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ABSTRACT

DIRECT SURFACE RECONSTRUCTION FROM MULTIPLE VIEWS BY

SURFACE GROWING

Leloglu, Ugur Murat
Ph. D., Department of Electrical and Electronics Engineering

Supervisor: Prof. Dr. Ugur Halica

June 2001, 80 pages

To obtain 3D surface descriptions from multiple optical images taken at arbi-
trary viewpoints is a challenging task of computer vision. The usual approach
is first matching the images point by point to find 3D points, then trying to
fit surfaces to resulting points. In this work, a radically different approach
is presented. The surfaces that generate the images are estimated directly in
the object space without explicit image matching phase and without an initial

guess for the surfaces.
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To be able to solve this complex problem, an attention mechanism is em-
ployed: Instead of reconstructing all surfaces at once, we begin from a point
of attention, i.e., a small surface patch serving as a seed. The surfaces are
reconstructed one by one through a surface growing approach where the sur-
face parameters are continuously updated as new surfels (surface elements) are
added. The algorithm is hybrid: Both re-projection error on multiple images
and a novel feature match function guide the surface growing. For each surface,
radiometric correction parameters are estimated and it is shown that surface
patches are the right scale for radiometric correction parameter estimation.
Resulting surface patches are accepted only if converging evidence is collected
from both re-projection error and from matching features, over a relatively
large area on multiple images. The final result can directly be used as 3D sur-

face models. The performance of the algorithm is demonstrated on real images.

Keywords: 3D reconstruction, image matching, surface growing
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YUZEY BUYUTME ILE COK SAYIDA GORUNTUDEN DOGRUDAN

YUZEY GERICATMA

Leloglu, Ugur Murat
Doktora, Elektrik ve Elektronik Miihendisligi Boliimii

Tez Yoneticisi: Prof. Dr. Ugur Halici

Temmuz 2001, 80 sayfa

Rastgele noktalardan alinmig birkag optik goriintiiden iicboyutlu yiizey tanimlar
elde etme yapay goriiniin zorlu problemlerindendir. Aligilmig yaklagim, 6nce
goriintiileri nokta nokta egleyerek iicboyutlu noktalar1 bulmak, daha sonra
da bulunan noktalara ylizeyler oturtmaya galigmaktir. Bu caligmada, tama-
men farkli bir yaklagim sunulmugtur. Goériintiileri meydana getiren yiizeyler,
agik bir egleme agamasi veya bir baglangi¢c tahmini olmadan, dogrudan nesne

uzayinda bulunmaktadir.



Bu karmagik problemi ¢6zebilmek icin bir dikkat mekanizmasi kullanildi:
Biitiin yiizeyleri ayn1 anda gericatmak yerine, bir dikkat noktasindan, yani
tohum gorevi gorecek kiiciik bir yiizey parcasindan baglanmaktadir. Yiizeyler,
yeni yiizey oOgeleri eklendikge yiizey parametrelerinin siirekli olarak giincel-
lendigi bir yiizey biiylitme yaklagimiyla birer birer gericatilmaktadir. Algo-
ritma melezdir: Hem c¢ok sayida goriintiiye yeniden izdiigiim hatasi, hem de
yeni bir 6znitelik egleme iglevi yiizey bilylitmeye yol gosterir. Ortaya ¢ikan
yiizeyler ancak, hem yeniden izdiigiim hatasindan, hem de eglenen 6znitelikler-
den, ¢ok sayida goriintii {izerinde gorece genig bir alanda, birbirlerini giiglendi-
ren kanit toplandiginda kabul edilmektedir. Sonuglar dogrudan iichoyutlu mo-
deller olarak kullanilabilir. Algoritmanin bagarimi gercek goriintiiler iizerinde

gosterilmigtir.

Anahtar Kelimeler: Ug-boyutlu gericatma, goriintii egleme, yiizey biiyiitme
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All colors made me happy: even gray.

My eyes were such that literally they
Took photographs. Whenever I'd permit,
Or, with a silent shiver, order it,
Whatever in my field of vision dwelt -

An indoor scene, hickory leaves, the swelte
Stilettos of a frozen stillicite -

Was printed on my eyelids’ nether side
Where I would tarry for an hour or two,
And while this lasted all I had to do

Was close my eyes to reproduce the leaves,

or indoor scene, or trophies of the eaves.
Pale Fire
V. Nabokov
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CHAPTER 1

INTRODUCTION

1.1 Problem Definition

The reconstruction of 3D surfaces from multiple images taken by calibrated
cameras at arbitrary points is a challenging research topic in computer vision.
It has many application areas like cartography, city planning, environmental
research, military systems, line-of-sight analysis for telecommunication net-
work planning, micro-climate simulations, risk assessment, architecture, film
industry, virtual reality and reverse engineering. When smooth and textured
surfaces are involved, the solution is relatively easy. But, in the domain of com-
plex man-made environments, like urban areas, the problem becomes difficult
due to factors like frequent depth discontinuities, large occlusions, textureless
areas and glossy surfaces. Lighting differences among images and changing
scenes (e.g. moving cars) introduces extra difficulties. Although, many labo-
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ratories are conducting active research on this topic, the problem is not solved
yet.

This thesis is focused on the 3D reconstruction of complex man-made
scenes. We use color images and try to exploit most of the information available
in multiple color channels. We assume that internal and external calibration
information is readily available, because the multi-camera calibration prob-
lem is completely solved today: Even when the cameras are not calibrated and
pose information is not collected by techniques like GPS and INS, cameras can
be calibrated by classical bundle adjustment techniques [77], [83] or relatively
new projective geometry methods [32], [27].

