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Abstract. In this paper, we propose a novel approach to reconstruct
triangle meshes from point sets by taking the silhouette of the target ob-
ject into consideration. Recently, many approaches have been proposed
for complete 3D reconstruction of moving objects. For example, motion
capture techniques are used to acquire 3D data of human motion. How-
ever, it needs to attach markers onto the joints, which results in limiting
the capturing environments and the number of data that can be ac-
quired. In contrast, to obtain dense data of 3D object, multi-view stereo
scanning system is one of the powerful methods. It utilize images taken
by several directions and enables to reconstruct 3D dense point sets by
using Epipolar geometry. However, it is still challenging problem to re-
construct 3D triangle mesh from the 3D point sets due to the abundant
points originated by mismatched points between images. We propose a
novel approach to obtain more accurate triangle mesh reconstruction
method than the previous one. We take advantage of silhouette images
acquired in the process of reconstructing 3D point sets that result in
removing noises and compensating holes. Finally, we demonstrate that
the proposed method can generate the details of the surface, where the
previous method loses from a small number of points.

Keywords: active measurement system, projector-camera system, en-
tire 3D shape, multi-view image reconstruction

1 Introduction

In this paper, we propose a novel approach to generate triangle meshes based
on the silhouette of the target object. Recently, 3D data is becoming one of
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the most important information to represent the object motion and shape, such
as humans, animals and so on. To acquire such 3D data, several techniques
have been invented. One such example is motion capture. To detect the motion
of objects, markers are attached onto joints. However, the number of samples
acquired is limited to the number of markers. As a result, it is difficult to re-
construct surface information using such devices. On the other hand, to obtain
dense 3D point sets, various techniques have been proposed in the literature,
including Shape-from-Silhouette [14], Multi-view Stereo (MVS) [8]. Shape from
Silhouette is one of the typical methods to acquire the entire shape in dynamic
scenes, however surface details usually cannot be recovered correctly. Multi-view
stereo can generally yield accurate reconstructions. However, reconstructing ac-
curate point sets and generating 3D triangle mesh from the point sets are still
challenging tasks.

Multi-view stereo reconstructs 3D point sets by computing corresponding
points by the images captured from several directions. The point sets are re-
fined by silhouette images that are the binary images contouring the object, to
remove points originated from calibration error or background textures. After
reconstructing the point sets, the points are connected to be a triangle mesh.
There are some methods that can generate a 3D mesh, however, they tend to
fail to connect the points, especially in the case that the number of the points
are small, and lose the details of the surfaces.

The main contribution of this paper is that we propose a novel approach that
can generate a triangle mesh with a higher accuracy than the state of the art.
This is achieved by integrating the silhouette images of the target object into
the mesh generating process. The silhouette images prevent abundant points to
be connected to generate a 3D mesh. The proposed method is evaluated using
point sets acquired by a multi-view projectors/cameras system. We compare
the proposed method with a technique representative of the state of the art,
which shows our method can generate surfaces from small number of points.
Our method can cover holes that tend to appear in sparse point areas and keep
the details on the surfaces.

The paper consists of the following sections. In section 2, we briefly intro-
duce some representative methods whose purpose is reconstructing 3D points
or meshes. In section 3, we mention the overview of the multi-view projec-
tors/cameras system that enables to reconstruct the point set from images cap-
tured by several directions and how to exploit silhouettes from the images. We
explain the details of the proposed method in section 4. Experimental results
are mentioned in section 5. Finally we conclude the paper by directing future
vision in section 6.

2 Related Work

Lots of techniques have been developed to reconstruct 3D shape by using multi-
view stereo technique. We review some of representative methods here.
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Fig. 1. A setup example to reconstruct the entire shape using six projectors and six
cameras.

Several methods use the concept of visual hull such as [5], [9], [14], [16].
Visual hull is computed by taking the intersection of slices of space projected
from the target object in the input image. Several techniques utilize visual hull
as the initial shape of the 3D model. However, visual hull cannot reconstruct
the details of the surfaces. Therefore, improvements are proposed by the articles
[5], [9].

