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Abstract
The modeling of real scenes is a complex and challenging task for which the use of laser rangefinders is one of
the most promising approaches. Unfortunately, in many situations, it is not possible or practical to guarantee
appropriate sampling of all surfaces in the scene. For example, occlusions and accessibility limitations to certain
regions of the scene may cause some areas not to be visible by the scanner, resulting in incomplete or incor-
rectly reconstructed models. This paper describes a pipeline and a system implementation for improving model
reconstruction from incomplete information available from range images.

Categories and Subject Descriptors (according to ACM CCS): I.3.7 [Computer Graphics]: Three-Dimensional
Graphics and Realism, Virtual Reality

Figure 1: View of the UNC Reading Room rendered from ten
864x240 range images. Note the holes.

1. Introduction

The availability of detailed geometric models is a critical
factor for achieving realism in most computer graphics ap-

Figure 2: View of the Reading Room reconstructed by our
system from the data used to render Figure 1.

plications. Despite the great progress observed in rendering
techniques during last two decades, the process of model-
ing 3D objects and scenes has experienced significant fewer
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advances in the same period. In the past few years, we
have observed an increasing demand for faithful representa-
tions of real scenes, primarily driven by applications whose
goal is to create extremely realistic experiences by build-
ing virtual replicas of real environments. Potential uses of
this technology include telepresence, entertainment, training
and simulation, analysis of forensic records, remote walk-
throughs and 3D TV, and have attracted the attention of sev-
eral researchers19, 34, 30, 1.

Creating models of real scenes is, however, a complex
task for which the use of traditional modeling techniques
is inappropriate. Aiming to simplify the modeling and ren-
dering tasks, several image-based techniques have been pro-
posed in recent years8, 27, 35, 26. Among these, the combined
use of laser range finders5 and color images appears as one
of the most promising approaches due to its relative inde-
pendence of the sampled geometry and short acquisition
time26, 30. Renderings of scenes modeled with such a tech-
nique can potentially exhibit an unprecedented degree of
photorealism. Unfortunately, in many situations, it is not
possible or practical to guarantee appropriate sampling of
all surfaces in the scene. For example, occlusions and ac-
cessibility limitations to certain regions of the scene may
cause some areas not to be sampled, resulting in incom-
plete or incorrectly reconstructed models. The occurrence of
such areas is a major source of artifacts, usually appearing
as "holes" in the rendered images. Figure 1 illustrates this
situation for a partial model of the UNC Reading Room ac-
quired from a single laser scan. Creating high-quality mesh
representations for each object in the scene from incomplete
data remains a challenging task44.

This paper describes a pipeline for improving the recon-
struction of scenes represented as sets of range images and
introduces new algorithms for exploiting the use of symme-
try for reconstruction. The pipeline consists of a segmenta-
tion step followed by the reconstruction of missing geomet-
ric and textural information for individual objects (Figure
3). To achieve our goal, we take advantage of two simple but
powerful observations: (1) real indoor scenes usually contain
a number of large planar surfaces; (2) symmetry pervades
both human-created and natural environments23, 14, 37, 39. We
use these observations to design new algorithms and tools
that greatly simplify the reconstruction task. Texture recon-
struction from samples of the original texture is performed
using a synthesis algorithm11 and by exploring symmetry in
periodic patterns.

Due to the segmentation of individual objects, our system
also allows the user to edit the scene. We illustrate its use for
reconstruction of both synthetic and real scenes. The result-
ing models are shown to be significantly better than the ones
obtained by simply meshing the original range data. Figure 2
shows a rendering of the reconstructed model of the reading
room created with our system from the same dataset used to
render Figure 1.

1.1. Main Contributions

The main contributions of this paper include:

• A pipeline for scene reconstruction from range images;
• New algorithms for identifying approximate bilateral and

rotational symmetric patterns in point clouds. These algo-
rithms are relatively robust to noise and incomplete data;

• New algorithms for automatic identification of regions
whose sampling rate/reconstruction can be improved by
exploiting redundancies present in incomplete symmetric
objects;

• New algorithms for performing/improving reconstruction
of the areas identified above;

• A new algorithm for reconstruction of incomplete textures
presenting complex symmetric patterns.

2. Previous and Related Work

Our effort to improve reconstruction of scene models
from range images benefits from previous work in sev-
eral related areas, including registration and segmenta-
tion of range images6, 31, surface reconstruction from point
clouds18, 3, 10, 2, 12 and texture synthesis 38, 11.

