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Abstract

W\e present a system at the junction between Computer Vision and Computer Graphics, to produce a 3-D model of an
object as observed in a single image, with a minimum of high-level interaction from a user.

The input to our systemis a single image. First, the user points, coarsely, at image features (edges) that are subse-
quently automatically and reproducibly extracted in real-time. The user then performs a high level labeling of the
curves (e.g. limb edge, cross-section) and specifies relations between edges (e.g. symmetry, surface or part). NURBS
are used as working representation of image edges. The objects described by the user specified, qualitative relation-
ships are then reconstructed either as a set of connected parts modeled as Generalized Cylinders, or as a set of 3-D
surfaces for 3-D hilateral symmetric objects. In both cases, the texture is also extracted from the image. Our system

runsin real-timeon a PC.
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1 Introduction

We present a system at the junction between Computer Vision and Computer Graphics, to pro-
duce a 3-D model of an object as observed in a single image, with a minimum of high-level inter-
action from a user.

A central issue in Multimedia applications is the mixing of real and virtual worlds. For example,
augmented reality involves the incorporation of virtual objects into real images or video streams.
Multimedia applications make extensive use of 3-D models, and require models of increasing
quality. Today, 3-D modeling is a flourishing business, because building quality 3-D models is
long and painful. Most 3-D models are created entirely manually, with the help of various avail-
able modeling tools. This requires art, creativity and time. An interesting easier aternative is

modeling from images. Companies such as 3-D Construction Company [1] sell systemsthat allow



the user to build a 3-D model from a set of images. The user specifies correspondences between
the input images, used by the programsto infer the 3-D geometry of the scene. The texture is also
extracted from the images. Tools for modeling can be seen as “intelligent” visual interface where
the user performs most of the processing. We see a modeling environment as a Computer Vision
system in which the processes are automatic, and the user is solicited to resolve process ambigu-
ities. Interactivity isused in some Computer Vision systems, although it is often regarded as semi-
failure. Interactive Vision systems have found much better appreciation in domains such as medi-
cal images analysis, where some interaction isalow priceto pay to facilitate tedious image analy-
sis tasks, such as boundary delineation. For example, user interaction is used for initializing
contour extraction tasks that use snakes [9][14][15]. Another example of user-steered segmenta-
tion tool is the Live-Wire paradigm [3], based on a graph representation of image gradients. User
directed segmentation is also used in photogrammetry for building extraction from aerial images
using modeling primitives [6].

In our system, the user provides limited but pertinent, high-level information to help feature
extraction and grouping, so that robust Computer Vision algorithms can be used to perform the
geometric computations automatically. The general paradigm of our system is presented figure 1.
Theinput to our system isasingle image. First, the user points, coarsely, at image features (edges)
that are subsequently automatically extracted in real-time. Our interactive feature extractor is
based on a recently introduced framework for feature saliency computation, called tensor voting
[10][11]. We find this new framework offers unprecedented foundations for interactive (and pos-
sibly automatic) edge and junctions extraction. Both edge and junction information is handled in
the same formalism and inferred from one single process. Unlike snakes, the voting processis not
iterative, and unlike graph based approaches, the saliency map is computed once and for all for
the image.

The result of thisinteractive phase is a set of curves and junctions. The user then performs a high
level labeling of the curves (e.g. limb edge, cross-section) and specifies relations between edges
(e.g. symmetry, surface or part). The 2-D image features are now understandabl e as projections of
3-D structures. Reconstruction of polyhedral objects from perfect data is a mathematically well
understood problem [17]. The reconstruction of 3-D object models from real images however pre-
sents two difficult problems: the segmentation of the object features from the background (also