Volumetric multi-view stereovision techniques decompose the domain into
subdivided areas [2], [3], [6]. These methods tend to be time-consuming or fail
to reconstruct 3D shapes because of initial settings of the optimization.

Other approaches for reconstructing 3D shape are well-summarized in Seitz
et al. [19]. Labatut et al. also introduces such techniques by categorizing them
from several aspects [13].

Surface reconstruction has been actively developed in computer graphics
fields such as [1], [4], [12], and [11]. Those methods are implicitly assum-
ing that the point sets are dense enough to reconstruct 3D surface. However,
point sets acquired by multi-view stereo system are not always sufficient. In ad-
dition, density of the points would be different depending on the areas. This
is because occlusions occur behind the target object, where the reconstruction
would be failed.

The proposed method enables to reconstruct surface from relatively small
number of points and space areas. In addition, our method can preserve the
shape of the surface without smoothing the details.
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Fig. 2. The overview of the proposed method

3 Overview of the multi-view projector camera system

3.1 System configuration

For our proposed method, we use the active MVS system proposed by Furukawa
et al. [7], where multiple cameras and projectors are used.

In the setup, devices are placed so that they encircle the target object, and
the cameras and the projectors are put in alternating order with known position
and orientation. The system was setup as shown in Fig 1. We assume all the
devices are calibrated (i.e. known intrinsic parameters of the devices as well as
their relative positions and orientations). The details of the system configuration
are explained in the paper [7].

3.2 The multi-view projector camera system

The system obtains triangle meshes by the following steps; capturing images,
generating silhouettes, decoding projected patterns, getting point sets of the
target object, and finally, reconstructing triangle meshes. The overview of the
proposed method is shown in Fig. 2. The process from capturing images to
getting point sets are included in the multi-view stereo system. We use the sil-
houettes of the target object to generate 3D triangle mesh with higher accuracy.

In order to capture the geometry of the object, each of the projectors projects
patterns, while the cameras capture the projected patterns as 2D curves on the
captured images.
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Fig. 3. Workflow for the silhouette extraction.

Next, we generate silhouettes to suppress noise from point mismatches result-
ing in 3D points outside the target object. To this end, we employ a silhouette
generating method based on an offline image database composed by the back-
ground images taken under all combinations of projectors, in order to be robust
to cast shadows [18]. The details of the silhouette extracting method is explained
in Section 3.3. In the proposed mesh generating process, this silhouette image is
also used as a term of a cost function, which brings more accurate reconstruction
result than the previous method. Wrong matches inside the object don’t affect
the cost function because they don’t appear on surfaces. The tetrahedra com-
posed of the points are also invisible from outside, therefore, they don’t affect
the final result.

Decoding the projected patterns is necessary to get the shape information
of the target object. However, the color information projected is often lost or
corrupted due to the texture of the target object. Several methods are proposed
to recover the projected patterns despite the interference of the surface texture,
such as [21] which we use in this work.

Next, we compute the 3D points by decoding the projected patterns. Namely,
we reconstruct the point sets by matching corresponding points between the
captured images. Since we use the multi-view system, we can get six sets of
points that come from six projectors.

Finally, we reconstruct the triangle mesh representation of the target object.
To do so, first, we must find the optimal position for the point sets. We propose
a method to determine this position by using the silhouette as a term of the cost
function in Section 4.
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3.3 Creating silhouette based on the database

In our system, we use the technique described in [18]. The purpose of defining
the 3D silhouette of the object is to avoid corresponding points being generated
outside of the target object. In addition, we use the silhouette as a term of cost
function to prevent that meshes are appeared by misaligned points.

The basic idea of the technique is to create all possible the image areas
affected by cast shadows as shown in Fig. 3. Therefore, we capture multiple
images of the background illuminated by different subsets of the projectors. All
these images are put in a database, which is used to calculate the similarity with
each region of the target image. Therefore it allows to find correspondences of
background regions even the captured image includes shadows.