Several algorithms for range image registration and for
registration of range and color images25, 29, 44 have been pub-
lished in recent years. We rely on these results and assume
that the input to our pipeline consists of a registered set of
range and color images.

Nyland’s registration algorithm31 uses a 3D Hough trans-
form to identify large planar areas in different datasets,
which are then used to constrain the registration process. In
our pipeline, a 3D Hough transform is also used to identify
large planar areas, but the goal here is to replace them with
texture-mapped polygons. This has three important benefits:
(1) it can significantly reduce the number of points in the
later stages of the pipeline; (2) reconstruction of planar ar-
eas is straightforward; (3) it facilitates the identification of
clusters among the remaining points.

Curless9 uses a hole filling technique to interpolate non-
sampled surfaces in concave regions of objects. In this case,
however, the added surfaces have little or no impact on the
appearance of the objects and were intended to produce "wa-
tertight" models for reproduction using rapid prototyping
techniques9. In our work, we try to derive information to
fill in missing geometry and texture that would, otherwise,
result in major artifacts.

A lot of work has been done in segmentation of range
images17, 15, 4, 21, but even in the simplest case of planar range
image segmentation, current automatic procedures often fail
to produce the desired results17. Due to ambiguities, seg-
mentation usually requires some knowledge about the scene,
and achieving good results often requires user intervention44.
Our system uses preprocessing and interactive tools to assist
users to perform segmentation and reconstruction.
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Whitaker, Gregor and Chen40 describe a system to recon-
struct 3D surface models of indoor scenes sampled as collec-
tions of range images. First, the system identifies planar ar-
eas and the user defines correspondences among them across
the various scans. The correspondence information is later
used for registration. The identification of the planar regions
is carried out in several steps: anisotropic diffusion for im-
age smoothing, region finding, region pruning, planar fitting
using weighted least-squares and plane selection40. The in-
tegration of the range images is based on a probabilistic ap-
proach and deforms the original range surfaces in order to
optimize an objective function. Except for requiring the user
to define the correspondences, the process is completely au-
tomatic. The final result is a continuous surface representing
all objects in the scene. Sharp edges are rounded.

Yu et al.44 used range images and photographs to segment,
reconstruct and simplify objects from real scenes. Their goal
is to edit the scene (e.g., move objects around) and no at-
tempt to reconstruct missing areas was made. Since our
pipeline uses a segmentation step, our scenes can also be
edited.

Carr et al.7 use polyharmonic Radial Basis Functions to
obtain implicit representations for object surfaces described
by point clouds. The technique can handle a large num-
ber of samples and produces very impressive results. It can
be used for smooth hole-filling and for mesh simplification
and remeshing. Since the entire point cloud (extended with
off-surface points) represents a single surface, the algorithm
only handles one object at a time.

Mark24 discusses the issue of removing disocclusion arti-
facts in the context of post-rendering 3D warps. In this case,
the hole-filling step is performed in image space as opposed
to in 3D.

One of the novel aspects of our work is the identification
and use of approximate symmetry in point clouds and its use
for reconstruction. Identification of symmetry is an impor-
tant issue in pattern recognition and several algorithms have
been proposed for finding symmetry in 2D images33, 22, 41, 42.
Yip41 used a Hough transform to identify approximate rota-
tional symmetry in 2D binary images. The 2D Hough trans-
form is used to identify the center of a set of concentric cir-
cles. The resulting algorithm has cost O(n3) on the number
of pixels of the image. More recently, Yip exploited the use
of 2D Hough transform to identify approximate bilateral and
skew symmetry42. In this case, a three-step Hough transform
is used to find the common bisector of a group of trapezoids.
In our approach, a 3D Hough transform is used to identify
both bilateral and rotational symmetry in unorganized point
clouds. Our algorithm is conceptually much simpler and has
a cost O(n2) on the number of points.

O’Mara and Owens32 find the dominant plane of bilateral
symmetry for 3D magnetic resonance images (MRI). The 3D
MRI dataset is treated as a binary object for which a centroid
and a covariant matrix are computed. The eigenvectors of

the covariant matrix are used as normals for three candidate
planes. For each plane, a measure of symmetry is obtained
by checking differences between intensity values in opposite
sides of the plane. The one with highest symmetry measure
is selected.

Mills at al28 presented an algorithm for finding global
approximate symmetry for boundary representation (B-rep)
models built from planes, spheres, cylinders, cones and tori.
The symmetry check consists of trying a certain number
of rigid motions (up to 120 permutations) and verifying
whether each point lies within a certain tolerance from the
original position of another point in the set. This algorithm
works for models with small number of vertices, such as
simple polyhedra.