The number of images used for reconstruction by current algorithms range
from two to hundreds. Two images do not carry enough information while
large number of images are difficult to collect, store, calibrate and process. In
this thesis, we will use 3-4 images for reconstruction. Although, the system

developed is open to interactive usage, it is completely automatic.

1.2 Introduction

The stereo matching algorithms, which are commonly used for 3D reconstruc-
tion of smooth surfaces, fail when applied to high-resolution aerial images of
urban areas. Because, such scenes contain frequent depth discontinuities and
large occluded or textureless areas. To be able to build 3D models of such

2



scenes, multiple images are used. As a result, more information about the
underlying structure is available: ) Some surfaces that cannot be seen in an
image may be visible in another one. Using sufficient number of views with
various viewing angles, even a complete description of all visible surfaces can
be obtained. i) Parametric surface estimation is statistically more robust be-
cause of the redundancy in multiple images. #4) An image point that cannot
be matched to any point in a second image due to weak texture or matching

ambiguities may be matched, when multiple images are used.

However, it should be kept in mind that not all algorithms using more than
two images are “true multi-image algorithms”. A true multi-image algorithm,
as defined by Collins [15], should be able to handle any number of cameras
greater than two while keeping its complexity as a linear function of the number

of images without creating a dominant eye, i.e., a reference camera.

Most algorithms for 3D surface reconstruction from two or more images
work in two successive stages: i) Points and/or features are matched (either
pairwise or in multiple images simultaneously) and they are projected into the
object space. i) Surfaces, which fit to these points and features in 3D, are

estimated.

In this thesis, we suggest a radically different “true multi-image” approach:
The surfaces are directly estimated from the images. The establishment of im-
age correspondences and surface reconstruction are performed simultaneously.

3



Similar algorithms either deform an initial surface in order to minimize an
error function or they reconstruct small surface patches and link them to form
a surface afterwards. Our algorithm creates the surfaces directly without re-
quiring an initial guess and handles the constraints, like surface continuity and

orderedness, naturally.

It is assumed that ¢) several multi-band images of a scene are available, )
the cameras are fully calibrated, i) the scene is confined to a known volume

and, %v) the scene contains mostly planar, opaque surfaces.

To be able to solve this complex problem, an attention mechanism is em-
ployed: We do not attempt to reconstruct all surfaces at once. Instead, we
begin from a point of attention, i.e., a small surface patch serving as a seed.
A surface growing approach is taken where the surface parameters are contin-
uously updated as new surfels (surface elements, after Szeliski and Tonnesen
[81]) are added until the surface cannot grow any more. This approach handles
piecewise continuous surfaces naturally without imposing an explicit smooth-

ness constraint.

Another important aspect of the algorithm is that it is both area and feature
based. While surfels are added based on their re-projection error, a novel
feature match function guide the growing of the surface and the updating of the
surface parameters. Features on these surfaces are also matched after surface
growing and are used for surface verification, surface boundary detection and

4



hypothesis generation.

During surface growing, the radiometric correction parameters are also es-
timated for the surface. It is shown in the thesis that a planar surface is the
right scale of radiometric correction estimation. Global parameters estimated
for a whole image are not satisfactory because the parameters vary from sur-
face to surface. On the other hand, small rectangular windows are too small

for accurate estimation of the parameters.

The matches obtained by only multi-image correlation or feature match-
ing are not reliable. Even local mechanisms, like support collection from the
neighborhood or comparing flanking regions of linear features, cannot resolve
the ambiguity. However, our algorithm accepts a surface patch only if con-
verging evidence is collected from both small re-projection error and matching

features, over a relatively large area on multiple images.

Use of parametric surface models constrain the solution space, so that a
surface can be fit to areas with very weak texture. On the other hand, specific
object models are not used, so the system is flexible enough to model complex
polyhedral objects. In this work, a planar surface model is used to demonstrate
the validity of the idea, but it can be generalized to higher order surfaces.

5



1.3 Organization of the Thesis

This thesis is organized as follows. In Chapter 2, the related work is briefly re-
viewed. Chapter 3 describes the proposed surface growing algorithm in detail.

In Chapter 4, experimental results on real images are presented and finally,

Chapter 5 concludes the thesis.



CHAPTER 2

BACKGROUND ON 3D SURFACE

RECONSTRUCTION FROM MULTIPLE

IMAGES

3D Surface reconstruction by image matching has been a very active research
area during the last two decades. Surveys and overviews of image matching
techniques can be found in [3], [52], [20], [9], [34], [36] and [79]. Once the cam-
eras are calibrated, that is, the internal parameters of cameras like focal length
and principal point, and the camera pose (the position and orientation of the
camera in a given common coordinate system) are known, the 3D coordinate
of a point can be found, if its projection on at least two images are available.
However, finding the corresponding points in images taken from different po-
sitions is a difficult task. Even when coordinates of 3D points are estimated,
the problem is not completely solved. What we want to obtain as final result

7



is a description of surfaces in 3D. In the next two sections, we will review the

background on image matching and surface reconstruction, respectively.

