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How computers can automatically build realistic 3D models

from 2D images acquired with a handheld camera.

omputer graphics allows us to render realis-

tic images of the 3D world. But before these

images can be generated, graphics models of
the world have to be available. Traditionally, these
models are obtained through 3D modeling pack-
ages—a time-consuming process that produces only
limited detail and realism. 3D models are therefore
increasingly obtained by sampling the world. A
number of approaches are available. Best known are
probably laser range scanners and other devices that
project light onto the object and obtain 3D infor-
mation by observing the reflection. Another consists
of using images of a scene or objects one wishes to
reconstruct; for example, a picture can be used as a
texture map for a 3D model. Along with appear-
ance, an estimate of the 3D shape can also be
extracted from images.

The simplest way to understand how a 3D shape
can be obtained is by considering our own innate
perception of the 3D world. We perceive depth
because we have two eyes that observe our 3D envi-
ronment from two slightly different viewpoints. The
images seen by our eyes are therefore slightly different,
and this difference is related to the distance of objects
from our eyes.

However, we also perceive depth another way.
Closing one eye and moving our head allows us to
estimate the 3D structure of the environment. In

Modeling Medusa in 3D (Marc Pollefeys and
Luc Van Gool).

addition, when moving through an environment, we
visually obtain a good estimate of the direction in
which we are moving. In fact, motion and structure
estimation are performed simultaneously.

Computer-vision researchers have worked for years
trying to give machines similar capabilities. Their ini-
tial work targeted robotics and automation to, say,
allow a robot to navigate through an unknown envi-
ronment. More recently, their focus has shifted to
visualization and communication, resulting in much
more interaction with the computer graphics com-
munity. A main focus now is to provide algorithms
that automatically extract the necessary information
from multiple images. In addition, important new
insights have been gained in the geometry of multiple
images, allowing more flexible approaches to 3D
modeling from images [6].

Similar work has also been part of another context.
From photography’s earliest beginnings in the 1830s,
pictures have been used to obtain 3D measurements of
the world. In the second half of the 19th century, pho-
tographs were already being used for map making and
measuring buildings. This technique—called “pho-
togrammetry” [11]—is still used today in most map
making and surveying. The main photogrammetry
effort has gone toward achieving accuracy by carefully
modeling and calibrating the image-formation process,
dealing with errors in a statistically correct way.

The computer graphics community has also shown
a lot of interest in constructing 3D models—as pre-
requisites for rendering them. Part of this effort has
been directed toward obtaining image-based models.
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A good example of how

ibration. A self-calibra-

convincing 3D models
can be obtained from a
set of images using a lim-
ited amount of user inter-
action can be found in
[1], combining methods v
from graphics, vision,
and photogrammetry.
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Our work combines RELE A MR
recovery

insights, methods, and
algorithms developed in
all these fields. We focus :
on allowing a computer
to automatically gener-
ate a realistic 3D model
when  provided a
sequence of images of an
object or scene. The
problem of 3D model-
ing from images can be
subdivided into a num-
ber of smaller problems.
But before going into
detail, consider the simplest case. Given two images of
a 3D point, how might we reconstruct that point?
Assume we know the relative motion of the camera
between the two images and a camera model is avail-
able that relates pixels in the image to rays passing
through the projection center of the camera. A 3D
point can now be reconstructed from its two projec-
tions by computing the intersection of the two space
rays corresponding to it—a process called “triangula-
tion.” Note that we need two things to reconstruct a
3D point: the relative motion and calibration of the
camera; and the corresponding image points. Here,
we briefly explore the steps needed to extract this
information from real images, showing how a com-
plete 3D model can be recovered from a sequence of
2D images (see Figure 1).