3. The Reconstruction Pipeline

The segmentation and reconstruction pipeline is shown in
Figure 3. It exploits the observations that real scenes usu-
ally contain a significant number of planar and symmetric
surfaces. The following subsections describe the steps of the
pipeline.

3.1. Segmentation and Reconstruction of Planar
Surfaces

A 3D Hough transform is used to identify planar regions rep-
resented by sets of points in 3D. For each input point, a vote
is cast to all cells of the Hough space representing planes
passing through that point. To avoid finding spurious planes,
the normal of every point is computed before vote accumu-
lation and each point only votes for a few Hough cells. This
decision is based on the normal at the point, which is com-
puted based on its local neighborhood. The parameters of
the final extracted planes are further refined fitting a plane
through their selected points using singular value decompo-
sition (SVD).

All salient planes can be identified using the technique
described, but extracting polygons from the scene requires
user assistance to specify the appropriate boundaries. In our
system, this is done interactively, allowing for the creation of
polygons with arbitrary shapes and sizes. This is particularly
useful for reconstruction of occluded planar surfaces whose
shapes are known a priori.

3.2. Texture Reconstruction for Planar Areas

In our system, texture reconstruction for planar surfaces is
based on isotropic and stochastic assumptions. For each tex-
ture, the synthesis procedure consists of:

• Orthographically project all texture samples onto its un-
derlying plane and splat the color information onto a tex-
ture buffer;

• Find the biggest square in the texture buffer whose interior
is completely filled with the splats;

c© The Eurographics Association and Blackwell Publishers 2002.
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Figure 3: Segmentation and reconstruction pipeline.

• Use this square texture as input for an Image Quilting
procedure11 and discard the original texture.

The carpet textures shown in Figures 2 and 9 and the wood
texture of the desk in Figure 13 were reconstructed using this
procedure.

3.2.1. Symmetric Texture Patterns

For the reconstruction of symmetric texture patterns, such as
the one shown in the Oriental rug (Figure 4), a procedure
based on a 2D Hough transform is used instead of the Im-
age Quilting algorithm11. In this case, the extracted texture
is scanned and, for each texel t, all other texels with similar
colors (based on an L2 norm in RGB space) are identified.
A vote is then cast to each of the bisectors between t and
all its similar texels. After the scanning of all input samples
is completed, the bisectors with most votes are selected as
the symmetry axes for the texture and used to mirror filled
texels to unfilled ones. Since the accuracy of this procedure
depends on the quality of the input data, user assistance is
usually required. After copying texels according to the sym-
metry axis, some texels may still be empty. These texels are
filled using a pull-push strategy13 based on a texture pyra-
mid. Figure 4 illustrates the intermediate steps produced by
this technique for the reconstruction of an Oriental rug. Fig-
ure 4 (left) shows the extracted texture and one of its sym-
metry axes. The image in the center shows the reconstruction
obtained by mirroring, while on the right one sees the final
result produced by the pull-push algorithm.

3.3. Clustering

After eliminating all points belonging to large planar sur-
faces, the pipeline proceeds by segmenting clusters of points

 

Figure 4: Reconstruction of an Oriental rug. Extracted tex-
ture (left). Reconstruction by mirroring (center). Final result
produced by the pull-push algorithm (right).

spatially close to each other, which are treated as individual
objects. Clusters are identified using an incremental surface
construction algorithm12 based on the projected distance (on
local tangent planes) of adjacent points in 3D.

For each pair of points in the point cloud do
Compute the bisector plane for the two points
Cast a vote for the computed plane

If plane Πi alone received most votes then
Πi is a symmetry plane // bilateral symmetry

elseif Πi , Π j . . . Πn all received many votes then
a = intersection(Πi , Π j . . . Πn) is a symmetry axis

else
no symmetric pattern found

Algorithm 1: Identifying approximate symmetry in point
clouds.

3.4. Symmetry Check and Reconstruction

Symmetric features are pervasive in both natural and man-
made environments23, 14, 37, 39. The redundancy embodied in
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symmetric shapes is exploited to allow reconstruction to pro-
ceed from incomplete data.

Due to its relative insensitivity to noise and missing data,
the Hough transform is a natural tool for identifying approx-
imate symmetries in unorganized point clouds. Algorithm 1
describes a procedure for identifying such patterns. Once a
symmetry plane has been identified, points can be mirrored
to the other side of the plane to fill holes or simply to im-
prove the sampling rates locally. In the case multiple planes
presenting approximately the same number of votes (this in-
dicates the presence of rotational symmetry), the symmetry
axis is computed as the intersection of all identified planes
using SVD.