2.1 Image Formation

A two-dimensional (2D) digital image is composed of one or more 2D array
of numbers each array corresponding to a color channel. Although there are
many different ways in which digital images are formed, we will constrain our
scope to images by an optical perspective camera. In such an imaging system,
light rays reflected (we assume that surfaces do not emit light) by surfaces
pass through an optical system and reach a sensor. The amount of the light
observed depends on the incident light (spectrum, incidence angle etc.), the
properties of the surface (color, mattness, roughness etc.) and the viewing
angle. An accurate model of the optical system may be very complicated
[77]. Throughout this thesis, we will assume that the cameras can be modeled
by a pin-hole camera (See Figure 2.1). When a point P with homogeneous
coordinates (Zp, Yp, 2p, 1) in the camera coordinate system is projected on the
image plane (2 = f plane where f is the focal length of the lens), its coordinates

8



on the image plane are given by

[ ] i 11 %

Uy f 00O
Yp

slw, |=]0 f 00 (2.1)
2p

1 0 010

ST 11

image plane at z=f

Figure 2.1: Image projection from 3D to the image plane.

The sensors are generally configured on a regular grid aligned with axes u
and v, so the image coordinates (in terms of pixel row and column numbers)

9



are given by

10 1K
Up f/dy 0 —cy/dy 0
Y,
S{v, |=| 0 —=f/dy —cy/dy O ! (2.2)
Zp
1 0 0 1 0
A | i L ]

where ¢, and c, are the coordinates of the upper-left corner pixel and, d, and
d, are the spacing between the cells of the image sensor in the horizontal and
vertical directions, respectively. If the coordinate of the point is expressed in
a coordinate system other than the camera coordinate system, then the point

should be transformed to the camera coordinate system before projection as

[ T
.’L‘p Ty
Yp R —RO Yo
= (2.3)
24 0 1 28
L 1 1

where column vector O is the origin of the camera in the “world” coordinate
system and R is the 323 rotation matrix defining the rotation between the two
coordinate systems.

The sensor, a CCD (charge coupled device) cell, is sensitive to certain
frequencies. The amount of the charge integrated in the cell is converted to
a digital number by a analog-to-digital converter. During the process, certain
amount of electronic noise is added to the signal as well as a quantization noise.
Sometimes, the images are taken on photographs and scanned afterwards.

LY
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That may add noise, non-linearities and camera extra parameters like an affine

transformation from film coordinates to image coordinates.

2.2 Camera Calibration

For 3D reconstruction in Euclidean space, the camera positions and orienta-
tions (camera pose) in a common coordinate system should be known as well
as the internal parameters of the cameras. In some cases, the internal pa-
rameters are known in advance. The camera pose can also be known up to
a certain extent: The cameras may be fixed in a predetermined configuration
(mostly in close-range photogrammetry applications) or the camera pose can
be measured during image formation by instruments like tilt sensors, GPS’s
(Global Positioning Systems) or INS’s (Inertial Navigation Systems). In any
case, the internal and external parameters can be estimated or fine-tuned after
the images are taken. For that purpose, image coordinates of a number of 3D
points on two or more images should be known. These coordinates may be
marked manually or detected automatically. In some calibration set-ups, the
3D coordinates of test points are known. Let {pi,...,pn} be the test points
and S; = {s1,..., 8} be the set of indices of images that can see the P;. If f;
is the coordinates of i’th point marked on the j'th image and fﬂ is the pro-
jection of the i’th point on the j’th image, then (fj; ~ fﬂ) is the error. In this
formulation, the unknowns are a combination of camera internal parameters,

11



camera pose and coordinates of 3D points. If the number of equations,

2 x i k‘i, (24)

i=1
is greater then the number of unknowns, the system can be solved in the least-
square sense. There are many possible formulations of the problem. Some focus
on finding the internal parameters of the camera using special targets, while
others estimate all the parameters together. For classical bundle adjustment
techniques refer to [77] and [83]. Good reviews of relatively new methods based

on projective geometry can be found in [32] and [27].

2.3 Triangulation

Assume that the internal and external parameters of a camera are known.
Then, a point P is known to be on the line passing through the camera center
and the projection of P in the image. Without additional constraints, it is not
possible to determine the 3D position of P. If a second view of P is available,
then P should be where the lines converge (See Figure 2.2). This method is
called triangulation and can be used to determine the 3D position of a point,
with the rare exception of collinear lines.

Of course, because of the noise in measurements, approximations in the
camera model and errors in camera calibration, the lines does not intersect
but pass very close to each other. The error in the 3D position of the point
can be reduced by changing the viewing geometry or by adding new cameras.

12



Figure 2.2: Finding the 3D coordinates of a point by triangulation: The point
P is at the intersection of the two rays from two cameras.

For triangulation, the projections of the same point on a 3D object should
be identified in each image. Matching corresponding points is a difficult task
and the next section is devoted to a brief presentation of background informa-

tion on the solution of this problem.

2.4 Image Matching

Identifying points in multiple images that correspond to the same 3D point is
an important phase in many 3D surface reconstruction algorithms. Even when
the 3D surfaces are generated without an explicit image matching phase, the
surfaces are verified by using their re-projections on the images and compar-
ing the consistency of the corresponding points or features; so the images are

13



matched implicitly. In the following subsections, some important subject re-

lated to image matching will be reviewed.

2.4.1 Geometry of Matching

Let fo = (uo,v0)T and fi = (uy,v1)T be the projections of a point P on image

planes Iy and I, respectively, in a calibrated stereo rig. Then,

u
[ U Vg 1 J Q (A =0 (25)
1

- -

where @ is called the essential matriz [55]. The essential matrix can be derived

from the available internal and external parameters or it can be estimated using
at least 8 corresponding point pairs [55], [31]. If the internal parameters of the
cameras are not known, the matrix ) can still be estimated, in terms of pixel
coordinates instead of image plane coordinates. In that case, ) is known as
the fundamental matrix [56). If f; is known, solving for f; gives the equation
of a line, which is known as the epipolar line. The focal centers of the cameras,
the object point and the epipolar lines on both images are all on the same
plane (See Figure 2.3).