First, the relative motion between consecutive
images must be computed. This process goes hand in
hand with finding corresponding image features
between the images, or image points or1g1nat1ng from
the same 3D feature. The next step consists of recov-
ering the motion and calibration of the camera and
the 3D structure of the features. This process is done
in two phases: The reconstruction first contains a pro-
jective skews; parallel lines are not parallel, angles are
not correct, and distances are too long or too short.
This distortion results from the absence of a priori cal-
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Figure 1. Overview of our image-based
3D recording approach.
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tion algorithm  [9]
removes this distortion,
yielding a reconstruction
equivalent of the original
up to a global scale fac-
tor. This uncalibrated
approach to 3D recon-
struction allows much
more flexibility in the
acquisition process, since
the focal length and
other intrinsic camera
parameters do not have
to be measured, or cali-
brated, beforehand and
are allowed to change
during the acquisition.
The resulting recon-
struction contains only a
sparse set of 3D points,
that is, only a limited
number of features are
considered at first.
Although constructing a
3D triangle from these
oints might be a solu-
tion, this approach would typically yield models with
poor visual quality. Therefore, the next step consists
of an attempt to match all image pixels of an image
with pixels in neighboring images, so these points,
too, are reconstructed. This task is greatly facilitated
by the knowledge of all the camera parameters
obtained in the previous stage. Since a pixel in the
image corresponds to a ray in space, and the projec-
tion of the same ray in other images can be predicted
from the recovered pose and calibration, the search
for a corresponding pixel in other images can be
restricted to a single line. Additional constraints, such
as the assumption of a piecewise continuous 3D sur-
face, are also employed to further narrow the search.
Algorithms are available for warping the images so the
search range coincides with the horizontal scanlines.
The algorithm described in [10] performs this task for
arbitrary camera motions. An efficient stereo algo-
rithm can be used to compute an optimal match for a
whole scanline at once [12]. Thus, we can obtain a
depth estimate, or the distance from the camera to the
object surface, for almost every pixel in an image. A
complete dense 3D surface model is obtained by fus-
ing together the results of all the images. The images
used for the reconstruction can also be used for tex-
ture mapping, thus achieving a final photorealistic
result.
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Figure 2. 3D recording of cultural heritage. An image from a video sequence and
resulting 3D model (top left); top view of 3D record of excavations (top right); Dionysus statue from
museum placed (virtually) in its original location (bottom left); and a frame of a video showing an
architect describing a virtual reconstruction of an ancient monument.

WE can obtain a depth estimate, or the distance from the camera
to the object surface, for almost every pixel in an image.

Robustly relating real images. The most challeng-
ing issue involves automatically getting initial matches
from real images. For the computer, an image is just a
large collection of pixel intensity values. To find cor-
responding points in different images, an algorithm
might compare intensity values over a small region
around a point. However, not all points are suitable
for such comparison. When a point cannot be differ-
entiated from its neighbors, it is also not possible to
find a unique match with a point in another image.
Therefore, points in homogeneous regions or located
on straight edges are not suitable for matching at this
stage. The typical approach to selecting interesting
points uses a feature detector [4] that looks for maxi-
mal dissimilarity with neighboring pixels; we typically
aim to extract 1,000 feature points per image, well
distributed over the entire image.

Potential matches are obtained by comparing fea-
ture points with similar coordinates. This constraint is
later relaxed in a second stage. Many of these initial
matches can be wrong, however, so we need a robust
procedure for dealing with them. Applying such a
procedure is possible because a set of correct matches
has to satisfy some constraints. Since a 3D point has
only three degrees of freedom and a pair of image
points has four, there should be a constraint for each
pair of matching points (up to some degrees of free-
dom related to the relative camera pose). This internal
structure of a set of matches, called the epipolar geom-
etry, can be computed from seven or more point
matches. A random sample consensus (RANSAC)
procedure [3], typically used for robustly dealing with
large numbers of outliers, helps compute the largest
set of consistent matches. The algorithm generates a
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Figure 3. Planetary rover navigation. Virtual reality simulation (left) and
close-range reconstruction of rocky terrain to support rover operations (right).

hypothesis from a set of seven arbitrary matching
points and determines which portion of the other
matches supports the hypothesis. This step is
repeated until the probability that a correct
hypothesis was generated exceeds a certain thresh-
old. The RANSAC algorithm allows us to robustly
deal with over 50% of incorrect matches. A correct
solution can be refined and used to guide the search
for additional matches. At the same time, the
recovered epipolar geometry makes it possible to
generate an initial projective reconstruction [2, 5],
a key development in the computer vision litera-
ture. Note that this approach assumes the observed
scene is rigid.