called figure-ground problem), and the 3-D inference itself. Solving these problems requires
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Fig. 1. Our paradigm for human assisted 3-D model reconstruction from a single image.
assumptions about the geometry of the observed object. Severa description models capturing
interesting projective properties of objects (projective quasi-invariants) have been introduced to
help resolve segmentation and 3-D inference. Even so, dealing with real data is computationally
expensive and the resulting systems lack robustness. Furthermore, the models used are limited to
specific classes of objects. Zerroug's system [18] for example performs automatic detection, seg-
mentation and 3-D reconstruction of sub-classes of Generalized Cylinders (GCs). The most diffi-
cult problem to solve in this kind of application is the segmentation problem. Once the object
features are identified, reconstruction is an underconstrained geometry problem, solved using the
projective properties of the kind of objects considered. We present two reconstruction paradigms,
based on two different object representation models. The first one handles subclasses of GCs, and
is largely derived from Zerroug's work. The underlying complex object model is a connection
graph in which the nodes are parts modeled as GCs, and the edges describe the relations between
the parts. Most of the projective properties used in the automatic system are useful for reconstruc-
tion, but they were primarily introduced for detection (Symmetry properties): these properties are

not all necessary to perform the reconstruction only, which alows us to somewhat relax the con-



straints on the kinds of GCs we are able to reconstruct. This approach however is still limited to a
small class of objects, so we introduce another reconstruction approach, based on a more genera
property: bilateral symmetry in 3-D. The 3-D object model in this case is surface-based.

Both reconstruction paradigms involve geometric computations, such as symmetry computation,
that are more efficiently carried with parametric representations of the edges. While simple B-
Splines are widely used in that purpose in Computer Vision [13][16], we choose to use more gen-
eral Non-Uniform Rational B-Splines (NURBS). NURBS are used in Computer Graphics for the
flexibility they provide in modeling complex curves or surfaces.

We describe the details of the interactive feature extraction in section 2, then we present in full
detail a NURBS fitting algorithm in section 3, finally we describe the geometry of the 3-D recon-
struction in section 4. Relevant results obtained on real images are presented in each section. We

conclude this paper by a summary of our contribution in section 5.

2 Interactivefeature extraction

We present here our interactive edge and terminal junction extractor. In this section, we consider
an edge to be a non-oriented curve stored as a linked list of pixels.

The user specifies a point in the neighborhood of the edge through a simple point-and-click inter-
face. The closest edge point is then found, and the corresponding edge is automatically grown
from that point, producing a curve object (linked list of pixels) and the eventual junction objects
linked to the extremities of that edge. This extraction process runsin real-time (it is faster than the
rendering of the extracted features), and ensures reproducibility of the extraction phase, since user
input is used for feature identification only. This edge extractor is built upon a saliency computa-
tion engine developed by Lee and Medioni [10][11] and uses the formalism of tensor voting. We
give a brief description of the information obtained from this engine, and then describe the inter-

active edge finding and automatic edge extraction processes.

2.1 Saliency computation

Starting from an edge image obtained by a classical edge-detector, the tensor voting mechanism
produces a dense saliency tensor field [10][11]. In effect, we get, at each pixel of the image, a
saliency tensor, which is a symmetric second order tensor that can be interpreted as a covariance

matrix, characterized by three floating point values: the two eigenvalues A, and A, (A, =2,) and



the angle 8 between the main axis and the image x-axis. This tensor can also be thought of as an
ellipse, whose shape and size encode the tangent direction of a curve going through that pixel, its

saliency and its uncertainty. The value A, -, at each pixel congtitutes a curve saliency map (see
figure 2), in which salient curves are crest lines. The value 8 at edge pixelsisthe tangent direction
of the curve passing through that pixel. We also use the value (A;1,)/ (A, + \,)* to build ajunction
map, in which junctions (characterized by a strong relative value of A, over A, ) arelocal maxima.

These maps, together with the tangent information, are used to interactively extract edges and

their eventual terminal junctions. It isimportant to note that the saliency maps are computed once

Input image Canny edges

Edge saliency map (A, -A,)

Fig. 2. Saliency information



and for all for agivenimage.