As a result, the search for a match in the corresponding image reduces to
a one-dimensional search. In some cases, the objects are known to be confined
in a certain space. So, the search is further restricted to an interval along
the epipolar line. When matching two images, the images can be re-projected

14
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Figure 2.3: Epipolar lines are the intersection of the image planes with the
plane formed by the focal centers and the object point.

onto new image planes such that corresponding epipolar lines are collinear with
image rows with the same index. Efficient epipolar alignment algorithms can

be found in [28] and [31]. Computing those epipolarly aligned images greatly

simplifies some matching algorithms. In rectified pairs, the difference between

the horizontal coordinates of corresponding points is known as disparity, which

is inversely proportional to the distance of the object point to the reference

camera. For such a pair, the problem can be solved in terms disparity, resulting

in a disparity map, without worrying about the actual 3D coordinates.

When matching three images, geometric constraints can be expressed in

terms of a trifocal tensor.
images epipolarly except some special camera geometries.

15
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Since this thesis deals with planar approximations, the geometry of a plane
viewed by multiple cameras deserves special attention. Let fo = (ug,v9) and
f1 = (u1,v;) be the projections of a point p on a plane P, on the image planes

Iy and I, respectively, as shown in the Figure 2.4.

Figure 2.4: A plane viewed by two cameras. The coordinates of fy and f; are
related by a homography.

Then the relation between fy and f; is given by

r - - -

Uo Uy

v | =H| v (2.6)

NN
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where the 3 x 3 matrix H is called a planar homography and can be derived
from the camera geometry and the parameters of the plane (See, for example,

[22] for calculation of the homography).

2.4.2 Problems

Matching images point-by-point is an ill-posed problem and can be solved by
imposing some sort of regularization. Some important sources of ambiguity
in image matching problems are noise, lack of texture or repetitive texture.
Physical changes in the scene as well as illumination differences between the
times images are taken, make the problem much more difficult. Occluded
areas, that is, areas that cannot be seen in some images but can be seen in

others, are another important source of error.

2.4.3 Constraints

Although the matching geometry constrains the search space, there are still
many possible solutions. Researchers introduce other constraints to be able to
solve the correspondence problem like: Smoothness, orderedness, uniqueness
and compatibility.

Smoothness constraint is based on the fact that scenes are, in general, com-
posed of smoothly varying surfaces. So, the solution , e.g. the disparity map,
is forced to be a smooth function. Since this regularization causes problems
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around depth discontinuities, it may be relaxed allowing discontinuities. In
that case, solution is piecewise continuous.

Orderedness constraint makes sense in matching of epipolarly corrected im-
age pairs. The horizontal order of the points in one image should be preserved
in the corresponding points in the other image. There are cases where this
constraint is violated in real images.

Compatibility constraint requires that if a point py matches point p;, then
point p; also matches py. This constraint makes sense if the disparity maps

for left and right images are found independently.

2.4.4 Primitives

Algorithms for matching points across two or more images are roughly divided
into two categories as feature-based and area-based. Feature-based algorithms
try to match detected features like corners, line segments, arcs or regions.
Area-based algorithms, on the other hand, try to match images point-by-point.
Each approach has its own pros and cons. Our algorithm tries to benefit from
the advantages of both worlds. So, the next two subsections are devoted to

feature-based and area-based matching primitives, respectively.

2.4.4.1 Features

Since, the feature matching step of our algorithm is based on linear line seg-

ments, we will focus on the similarity measures for features. The attributes
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used for line segment matching in literature are overlap length [89)], [58]; ori-
entation differences [58], overlap ratio, length comparison [50]; integration of
perpendicular distance along the line segments [4]; contrast difference [58];
cross-correlation of the segment neighborhood [2], [73], [71]; gradient direction
[73] and chromatic statistics in the neighborhood [70], [66], [7]. We have used
orientation difference and distance between segments in addition to evidence

from 3D surface model.

2.4.4.2 Area-Based Primitives

Ideally, a point observed by several cameras should lead to same measurement
in all the images. But, in reality, this is not the case. Noise in the image for-
mation process, surface reflectance properties, illumination differences are the
main reasons for the differences in the measurements. Since area-based meth-
ods try to match each point in the image, they are sensitive to such differences.
Next two subsubsections elaborate on the solutions to these problems. Then,
similarity measures for area matching and color image matching are discussed.
Finally, one of the methods for area-based matching, which is region growing

on disparity maps, is reviewed because of its close relation to our algorithm.

2.4.4.2.1 Surface Reflectance Model

The simplest and the most frequently used assumption about the surface
properties is Lambertian and opaqueness assumptions. A Lambertian surface
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is such that it reflects the same light in all directions. These assumptions are
true for most of the surfaces, but algorithms based on these assumptions cannot
cope with semi-transparent or specular surfaces. There are some attempts to
model non-Lambertian surfaces: Pedersini et al. [67] assume partially matte
surfaces illuminated by a dominant light source at infinity and a small amount
of diffuse light. Bhat and Nayar [6] deal with specular reflection from rough
surfaces. Schultz [72] uses a specific model for water to reconstruct the ocean

surface from multiple images.

