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1 Introduction

This report is an overview of 3D reconstruction from video sequences. It is one of the
MediaMill3D technical reports series that documents literature (and also engineering
issue) of the MediaMill3D system [11].

The system is made to serve as a test bed and a software prototype in the “Crime
Scene Investigation using hand-held cameras” project [81]. in summary, its functions
are to reconstruct a 3D model of a crime scene from video sequences, add text and
voice annotations, and fuse information from different video sequences. Later on it
will be embedded into the MediaMill Video Search system [67].

In this document, the literature of 3D reconstruction (first function of Medi-
aMill3D) is reviewed in order to:

e Summarize the literature on 3D reconstruction from video sequences and their
evaluation.

e Conclude on the most suitable methods to integrate into MediaMill3D.
e Identify shortcomings and define solutions and additional functionalities

The target of our system is the geometric model of the scenes. So here we con-
sider geometric reconstruction and not photometric (or image-based) reconstruction,
which directly generates new views of a scene without (completely) reconstructing
the 3D structure.

With the stated purposes stated and application context we set the limits for
the report as:

e Static scenes: There is no moving object or the movement of objects is
relatively small.

e Uncalibrated cameras: The input data is captured by an uncalibrated cam-
era, i.e. the camera’s intrinsic parameters such as focal length is unknown.

e Varying intrinsic camera parameters: The camera intrinsic parameters
(e.g. focal length) can vary freely. Together with the previous, this assumption
adds flexibility to the system.

2 Overview of 3D Reconstruction From Video Sequences

First we introduce our application-oriented description of 3D reconstruction from
video sequences (shortly called 3D reconstruction in this document).

1. The process starts with the data capturing step, in which a person moves
around and captures a static scene using a hand-held camera.

2. The recorded wideo sequence is then pre-processed (e.g. selecting frames),
removing noise, normalizing illumination).

3. After that, the video sequence is processed to produce a 3D model of the scene.
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4. Finally, the 3D model can be rendered, or exported for editing using 3D mod-
eling tools.

In this report, we especially focus on the third step. The problem of how to
capture a scene (first step) is shortly discussed from a theoretical point of view in
section 4. The second and fourth step are not the subject of this document since
they are quite general tasks. So from this point in the document, the term “3D
reconstruction” denotes only the third step.

Feature Structure &
Detection & »  Motion > MStere_o Modeling 3D Model
Matching Recovery apping

Figure 1: Main tasks of 3D reconstruction

4

4

The 3D reconstruction (step 3) can be divided into 4 main tasks (figure 1), which
are discussed in the following sections.

1. Feature detection and matching (Section 3): The objective of this step is
to find out the same features in different images and match them.

2. Structure and Motion Recovery (Section 4): This step recovers the struc-
ture and motion of the scene (i.e. 3D coordinates of detected features; position,
orientation and parameters of the camera at capturing positions).

3. Stereo Mapping (Section 5): This step creates a dense matching map. In
conjunction with the structure recoved in the previous step, this enables us to
build a dense depth map.

4. Modeling (Section 6): This step includes procedures needed to make a real-
istic model of the scene (e.g. building mesh models, mapping textures).

This is the most general view of the 3D reconstruction process. Other diagrams of
reconstruction process could be easily mapped to it. For example, in the framework
of Pollefeys [52] (figure 2): (A) and (B) are mapped to the input, (C) and (D) are
mapped to (1), (E) and (F) are mapped to (2), (G) is mapped to (3), (H) is mapped
to (4), (E) is mapped to the output.

Some define the input as an image sequence but in figure 1 we define it as a
video sequence since our practical objective is a system that does reconstruction
from video. By defining it like that, we want to clearly state that the intermediate
step to go from video to image sequences (i.e. frame selection) is a part of the
reconstruction process.

3 Feature Detection and Matching

This process creates relations used by the next step, structure and motion recovery,
by detecting and matching features in different images. Until now, the features used
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Figure 2: Pollefeys 3D modeling framework [52]

in structure recovery processes are points (e.g. [19, 53]) and lines (e.g. [15]). So
here features are understood as points or lines.
Here are some important concepts that are repeatedly used in the coming text:

e Detectors. Given an image a feature detector is s arocess to detect features
from the image. The most important information a detector gives is the loca-
tion of features, but other characteristics such as the scale can also be detected.

Two characteristics that a good detector needs are repeatability and reliability.
Repeatability means that the same feature can be detected in different images.
Reliability means that the detected point should be distinctive enough so that
the number of its matching candidates is small.

e Descriptors. Suppose we have two images (from two different views) of a
scene and already have extracted some features of them. To find corresponding
pairs of features, we need feature descriptors. A descriptor is a process that
takes information of features and image to produce descriptive information i.e
features’ description, which are usually presented in form of features vectors.
The descriptions then are used to match a feature to one in another image.

A descriptor should be invariant to rotation, scaling, and affine transformation
so the same feature on different images will be characterized by almost the same
value and distinctive to reduce number of possible matches.
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Figure 3: Feature detection and matching process

The roles of detectors and descriptors in the feature detection and matching step
are given in figure 3.

The following sub-sections summarize research on interest points and lines using
the two concepts detectors and descriptors.

3.1 Interest Points

In this document, a point feature is called an interest point. A definition of interest
points, given in [62], is “any point in the image for which the signal changes two-
dimensionally”. This definition however cannot cover all kinds of interest points.
Hence in this report we define it as a point that can be identified using same point
detection process.