2.2 Edgefinding

Once the user has indicated the edge to be extracted by specifying a point in the neighborhood of
this edge, the first step is to find the closest edge point from the specified location. According to

the saliency tensor theory, such a point is a local maximum of ;. The closest edge point is
searched for by a simple gradient ascent on A, starting from the specified location. Since the

saliency gradient is significant only in the neighborhood of an edge, specifying a starting point far
from any salient edge would yield undefined result. The edge point obtained is used as a seed for

the automatic extraction of the complete edge.

2.3 Edgeextraction

Starting from one seed edge point, the edge is “grown” on both sides using a simplified marching
square algorithm. Considering the way feature information is represented in the saliency tensor,

the edge corresponds to crest lines in the saliency map defined by A, -2, . Since we also have the

tangent direction at each pixel, extracting the crest is equivalent to extracting the zero-crossings of

the function Ax [A, where # is the normal direction and ax is the gradient of A, -x,. We devel-

oped an algorithm similar to alocal isocontour marching process [12] to perform the zero-cross-
ing extraction at pixel level.

Starting at the seed pixel, we compute the value taken by the dot product at each neighboring
pixel, and test for a junction (high value in the junction map). If a junction is encountered, the
edge-growing process stops. A zero-crossing occurs between two adjacent pixels whose values
are of opposite sign. When such a configuration occurs, we pick the pixel whose value has the
smallest absolute value, sinceit is the closest to the actual zero-crossing. By examining each pair
of adjacent pixels, we build alist of candidate pixels for the next pixel in the curve. The candidate
yielding the smoothest curve is selected as the next pixel in the curve. Thisis repeated from this
last pixel until either no candidate can be found to extend the curve, or ajunction is encountered.
The edge is grown separately in two directions from the seed, corresponding to the two possible
orientations of the tangent direction. The resulting two curve segments are then merged to give

onelinked list of pixels. Edges and junctions extracted interactively with our system are presented



Fig. 3. Some edges and junctions extracted interactively in atest image.

figure 3.
3 NURBSfitting

The interactive edge extraction procedure described in the previous section produces linked lists
of pixels. A parametric representation of edges is necessary to perform efficiently the geometric
computations involved in the volumetric inference algorithms. B-Splines have been shown to be
an efficient way to represent and manipulate curves in computer vision [13][16]. Among other
advantages, they provide a compact, continuous and smooth representation of the curves, and thus
allow to interpolate curve points and compute tangents at any location along the curve. We choose
to use amore general type of B-Splines than the one described in the aforementioned papers. Our
choice of working with NURBS, at the price of amore complicated fitting algorithm, is motivated
by their wide use in computer Graphics (NURBS are supported by all serious graphics libraries),
and by their interesting projective properties [5]. We describe here a complete algorithm for fit-
ting aNURBS to a set of adjacent points (curve).

3.1 Problem statement and notations

Given a curve C, set of n adjacent points ¢, = [xi yJT, 0<i<n, we are looking for a NURBS



approximating C.

A NURBS[7] isaparameterized curve P(u) = [x(u) y(u)]T, defined by itsorder d, aset of N con-

. T ..
trol points p, = [x, v, , 0<k<N, aknot vector containing N+d knot values [u, u, ... uy, 4_,

and a set of N weights w,, 0<k<N. The NURBS can be expressed by the formula giving the
position of its points with respect to the control points:

N-1
> oB, 4(WPy

P(u) = &% uy_;<usuy ,2<dsN

Z kak,d(u)
k=0

The fusion functions B, 4(u) are polynomials of degree d-1, defined by the Cox-deBoor recur-

sion formulas;
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In the remainder of this paper, we consider only the case where w, = 1 for all k. Thus, by con-

N-1 N-1
struction S OB, 4u) = B 4(w) =1, and the NURBS formula becomes:
k=0 k=0
N-1
P(u) = ¥ By g(Wpy, Ug_gSusuy ,2sdsN
k=0

We conducted our experiments with NURBS of order 3. The algorithm developed assumes a

fixed, arbitrary order. However, since the degree of the blending polynomials B, ,(u) increases

with the order, the stability of the fitting process is expected to drop as the order increases.
Getting an approximation of C with a NURBS comes down to three mgjor steps:
» Estimate the minimum number of control points necessary to ensure a good approximation.