2.4.4.2.2 Photometric Distortion

Photometric differences among images of the same point may be the result
of either differences in the imaging system or of illumination differences. A

model frequently used is

Io(Xo) =a Il(X;[) +b (27)

where x¢ and x; are the projections of the same point to the images Iy and
I, respectively. Here, a is camera offset and b is the camera gain. Bignon [7]
estimates the offset and the gain using means of several corresponding areas
selected manually. The images to be matched are photometrically equalized
to a chosen reference image before the image matching phase. Rosenholm [69]
estimates the two parameters and disparities simultaneously using the least-
squares technique. Kim and Muller [44] model only a photometric shift term
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(offset). Pedersini et al. [67) model both offset and gain. Silva and Santos-
Victor [74] remove the effect of b by preprocessing the images using a zero
mean filter. An alternative of explicitly modeling the photometric distortion
is using similarity metrics that are not sensitive to certain kinds of distortions.

Next section reviews the similarity measures used for area matching.

2.4.4.2.83 Two-Image Correlation-Like Measures

The usual way to obtain dense matches in stereo pairs is calculating corre-
lation (normalized zero-mean cross-correlation in general) over a neighborhood
of the points to be matched. If I, and I; are small (usually rectangular) 2D
areas to be matched, then cross-correlation and normalized zero-mean cross-

correlation are defined as
Ci={o— ) - (h—-h) (2.8)

and
(Io—I)- (I, - L)
Cy = = = = — 2.9
Yo — L) - (I — Io)y/(h - ) - (I — Ty) 29

respectively, where I, and I; are the mean values of the signals and () denotes

the inner product. Subtracting the mean removes the effect of any offset
differences and normalization compensate for any gain differences.
Another measure commonly used for area-based matching is the sum of

squared differences (SSD) [63], [43] given by

Ery =var(ly — L). (2.10)
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When normalized properly, the maximization of the correlation score is equiv-
alent to the minimization of the SSD [57].

Kuglin and Hines [47] introduced a correlation measure based on the phases
of band-pass filters. Zyka and Sara [91] use rank correlation while Bhat and
Nayar [5] use ordinal measures. Both of these measures are insensitive to
monotonic transformations among the images. A few other measures defined

for two signals can be found in [57)].

2.4.4.2.4 Multi-Image Correlation-Like Measures

When matching multiple images, correlation cannot be generalized directly.
One solution is to choose a reference camera, calculating the correlations pair-
wise, and summing the results up [2], [10]. That is, if the correlation of a patch
I, from the reference camera and its corresponding patch I; in the ith camera
assuming a surface at the distance d from the reference camera is C;(d), then

the multi-image correlation is given by

Cs(d) = —— Y Ci(d). (2.11)

Paparoditis and Maillet [65] defined a multi-image correlation for directly

measuring the similarity of n signals, Iy,...,I,_; as

var ( s Ii)
1= ST Ty (212)
Note that the correlation given by Equation 2.12 can be calculated without

defining a reference camera. So, a search for the maximum of the correlation
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can be done along any line in the object space and the performance of the
search does not depend on arbitrary choice of a reference camera.

An interesting multi-image similarity score is proposed by Collins [16]. He
calculates the image gradient directions and back-projects them on a plane in
the object space. If the gradient directions from n cameras are 6y,... 0,1,

then the similarity is

n—1 n—1 2
Cs = J (Z cosf; + Z sin Bi) (2.13)

i=0 i=0
Okutomi and Kanade [63] uses SSD for matching multiple images taken
on the same baseline by choosing a reference camera and combining SSDs
obtained pairwise as
n—1

ET2 = Z w; ’U&T(IQ - I,,,) (214)

=1

where the weights w; are inversely proportional to the length of the baseline
between pair of images and all I;’s are found assuming the same distance
from the reference camera. Jia et al. [41] apply the same algorithm for two
orthogonal baselines. Narayanan et al. [61] and Mellor [59] use the same metric
in a more general camera configuration benefiting from epipolar geometry.
Wang and Ohnishi [86] also employ the same measure for finding the position
and orientation of small rectangular patches in 3D.

Tsai [84] has defined a similar metric that does not need a reference camera,

window variance, as

n—1
Ery =Y w;var(l; - I) (2.15)

=0
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where

n—1

I= L. (2.16)

S|

i=

This metric is also used by Heleva [35] and Fua [24]. Tsai has proposed another

metric, joint moment, which is defined as follows:

E{Il= L~ I}

Er, = ?;01 = {{E[Iz ~ j]n}l/n}

(2.17)

2.4.4.2.5 Matching Color Images

The correlation-like methods are defined on gray level images. When using
color images, the information from each channel should be combined. The
most straightforward way is taking the average of correlations obtained from

each color channel. Mellor [59] uses the dissimilarity measure

Er Eg E
Brs=—m+—2+—% (2.18)
O-T Ug Ub

where Eg, Eg, Ep are dissimilarity values obtained by SSD and o2, 02, ¢ are

estimated noise variances in red, green and blue channels, respectively. This
is, in fact, the Mahalanobis distance under the assumption of independent
noise across channels. Girard et al. [29] use the median of correlation values
instead of averages. Jordan and Bovik [42] employ a constraint called chro-
matic gradient matching constraint defined on each channel. If the constraint
is satisfied in all channels, they accept the match. That is, they use a logical
and function for combining color channels. Similarly, Park and Zimmermann
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[66] reject point matches if any of the correlation coefficients calculated for

different channels is below a threshold.