3.1.1 Point detectors

Classification. In [62] Schmid et al classify point detectors into three categories:
contour based, intensity based, and parametric model based ones.

e Contour based detectors. These detectors first extract contours from im-
ages and then find points that have special characteristics, e.g. junctions,
endings, or curvature maxima. A multi-scale framework can be utilized to get
more robust results.

o Intensity based detectors. These detectors find interest points by exam-
ining the intensity change around points. To measure the change, first and
second derivatives of images are used in many different forms/ combinations.

e Parametric model based detectors. Points are found by matching models/
templates (e.g. of L-corners) to an image.

Related works and evaluation. A repeatable detector is one that is invariant
to changes, i.e. rotation, scale, affine transformation, and intensity.

The Harris corner detector [16] is well-known and is invariant to rotation and
partially to intensity change. However, it is not scale invariant. Scale invariant
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detectors such as [41, 33| search for features over scale space. Lowe’s SIFT [41]
searches for local maxima of Difference of Gaussian (DOG) in space and scale.
Mikolajczyk and Schmid [33] use Harris corners to search for features in the spatial
domain and then use a Laplacian in scale to select features that are invariant to
scale. An affine invariant detector is defined by Tuytelaars and Van Gool [78].
Starting from a local intensity maximum, it searches along rays through that point
to find local intensity extrema. The link formed by those extrema defines an interest
region’, which is later approximated by an ellipse. By searching along many rays and
using ellipses to represent regions, the detected regions are affinely invariant. Their
experiments show that the method can deal with view changes up to 60 degrees.

@ © ® &

Feature Rotated Rotated & Affine transformed
(corner) feature scaled feature feature

Figure 4: A feature under different transformations

The criterion for repeatability evaluation is the ratio of number of repeated points
over the total detected points in the common part of two images. The evaluation
in [62] unfortunately does not cover scale and affine invariant detectors. Among the
examined ones, the Improved Harris corner, which is improved from the original by
employing a more appropriate differential operator, gets the best score.

In [62], a local jet (a set of image derivatives) is used to characterize interest
points. Reliability of a detector is measured by the diffusion of local jets. The more
diffusive the descriptive values, the more distinctive (reliable) the detector. This
diffusion is measured using entropy. The Improved Harris also gets the best place.

Conclusion. It is difficult to say which detector should be used in practice since
we do not have an exhaustive evaluation. In practice, speed is also a decisive factor.
Unfortunately none of available evaluation considers this criteria but intuitively more
sophisticated detectors are slower. In the next paragraph we will see that the final
matching rate does not depend much on the chosen detector. So an average but fast
detector and a good descriptor is probably a wise choice.

3.1.2 Point descriptors

In this sub-section we discuss point descriptors and their application to matching
for 3D reconstruction.

!'Note that via scale, and affine transformation, a point is usually no longer a point but becomes
a region. So in literature, for robust detectors we see “interest regions” instead of interest points.
When using matching regions for 3D reconstruction, we can simply use the centroids of regions for
computation.
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Figure 5: A interest points detected by SIFT (green marks). Pictures produced by
MediaMIII3D

Classification. In [45], Mikolajczyk and Schmid classify point descriptors into the
following categories:

e Distribution based descriptors. Histograms are used to represent the char-
acteristics of the region. The characteristics could be pixel intensity, distance
from the center point [38], relative ordering of intensity [82], or gradient [40].

e Spatial-frequency descriptors. These techniques are used in the domain of
texture classification and description. Texture description using Gabor filters
is standardized in MPEGT [57].

e Differential descriptors. The descriptor used in [62] to evaluate detectors’
reliability is an example of a differential descriptor, in which a set of local deriv-
atives (local jet) is used to describe an interest region. Others are described
in [4, 59].

e Moments. Van Gool et al. [14] use moments to describe a region. The central
moment of a region in combination with the moment’s order and degree forms
the invariant.

Related work and Evaluation. The invariance of descriptors is obtained in
many ways for different changing factors. For example, in [40, 33] maxima of local
gradients with different directions are used to identify the orientation. Other sets of
rotation invariants can be used to characterize the region, e.g. The Fourier-Mellin
transformation used in [4]. Scale and skew determined in the detecting phase are
used to normalize image patches [4, 59].

Mikolajczyk and Schmid have done an evaluation of descriptors in [28, 45]. ROC
(Receiver Operating Characteristic - the ratio of detection rate over false positive
rate) and recall (the ratio of correct matches over possible matches) criteria are used
respectively. The results coincide. The SIFT descriptor [41], which is invariant to
scaling and partially to view change, and SIFT-based methods [30, 45] are in the top
group. This evaluation also shows that using region-based detectors in particular
the scale and affine invariant detectors give slightly better results.
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Figure 6: Correspondences initially matched based on SIFT descriptors. Pictures
produced by MediaMill3D

0= ST jpg

Figure 7: Correspondences after being filled by the fundamental matrix. Pictures
produced by MediaMill3D

Conclusion. It is proved the evaluations that the choice of the descriptor is more
important than the choice of the detector. However, note that many good descriptors
use information produced by complex detectors (e.g. scale). SIFT and SIFT-based
descriptors are attractive because of their performance. From this fact, SIFT is used
in the the MediaMill3D system.