1. Put all points in a queue
2. While the queue is not empty do
3. Get one point p from the queue
4. Find the samples in the local neighborhood of p and

the samples in its mirrored neighborhood
5. Project both neighborhoods onto the tangent plane

of p and sort them by angle around p
6. If the angle between two projected adjacent points

ai and a j from the local neighborhood of p is
bigger than 120 degrees, find a point q from
the mirrored neighborhood, whose projection
falls in between (angular wise) ai and a j and
whose distance to p is between
µ*local_min_dist(p) and local_min_dist(p)
local_min_dist(p) is the minimum distance
between p and any point in its local
neighborhood. µ is a user specified parameter
for the entirereconstruction process

7. Add q to the queue

Algorithm 2: Symmetry reconstruction.

The identification of regions that can potentially bene-
fit from mirroring is performed in the following way: for
each point p in the point cloud, we project its local (3D)
neighborhood onto its tangent plane and sort the projec-
tions by angle around p. We define the local neighborhood
of a point p as the set of points L = {pi|dist(p, pi) ≤ d},
where dist(p, pi) is the Euclidean distance between p and
pi, d = µ ∗ (min(dist(p, pi))) and µ is a user-specified pa-
rameter. If the angle between two projected adjacent points
ai and a j in the local neighborhood of p is bigger than 120

degrees, a possible hole (or boundary) may exist†. Only in
this case, reconstruction by mirroring is applied. The recon-
struction procedure is described in Algorithm 2 and illus-
trated in Figure 5, where the outlined circle on the right is
the mirrored image of point p and the image of q is added
to the local neighborhood of p. The mirrored neighborhood

† The surface reconstruction algorithm used12 does not add trian-
gles with an internal angle bigger than 120 degrees to the recon-
structed mesh.

of a point with respect to a plane is obtained by mirroring
the point with respect to the plane and computing the local
neighborhood (Figure 5).

Because the computed position for the symmetry plane is
usually only approximate, the distances between each point
in the mirrored neighborhood and the tangent plane of the
current point (p, in Algorithm 2) are computed as well. If a
distance is bigger than a certain threshold, the corresponding
point is discarded. This is intended to avoid adding noisy
data to the local neighborhood of p. A dexel data structure16

is used to accelerate the neighborhood search.

Depending on the input data, there may still be some non-
sampled regions even after symmetry reconstruction. We
currently perform surface reconstruction using the algorithm
proposed by Gopi and Krishnan12. Like other surface recon-
struction strategies from point clouds18, 3, 10, 2, it cannot guar-
antee filling in holes in areas with local variations of sam-
pling density. We intend to solve this problem by locally
interpolating surfaces points using moving-least-squares20.
Alternatively, one can reconstruct each cluster using poly-
harmonic Radial-Basis-Functions7.

 
Symmetry Plane 

Local 
neighborhood 

of p 

p 
q 

Mirrored 
neighborhood 

of p 

ai 

aj 

Figure 5: Illustration of the symmetry reconstruction in the
neighborhood of point p.

3.5. Meshing, Texturing and Simplification

After incorporating new samples by exploiting symmetry
and surface fitting, each cluster is then meshed and possi-
bly textured and simplified. Meshing is currently performed
using the same algorithm used for cluster segmentation12.

3.6. Editing

Since individual objects have been segmented, the user can
edit the scene. For instance, an object can be instantiated
several times, deleted, or simply moved to a new position.

If a planar region does not have enough samples, the cor-
responding plane may not be correctly extracted. For these
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cases, we have implemented a tool for cloning already re-
constructed polygons, which can then be repositioned and
resized to make up for large missing areas. This technique
was used to create the top of the furniture next to the win-
dow, a wall and the back of the shelves not visible in the
original dataset (Figure 2). The approach is also illustrated
in one of the accompanying animations.

Textures can also be reconstructed by cloning. We use a
cloning brush tool similar to the one available in Photoshop
to reconstruct some kinds of textures. This tool was used to
help reconstruct the window’s shade texture occluded by the
small plant (Figure 8) and textures for the lower portion of
the bookshelves occluded by the chairs (Figure 2).