Avoiding the need for calibration. Traditional work
on 3D reconstruction from images in photogramme-
try and computer vision requires the cameras be cali-
brated so the intrinsic camera parameters are known.
Over the past decade, research in computer vision has
sought to relax this constraint. A key insight spurring
our effort to produce 3D models from images is to
provide a practical approach for dealing with an
uncalibrated zooming camera. Besides the important
gain in flexibility, another benefit is that 3D recon-
struction can be obtained from archive footage or
even from amateur video images.

Avoiding calibration is based on the stratification
of geometry. At first only the projective structure of
the scene and camera geometry are recovered through
a sequential reconstruction approach. This computa-
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tion can be independent of calibration. However, the
perspective camera model can be too general, and a
number of additional constraints are available (such
as that pixels have to be rectangular). These con-
straints allow us to recover the Euclidean structure of
the scene (up to a scale factor) [9].

From 3D Models to Images

Once a 3D model is obtained, one of the main
applications, besides measuring, involves rendering
novel views of the recorded scene. However, alterna-
tives to explicit 3D modeling are available for
achieving this particular goal. Over the past six
years, purely image-based techniques, such as light-
field rendering [8], have been proposed. In the case
of image-based techniques, the recorded images are
treated as a large collection of 3D lightrays from
which the most appropriate ones are selected to fill
in the pixels of a new image. How this selection
might be achieved efficiently—using the data we
have already computed—is described in [7]. The
advantage of this approach is that view-dependent
effects are easily reproduced. Other effects, however,
require explicit 3D models.

Measurement and visualization. This 3D model-
ing approach has two types of application—measure-
ment and visualization—both used in most
applications. Low cost and flexibility mean many
interesting applications are likely possible in a variety
of fields, exemplified by the following:



Cultural heritage. Archaeological monuments and
sites can be recorded so they can be used to render vir-
tual reconstructions based on archaeological hypothe-
ses. However, archaeology has many more 3D
recording needs. For example, recording sufficient
measurements is important because evidence is con-
tinuously destroyed during excavation. In this con-
text, a cheap and flexible technique for 3D recording
is highly advantageous. Excavated blocks can be mod-
eled so construction hypotheses can be verified virtu-
ally; it is even possible to record the entire excavation
process in 3D (see Figure 2).

Planetary exploration. A prerequisite for successful
robot navigation is a good estimate of terrain geome-
try. The only available option is often limited to
obtaining this information through cameras. How-
ever, launch and landing can perturb camera settings,
so it must be possible to perform a recalibration at the
remote landing site. In this context, calibrating from
images is clearly important. Figure 3 includes some
results obtained in the context of a European Space
Agency project called Payload Support for Planetary
Exploration. Note that besides robot navigation, the
3D reconstruction of the terrain is useful for provid-
ing a simple virtual reality interface for simulations
and for visualizing the telemetry data received from
remote planets.

Virtual, augmented, and mixed reality. For some
applications, the recovered camera parameters are
important as well. A good example is the insertion of
virtual objects into real video sequences; an inserted
object should, however, undergo the same relative
motion with respect to the camera. The techniques
described here are already used to generate special
effects (such as the one in Figure 2, bottom left); pro-
cessing is done off-line. In the future, such computa-
tion will be possible in real time, allowing flexible
vision-based augmented reality, as well as other
aspects of augmented reality by automatically
accounting for shadows, occlusions, and lighting.

Conclusion

Obtaining 3D models from images is on its way to
being a routine form of model building. It turns out
it can even be performed automatically by a com-
puter using a combination of algorithms developed
in computer vision, photogrammetry, and computer
graphics. Applications are found in a variety of sci-
entific, engineering, industrial, even cultural disci-
plines, including archaeology, architecture,
e-commerce, forensics, geology, planetary explo-
ration, movie special effects, and virtual and aug-
mented reality. Notable advantages of this approach
compared to other forms of 3D model building

include greater flexibility and significantly lower
cost. @
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