3.2 Lines

Two-view projective reconstruction can only use point correspondences. But in three
or more view structure recovery it is possible to use line correspondences. In this
sub-section we discuss line detection and matching for 3D reconstruction.

3.2.1 Line detection

Line detection usually includes edge detection, followed by line extraction.
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Edge detection. Many edge detection schemes are available in the literature (Shin
et al [65] counted 22 new algorithms proposed in 4 journals from 1992 to 1998). The
key to solve the problem is the intensity change, which is shown via the gradient
of the image. Edge detectors usually follow the same routine: smoothing, applying
edge enhancement filters, applying a threshold, and edge tracing.

Evaluations of edge detectors are inconsistent and not convergent [65, 13] for
reasons such as unclear objective and varying parameters. Shin el al have done
a series of evaluation in different tasks [65, 66], in which the application acts as
the black box to test algorithms. Omne of them is structure from motion. The
evaluation shows that overall, the Canny detector [8] is most suitable because of its
performance, fastest speed, and low sensitivity to parameters variation. However,
the structure from motion algorithm used there [75] is not a three-view one and uses
line segments rather than lines as in [23]. Also the “Intermediate processing” (line
extraction and corresponding) that would affect the final result is fixed. Thus the
result is not concrete enough.

Line Extraction. Extracting lines could be done in several ways. The Hough
transform [27] is famous in curve fitting. Despite of having a long history Hough
transform and its extensions are still used widely in recent literature (e.g. [46, 2, 50]).
A simpler approach connects line segments with a limit of angle changes and than
uses the least median square method to fit the connected paths into lines (e.g.
[69, 65]).

As with edge detection, no complete and concrete evaluation of line extraction
is available.

3.2.2 Line matching

Lines can be matched based on attributes such as orientation, length, or extent of
overlap. Some matching strategies such as nearest line, or additional view verifica-
tion can be used to increase the speed and accuracy. Optical flow can be employed
in the case of short baseline [35]. Matching groups of lines (graph-matching) is more
accurate than individual matching [79].

Beardsley et al [5] use the geometric constraints in both two-view and three-
view cases to match lines. The constraints are found by a robust method with
corresponding points. Schmid and Zisserman extend this idea for matching both
lines and curves [63].

The evaluation of line matching algorithms for reconstruction is missing in lit-
erature. Authors give evaluations to compare their work with previous works (e.g.
[35]) but those are not complete enough to draw a conclusion.

Conclusion. Lines and generally highly structured features give stronger con-
straints. Lines are many and easy to extract in scenes with dominant artificial
objects, e.g. urban architectures. However, the fact that evaluations on line extrac-
tion and matching for structure recovery are not complete and concrete probably is
the reason why the theory of three-view reconstruction with lines are available for a
long time but methods in structure recovery usually use point correspondence. One
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of the few works that uses line correspondences and trifocal tensors is of Breads-
ley [5] but lines are not used directly. Still point correspondences are used first to
recover geometry information.

In conclusion, we recognize the potential of using line correspondence. However,
there should be a concrete evaluation of line extraction and matching before we can
use it directly. In MediaMill3D, first we will follow the method of Breadsly et al [5]
that uses point correspondence to recover the initial structure before exploiting line
correspondences.

3.3 Summary and Conclusion

In this section we summarized the literature of feature detection and matching for
the structure recovery problem. Two kinds of features are examined: points and
lines.

With points, many detection and matching methods are available in literature
with concrete evaluations. Choosing a good matching scheme is more important
than the detection scheme. SIFT and SIFT extensions show superior results in the
evaluation of Mikolajczyk and Schmid [45]. Based on that result we decide to use
SIFT and in the the future its extension for our work.

Line detection and matching schemes and their evaluations are not available at
the proper level, especially not in the context of 3D reconstruction. We identify it as
possible reason of lacking applications of line correspondence in structure recovery.
Still we believe that the benefit of using line correspondence has potential. We
conclude that before directly applying line correspondence there should be a concrete
evaluation. In the first implementation, our system will use lines as additional
features to validate the geometric information and to help the dense matching and
modeling tasks.

4 Structure and Motion Recovery

The second task Structure and motion recovery recovers the structure of the scene
and the motion information of the camera. The motion information is the position,
orientation, and intrinsic parameters of the camera at the captured views. The
structure information is captured by the 3D coordinates of features.

Given feature correspondences, the geometric constraints among views can be
established. The projection matrices that represent the motion information then
can be recovered. Finally, 3D coordinates of features, i.e. structure information,
can be computed via triangulation (figure 8).

In the following subsections we discuss the problem of structure and motion
recovery from multiple views and techniques to benefit from a large amount of data,
i.e. reconstruction from video sequences, and the degeneracy problem.

4.1 Multiple View Geometry and Stratification of 3D Geometry

This subsection gives a brief overview of multiple view geometry and the concept of
geometric stratification that are required to understand the following subsections.
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Figure 8: Structure and motion recovery process

4.1.1 Multiple view geometry

The research in 3D reconstruction from multiple views started with two views. This
is quite natural since humans also see the world through a two-view system. Initial
research assumed calibrated cameras, i.e. intrinsic parameters of a camera and the
relative positions of two cameras if a stereo system is employed are known. All those
parameters are acquired via a calibration process.

