existing work
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Figure 1: Block diagram comparing the traditional approach (top)
with our approach (bottom).

in the area of multiview coarse registration includes [1]. Huber
and Hebert [12][13] proposed a framework for automatic 3D mod-
eling based on a claimed automatic multiview surface matching
algorithm. Their algorithm however relies on an off-the-shelf au-
tomatic pairwise correspondence algorithm (i.e. the spin image
matching [14]) to exhaustively search for correspondences between
N (N —1)/2 pairs of views in order to initialize a graph of relative
pose estimates. This process has a computational complexity of
O(N?). The exhaustive search is followed by the claimed multi-
view surface matching algorithms which search for discrete edges
(pairwise correspondences) in the graph and then verify them after
global registration. This approach is not equivalent to multiview
correspondence according to the definition in [1] since no simul-
taneous matching is performed. The computational complexity of
this framework also adds an additional overhead to the initial ex-
haustive search.

A brief review of multiview fine registration algorithms in-
cludes Pulli’s [15] algorithm, Williams and Bennamoun’s algo-
rithm [24], and Benjemma and Schmitt’s algorithm [2]. As with
the pairwise fine registration algorithms, these algorithms assume
that the views have been coarsely registered or the correspondences
between overlapping views have been identified through external
means.

3. OVERVIEW OF OUR APPROACH

First, we use a variant of our multiview feature matching algorithm
[1][17] for automatic coarse registration of the range images. The
major differences are: (a) This variant does not use a pairwise fine
registration algorithm at any stage (b) It does not try to make a
minimum level spanning tree as opposed to [1] but tries to connect
those views which have the best correspondence (see Section 6 for
details). Once the views are coarsely registered, a multiview fine
registration algorithm [15] is used to iteratively refine this coarse
registration. A hierarchical approach is used during fine registra-
tion as follows. First, multiview fine registration is applied to the
decimated meshes. Next, these multiview registration results are
used to align the high resolution meshes and the multiview fine
registration algorithm is repeated.

4. TENSOR REPRESENTATION

The range images (views) of an object in the form of point clouds
are first converted into triangular meshes. Next, each mesh is dec-
imated twice using Garland’s algorithm [9] to form a hierarchy
of three meshes. The lowest mesh in the hierarchy (the coarsest
mesh) is used to select feature points in the next higher mesh which
is used to compute tensors. The highest resolution mesh in the hi-
erarchy (IM; where h stands for high resolutionandi =1... N)
is used for multiview registration refinement and the final model
construction. Each M,,; is decimated [9] once to 800 faces per

mesh (to get medium resolution meshes M,,;) and a second time
to 400 faces per mesh (to get low resolution meshes M ;). Next,
the closest vertices in M,,,; to IM;; are identified. These vertices
of M,,; are paired together according to an angle constraint and
a distance constraint. The angle constraint ensures that only those
vertices whose normals make an angle (64) greater than 5° are
paired. The distance constraint ensures that only those vertices
are paired which are within a certain distance (dmin and dmaz)
of each other. In our experiments we selected dmin = 4bs and
dmaz = 6bs (bs is defined below).

Despite the above constraints the number of vertex pairs is
generally large therefore 400 pairs are randomly selected. Each of
these vertex pairs is then used to define a 3D coordinate basis as
follows. The midpoint of the two vertices defines the origin and
the average of their normals defines the z-axis. z-axis is defined
by the cross product of the normals of the vertices. Finally, the
y-axis is defined by the cross product of the z-axis and the x-axis.
Each of these 3D coordinate bases is used to define a 15 x 15 x 15
grid centered at its origin. The size of the bins b, is selected such
that the grid completely encloses the mesh. This is in contrast
to our previous variants [1][18] in which each 3D grid enclosed
only a local surface patch of a mesh as they further rely on ICP
algorithm [3] for registration refinement. In our experiments we
selected b = D/15 where D is the average dimension of the
meshes.

Once the 3D grid is defined, the area of intersection of the
mesh with its bins is recorded in a third order tensor. The value of
each element of the tensor is equal to the surface area intersecting
its corresponding bin in the 3D grid. Since most bins of the grid
are likely to be empty, the resultant tensor has many zero elements.
Therefore, in order to save memory, each tensor is compressed by
eliminating all zero elements and retaining the non-zero elements
and their index positions.

5. HASH TABLE CONSTRUCTION

The tensors of the meshes M,,,; are indexed by a 4D hash table.
Three dimensions of the hash table correspond to the 7, j, k indices
of the tensors whereas the fourth dimension corresponds to the 64
of the tensor. 6, is quantized at intervals of 5°. The hash table is
filled up as follows. For each tensor of a mesh, the entry (mesh
number, tensor number) is made in all the bins of the hash table
corresponding to the ¢, j, k indices of the nonzero elements of the
tensor and the 64 of the tensor.