» Create aknot vector and parameterize the curve.



» Compute the position of the control points.
3.1.1 Estimation of the number of control points

Estimating the number of control pointsisa critical step. An insufficient number of control points
will yield a poor approximation, whereas too large a number will deteriorate the compactness of
the representation, and may cause stability problemsin the fitting. The optimal number of control
points is the minimum number of control points needed to get an approximation of the curve with
a given maximum error. A good estimation of that number is the number of vertices of a polygo-
nal approximation of the curve, obtained with a given maximum error.

Several methods can be applied to get such an approximation. We used a recursive decomposition
of the curve. Different methods can give different positions for the vertices, but the number of
vertices for a given error will remain constant. Since we are only interested in that number, the

method used is not important.
3.1.2 Knot valuesand parameterization of the curve
The simplest way to fix the knot valuesis to define a uniform knot vector, defined as:

u = k,0sksN+d-1

In the case of an open curve, the first and last points of the curve are used as control points. In that
case, thefirst d knot values are equal to force the NURBS through the first control point and sim-
ilarly the last d knot values are set equal. The other knot values are uniform. The resulting knot

vector is defined as:

O

OUp=uU;=...=Uy_1=0
Ou,=k-d+1,d<k<N

0

%UNZUN_'_:L: e T Uypgo1 =N-d+1

The knot values can eventually be normalized, but this has no effect on the remainder of the pro-
Cess.
The points of the curve are considered as a sampling of the NURBS we are building. We must

therefore parameterize the curve, i.e. associate to each point of the curve avalue s; of the parame-

ter u in the NURBS equation (a different notation is introduced to avoid confusion with the knot



values u; ). One of the curve's extremities is chosen as the origin. One solution sometimes adopted

Isto define the parameter value for a given point proportionally to its euclidian distance to the ori-
gin. The parameterization obtained with this technique degrades rapidly as the curve diverges
from a straight line. A better solution is to define the parameter value proportionally to the dis-
tance to the origin along the curve. Thus, since the knot vector is uniform (except maybe at the
extremities), the speed defined by the parameterization along the curve decreases with the curva-
ture. As aresult, in a uniform sampling, the density of points will be higher in areas of large cur-
vature, yielding a more precise approximation.

The parameterization algorithm is as follows: First we compute, for each point c; on the curve, its

distance S to the origin along the curve, using the formula:

&
(l;

, where ¢; _;¢; isthe Euclidian distance between points ¢; _; and c;

I
-
1

S_1*+6_1C
The parameter value s; for point c; isthen computed as:
N (Uy—Ug_1)

i=0

§ = Ug_q

Thus the curve is parameterized from u, _; to uy, in accordance to the NURBS definition.

3.1.3 Position of the control points

The last step in the computation of the approximating NURBS P(u) isthe computation of the con-
trol points p, . Each point c¢; of the curve C, of parameter s, , ideally correspondsto the point P(s;)
of the NURBS. Thusfor each point, we have:

N-1

P(s) = 5 By alS)Pk = ¢
k=0
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The set of such equations for all points of the curve can be written as:

Il
o

[Bo,d(si) BN—l,d(Si)] !