For the calibrated case, the essential matriz E [25] is used to represent the
constraints between two normalized views. Given the calibration matriz K (a 3x3
matrix that includes the information of focal length, ratio, and skew of the camera),
the view is normalized by transforming all points by the inverse of K: & = K 'z, in
which z is the 2D coordinate of a point in the image. The new calibration matrix
of the view is now the identity. Then with a corresponding pair of points (z, ') in
homogeneous coordinates, E is defined by a simple equation: 27 E& = 0.

The research has later been extended to the uncalibrated case. During the 1990s,
the concept of fundamental matriz F' was introduced and well studied by Faugeras
[47] and Hartley [18]. The F matrix is the generalization of E and the defining
equation is very similar: z/7 Fz = 0.

The difference is that in uncalibrated reconstruction, the K matrix is unknown
and thus the view coordinate cannot be normalized therefore in the equation x is
used instead of #). F is still “fundamental” for research of multiple view geometry
since it is simple yet very informative. Its relations with other ways of expressing
constraints can be found in [17].

Some principle concepts in two-view geometry are explained in figure 9. X, z,
and 2’ are a 3D point and its two projections respectively. C and C’ are two camera
centers. The line segment that connects them is called the baseline. The line X, C,
and C’ define a planes called the epipolar plane. | and I’ are the epipolar lines of the
two projections of X. The projection of the camera centers on the other images, e
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epipolar
plane
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Figure 9: Two-view geometry

and €/, are named epipoles. The relation among all these elements forms the epipolar
constraint.

Figure 10: Line correspondence among three view - basis to define trifocal tensors

Three-view geometry is also developed during the 1990s. The geometry con-
straints are presented by trifocal tensors that capture relation among projections
of a line on three views. The trifocal tensor defines a richer set of constraints
over images. Apart of a line-line-line correspondence, it also defines point-line-line,
point-line-point, point-point-line, and point-point-point constraints. Furthermore,
it introduces the homography to transfer points between two views. In figure 10,
points on lines [ are transfered to points on line I by the homography induced by
the plane (C”,1'). Unlike the fundamental matrix, which defines a point to line re-
lation, i.e. a one-to-many relation, line correspondences defined by trifocal tensors
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are one-to-one. This is one of the advantages of trifocal tensors identified not only
by Hartley and Zisserman [17] but also by Faugeras, Luong and Papadopoulo [48].

4.1.2 Stratification of 3D geometry

Geometry stratification. F matrices and trifocal tensors form the constraints
among multiple views. Suppose that we have enough information, i.e. correspon-
dence of features, to find the F matrix, or the tensor. It alone is not enough to
solve the structure and motion problem. The ambiguity of reconstruction is because
of the lack of prior information. In calibrated reconstruction, the information of
the camera’s parameters are known before hand by a calibration process and are
unchanged. In human vision system, our cameras are also well calibrated. But in
uncalibrated case to make a Euclidean reconstruction, the missing information must
be recovered via a further step called self-calibration, which is discussed in section
??. This process employs the idea of geometric stratification [12] and invariant
objects.

To make a metric reconstruction, i.e. a reconstruction in the metric space
(Euclidean space up to a scale), one should find the corresponding reconstruction in
lower stratum: the affine and projective space respectively. The affine space is the
metric space without the measurement of angles (parallelism, ratio, centroid still
exist). In the projective space, the concepts of parallelism, ratio, and centroid do
not exist anymore. Tangency still exists in this space.

A calibration process uses calibrated objects, i.e its characteristics are known,
to find out the camera’s parameters. In the uncalibrated reconstruction, invisible
but always existing objects are the replacements. They are the plane at infinity,
the absolute conic and the absolute quadric. The plane at infinity and the absolute
conic are invariant in affine and metric space respectively. The absolute dual quadric
encodes information of the others and is used in Pollefeys’ metric reconstruction
method [53].

Characteristics of geometric strata are summarized in table 1 and can be found
in [52] or [17]. In section 4.3 we will discuss different methods of reconstruction from
video sequences in the uncalibrated case.

4.2 Projective Structure and Motion

Reconstruction with only knowledge of feature correspondences is only possible up
to a projective reconstruction and there are many ways to obtain projection ma-
trices from a geometry constraint, i.e. a fundamental matrix or a focal tensor.
Hence projective reconstruction is mainly the recovery of fundamental matrices or
focal tensors. Methods, implementation hints, and evaluations are well discussed by
Hartley and Zisserman in [17].

If the input, i.e. feature correspondences, includes outliers, robust methods such
as RANSAC, LMS can be employed to reject them. Then iterative minimization
using Levenberg-Marquart should be used to improve the result. Choosing error
functions for the minimization is very important since the algebraic error, i.e. the
estimation error computed directly from the geometric constraint equations, does
not express geometric meaning. Geometric or Sampson distance are advised [17].
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’ Stratum ‘ DoF ‘ Trans.Matrix ‘ Distortion ‘ Invariants ‘

Projective | 15 P Intersection, Tangency of

surface, Cross-ratio

Affine 12 A \—lj Parallelism, Centroid,

T
L 0% 1 i Plane at infinity
_ [ SR ] . .
Metric 7 T Relative distance, Angle,
L i Absolute conic
‘ 'Rt ] |
Euclidean | 6 of Absolute distance

Table 1: Characteristics of geometric strata [52, 17]. The matriz P is a 4 X 4 invert-
ible matriz. The matriz A is a 3 X 4 matriz. The R matriz is 3 X 3 rotation matriz.
s is the scaling factor. t is a 3D translation vector

With recovered focal tensors, projective reconstruction is already available. There
are many decompositions from tensors to projection matrices [42]. The most com-
monly used one assumes that the first camera projection matrix is P; = [I 0] and
derives the other view’s projection matrix based on the constraint.