2.4.5 Strategies

In the computer vision literature, there are many different formulations of the
matching problem as well as strategies for solving it. The problem can be
expressed as a cost function and energy-minimization methods are employed.
Hierarchical implementations that work on several resolution levels reach bet-
ter solutions in less time. Relaxation schemes use relations among matches to
reduce the ambiguity progressively.

The main strategy used in this thesis is to begin from a point where a
partial solution is already obtained, and solving for the problem in the neigh-
borhood using the partial solution as a constraint. An approach in the same
vein is region growing on disparity maps which is briefly reviewed in the next

subsubsection.

2.4.5.1 Region Growing on Disparity Maps

The region growing approaches of Otto and Chau [64], Lhuillier and Quan
[53], D’apuzzo [17], and Skrinjar et al. [75], which use match propagation on
a disparity map from seed matches, are also similar to our surface growing
algorithm. However, in region growing on disparity maps, it is not possible to
use more than two images simultaneously. Besides, one cannot benefit from
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an explicit surface model.

2.5 3D Surface Reconstruction from Multiple

Images

3D point clouds or disparity maps obtained by image matching are intermedi-
ate results and should be integrated into a 3D surface model. In this section,

methods that manipulate or create surfaces in the object space are reviewed.

2.5.1 Surface Fitting to Unorganized Data Points

The algorithms for fitting surfaces to 3D points can be divided into two cat-
egories. In the first approach, the points are organized, that is, besides the
coordinates of the points, connectivity information is also available for each
view. There is a rich literature towards the integration of organized points
from multiple sources, not necessarily from stereo, but also from laser range
cameras. See Hilton et al. [38], [39] for a comparative analysis of several such
methods.

In the second approach, surfaces are fitted to an unorganized point cloud
in the object space. Liao and Medioni [54] deform a given initial 3D mesh
by energy minimization. Chen and Medioni [13] use an iterative inflating
balloon algorithm to model closed surfaces. Fradkin et al. [23] and Canu et al.
[11] fit planar surface patches to 3D points defined by segmentation of color

26



images and by segmentation of digital elevation models, respectively. Koch
[46] clusters points into regions of similar surface orientation. Fua [24] uses
iterative re-weighted least squares, while Sira and Bajcsy [85] and Hoppe et
al. [40] use eigenvalue analysis to estimate surface primitives that represent a
group of 3D points in a voxel. In Fua’s work, the surface primitives are small
disks in 3D called “oriented particles”, introduced by Szeliski and Tonnesen
[81]. In [85], the local geometric primitives called “fish scales” are expressed
as fuzzy sets. Leloglu and Halia1 [51] fit growing planar surfaces to 3D points.
In [40], a function whose zero-set represents the surface, is used. In all three
cases, these primitives are grouped to form surfaces, using various techniques.

But all these algorithms use 3D points to form surfaces.

2.5.2 Minimizing Re-Projection Error by Optimization

In our approach, the surfaces in 3D are obtained with no need to a prior image
matching phase. A method in this vein is maximization of multi-image correla-
tion by changing parameters of a surface. Havaldar and Medioni [33] use gen-
eralized cylinders for this purpose that are hypothesized using groups of edges.
But, their algorithm is restricted to three images taken from close points. Fua
and Leclerc [25] and Zhang and Seitz [88] also minimize an objective function
defined over multiple images by moving the vertexes of a triangular mesh, but
the algorithm begins from an initial surface obtained by some other method.
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Similarly, Faugeras and Keriven [22] use a surface evolution scheme that can
deal with multiple objects. The surface evolution is driven by partial differ-
ential equations implemented using level set methods. It is not shown if the
evolving surfaces converge to the solution on complicated environments with

frequent discontinuities.

2.5.3 Volumetric Methods

Some volumetric methods are also proposed to obtain surfaces without explicit
matching. In the space carving method [48), part of the space that contains the
objects is divided into voxels. The outermost voxels of the volume are removed
if they are not justified by the images. When the volume does not shrink
any more, a surface covering the volume is generated. Surveys of volumetric
methods can be found in [76] and [21]. In those methods, there is no explicit
surface model until the volume is generated. So, it is difficult to handle non-

Lambertian surfaces and constraints on surface shape cannot be imposed.

2.5.4 Generating Surfaces in 3D

An algorithm that generates surface patches in 3D from a stereo pair without
a prior matching phase is proposed by Super and Klarquist [78]. A reference
camera is chosen and the maximum of a correlation value obtained from a
rectangular 3D patch is found as the patch is moved away from the reference
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image and as its orientation is changed. The algorithm is developed for stereo
pairs and is tested on only highly textured image pairs. The result is not a
surface but a collection of surface patches. Similarly, Paparoditis and Maillet
[65] calculate a multi-image correlation score as they scan the height range over
a regular grid to obtain digital surface models from multiple aerial images.
Wang and Ohnishi [87] segment a reference image and fit a planar surface
patch in 3D for each 2D segment in the reference image, using a multi-image
correlation. The performance of this surface reconstruction algorithm is limited
with the performance of the segmentation algorithm. Besides, they create a

reference camera.

An algorithm that generate models directly from images is developed by
Kirihara and Saito [45]. Triangular and rectangular prisms inferred in 3D
are evaluated by using multiple image correlation and by comparing projected
models to image gradients. Best combination of models and best parameters
for these models are searched by employing genetic algorithms. Although the
results are promising, models are restricted to simple building blocks and the

method is very costly in terms of computation.