4. Results

We have implemented the pipeline described in Section 3,
with the exception of the surface fitting step intended to re-
construct possible persisting holes. The code was written in
C++ on a 2.0 GHz Pentium 4 PC with 512 MB of memory.
Our prototype was used for reconstructions of a real and a
synthetic environment. Hough tables with sizes 60x60x160
were used in both cases for the detection of large planar ar-
eas. In Hough space, this corresponds to angular increments
of 3 degrees. The size of the increment in ρ varied with the
length of the scene ’s bounding box ’s diagonal (which was
divided by 160). For the case of the real scene, ∆ρ = 0.51
units, and for the synthetic scene ∆ρ = 1.93 units.

4.1. Reconstruction of a Real Scene

The real dataset used is a partial model of the Sitterson Hall
(UNC) reading room, consisting of 10 864x240 range im-
ages acquired from a single viewpoint and containing a total
of 1,805,139 valid samples. These samples are shown as a
panorama in Figure 6. For this scene, the computation of
the Hough transform for identifying planar regions took ap-
proximately 17 minutes and its results were saved for later
use during an interactive session.

Although the Hough transform identified all major planar
areas, we decided to replace only five of them with texture-
mapped polygons: the wall containing the window, the wall
next and parallel to it, the front of the furniture also next to
the window, the floor and the bottom part of the bookshelf.
After this step, the scene was left with 1,351,235 points. Re-
placing other planar regions of walls would have brought this
number down to 863,391 points. We decided not to do so
and allow a larger number of points to proceed to the clus-
tering step of the pipeline. The clustering step isolated the
three chairs and the remaining walls as four different clus-
ters. Reconstruction then proceeded with the middle chair
in Figure 6. The symmetry plane computed by the Hough
transform (using a table of size 70x70x70) was slightly off
the center, requiring minor user intervention. This is due to
the fact that only one external side of the chair is visible

Figure 6: Sitterson Hall reading room. Panorama obtained
by concatenating 10 864x240 range images.

(Figure 6). Figure 7 shows two views of the chair before
and after reconstruction by symmetry. Despite the existence
of small holes (in areas where no data was available in ei-
ther side of plane), the reconstructed model (Figure 7(right))
shows a significant improvement when compared to the orig-
inal chair (Figure 7(left)). The remaining holes result from
the inability of surface reconstruction algorithms to recon-
struct areas containing local variations in sampling density.
The resulting polygonal model was instantiated three times,
replacing the original chairs in Figure 2.

The texture for the wall containing the window was ex-
tracted from the original dataset by orthographically project-
ing all samples within a certain tolerance to the correspond-
ing extracted wall plane (Figure 8 (left)). Notice the exis-
tence of holes, mostly due to occlusions, shown in black.
The final texture (Figure 8 (right)) was obtained with the use
of the clone-brush tool to reconstruct the area correspond-
ing to the shadow of the plant on the shades. The remaining
holes were filled with the use of the push-pull algorithm.

 

Figure 7: Views of the chair before (left) and after (right)
reconstruction.

The carpet texture was synthesized from a small sample
seen in Figure 6 using the method described in11. The top of
the furniture next to window and a wall not visible in Fig-
ure 6 were created using the polygon cloning technique. The
textures for bottom of the three bookshelves were created
with the clone-brush tool.

The final edited scene is shown in Figure 2, Essentially,
all disocclusion artifacts have been removed.
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Figure 8: Texture extracted from the original point clouds
(left). Reconstructed texture using a clone-brush tool and
pull-push (right).

4.2. Reconstruction of a Synthetic Scene

We also tested our system on a larger and more complex
synthetic dataset of an office environment. It consists of 19
640x480 range images acquired from different viewpoints
and containing a total of 4,397,683 samples. Despite the rel-
atively large number of samples, many surfaces were not
sampled due to occlusions and simulated accessibility lim-
itations. Top views of the scene before and after reconstruc-
tion are shown in Figure 9.

The office scene contains a chair, a desk, a floor lamp, a
vase, a bookshelf, an Oriental rug (under the desk), a com-
puter monitor, a keyboard and a phone. The floor lamp and
the vase are used to illustrate the reconstruction of rotation-
ally symmetric objects. The reconstruction of the chair, mon-
itor and bookshelf are based on bilateral symmetry. The rug
was used to illustrate our attempt to reconstruct complex tex-
ture patterns (Figure 4).

Figure 9: Top view of a synthetic office before (left) and after
(right) reconstruction.