6. AUTOMATIC MULTIVIEW REGISTRATION

During multiview coarse registration, the tensors (T, reference
tensor) of each mesh (M,,,, reference mesh) are used to cast votes
to the tensors of the remaining meshes as follows. The ¢, j, k in-
dices of the nonzero elements of the tensor and its 64 are used to
cast votes to all the tuples (mesh number, tensor number) present
at i, 7, k, 04 index position in the hash table. To avoid redundant
voting, a forward voting approach is used in which the tensors of
a mesh M,,,,- can cast votes to the tensors of a mesh M,,; such
thatr < j(r =1...N —1land j = 2...N). Tuples that re-
ceive less votes than half the number of nonzero elements of T,
are discarded.

Next, a linear correlation coefficient is calculated between T,
and each of its remaining corresponding tensors T'.. To cater for
occlusions, the linear correlation coefficient is calculated in only
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the overlapping region of the two tensors. For each calculation,
a vector v is extracted from T, which comprises only of those
nonzero tensor elements which have a corresponding nonzero el-
ement in T.. A vector u is extracted from T, in a similar way.
Note that both u and v will have length equal to the number of
intersecting elements n,, between the two tensors. The linear cor-
relation coefficient C. is then calculated between the two vectors
using Eqn. 1.

C, = Ty D Vil — D, Vi D Ui
Vi S v = (L 0P y/mu 3w — (3 wn)?

In Eqn. 1 all summations are from ¢ = 1...n,. C. is then
multiplied by n, to find the similarity S between the two tensors
(S = n,C.). This information (IM,,,,- number, T, number, M,
number, T . number and .S) is then recorded in a rank table.

Once the voting process is over, the rank table contains a com-
plete list of matching pairs of tuples along with the similarity be-
tween them. The rank table is sorted according to the decreasing
value of S and is then fed to a graph building algorithm which
makes a spanning tree graph from it whose nodes represent the
meshes (views) and arcs represent the rigid transformation be-
tween its end nodes. The graph building algorithm picks pairs
of corresponding tensors starting from the one with the maximum
value of .S, and uses them to calculate the rigid transformation be-
tween their corresponding meshes using Eqn. 2 and Eqn. 3.

1

R = B/B, @)
t = 0,-0.R 3)

In Eqn. 2, B, and B, are the 3 x 3 matrix of x, y, z coordi-
nate vectors of T, and T. respectively. In Eqn. 3, O, and O,
are the 1 x 3 vectors of coordinates of the origins of T, and T,
respectively. R and t are the 3 x 3 rotation matrix and 1 x 3
translation vector that aligns the two coordinate bases and hence
the corresponding mesh with the reference mesh.The transforma-
tion is used to initialize the spanning tree with two nodes and an
arc. The graph building algorithm then searches for another pair of
corresponding tensors (with maximum value of \S) which connect
another node (mesh) to the spanning tree. A rigid transformation
is calculated from these tensors (Eqn. 2 and Eqn. 3) and used to
connect another node to the spanning tree. This process continues
until all the meshes have been added to the spanning tree. Each
time a new mesh is added to the spanning tree, the transformation
is verified by checking if vertices of the corresponding mesh are
transformed into the active space of the sensor (free space of the
sensor or the space between the reference mesh and the sensor) or
not. The new mesh is added to the spanning tree only if the ratio
of such vertices is negligible. The spanning tree is then used for
the coarse registration of all the meshes by concatenating transfor-
mations.

Once the views are coarsely registered, Pulli’s multiview fine
registration algorithm [15] is used to iteratively refine the coarse
registration. A hierarchical approach is used during multiview fine
registration. First, multiview fine registration [15] is applied to the
decimated meshes M,,,;. These multiview registration results are
then used to align the high resolution meshes M},; and the multi-
view registration algorithm is repeated. The hierarchical approach
has two advantages: (a) It ensures quick convergence of the multi-
view registration algorithm. (b) It minimizes the chances that the

algorithm will get stuck in a local minimum. It may be noted that
in our automatic multiview registration algorithm described above,
no pairwise registration refinement has been used. The multiview
coarse alignments were used as constraints in Pulli’s algorithm
[15] as opposed to pairwise fine alignments'.

The multiview fine registration is followed by integration and
reconstruction to complete the 3D model. We used VripPack [22]
for this purpose which uses the volumetric integration algorithm
by Curless and Levoy [8] for integration and the marching cubes
algorithm [16] for reconstruction.