Thisis alinear system whose unknowns are the coordinates of the control points. In general the
number of curve pointsis much larger than the number of control points. In our experiments, with
the order fixed to 3, aleast square solution to this system gives a good NURBS approximation of

the curve, as shown in figure 4 in the case of an open and a closed curve.

original curve

fitted NURBS
e control points

Fig. 4. NURBSfitting on an open curve (@) and a closed curve (b)

4 Volumetric inference

We present two 3-D reconstruction algorithms. The first one is derived from work on automatic
segmentation and 3-D reconstruction of subclasses of Generalized Cylinders (GCs) [18]. The
result of the reconstruction is a ssgmented volumetric model of the objects where parts are GCs.
We developed the second method in the context of interactive segmentation, making use of bilat-
eral symmetry in 3-D, in order to handle a less constrained class of objects. The objects is
described in terms of 3-D surfaces. In both cases, the texture is extracted from the image. In the
remainder of this paper, we assume orthographic projection. Given 2-D structures in the image

plane (x,y), our goal isto recover their depth and orientation with respect to the image plane, i.e.
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“inferring the z coordinate”.

4.1 GC Reconstruction

GCs are defined by an axis (3-D curve), a cross-section (3-D curve) and a sweep function. The
volume thus defined is obtained by sweeping the cross-section along the axis according to the
sweep function.

In previous works, the 3-D inference problem has been addressed for constrained cases, e.g. for
such subclasses of GCs as Straight Homogenous GCs and Planar Right Constant GCs. The inter-
esting projective properties of these kinds of GCs were used to automatically detect, segment and
infer parts presenting these properties. In our case, detection and segmentation are done by the
user. We do not need to use all these properties to infer the 3-D of a GC part, which allows usto
relax the constraints imposed.

We implemented the reconstruction for GCs with the following set of constraints:

* Planar axis

» Constant cross-section

» Cross-sections perpendicular to the axis (a.k.a. orthogonality constraint)

» Two symmetric points on limb edges belong to the same cross-section

We also assume that the axis of symmetry in theimage is the projection of the axis of symmetry in
3-D, which isaclassical approximation.

These constraints are dictated by the geometry of the reconstruction, and will be justified in sec-
tion 4.1.2. As an important part of the reconstruction process is symmetry computation between

boundaries, we first describe our algorithm for symmetry computation.
4.1.1 Symmetry computation

Efficient ways to compute symmetries between B-Splines segments have been described in [16].
One of the main advantages of manipulating Spline representations of curvesisthe availability of
the tangent at any point on the curve. Different kinds of symmetries have been used in computer
vison. The skew symmetry and the parallel symmetry are two widely used examples. The strong
geometric constraints in the definitions of these symmetries have been very useful for automatic
segmentation. Here, since segmentation is solved by the user during the feature extraction proce-

dure, we can use the more general definition of Smooth Local Symmetry (SLS) [2] to compute

12



Fig. 5. Smooth Local Symmetry definition

Symmetries between two edges.
With the notations defined in figure 5, the two points c,(s;) and c,(s,) are symmetrical if a = B,

€. F(oy(sy), ¢5(5)) Hlty(s,) ~y(sy)) = 0.

Our algorithm for symmetry computation is as follows: For each sampled point on each curve, we
compute the set of points on the other curve with which it forms a symmetry as defined above.
This computation reduces to a binary search of zero crossings of the function defined by the left-
hand side of the previous equation, as described in [16]. Since SLSisaloca property, we obtain a
set of symmetry lines, some of which are incompatible. The set of symmetry lines centers defin-
ing the longest, smoothest valid axis is then extracted using a dynamic programming-style algo-

rithm. Results are presented figure 6.

— limbedges

symmetry lines

e  Symmetry centers
Fig. 6. Symmetry axes and symmetry lines computed on various parts
4.1.2 Volumetricinference

The projection of a GC in the image produces three curves: two limb edges, and one cross-sec-
tion. We suppose the user has labeled and grouped extracted edges accordingly.
We start by computing the symmetry lines between the two limb edges. The symmetry centers are

13



considered to be the projection of the actual axis points. Since two symmetric points on limb
edges belong to the same cross-section, and the cross-section is constant, a flat wireframe model
of the GC is obtained by reporting the cross-section at each symmetry center, scaling and orient-
Ing the curve according to the symmetry line length and direction.