In case of more then two views, the decomposition into projection matrices must
be done with homographies induced from the same reference plane in order to have
a consistent structure. This could be based on the work of Luong and Viéville [43]
or based on trifocal tensors as described in [3] by Avidan and Shashua.

To avoid complex equations, one could use the updating method of Pollefeys
[53]. After having the initial structure, the new projection matrix is computed
from a linear equations system, which is formed from correspondences of already
reconstructed 3D points and their projections on new frames. Six points are needed
for this computation. The problem of accumulation error is solved by jumping
matching, i.e. divide a sequence into K-frame blocks and match the starting frame
of the blocks.

Using first view coordinates instead of world coordinates simplifies the equations
of reconstruction because the projection matrix of the first view is extremely simple
(P = [I 0]). However, it makes the computation unstable, and sensitive to noise
[76]. That is the motivation for the factorization method, first introduced by Tomasi
and Kanade for orthogonal projection, which produces a consistent set of projection
matrices directly from the correspondences. The method is later extended by Sturm
and Triggs [71] for perspective projection. Further developments to solve the prob-
lem of initialization, missing trajectories and continuous reconstruction are given
in [1, 44]. An evaluation method is given is [74]. Theoretically, factorization gives
better results compared to the structure update technique. Yet there is no explicit
experimental verification of this. Whether factorization is better (more accurate and
effective) than structure update with a good frame selection is still a question.
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Figure 11: Tracking features over frames. Same features detected over frames are
required to initiate and build up the projective structure. Pictures produced by
MediaMill3D

Conclusion. Both methods, structure update and factorization, should be evalu-
ated further. While factorization has been the research direction in recent years, the
updating method has the practical advantage that it is successfully implemented by
Pollefeys in a complete framework. In MediaMill3D, we implement the former, the
later will be examined easily since this step is modularized. We also will examine
the effect of frame selection techniques on the final result of both methods.

4.3 Metric Structure and Motion

The process of upgrading from projective structure to a metric one is called self-
calibration or auto-calibration.

Without additional constraints, it is impossible to upgrade to a metric recon-
struction [55]. The development of research on self-calibration goes from meth-
ods with strict unrealistic assumptions of camera motion and intrinsic parameters
[37, 20] to the flexible, practical ones with minimal and realistic assumptions (e.g.
self-calibration even with only the condition of squared pixels) as in [24, 55, 56].

Available methods. The iterative methods of Pollefeys [55] and Heyden [24]
directly recover a metric structure from projective one. However, Pollefeys builds
up the method from an analysis of the absolute quadric equation (remember that
the absolute quadric encodes characteristics of both the affine and metric strata),
whereas Heyden derives the solution from the projection matrix equation.

Hartley, on the other hand, from the comment that iteration is tricky [56] and
a direct upgrade method has the difficulty of constraint enforcement [17], proposed
a full stratified method. The method [56] first upgrades to a affine structure by an
exhaustive search for the plane at infinity with branch cut based on the so called
cheirality constraint, i.e. the reconstructed points must be in front of the camera
[21]. Later the affine structure is upgraded to a metric one by finding the image of
the absolute conic as in [37].

Evaluation. Heyden [24] gives experimental results on synthetic data. Pollefeys
and Hartley both give results on real images. However, the experiments were not
complete enough to convince the robustness of the methods. Also there is no com-
parison among them. It is not clear from the papers how to detect and deal with
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(nearly) critical sequences. In Pollefeys’ method, convergence and semi-definite con-
straint are not enforced explicitly during the process. The application context of
those methods is historical and architectural objects, in which geometric accuracy
is not highly demanded and the distortion almost does not exist on images (in fact
Cornelis et al proposed a method to deal with distortion in the uncalibrated case
but for some cases the method is unstable and unreliable [9]).

Figure 12: A sequence of a part of the NFI’s crime scene and the metric structure
recovered. Pictures from MediaMill3D system

Conclusion. In summary, methods exist for metric reconstruction but the robust-
ness, accuracy, and flexibility can still be improved. To apply those methods in our
application, we need a thorough examination of them with respect to our application
context, i.e. the dimension of the scene and the required accuracy.

4.4 Advantages and Problems of Using Video Sequences

Research in 3D reconstruction started with looking for an answer to the question
whether it is possible to do 3D reconstruction from images. But in practice, it is more
natural to use video sequences since it eases the capturing process and provides more
complete data. But also problems arise. The following text discusses the advantages
and the problems of using video sequences as input.

4.4.1 Advantages

The most important advantage of using input of video sequences is the higher quality
one can obtain. Both geometric accuracy and visual quality can be improved by
exploiting the redundancy of data. Intuitively, more back-projecting rays of a point’s
projections limits the possible 3D coordinates of the point. The best texture found
by selecting the best view or super-resolution can be used to get better visualization
quality. Image sequences also enable some techniques to deal with shadow, shading,
and highlights such as described in [53].