First, the major planes of the scene (walls, floor, the top
and some faces of the desk) were identified using the Hough
transform. Textures for the carpet and desk were synthesized
from the original samples using the procedure described in
Section 3.2. After the major planar surfaces have been re-
moved, all the remaining objects were segmented automati-
cally and submitted to a symmetry check. Figure 10 shows

three views of the chair. The image on the left shows the
chair before reconstruction. The image on the center shows
the symmetry plane, and to its right, the resulting model
computed automatically. Figure 11 shows renderings of the
monitor before and after its automatic reconstruction. Little
holes in the final model, not present in the original incom-
plete model, are due to the surface reconstruction algorithm.
All the original points are preserved. Figure 12 illustrates the
reconstruction of a rotationally symmetric object. The model
is shown before reconstruction, with a symmetry plane and
after reconstruction. Notice that although there is a symme-
try axis, reconstruction becomes much simpler when per-
formed as a series of reflections with respect to planes. The
number of points per object before and after reconstruction
is shown in Table 1.

The algorithm looks for symmetric regions containing un-
balanced number of samples and tries to balance them. Thus,
it is possible that areas whose surfaces were already filled
in the incomplete model receive new samples. Since at this
point, our system copies samples to the new location, it may
introduce texture artifacts due to differences in shading. This
situation is illustrated in the case of the floor lamp (Figure
12), for which darker samples were copied onto brighter re-
gions.

 

Figure 11: Computer monitor with symmetry plane before
(left) and after reconstruction (right).

 

Figure 12: Floor lamp before (left), with a symmetry plane
(center) and after reconstruction (right).

The Oriental rug was reconstructed using the algorithm
described in Section 3.2.1, and its results are illustrated in
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Figure 10: Chair before (left), with a symmetry plane (center) and after reconstruction (right).

Figure 4. Figure 13 shows views of the complete office be-
fore and after reconstruction.

Object # original points # points after # triangles after

Chair 41,511 64,290 127,525

Office chair 51,237 70,595 136,464

Monitor 81,329 103,243 206,982

Lamp 47,968 64,722 129,771

Vase 187,031 268,061 555,228

Table 1: Number of points per object before and after recon-
struction

5. Conclusions and Future Work

Occlusions and scanner accessibility limitations to certain
regions of the scene cause some surfaces not to be sampled,
resulting in incomplete or incorrectly reconstructed models.
This paper presented a pipeline for reconstructing missing
geometry and texture data, thus improving the quality of the
resulting models. Given the costs and difficulties associated
with the scanning of real environments, the use of semi-
automatic techniques in some stages of the pipeline seems
well justifiable.

The central idea of the pipeline is based on the observa-
tions that real scenes usually contain a number of large pla-
nar and symmetric surfaces. We first identify large planar
areas, replacing them with textured polygons. The remain-
ing samples are segmented into spatially coherent clusters,
which are then analyzed for the existence of symmetry.

Symmetry implies redundancy and can be exploited for
model reconstruction from incomplete data. We used this ob-
servation to design a family of new algorithms based on 3D
and 2D Hough transforms for identifying approximate sym-
metric patterns in point clouds and textures, and using such

pattern to perform reconstruction. The Hough transform is
an appropriate tool for this task due to its relative insensitiv-
ity to noise and missing data.

We have applied our method to the reconstruction of both
real and synthetic scenes and showed that our results are su-
perior to reconstructions obtained on the original data only.
Due to the segmentation of individual objects, it is possible
to edit the scene by instantiating, deleting or moving objects
around.

Symmetry-based reconstruction depends on the quality of
the input data and user assistance may be required. Never-
theless, it is a powerful concept for relaxing the requirements
of full digitization of all surfaces in the scene, as currently
required for the construction of complete models.

After symmetry-based reconstuction has been performed,
there may still be some areas for which no information is
available, which cannot also be filled in by automatic proce-
dures for surface reconstruction18, 3, 10, 2, 12. We expect to fill
these holes using a moving least squares procedure20. Alter-
natively, polyharmonic Radial-Basis Functions can be used
to reconstruct each one of the segmented objects7.

We currently copy color and texture information regard-
less of shading differences between the source and destina-
tion regions. Reflectance properties extracted directly from
surfaces43 combined with lighting information can be used
to improve these results.

Due to the dense sampling of surfaces produced by laser
range finders, the resulting polygonal models usually contain
an unnecessarily large number of small triangles. The use of
mesh simplification strategies, such as the ones used in36, 44

can be used to reduce the size of the model.

This work represented just the beginning of our explo-
ration on Computational Symmetry and several of its av-
enues still need to be conquered. Symmetry usually appears
in many different scales and the Hough transform seems to
be the natural tool for identifying it at both local and global
levels.
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Figure 13: View of the office before (left) and after the reconstruction (right).

Acknowledgements

Lars Nyland and the UNC IBR Group for kindly providing
the Reading Room dataset.

