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Abstract

In this paper, we present a fully automatic multiview
correspondence algorithm based on our tensor representa-
tion. Our algorithm can automatically establish correspon-
dences between a set of unordered range images of an ob-
Ject and register them in a common coordinate basis. Exist-
ing techniques of correspondence are either manual or in-
efficient and require the ordering of range images accord-
ing to their overlap. Our algorithm does not suffer from any
such limitation. We also present a complete and fully auto-
matic 3D modeling framework by integrating our multiview
correspondence algorithm with a global registration, an in-
tegration and a surface reconstruction algorithm. Our re-
sults show that our algorithm is fully automatic, applicable
to free-form objects, efficient and independent of the resolu-
tion and sampling of the range images.

1. Introduction

A range image of a free-form object acquired from a sin-
gle viewpoint contains occluded parts. In order to make a
complete 3D model of the object, it must be acquired from
multiple viewpoints. The number of range images required
for a complete 3D model depends upon the complexity of
the object and the level of detail required. These range im-
ages must be registered in a common coordinate basis. This
is achieved by establishing correspondence between over-
lapping range images. Once the range images are registered
in a single coordinate basis, they are integrated and recon-
structed to form a complete 3D model which can then be
viewed from all sides.

All the modules in the 3D modeling process have been
automated except for correspondence. Correspondence is a
difficult task because of the following reasons. First, there is
no knowledge about the relative viewing angles of the dif-
ferent range images. Second, there is no knowledge about
the order of overlap of the range images (which range im-
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ages overlap and which ones do not). Third, given two over-
lapping range images, there is no knowledge about their re-
gion of overlap or the amount of overlap.

Existing techniques of correspondence like the ICP [3]
algorithm, Chen and Medioni’s algorithm [5] and registra-
tion by maximizing mutual information [17] are not fully
automatic because they require initial estimates of reg-
istration. Correspondence techniques which claim to be
automatic are inefficient and based on various assump-
tions. Techniques like the RANSAC-based DARCES [4]
and graph matching [6] are inefficient because they are
based on exhaustive search. The SAI matching [11] assumes
the underlying surface to be free of topological holes. Spin
image matching [13] requires a uniform sampling of the
underlying surface, and its computational complexity in-
creases with the increase in resolution of the range images.
Roth’s technique [18] requires a significant amount of tex-
ture to be present on the surface of an object. Geometric
histogram matching [2] uses the Hough transform which is
computationally expensive. Bitangent curve matching [22]
extracts invariants from bitangent curves which are global
features and may not be fully contained inside the overlap-
ping region of the range images. It also requires the calcula-
tion of derivatives which are sensitive to noise. Three tuple
matching [7] requires the calculation of first and second or-
der derivatives which are sensitive to noise. This technique
is also sensitive to the surface sampling and its computa-
tional complexity increases linearly with the increase in the
resolution of the range images.

All the above algorithms are pairwise correspondence al-
gorithms. None of these algorithms can solve the multiview
correspondence problem, where the range images are un-
ordered. To the best of our knowledge there is no automatic
multiview correspondence technique available with the ex-
ception of Huber’s 3D modeling framework [12]. However,
this framework relies on an external algorithm for pairwise
correspondence. For this purpose, it uses a modified ver-
sion of the spin images which must find correspondences
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Figure 1. (a) A high resolution mesh of the
dog. (b) After mesh reduction the number of
facets is considerably reduced.

between IV (N — 1) /2 pairs of range images in order to gen-
erate a graph of relative pose estimates (/N is the total num-
ber of range images) . This has a computational complex-
ity of O(N?) and is an additional overhead to the computa-
tional complexity of the rest of the framework.