During the shape acquisition procedure, similarity is calculated for each patch
of the object image against the database using ZNCC (Zero-mean Normalized
Cross-Correlation), which allows for linear changes in luminance. However, when-
ever a candidate patch contains both a subregion with cast shadows as well as
one with a clean background, the similarity score is negatively affected. Simi-
larly, at the boundary of the projected lines the perceived color is affected by the
demosaicing algorithm, creating instabilities and false matches. In order to alle-
viate these issues, we consider directly using Bayer pattern images as the input
and use an adaptive support-weight [22] when calculating the similarity. Adap-
tive support-weights work by setting a weight to each pixel of the patch based
on color similarity between the center and outer pixels, which we have found
experimentally to solve our problem. In all our experiments, we use a 5×5 patch
size. The similarity score is used as the data term for a Graph Cut algorithm,
which we use for the final segmentation into foreground and background.

4 Triangle mesh reconstruction

In this section, we propose a method that enables to generate triangle meshes
from point sets. The purpose of the proposed method is to generate accurate
polygon meshes by taking advantage of the information obtained from the multi-
view stereo system.

Our method stems from the mesh generating technique proposed in the pa-
per [13]. This consists of constructing a triangle mesh by viewing the problem as
binary labeling, where labels stand for the points being either inside or outside
of the target shape generated by 3D Delaunay triangulation. For optimization,
graph cut was used to minimize the following cost function.

E(S) = Evis(S) + λphotoEphoto(S) + λareaEarea(S) (1)

where, S is a set of triangles belonging to the target mesh. Evis(S) is the visibility
that indicates whether the triangle set can be seen from the camera or not. The
idea is that the triangle set S consists of the surface of the target object is visible
from the camera. Evis(S) is represented by the total number of tetrahedra that
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Fig. 4. The wave projection pattern

Fig. 5. The captured images (top row) and obtained silhouettes (bottom row)

the ray passes through from each point of a tetrahedron while it reaches the
camera. Earea(S) is one of the areas of triangles on a tetrahedron.

In our method, we accept the active reconstruction method using multi-
view stereo system proposed in the paper [10] to get the point sets of a target
object. We used the projection patterns shown in Fig. 4. The advantage of this
projection patterns is that we can acquire point sets independent from other
projected patterns. The arrangements of the devices are same to Fig. 1.

The process of the proposed triangle-mesh generating method is as follows:
First, we merge the point sets to reduce the errors that come from calibration
process. Next, we construct 3D Delaunay triangulation by using graph cut. Fi-
nally, we solve the optimization problem by Levenberg-Marquadt method to get
the resultant triangle mesh.

5 Experiment

5.1 Merging point sets

Our system consists of six cameras and six projectors aligned alternately (See
Fig. 1). Therefore, we reconstruct three dimensional points using the combina-
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Fig. 6. The comparison between the proposed method (center column(b)) and the
previous method [11](right column(c))
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tions of cameras and projectors. The minimum component is that a projector is
aligned between the two paired of cameras. As a result, each projector has two
reconstructed point sets. Then, twelve point sets can be obtained. Point sets ob-
tained by the same projector are supposed to be matched, however, mismatches
exist because of the calibration error. We optimize the point sets using SBA
(Sparse Bundle Adjustment) [15].

5.2 Computing the Delaunay triangulation in 3D space

In the two dimensional space, Delaunay trianguration connects points to be
triangles. In the three dimensional space, it connects points with neighboring
three points so that they make a tetrahedron. The circumcircles of the triangle do
not include the other points, therefore, it is possible to construct mesh structure
by the neighboring points. We construct 3D Delaunay map from 3D point sets. To
obtain the 3D Delaunay map, we used The Computational Geometry Algorithms
Library (CGAL) [20].

5.3 Graph cut optimization

The method proposed in the paper [13] generates triangle mesh by regarding
the problem as a binary labeling. They assign labels to the tetrahedron so that
they stand for inside or outside of the target shape. In the proposed method, we
follow this concept, however, we propose a new cost function to prevent noise
that would be reconstructed from abundant 3D points.