Other advantages are the automaticity and flexibility. Capturing data by a hand-
held camera is more comfortable since a person does not have to worry about missing
information or to consider if the captured information is enough for reconstruction.
And on the processing time, instead of manually selecting some images from a video,
it is better to have a system that can do everything automatically.
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4.4.2 Problems

To take advantage of the use of video sequences we have to deal with some prob-
lems, ranging from pre-processing (frame selection, sequence segmentation), during
processing as has been seen in previous sub-sections, to post-processing (bundle
adjustment, structure fusion).

e Frame selection. Among a number of frames, selecting good frames will
improve the reconstruction result. Good frames are ones that have proper
geometric attributes and good photometric quality. The problem is related
to the estimation of views’ position and orientation and photometric quality
evaluation.

e Sequence segmentation. Reconstruction algorithms assume that a sequence
is continuously captured. The sequence should be broken into proper scene
parts and reconstruct separately and fuse later.

e Structure fusion. Results of processing different video segments (generated
either by different captures or by segmentation) must be fused together to
create a final unique result.

e Bundle adjustment. The reconstruction process includes local updates (e.g.
feature matching, structure update) and bias assumptions (e.g. use of first-
view coordinate system). Those lead to inconsistency and accumulated errors
in the global result. There should be global optimization step to produce a
unique consistent result.

For all mentioned problem, there exists solutions to certain levels. Yet no solution
is absolutely perfect.

4.5 Critical Cases

A critical case happens when it is impossible to make a metric reconstruction from
the input data. It either because of the characteristics of the scene or the capturing
positions.

In practice, metric reconstruction from video sequences captured by a person
using a hand-held camera hardly falls into an absolute critical case. However, nearly
critical cases are common in practice, e.g. a camera moving along a wall or on
an elliptic orbit around the object. That is why studying critical configurations
and detecting those cases is extremely important to create a robust reconstruction
method, or select the most suitable method for the case.

There are two kinds of critical cases: (1) critical surface or critical configuration,
and (ii) critical motion sequences (of camera). The first class depends on the ob-
served points and the viewpoints. The study of this kind started very early (1940s)
and still is subject of recent research, e.g. by Kahl el al in 2001 [29]. The later
depends only on camera motion, i.e. can happen with any scene. Sturm’s paper [70]
on fixed intrinsic parameter cases provides the basis for further research. He also
suggested a “brute force” approach to select the best algorithm. Pollefeys gives a



18 Dang Trung Kien

practical approach that examines the condition number of the equation system [51].
This however only helps to reject the case but not to take the proper method for it.
Some important notes about critical cases are:

e Normal cases in some conditions, e.g. calibrated or fixed intrinsic parameters,
can turn into critical ones when conditions change.

e The more uncalibrated the camera, i.e. less cameras’ parameters are known,
the more ambiguous the reconstruction will be [51].

In conclusion, research of absolute critical cases is concrete but a method to
early detect near cases is not available. It will be an important contribution if one
could develop such a method since it will pave the way to build an effective metric
reconstruction method.

4.6 Summary and Conclusion

There are many options for each step in the reconstruction process. Some steps are
well evaluated while others need further evaluation.

Both accuracy and robustness should be improved in order to make image-based
3D reconstruction more applicable. Using more data can improve the quality. But
also many problems come along when using video sequences.

To build our system, which aims for a quality-demanding application, we have
chosen to implement the practically best algorithms for each step and will have to
do research and experiments to find out how to improve the quality of the system,
either by improving the algorithms or conforming to a good capturing guideline.

5 Rectification and Stereo Mapping

The structure created after the second phase is very discrete and not enough for
visualization. Also a dense depth map must be established in order to build the
3D model. This task can be divided into two sub tasks: rectification and dense
stereo mapping. The first one exploits the epipolar constraint to prepare the data
for the second one by aligning a corresponding pair of epipolar lines along the same
scan line of images thus all corresponding points will have the same y-coordinate in
two images. This makes the second task, roughly search and match over the whole
image, faster. Furthermore, other optimization techniques are used in the second
task to achieve a correct dense matching before triangulation to build the depth
map. Figure 13 illustrates the process.

5.1 Rectification

The first class of rectification methods is planar rectification, e.g. [22]. Both images
are projected onto a plane that is parallel to the baseline. This class of rectification
works fine with traditional application of rectification in which there is no forward
movement of the camera, e.g. aerial images. It fails in the case of a forward moving
camera, which is quite common when a video sequence is captured by a hand-held
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camera, e.g. moving along a street or corridor. In this case, planar rectification will
create an unbound image.

epipole

Figure 14: Polar rectification. A point p is encoded by a pair of (r,6)

The second class of rectification methods is non-planar rectification. The first
invented method in this class is cylinder rectification proposed by Roy et al [58].
Images are projected on a cylinder whose axis is the baseline. The unbound images’
size problem is solved. However, the cost is the complexity, which is not a desired
characteristic of just a preparation step. Later on, Pollefeys proposed a method
called polar rectification [54] that solves the problem while keeping the simplicity.
Each pixel is coded by two components, the scan line that it lies on, which is an
epipolar line, and its distance to the epipole. The method does not require projection
of pixels but only scanning and recoding. A later work by Oram [49] refines this
method to reduce feature distortion and complete the solution for the epipole at
infinity case.