In this paper we propose a fully automatic and efficient
multiview correspondence algorithm based on our previ-
ous work [15] [16]. Our algorithm efficiently builds tensors
for all range images and indexes them through a table for
fast reference (Section 2). During the multiview correspon-
dence, tensors of different range images at the same index
position in the table are matched to derive a spanning tree
graph containing range images as nodes and rigid transfor-
mations as arcs. Range images are removed from the search
space as they are added to the graph in order to gain fur-
ther efficiency. We also combine our automatic correspon-
dence algorithm with other modular automatic components
to make a complete automatic 3D modeling framework.

2. Tensor and Index Table Computation

During an offline representation phase, tensors are built
for all the range images [15]. First all the range images,
in the form of point clouds, are converted into triangular
meshes M; (where¢ = 1, ..., N). For reasons of efficiency,
a mesh reduction algorithm, that preserves maximum fea-
tures on the surfaces, is applied to each mesh (see Fig. 1)
resulting in reduced meshes M. For this purpose, we used
Garland’s surface simplification algorithm [10]. However,
any other efficient algorithm can be used. Normals are then
calculated for each vertex of an M. Next, sets of two points
along with their normals are selected to define local 3D co-
ordinate bases. To avoid the C'y’ (where n is the number of
points in M) combinatorial explosion of the points, a dis-
tance constraint is imposed on the pairing of points. This
distance constraint allows the pairing between only those
points which are within a prespecified distance.

The allowable distance between point pairs is selected

as a fraction of the bounding dimensions of the object.
All range images are transformed to their principal axes
and the approximate x,y,z bounding dimensions (D =
[D, Dy D)) of the object are calculated using Eqn. 1.

D = max,,.(max,,.(V;P;) — ming,.(V;P;)) (1)

In Eqn. 1, V; is an n X 3 matrix of the x,y and z coordi-
nates of the data points of ith range image (¢ = 1,..., N).
P; is the rotation matrix which aligns V; along its princi-
pal axis. The operator “maxg,.(V;)” takes the maximum
values of x,y, and z in V.

The limits of the distance constraint (d,,,;,, and d,,,4..) are
calculated from D using Eqn. 2 and Eqn. 3. The distance
constraint ensures that the points that are selected to define
the 3D basis are far enough so that the calculation of the co-
ordinate basis is not sensitive to noise and close enough so
that both points can lie inside the overlapping region. Each
point is paired with only the closest three points which sat-
isfy the distance constraint, limiting the maximum number
of possible pairs to 3n.

mean(D,, D,, D)

Admin = 6 2
4. = mean(DZ,Dy,Dz) 3)

For each valid pair of points, a local 3D basis is defined
as follows. The center of the line joining the two points de-
fines the origin. The average of the two normals defines the
z-axis. The cross product of the two normals defines the
x-axis and finally the cross product of the z-axis with the
x-axis gives the y-axis. This 3D basis (Fig. 2(a)) is used to
define a 3D grid centered at the origin (Fig. 2(b)). Two pa-
rameters need to be selected, namely, the number of bins in
the 3D grid and the size of each bin b,. Varying the number
of bins from less to more varies the representation from be-
ing local to being global. In our experiments we found that
defining a 10 x 10 x 10 grid gave good results. The bin size
defines the level of granularity at which the object’s surface
is represented and is also calculated from D using Eqn. 4.

_ mean(D,,D,, D)

bs = 30 “

Once the 3D grid is defined over the mesh, the surface
area intersecting each bin of the grid is recorded in a third
order tensor. Each element of the tensor is the area of the
mesh that intersects the bin corresponding to that element
inside the 3D grid (Fig. 2(d)). This tensor corresponds to a
local representation of the surface. To find the area of inter-
section of the mesh with each bin of the 3D grid, we start
from a point that is closest to the origin of the 3D basis
and visit each triangular facet in its immediate neighbour-
hood. The area of intersection of a triangle and a bin is cal-
culated using Hodgman’s polygon clipping algorithm [9].
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Figure 2. (a) 3D basis defined over the mesh
of the dog. (b) A 10 x 10 x 10 grid centered
at the origin the 3D basis. (¢) A zoomed in
view of 8 bins around the origin. (d) A bin in-
tersecting 3 facets. The area of intersection
(shaded) is the value of the tensor element
corresponding to this bin.