A surface growing approach is proposed by Mellor [59] for reconstructing
buildings from multiple images. He divides the space into voxels and hypoth-
esizes rectangular surface patches in each one. Each surface patch is tested
using image correlation over multiple images while the surface is rotated to
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various angles. After grouping surface patches, the surface grows by hypoth-
esizing surface patches in neighboring voxels. Since large patches are used,
fine detail can not be handled. Mellor’s algorithm does not benefit from a
parametric surface model that poses additional useful constraints in a polyhe-
dral world. Schultz [72] also proposed a surface growing algorithm for almost
planar ocean surface reconstruction. Using a model of water surface reflection,
the surface orientation is determined. Knowing the 3D position of a seed and
its surface orientation, positions of nearby points are calculated by a locally
planar surface assumption. This method is tested on only smooth surfaces.
Another related algorithm is proposed by Baillard et al. [2]. Surface re-
construction begins from 3D lines. Half planes are inferred at one side of the
3D lines. The best angle of the plane that can rotate around the line is de-
termined by maximization of a kind of multiple-image correlation. Then, half
planes are merged and their boundaries are detected as intersections of planes.
The planes are inferred directly in the object space, but the algorithm requires

3D lines initially and it neglects the details.

2.6 Error Assessment

Various types of 3D elements are generated by image matching algorithms
including 3D points, 3D line segments, implicit surfaces, parametric surfaces,
triangular meshes and geometric models. A quality assessment of the results
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should consider two types of quality metrics: Reliability and accuracy.

Reliability [69] measures the ratio of correctly matched tokens in all matches.
In that sense, a match is either true or false. The reliability of matched fea-
tures can be evaluated by counting the false matches identified by inspection
(See [62] and [14] for examples of point features and [71] for an example of
linear features). On the other hand, accuracy is the measure of how close are
the 3D elements to the “true” 3D features or surfaces. If false matches are not

treated in a different category, they appear as outliers in the error statistics.

The error assessment can be done in two ways. The first approach is
comparing the results to a ground truth generated by other means. The ground
truth may be measurements of 3D points [69], [1]; 3D polygons [82]; digital

elevation models as well as disparity maps [8], [68], [80], [19].

The second approach is measuring the quality of the results using their
self-consistency. An earlier example is the work of Mohan et al. [60] where
the reliability of an algorithm that match individual edgel points is measured.
The edgels violating figural continuity constraint, i.e., neighboring edgels with
large disparity differences are detected as false matches. Leclerc et al. [49)
compare the coordinates of the same 3D points obtained from different image
pairs. Szeliski and Zabih [80] use the predictive power of the 3D reconstruc-
tion as a quality metric. They compare a novel view to the image generated
synthetically by a virtual camera with the same pose and the same parameters.
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There are also attempts towards estimating the reliability of each match
during matching phase. For example, Joinville et al. [18] use the shape of the

correlation as a function of disparity to derive a reliability map.
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CHAPTER 3

3D RECONSTRUCTION BY SURFACE

GROWING

The essence of the proposed surface reconstruction paradigm is the inference of
surfaces in 3D without explicit image matching and verification of the inferred
surfaces using the images. The basic idea is to grow a surface in 3D, beginning
from a small surface patch that serves as a seed. Since man-made environments
are composed of mostly planar opaque surfaces, the surface model used is

planar.

The flow diagram of the algorithm is depicted in Figure 3.1. The algorithm
begins with hypothesis (seed) generation. Then the surface grows in the object
space while offsets for each channel of each camera are estimated. When the
region cannot grow any more, features are matched across views using the
surface. If the surface is verified by matching features too, it is merged with
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Figure 3.1: Flow diagram of the main algorithm.

coplanar neighbors. Following the boundary detection for the region, the steps
of the algorithm is repeated with another seed as long as new seeds can be
generated. Each of the steps of the algorithm is explained in the following

subsections.

3.1 Surface Representation

For the surface growing algorithm, a surface representation scheme, that can
represent any differentiable surface patch with arbitrary boundary and with
any number of holes, is necessary. For that purpose, a surface in explicit
parametric form and a discrete surface coordinate system can be used. Each
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point in the discrete coordinate system represents a surfel. We have chosen a
planar form (See Figure 3.2) for the sake of simplicity.

We define planar surface S as a 4-tuple S = {O,u,v,R}. O € R3is
the center and u,v € R3 are unit vectors of the surface coordinate system.
The unit vectors u, v and the surface normal n = u x v form an orthonormal
basis for R3. The surface is composed of the set of surfels, B = {rq,...,rn}
such that r; € Z x Z x Cs,1 < i < N, where Cs is any color space and the
corresponding component represents the surfel color.

Center coordinates of the surfel r; = {a;, b;, ¢i} in the object space is
C(r;)=0+sa;u+shv (3.1)

where s € R is the surfel size and it is chosen such that the projection a surfel
in the images is less than a pixel on the average.

Although the surface model is planar, it can be extended to higher order
surfaces with small modifications. Note that the model also represent the
texture of the surface. After the reconstruction, the 3D model is available

without any further processing.

3.2 Hypothesis Generation

Surface growing begins with a seed which is a small planar patch made of small
number of surfels. We have used a rectangular patch with a size of 7 x 7 surfels.
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finding seed points: 3) Bottom-up processes (using low-level raw information)
like using the result of a search for the maximum of some multi-image cor-
relation function, or i) Top-down processes (using information from a more
abstract level) like using already reconstructed surfaces in the neighborhood.

We use both mechanisms simultaneously.