In the MediaMill3D system, since we do the reconstruction from video sequences
captured by hand-held cameras, the polar rectification is implemented.
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Figure 15: Two consecutive frames before and after rectifying. Pictures produced
by MediaMIl13D

5.2 Stereo Mapping

Stereo mapping is the task of establishing a dense matching map between points of
different calibrated views. This task is not trivial. The number of papers, different
constraints, and strategies applied that can be found in [60] proves that. In the fol-
lowing paragraphs we skim through the taxonomy, and evaluation of stereo mapping
based on D. Scharstein and R. Szeliski’s work in [60].

5.2.1 Taxonomy

The traditional definition of this task considers only two rectified views and the
matching map is presented as the disparity map d(x,y) with respect to the reference
image. The task normally include fours subtasks:

1. Matching cost computation. Differences of any pair of pixels from two
different images are computed using a cost function, e.g. square intensity
difference or absolute difference. The computation range, i.e. the pixels to be
compared to a pixel of the reference image, is limited based on a geometric
constraint, e.g. the epipolar constraint.

2. Cost aggregation. This step increases the accuracy since the cost after
aggregation contains information over a region instead of only one pixel. Ag-
gregation in many cases is a local smoothness enforcement.

3. Disparity computation/optimization. The decision on matches are made
in this step. It can be a simple winner-take-all iteration through all pixels or
as complex as a global optimization over all pixels.

4. Disparity refinement. Refinements include sub-pixel disparity estimation,
e.g. by curve fitting, and post-processing such as applying a median filter to
clean up mismatches.

Algorithms can either be local or global. Local or window-based algorithms decide
each match based on matching cost within a limited window region while global ones
apply smoothness assumption over whole images and solve the optimization problem.
Step (3) of local algorithms is simply a winner-take-all. While in global methods
step (3) is the most important one where global smooth constraint is enforced.
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Global methods are classified into three sub-classes depending on how subtask
(3) is implemented.

e Global optimization. The smoothness constraint enforcement is interpreted
as an energy-minimization problem. The energy function encodes both inten-
sity and smoothness error. The smoothness function must also preserve the
discontinuity at edges. A match is then decided by finding the minimum. A
variety of algorithms are applied including Markov Random Fields, simulated
annealing, graph-cut, and belief-propagation.

e Dynamic programming. Methods in this class solve the minimization along
scanlines. Its advantage is the high speed. Three problems of this class are
how to define the cost for occluded pixels and in line smoothing constraint,
and how to achieve inter-scanline consistency. There are proposed techniques
to overcome the first two (e.g. [31]). The last one remains a main problem.

e Cooperative algorithms. Cooperative algorithms perform local optimiza-
tion iteratively. This finally creates a result that is similar to a global opti-
mization.

Scharstein also lists out algorithms that fall out of the taxonomy, for instance
those that use optical flow in a hierarchical framework or use multi-valued represen-
tation for disparity maps [6, 7].

5.2.2 Evaluation

The most complete and updated evaluation is the one of [60]?. About forty algo-
rithms are evaluated based on the bad pixel percentage at non-occlusion regions,
textureless regions, and discontinuous regions. Currently, the overall best method
is symmetric belief propagation with occlusion handling [72].

5.2.3 Multiple view mapping

3D reconstruction systems do not use a few images but sequences of them. The
ability of simply handling problems of two-view vision, e.g. occlusion or reflection,
is what we can gain from multi-view vision. That ability is already acknowledged
in some research. Some recent stereo methods [34, 80] use multi-view information.
But due to an assumption of occlusion they use only information from close views.

Far views’ information is helpful in detecting occlusion by a large object. The
space carving theory [36] shows an interesting fact of reconstruction from sequences:
the more views added, the more complete the model. It proves that the occlusion
problem can be addressed effectively with multiple-view information. The frame-
work of [53] updates the depth map and simply detects outliers for example caused
by reflection using the linking maps, which represent the correspondences over a
sequence.

The evaluation is frequently —updated and available on the Internet at
http://cat.middlebury.edu/stereo/.
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So in short, a practical system, such as the one we are building, should attack
the problem on the basis of using video sequences.

5.3 Summary and Conclusion

The number and diversity of methods for stereo matching indicates that it is an
important part of 3D reconstruction, especially to create a good model. The problem
until now is usually examined from the two-frame and epipolar constraint view. The
question is whether it is efficient to apply a complex algorithm in an early step while
the problem could be solved by other possibly cheap means in a later stage. With
the trend of using video sequences for metric reconstruction, stereo mapping should
be done over multiple views. The correspondence linking technique of Pollefeys [52],
for example, establishes the trajectories of points over views to effectively identify
reflection, occlusion and wrong matches. Also it is a fact that thick occlusion cannot
be detected from two views but from multiple views it is possible.

In MediaMill3D, we will combine a global two-view stereo algorithm (e.g. [72])
with multi-view information presented by linking maps. This approach would com-
bine the ability of enforcing smoothness of two-view approaches and the ability of
detecting occlusion of multi-view approaches.

Figure 16: Sparse structure (blue), and dense structure (red) of the same scene.
Pictures produced by MediaMIlI3D

6 Modeling

The final step is to map texture on the model. The sub-tasks in the modeling
step are summarized in figure 17. Triangulation is quite a simple task. Points of
each stereo map are triangulated to generate depth maps. Those maps are used to
construct the mesh of the scene and finally, with texture extracted from frames, the
complete textured model can be built. We ignore it and discuss only mesh building
and the texturing process in the following text. Since the triangulation process is
simple we ignore it here. Triangulation methods and comparison can be found in
[17].