Once all the triangular facets in the immediate neighbour-
hood of the point have been visited and their intersection
with the grid bins calculated, their next outer neighbouring
triangular facets are considered. This process continues un-
til a stage is reached when all the triangular facets are com-
pletely outside the 3D grid, at which point the computation
is stopped. The angle between the normals of the two points
defining a tensor, which we call the definition angle 04, is
used in a 1D table to index the tensor for quick reference.
Each bin of the index table serves as a quick reference to
a group of tensors that are within a certain range (Af4.s)
of §4¢¢. Choosing a small Afg.¢ will reduce the number of
possible matches for a tensor hence reducing matching time.
However, it will also increase the risk of missing out a cor-
rect matching tensor. We found from our experiments that
Abg4e¢ = 5° gave good results.

Most of the bins of the 3D grid are likely to be empty
(Fig. 2(b)) resulting in tensors with many zero entries. The
tensors are converted into sparse arrays which reduces the

ing process more efficient in addition to the saving in mem-
ory.

3. Automatic Multiview Correspondence

The three tuple (M;, M} and tensors) are fed to our auto-
matic multiview correspondence algorithm. Our algorithm
searches for a spanning tree graph containing range images
as nodes and arcs representing transformation between its
end nodes. Using this graph and by concatenating transfor-
mations, all the range images can be registered in the co-
ordinates of a reference view. The algorithm proceeds as
follows. The mesh M g which has the maximum number
of data points is selected as the root node to initialize the
graph. Next, tensors of M p are matched with the tensors
from the remaining N — 1 meshes that are at the same in-
dex position in the index table. Details of the tensor match-
ing are given in this section below. When a mesh is found
with a matching tensor, it is added to the graph and joined
with node M i with an arc. The arc represents the transfor-
mation that aligns the two meshes. Once a mesh has been
added to the graph, it is removed from the search list (see
Fig. 3). Therefore, the remaining tensors of M g would be
matched with the tensors of N — 2 meshes only. This pro-
cess continues until all those meshes whose tensor matches
with a tensor of M p are added to the graph. When all the
tensors of M i have been considered for matching, another
mesh which has the highest number of data points is picked
up from the graph and its tensors are matched with the re-
maining meshes in the search space. This process contin-
ues increasing the graph each time a match is found and
decreasing the search space until all the meshes have been
added to the spanning tree. Fig. 3 shows the trace of our al-
gorithm for the 19 range images of the dog.

To match a tensor T,, of model mesh M/ and ten-
sor Ty of scene mesh M/, the following procedure
is adopted. First, the overlap ratio Rop of the two ten-
sors is calculated according to Eqn. 5 (where I,,; and
U,.s are the intersection and union of the occupied bins
of the two tensors). If Rp is greater than a threshold ¢,
(set to 0.5) the correlation coefficient C.. of the two ten-
sors is calculated in their region of overlap (Eqn. 6). If
C. is greater than a threshold ¢. (also set to 0.5), the al-
gorithm proceeds to local-verification. During
local-verification M/ is transformed to the co-
ordinates of M/, to form M/, using the rotation ma-
trix R and the translation vector t calculated with Eqn. 7
and Eqn. 8 respectively.

memory utilization by approximately 85%. Moreover, ten- Ro = > Ims (5)
sors that have more than 95% elements as zero are dis- S Upms
carded. Such tensors generally result from 3D grids defined C. = correl coeff( Ty, (Iins), Ts(Ins)) (6)
over the boundaries of the views and are not likely to give R = B;—Bm (7
correct matches. Discarding such tensors makes the match- t 0,,— O;R ®)
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Figure 3. Trace of the multiview correspon-
dence algorithm for the dog data set. The
search space reduces as the graph is built.