To add the binary labels, we use graph cut optimization. We optimize the
following cost function.

E(S) = Evis(S) + λsilEsil(S) + λareaEarea(S) + λlengthElength(S) (2)

λsil, λarea, and λlength are weights for each term. Esil(S) is the total number
of white pixels that appear by a tetrahedra being reprojected to be a silhouette
image. By using this term, we generate meshes based on the silhouette images,
which result in decreasing noises. Earea(S) is the energy that decides the surface
smoothness. Elength(S) is the energy that stands for the sum of the length of
the edges by the triangle that consists of tetraheda.

5.4 Experimental settings

In our experiment, we used six Point Grey Research Grasshopper cameras (1600×1200
pixels), and six LCD video projectors at WXGA resolution. The cameras are syn-
chronized and calibrated prior to the experiment and can capture images at 20
fps. We used a mannequin model as an object.
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5.5 Experimental results

The images captured by the MVS system are shown in the top row of Fig. 5.
The wave pattern was projected onto the object. We used the method proposed
in the paper [18] to generate silhouette images. The acquired silhouettes images
are shown in the bottom row of Fig. 5. The silhouettes are properly obtained
without including the texture of background.

Fig. 6 illustrates the comparison result. The top row shows the front view and
the bottom row shows the back view. We show the merged point set obtained
by our system in Fig. 6(a). The number of vertices is 4,654. Despite the low
number of vertices, we are able to generate a smooth polygon mesh as shown in
Fig. 6(b). Fig. 6(c) is the result obtained by the method proposed in [11] and
implemented on Meshlab [17]. We tried to find the best parameter settings in
the method [11], however we found empirically that the suggested parameters
were the best: Octree Depth is 6, Solver Divide is 6, Samples per Node is 1, and
Surface offsetting is 1. The computation time is about 0.5 [sec.] on the software.

In Fig. 6(b), we can see that the proposed method enables to reconstruct areas
where detail tends to be lost, such as the area where the points are occluded by
the legs, where the points are sparsely distributed. Conversely, these points are
connected into contiguous surfaces when using the method in [11] as shown in
Fig. 6(c). In addition, noise that existed in the point set was removed by the
proposed method in 6(b), while they can be seen around the object in Fig. 6(c).

Our method still left some bumps. This is caused by the area where the point
sets overlapped due to slight calibration errors.

We conducted our experiment under the condition that Intel(R) Core(TM)
i7-2600 CPU (3.40GHz), 16GB RAM, x64 system. The program was executed
on a single core. The total computation time is 756.31 [sec.]. The most time-
consuming part is the collision judgment between the Delaunay diagram and
silhouette images. It takes 379.69 [sec.] and accounts for about 50 % of the total
computation time. The visibility judgment that the rays count the number of
surface across the path takes 362.45 [sec.] and accounts for about 48%.

In Fig. 7, we applied our method to data obtained from a posing human
subject. The number of vertices is 16,287. Fig. 7(d) shows some of the captured
images. Again, the results clearly show how our method can better preserve the
details in scenes with a low number of vertices.

6 Conclusion

We proposed a novel approach to generate triangle meshes by integrating infor-
mation from the silhouette images of the target object. By using the silhouette
images as a term of the cost function, we are able to successfully remove mis-
matched points that would result in failure cases during the mesh reconstruction.
Consequently, the proposed method can generate triangle meshes from relatively
small number of points while preserving the surface details. Especially when com-
pared with the state of the art, our method is able to better preserve the surface
details with a small number of vertices.
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Fig. 7. The resultant mesh obtained from complex object

For our future work, we will explore the parameter space of our proposed
method for a better optimization performance. In addition, efficient implemen-
tation is another future work. In the proposed algorithm, all the processes can be
separated by the minimum projector-camera components. Therefore, the com-
putation time can be reduced by parallel processing such as using GPU.
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