This research was sponsored by start up funds for new fac-
ulty members of The State University of New York at Stony
Brook.

References

1. D. Aliaga and I. Carlbom. Plenoptic Stitching: A Scal-
able Method for Reconstructing 3D Interactive Walk-
throughs. SIGGRAPH 2001, pp. 443-450. 2

2. N. Amenta, M. Bern, M.Kamvysselis. A New Voronoi-
Based Surface Reconstruction Algorithm. SIGGRAPH
98, pp.415-421. 2, 5, 8

3. C. Bajaj et al. Automatic Reconstruction of Surfaces
and Scalar Fields from 3D Scans. SIGGRAPH 95.
pp.109-118. 2, 5, 8

4. P. Besl and A. Jain. Segmentation Through Variable-
Order Surface Fitting. IEEE Trans. on Pattern Analysis
and Machine Inteligence. Vol. 10, No. 2, pp. 167-192,
Feb 1988. 2

5. P. Besl. Advances in Machine Vision. Springer Verlag,
Chapter 1 - Active Optical Range Sensors. 1989. pp.
1-63. 2

6. P. Besl and N. Mckay. A Method for Registration of 3D
Shapes. IEEE Trans. PAMI, 18(5): 239-256, 1992. 2

7. J. Carr et al. Reconstruction and Representation of
3D Objects with Radial Basis Functions. SIGGRAPH
2001, pp. 67-76. 3, 5, 8

8. Eric Chen. QuickTime VR - An Image-Based Ap-
proach to Virtual Environment Navigation. SIGGRAPH
95, pp. 29-38. 2

9. B. Curless and M. Levoy. A Volumetric Method for
Building Complex Models from Range Images. SIG-
GRAPH 96, pp. 303-312. 2

10. H. Edelsbrunner and E. Mucke. Three-Dimensional Al-
pha Shapes. ACM Transactions on Graphics, 13(1): 43-
72, 1994. 2, 5, 8

11. A. Efros and W. Freeman. Image Quilting for Texture
Synthesis and Transfer. SIGGRAPH 01, pp. 341-348.
2, 4, 6

12. M. Gopi and S. Krishnan. A Fast and Efficient
Projection-Based Approach for Surface Reconstruc-
tion. High Performance Computer Graphics, Multime-
dia and Visualization. Vol 1, No.1, 2000, pp.1-12. 2, 4,
5, 8

13. Steven Gortler at al. The Lumigraph. SIGGRAPH 96,
pp. 43-54. 4

14. Istvan Hargittai and Magdolna Hargittai. Symmetry: A
Unifying Concept. Shelter Publications Inc., Bolinas,
California, 1994. 2, 4

15. R. Hoffman and A. Jain. Segmentation and Classifica-
tion of Range Images. IEEE Trans. on Pattern Analysis
and Machine Inteligence. Vol. 9, No. 5, pp. 608-620,
May 1987. 2

16. T. V. Hook. Real-time Shaded NC Milling Display.
SIGGRAPH 86, pp.15-20. 5

17. Adam Hoover et al. An Experimental Comparison of
Range Image Segmentation Algorithms. IEEE Trans.

c© The Eurographics Association and Blackwell Publishers 2002.



Wang and Oliveira / Improved Scene Reconstruction from Range Images

on Pattern Analysis and Machine Inteligence. pp. 673-
689, 1996. 2

18. H. Hoppe et al. Surface Reconstruction from Unorga-
nized Point Clouds. SIGGRAPH 92, pp.71-78. 2, 5,
8

19. T. Kanade, P. Rander and P. Narayanan. Virtualized Re-
ality: Constructing Virtual Worlds from Real Scenes,
IEEE MultiMedia, vol.4, no.1, Jan. - Mar. 1997, pp.34-
47. 2

20. P. Lancaster and K. Salkauskas. Curve and Surface Fit-
ting: An Introduction. Academic Press, 1986. 5, 8

21. A. Leonardis, A. Gupta and R. Bajcsy. Segmentation of
Range Images as the Search for Geometric Parametric
Models. International Journal of Computer Vision. Vol.
14, No. 3, pp. 253-277, 1995. 2

22. J. Leou, W. Tsai. Automatic Rotational Symmetry De-
termination for Shape Analysis. Pattern Recognition,
20 (6), pp. 571-582, 1987. 3

23. Y. Liu. Computational Symmetry. Technical Report
CMU-RI-TR-00-31. The Robotics Institute. Carnegie
Mellon University, 2000. 2, 4