By fitting an ellipse to the cross-section, we can estimate its orientation in 3-D. The orientation is
strictly correct if the cross-section is circular. If not, the recovered orientation is an acceptable
approximation of the real orientation. We implemented Fittzgibbon's algorithm for direct least
square fitting of ellipses [4]. The axis is assumed planar, and the cross-section perpendicular to
the axis. Thus given the orientation of the cross-section in 3-D, we can compute the relative z
coordinate of each axis point (symmetry centers). A NURBS can then be fitted to these 3-D
points, to obtain an approximation of the 3-D axis of the GC. The 3-D of each cross-section is
then computed by enforcing the orthogonality constraint.

The result is an intrinsic 3-D model of the GC part: cross-section, 3-D axis and sweep function.
The 3-D information is up to an offset along the z axis (in orthographic projection, the distance of
the object to the image plane is not recoverable).

We show, in figure 7, the projected inferred GC cross-sections superimposed on the part in the
image, and a 3-D view of the reconstructed volume, with texture mapped, floating above the
image plane. The user can then describe relations between different reconstructed parts to produce
segmented 3-D models of objects.

Fig. 7. GC volumetric reconstruction

14



4.2 Bilateral Symmetric Objects Reconstruction

Having relaxed the constraints as much as possible on the GCs we could reconstruct, we find that
another reconstructing approach has to be taken to be able to handle more genera types of
objects. A central notion in 3-D inference is symmetry. Kanade observed that the ability to infer
the 3-D of avolume observed in apicture relies on the assumption that “a skew symmetry depicts
area symmetry viewed from some unknown angle” [8]. A property that numerous objects share
Is indeed bilateral symmetry in 3-D. The GCs we considered so far are ssimply special cases of
bilateral symmetric objects. Two true edges that are bilatera symmetric in 3-D project into two

image edges that define a skew symmetry (assuming non accidental viewpoint). Given the projec-

AwSn

symmetry
directi on/

Fig. 8. A bilateral symmetric object, viewed from an arbitrary non-accidental viewpoint, with the skew
symmetry direction indicated.
tions of two perpendicular directionsin an image (like the symmetry axis and the symmetry direc-
tion in a skew symmetry), the 3-D orientation of the plane defined by these two directions is not
recoverable. Thus the use of 3-D bilateral symmetry is not well suited to automatic systems and
has been mostly discarded as an underconstrained problem in Computer Vision. We show that it
can be very useful in an interactive approach. We suppose that the skew symmetry direction is

known, either given by the user or computed from the extracted edges.
4.2.1 Inferenceof thezcoordinatefor apair of symmetric points

A bilateral symmetry is defined by a symmetry plane. The symmetry direction in the imageisthe
projection of the normal direction to the symmetry plane on the image plane. The symmetry axis
direction isthe direction of the intersection of the symmetry plane with the image plane. We know
that given the symmetry direction and the symmetry axis direction, there is one extra degree of

freedom to determine the 3-D orientation of the symmetry plane. Let us assume this direction is
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Fig. 9. Computation of the z coordinate of two points symmetrical with respect to asymmetry plane making
a 45 degree angle with the image plane. OAKp; and OBij are squares.

45 degrees, and that the symmetry plane is at a fixed, arbitrary depth with respect to the image
plane (seefigure9).

Given the projections of two points symmetrical with respect to the symmetry plane, avery sim-
ple geometric construct allows to compute their z coordinate. First, we observe that the line join-
ing the two points in 3-D has to be normal to the symmetry plane. The points have to be on their
respective orthographic projection lines, and at equal distance from the symmetry plane. Choos-
ing an orientation of 45 degrees for the symmetry plane yields the following construct: if point O
isthe intersection of the symmetry plane with the symmetry line joining the projections of the two
points, then the z coordinate of each point is the distance between O and the projection of the
other point.