7. RESULTS

We performed two types of experiments. The first experiment
was performed on real data i.e. range images of free-form objects
namely the angel and the bird [4] acquired with a Minolta 3D scan-
ner. 19 views of the angel and 18 views of the bird were separately
fed to our algorithm without any order for multiview registration.
Fig. 2 and Fig. 3 show the qualitative results of our algorithm.
For quantitative comparison, the same views were also registered
using the traditional approach (top block diagram of Fig. 1). The
coarse registration was performed manually in this case. A variant
of the ICP algorithm [21] was used for pairwise fine registration
and Pulli’s algorithm [15] was used for multiview fine registration.
Since the ground truth was unknown in this case, we compared the
rotational misalignment between the views when registered using
our approach and when registered using the traditional approach
(see Eqn. 4).

Ab: — cos—! <trace(R¢1Ri_21) - 1) 180

5 X C))

In Eqn. 4, R, is the rotation matrix (that registers view 7)
calculated using the traditional approach and R.;2 is a similar ma-
trix but calculated using our approach. Af; is the rotational error
between R;1 and R,;2. Fig. 4(a) shows the Af; for each of the
19 views of the angel whereas Fig. 4(b) shows A#; for each of
the 18 views of the bird. Note that the rotational error (difference)
between the two approaches is less than 1° in each case. The trans-
lation error between the two approaches was calculated using Eqn.
5.

[|tin — taz||
= i (5)

In Eqn. 5, t;1 and t;2 are the translation vectors calculated
using the two approaches of Fig. 1. The translation error is nor-
malized with respect to resolution d,- of the mesh to make it scale
independent. Fig. 4(c) and Fig. 4(d) show the translation errors
(difference) in the views of the angel and the bird respectively.
These results indicate that the errors (difference) in translation of
the views are smaller than the resolution of the meshes.

The above experiments clearly indicate that there is little dif-
ference when the range images are registered using our approach
and when using the traditional approach. However, our approach
has two advantages. First, it can register unordered range im-
ages using multiview surface matching and without going into ex-
haustive. This makes our approach more efficient. Second, our
approach does not require pairwise registration refinement which

At;

'The actual Pulli’s algorithm [15] uses pairwise fine alignments as con-
straints.
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(a) (b) (c) (d)

Figure 2: (a) Three example views of the angel. (b) Multiview coarse registration results of our algorithm for 19 views of the angel.
(c) After multiview fine registration using Pulli’s algorithm [15]. (c) The complete 3D model after integration and reconstruction using
VripPack [22]. All models are rendered in Scanalyze [23]. This figure is best viewed in colour.

(a) (b) (e) (d)

Figure 3: (a) Three example views of the bird. (b) Multiview coarse registration results of our algorithm for 18 views of the bird. (c) After
multiview fine registration using Pulli’s algorithm [15]. (d) The complete 3D model after integration and reconstruction using VripPack
[22]. All models are rendered in Scanalyze [23]. This figure is best viewed in colour.
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Figure 4: Rotation and translation errors (differences) when the real range images are registered using our approach and when using the
traditional approach as shown in Fig. 1. (a) Rotation error of angel. (b) Rotation error of bird. (c) Translation error of angel. (d) Translation
error of bird.
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makes it simpler and further enhances its efficiency. Due to the un-
availability of the ground truth, it cannot be determined as to which
approach gives more accurate results. In our next experiment, we
generated synthetic range data by rendering a 3D model of a dog
(data courtesy of the University of Stuttgart [10]) from different
views and reconstructing its visible surface using VripPack [22].
With this approach, we generated 30 synthetic range images of the
dog (see Fig. 5) and recorded the ground truth rotations and trans-
lations that would register each view to a known reference. Next,
these 30 views were registered once using our approach and a sec-
ond time using the traditional approach. The rotation matrices and
translation vectors calculated with the two approaches were then
compared to the ground truth using Eqn. 4 and Eqn. 5. Fig. 6
and Fig. 7 shows the rotational and translation error respectively
for each of the 30 views of the dog. These results show that both
approaches have rotation errors of less than 1° and the translation
errors of less than half the resolution of the meshes. The mean
rotation error was 0.26° for our approach and 0.28° for the tra-
ditional approach. The mean translation error was 0.14 in both
cases. Therefore, we can conclude that both approaches provide
approximately the same accuracy.

8. CONCLUSION

We presented a fully automatic multiview registration algorithm
that performs fine registration of range images acquired from un-
known view points. We did not use a pairwise fine registration al-
gorithm in our approach and presented quantitative results which
clearly indicate that the accuracy of our algorithm is equivalent to
the traditional approach which uses a pairwise fine registration al-
gorithm. Therefore, our approach makes the 3D modeling process
simpler without any compromise on accuracy.
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