24. William Mark. Post-Rendering 3D Image Warping:
Visibility, Reconstruction, and Performance for Depth-
Image Warping. Ph.D. Dissertation. UNC Computer
Science Technical Report TR99-022, University of
North Carolina, April 21, 1999. 3

25. Kenji Matsushita and Toyohisa Kaneko. Efficient and
Handy Texture Mapping on 3D Surfaces. Proceedings
of Eurographics 1999, Computer Graphics Forum, Vol.
18, No. 3, pp. 349-357, September 1999. 2

26. David McAllister et al. Real Time Rendering of Real
World Environments. Rendering Techniques’99, pp.
145-160, Springer-Verlag, Wien, Austria, 1999. 2

27. Leonard McMillan and Gary Bishop. Plenoptic Model-
ing: An Image-Based Rendering System. SIGGRAPH
95, pp. 39-46. 2

28. B. Mills et al. Approximate Symmetry Detection for
Reverse Engineering. Proceedings of the ACM Sympo-
sium on Solid Modeling and Applications, Ann Arbor,
Michigan, pp. 241-248. 3

29. Peter Neugebauer and Konrad Klein. Texturing 3D
Models of Real World Objects from Multiple Unreg-
istered Photoraphics Views. Eurographics 1999, Com-
puter Graphics Forum, Vol. 18, No. 3, pp. 245-256,
Sept. 1999. 2

30. Lars Nyland et al. The Impact of Dense Range Data on
Computer Graphics. Proceedings of Multi-View Mod-
eling and Analysis Workshop (MVIEW99) (Part of
CVPR99), (Fort Collins, CO), June 23-26, 1999. pp. 3-
10. 2

31. L. Nyland, A. Lastra, D. McAllister, V. Popescu,
C. McCue. Capturing,Processing and Rendering Real-
World Scenes. In Videometrics and Optical Methods
for 3D Shape Measurement, Electronic Imaging 2001,
Photonics West, Jan. 22, 2001. SPIE Vol. 4309. 2

32. D. O’Mara and R. Owens. Measuring Bilateral Symme-
try in Three Dimensional Magnetic Resonance Images.
in Proc. of The University of Western Australia Depart.
of Computer Science Research Conference, April 1996.
3

33. S. Parui and D. Majumder. Symmetry Analisis by Com-
puter. Pattern Recognition, 16 (1), pp. 63-67, 1983. 3

34. Ramesh Raskar et al. "The Office of the Future: A Uni-
fied Approach to Image-Based Modeling". SIGGRAPH
98, pp. 179-188, 1998. 2

35. H. Shum and Li-Wei He. Rendering with Concentric
Mosaics. SIGGRAPH 99, pp. 299-306, 1999. 2

36. Marc Soucy, Guy Godin and Marc Rioux. A Texture-
Mapping approach for the Compression of Colored 3D
Triangulations. The Visual Computer. Vol. 12, pp. 503-
514, 1996. 8

37. D. Washburn and D. Crowe. Symmetries of Culture:
Theory and Practice of Plane Pattern Analysis. Univer-
sity of Washington Press, 1988. 2, 4

38. Li-Yi Wei and Marc Levoy. Fast Texture Synthesis Us-
ing Tree-Structured Vector Quantization. SIGGRAPH
2000, pp. 479-488. 2

39. Hermann Weyl. Symmetry. Princeton University Press,
Princeton, New Jersey, 1952. 2, 4

40. R. Whitaker, J. Gregor and P.F. ChenIndoor Scene Re-
construction from Sets of Noisy Range Images. Proc.
2nd Intern. Conference on 3D Digital Imaging and
Modeling, pp. 348-357, 1999. 3

41. R. Yip. A Hough Transform Technique for the Detec-
tion of Rotational Symmetry. Pattern Recognitions Let-
ters, 15 (1994), pp. 919-928, September 1994. 3

42. R. Yip. A Hough Transform Technique for the Detec-
tion of Reflectional Symmetry and Skew-Symmetry.
Pattern Recognitions Letters, 21 (2000), pp. 117-130.
3

43. Y. Yu, P. Debevec, J. Malik, T. Hawkins. Inverse Global
Illumination: Recovering Reflectance Models of Real
Scenes from Photographs. SIGGRAPH 99, pp. 215-
224. 8

44. Y. Yu, A. Ferencz, J. Malik. Extracting Objects from
Range and Radiance Images. IEEE TVCG., Vol.7,
No.4, pp. 351-364, 2001. 2, 3, 8

c© The Eurographics Association and Blackwell Publishers 2002.