All pairs of pointsthat are symmetrical with respect to the same symmetry plane, and whose 3-D
position with respect to that plane is computed as described above, will be in correct relative posi-

tion with respect to each other.
4.2.2 3-D edges computation

Given the symmetry direction, and the knowledge that two edges are symmetrical, we first have

16



to establish point to point correspondence between the two edges. For a given point on one of the
edges, we consider the line passing through this point and parallel to the symmetry direction. We
then compute the intersection of this line with the symmetric edge. This can be done by looking
for zero crossings of the function defined by sx| where s is the symmetry direction and | isthe
vector joining the current point to a point in the symmetric edge. If there is no intersection, the z
coordinate of the point cannot be computed. If there are more than one intersections, tangent
information or curve smoothness can be used to resolve the ambiguity.

The method described in the previous section can then be used to compute the z coordinate of

each pair of symmetric pointsin the edges.
4.2.3 3-D surface model inference

At this stage, 3-D has been computed for most points of symmetric edges. We assume the user has
grouped edges belonging to the same surface. A planeisfitted to the points of the edges belonging
to a same surface, using only the points for which the z coordinate could be computed. Our cur-
rent implementation deals only with planar surfaces, but the algorithm can be extended to more
complex surfaces. Once the surface has been estimated, the z coordinate of the edge points that
could not be computed previously is fixed by forcing these points onto the surface. These points
had no visible symmetric points in the image, but they belong to symmetric edges, and therefore
should have symmetric points, that were occluded in the image. These points are computed and
added to the corresponding edges. The result is a set of complete 3-D edges. The surface informa-
tion is then recomputed to fit the new boundaries, and the corresponding texture is extracted from
the image. Textured models build with our system are presented figure 10.

The only parameters arbitrarily fixed in the 3-D inference algorithm are the depth and the orienta-
tion of the symmetry plane with respect to the image plane. The former is a free parameter that
fixes the relative depth of the scene with respect to the image plane, unrecoverable under ortho-
graphic projection. The latter can be linked to an aspect ratio of the model reconstructed. Intu-
itively, varying the orientation of the symmetry plane changes the direction and the length of the
line joining two recovered symmetric points. Only the length is an intrinsic parameter of the
model. Therefore the angle that the symmetry plane makes with the image plane is directly linked
to an aspect ratio of the model along and across the symmetry plane. This aspect ratio can be eas-

ily fixed by the user after the model has been extracted, either by direct manipulation or by speci-
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input image with some extracted edges input image with some extracted edges

Reconstructed 3-D surfaces Reconstructed 3-D surfaces

Fig. 10. Two examples of reconstructed 3-D surface models of bilateral symmetric objects.
fying a metric. Finally, al the algorithms involved run in real-time (the result is obtained at a

Speed comparable to display rate).

5 Conclusion

We have presented a human assisted system to reconstruct 3-D objects as observed in a single
image.

We have devel oped an interactive edge and junction detector based on saliency maps obtained by
tensor voting. This detector requires the user to point to an area of interest used to initialize the
edge extraction process. Saliency information is computed once and for all for a given image, and
subsequent interactive feature extraction takes place in real-time. The feature extraction process,
while requiring user input, ensures consistency and reproducibility of the resulting data. The user
also specifies high level relationships between selected image features, which allow the system to
interpret image features as projections of 3-D structures. Image features are fitted with parametric

representations useful in reconstruction algorithms. We have developed an agorithm for fitting a
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NURBS to a curve. We have presented an algorithm for inferring volumetric information for

some constrained Generalized Cylinders. We have also developed an algorithm to produce 3-D

surface models of bilateral symmetric objects. All the algorithms presented run in real-time on a

PC. The texture extracted from the image allows to produce realistic models, that can be used in

multimedia applications.
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