In Eqn. 6, T,,(I,,s) and T4(1,,s) are the tensor val-
ues in the region of overlap of T, and T, respectively.
In Eqn. 7, B,, and B; are the matrices of coordinate ba-
sis used to define the model and scene tensors respectively.
B;r is the transpose of matrix B;. In Eqn. 8 O,,, and O
are the coordinates of the origins of T,,, and T, respec-
tively (see Fig. 2(a)). M| . is then aligned along its princi-
pal axis and its z, y, z bounding dimensions D/ . are calcu-
lated using Eqn. 9.

D!, = max,y:(V;,,Pus) — ming,:(V,,,Pmns) (9

In Eqn. 9, V), is the matrix of z,y and z coordinates
of the data points of M/ . and P,,, is the rotation ma-
trix that aligns V7, along its principal axis. In the next
step, D is subtracted from D/ .. If the maximum differ-
ence between the two is less than a prespecified tolerance
tp, M, and M, are also registered (with R and t) and
pairs of points on M,,, and M that are within a distance
equal to 2d,cs (dyes is the resolution of M;) are turned
into correspondences. We selected a conservative value of
tp = mean(D,,D,, D.)/10 since the registration at this
stage is likely to be inaccurate. If the number of correspon-
dences found is more than n. (n. = min(number of points
in M,,, & M;)/4), the registration is refined with a vari-
ant of the ICP algorithm [19]. Correspondences are estab-
lished once again between points on the two views that are
within a distance of d,..s. If the number of correspondences
found is more than 2n., the combined bounding dimen-
sions D, s of the registered fine meshes are calculated in
a similar fashion using Eqn. 9. Once again D is subtracted
from D,,,. If the maximum difference between the two is
less than a tolerance 2d,.s, the algorithm proceeds to the
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Figure 4. Correspondence graph of the range
images of the bone (a) and the dinosaur (b).

global-verification step. If any one of the above
local-verification steps fails, the next pair of ten-
sors is selected for matching and the process is repeated.

Global-verification is performed before a new
mesh can be added to the graph as follows. The combined
bounding dimensions Dy, of the existing meshes in the
spanning tree and the new mesh are calculated after they
have been registered in a similar way using Eqn. 9. Next,
D is subtracted from Dy,. If the maximum difference be-
tween the two is less than 4d,..s, the newly added mesh is
accepted in the graph. If global-verification fails,
the whole process is repeated.

4. Completing the 3D Model

Once the correspondence graph is complete, all the
meshes are registered in the coordinate basis of a refer-
ence mesh and correspondences are established between
the close points of all overlapping meshes (not just the ones
connected in the graph). This exhaustive list of correspon-
dences is then fed to a global registration algorithm [21]
which registers the views globally, distributing the registra-
tion errors evenly over the 3D model. Finally, the meshes
are automatically integrated and reconstructed using Vrip-
Pack [1] which uses the volumetric integration algorithm
by Curless and Levoy [8] for integration and the march-
ing cubes algorithm [14] for reconstruction.

5. Results

We performed our experiments on a large data set of high
resolution range images (approx. 40,000 points per view).
In this paper we present the results of our experiments per-
formed on three objects namely, the dog, the dinosaur and
the bone (range data taken from [20]). In each case the un-
ordered range images of the object were fed to our algo-
rithm and their respective 3D models were generated. Fig. 3
shows the spanning tree built from the range images of the
dog whereas Fig. 4(a) and Fig. 4(b) show the spanning tree
built from the range images of the bone and the dinosaur
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Figure 5. 3D modeling resulits.

respectively. Fig. 5 shows the 3D models of the objects
viewed from three different angles.

6. Conclusion

We presented a fully automatic multiview correspon-
dence algorithm based on our previously published tensor
representation for registering unordered range images. Our
algorithm uses an index table to efficiently match tensors of
different views for establishing correspondences. We also
integrated our algorithm with other modular automatic com-
ponents to make a complete automatic 3D modeling frame-
work. Our results show that our algorithm is fully auto-
matic, efficient and applicable to free-form objects.
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