Section 6 Modeling 23

7 (- - e
Texture 3D Mode!
Mapping

Dense
Matching
Map

Video
Frames

Mesh
Building

’

Triangulation

Figure 17: Modeling process

6.1 Mesh Building

The simplest method to build a mesh is first overlaying a triangle mesh on a frame
and then using the depth map to compute 3D coordinates of vertices. Each 2D
triangle image patch is mapped to the corresponding 3D triangle. This approach
however can be applied only to a limited set of close frames since it is impossible to
accurately track all points over many frames. Hence its main disadvantage is that
it cannot be applied in complex scenes that needs information from different view
angles for full reconstruction.

More sophisticate approaches should deal with fusion of meshes constructed from
different depth maps. Research on mesh fusion was mostly to support ranging de-
vices, e.g. laser scanners, and usually includes registration before the actual fusion.
In our case, we do not have to do registration since all the depth maps are recon-
structed based on the same metric frame.

Methods of mesh fusion, or multiple view integration, can be categorized along
two dimension: (i) structured or unstructured points; (ii) surface based or volumetric
based.

Unstructured fusion (e.g. [73, 10]) does not make the assumption of spatial con-
nectivity, which could be counted as an advantage. But due to this, the methods do
not perform well with curved surfaces. Structured fusion (e.g. [77]) uses the struc-
ture information, e.g. spatial connectivity. This class of method usually performs
better than the former.

Surface-based approaches (e.g. [73]) remove or merge mesh elements, i.e. tri-
angles, that overlap each other. The overlap check process usually requires back
projection to a 2D plane. Volumetric approaches (e.g. [10]) divides the space into
voxels and updates their labels based on information from depth maps. After that
an isosurface extraction will remove voxels that are before or behind the surface.
Surface-based methods’ results are meshes so the process can go directly to mesh
reduction (e.g using [32, 64]) while volumetric methods require an intermediate
polygonization step (e.g. using marching cube [39] or marching triangle [26]).

6.2 Texture Mapping

The texture mapping can be done as follows:
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1. Back project the 3D mesh, a set of wire-frame patches, into each frame.

2. Extract texture patches (photometric information) of each wire-frame patches
over different video frames.

3. Use photometric and geometric information, i.e. the angles between the line of
sight of views and the normal of the wire-frame patch), to create the mapping
texture patch.

4. Map the texture patches to the corresponding wire-frame patches.

The process described above already includes the idea of super resolution done
in a priory strategy. In the posterior strategy first one super frame is created from
the sequence, e.g. by using the idea of space-time super-resolution [61], then step
(1), (2) with only the super frame and (4) are applied respectively.

Step 3, the super resolution step, can discard artifacts such as highlights and
reflections. It can also increase or simply take the best resolution patch for mapping.

In case the scene has close light sources, they should be detected and informa-
tion of those sources should be taken into account in step 3. In fact, the close
light source problem is even more serious since it affects the reconstruction right
from the beginning. Light source estimation requires known shapes or surfaces [68]
while the surface available at this stage already suffers from the lack of light source
information. We have not seen a proper method to solve this problem.

6.3 Discussion

3D reconstruction 3 suffers from the assumption of Lambertian surfaces, i.e. trans-
parent and reflective objects are usually incorrectly reconstructed. The modeling
step is the right place to handle this problem since the redundancy of data can help
to detect those objects. The refection and transparency problem can be solved to
some level as mentioned above. This is an advantage of using cameras over laser
scanners.

Modeling is hard to evaluate. Until now the evaluation considers visual assess-
ment, a costly process, or actually no metric evaluation at all. The lack of evaluation
is probably due to the fact that most of the modeling methods are created to work
with range capturing devices that generate densely accurate data. Maps generated
by reconstruction with video sequences are however sparser, due to the limit of reso-
lution and noise filling, and also less accurate. Hence evaluation in this case is more
important.

Until now existed 3D reconstruction systems is only at scene level, i.e. one mesh
for the whole scene. As a result, the main application is just navigation. A further
step into object level is very useful since it enables interaction with the scene.

3Either with laser scanners or cameras
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7 Conclusion and Discussion

In this document we have given an overview of reconstruction from video sequences
over the four main steps: feature extraction and matching, structure and motion
recovery, stereo mapping, and modeling. Each step or even sub-step is already a
field of research so we did not go into detail. Only an overview of methods and
evaluation was given. We also identified problems.

Feature detection and matching is the most well studied step. Methods are
plentiful and well evaluated. The correspondences are however never 100% correct.
This results in the employment of robust estimation and bundle adjustment methods
in the following steps.

We recognize the potential benefit of using video sequences as input in the struc-
ture and motion recovery step but also problems arise with that. As working with
sequences was called “black art” [17], the only way to conquer it is to study it in
practice.

The stereo mapping and modeling task seem less difficult but this might be
because modeling with point clouds generated from stereo vision was not examined
critically enough.

In general, methods exist for every step. The quality and robustness of the
process at large, and especially of the structure and motion recovery step, is the
main concern. Although we described the process as an almost sequential one, which
is a desired characteristic since it enables a pipeline framework, practical solutions
often require loops and feedbacks at different levels. This, on the other hand, makes
the quality analysis and management of the process difficult.
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