As bottom-up process, a small rectangular surface is generated and an ini-
tial point and orientation is searched that will minimize the re-projection error
and maximize the feature match function that are described in the following
sections. Since this is a quite involved search in three dimensions, a heuristic
is used: First, an image is chosen at random. Since areas with strong texture
are good candidates, interest points, i.e., extrema of the pixel values in each
channel of the smoothed image, are detected as candidate seed points. The
points near or on a line segment are removed, because such points are likely
to correspond edges where two surfaces intersect (See Figure 3.3 for an exam-
ple of interest point detection). A small frontoparallel (parallel to the image
plane) planar surface patch is hypothesized on the line that connects the cam-
era center and a random candidate. The re-projection error associated to that
planar surface (See Subsection 3.5) is minimized as the seed surface is moved
along the ray. Once the center point is fixed in the space, best orientation is
searched using the feature match function, which is a measure of how well the
features are matched (See Subsection 3.4), with a larger surface.
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Figure 3.3: Interest points detected on an aerial image.

As top-down process, the 3D lines detected as the border of planar surfaces
are used. In that case, a rectangular surface patch along the unoccupied side
of the 3D line is inferred. As a result, the search for the seed surface patch
reduces to a one-dimensional search as in the work of Baillard et al. [2].
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3.3 Re-Projection Error and Radiometric Cor-

rection

Let P, : R® — R? be the projection function that maps 3D points in absolute
coordinates to the image coordinates of k'th image, I : R? — Cs. Then, the
color of the surfel r;;, which is the 7’th surfel of the planar surface S, observed

by the k’th camera is given by
cf; = Le(Pu(C(ris)))- (3.2)

Let the color of rj; be ¢;;. c£;’s will not be equal to c;; because of the differences
of camera sensitivities and offsets, varying lighting conditions, non-Lambertian
surfaces and noise. The tests that we have conducted on real images revealed
that (see Chapter 4) the differences across images can be successfully modeled
by Gaussian noise and an additive constant dg? for k’th camera observing j’th
surface. So,

ch=ci+df +§ (3.3)
where g is a vector composed of independent zero mean Gaussian random
variables with variance 02. A more general model including camera sensitivities
can also be used, but it does not lead to better results with the images we have

used for testing the algorithm. Assuming that a surfel r;; is visible by all n

cameras, the color of the surfel is estimated as
-~ 1 i k
& == ¢} (3.4)
"=

39



Then, the additive constants are found by the equation:

o y
2 i=1

The mean square error e;; associated to the surfel rj; is,
1 &k N kY (12
eji=——= |lcfi — (& + d;)|| (3.6)
n—1;=
and the noise variance related to surface S; is estimated as

52 = L ;- ; 3.7
j—Fz;eai- (3.7)

Ji=

The idea of augmenting the RGB channels by the derivative magnitude
images to increase the robustness of the system is used successfully by Gouet
at al. [30]. Similarly, a second error term e/; is also calculated using gradient
magnitude images obtained by Sobel operator, instead of color images. In that

case, the additive constants are not estimated.

3.4 Feature Match Function

In this section, a feature match function is defined, which is a measure of how
well features from all cameras match when projected onto the planar surface.
A 2D line segment [ is represented by its terminal points (zo, ¥o; Z1, 1)

whose angle and length are given by

6 = tan (yl — yo) (3.8)

T — Ty
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and

len(l) = \/(.'161 —20)? + (11 — )?, (3.9)

respectively. We define the similarity of two line segments S(I;,[;) as
Ap2 d3;

Sli,l)=e % e Jlen(h)len(l; 3.10
J J

where

Iaz - 0'|m0d=1r7 lez - 9"mod=7r < 71'/2
Af = ’ ! . (3.11)

T — 10; — 0|mod=r, else

The similarity measure is based on three quantities: Orientation difference,
distance between the segments and segment lengths. The distance d;; is the
minimum of the distance of the closest point of I; to the midpoint of /; and
the distance of the closest point of /; to the midpoint of /; (See Figure 3.4). In
Equation 3.10, we have used the Gaussian function instead of hard thresholds
to have a smooth and differentiable similarity function. Since the maximum
error of the line segment detector is set to the default value of 1, the distance
sensitivity parameter 4 is set to 3.1 so that Gaussian function decays to %90
at 1 pixel distance. The angle sensitivity parameter t, is set to 15.4 which
corresponds to %90 at 5 degrees.

To calculate the feature match function of a planar surface, it is re-projected
on the images and the 2D line segments that touch to the image of the planar
surface are selected. If the projections of all selected line segments in the p’th
image onto the plane defined by the planar surface are L, = {i, ..., 7}, then
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Figure 3.4: The distance from a line segment to another one is defined as the
shortest distance from the midpoint of the first to the second.

the feature match function is given by

Np Ng

F= Z Z ZZS(P ). (3.12)

p=1g=p+1i=1 4=

3.5 Surface Growing

Let S = {0, u, v, R} be the planar surface on which surface growing is applied.
At each iteration, set of neighboring surfels Ry of the set R = {ry,...,rn}, is

found, such that
Ry ={rm|rm ¢ Rand 3r; € R,d(rm, ;) = s} (3.13)

where d(.) is the Euclidean distance of two surfel centers. The elements of
this set are first checked to be sure that their projections on the images do
not coincide with the projection of any other accepted surfel. The coinciding
surfels, i.e., the surfels violating the uniqueness constraint, are removed from
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Figure 3.5: The Gaussian functions used in the line segment similarity function.
Left: Gaussian function for angle difference between line segments. Right:
Gaussian function for the distance between line segments.

the set. For surface growing, the errors e; and e;-i are evaluated for each
element of Ry. Then, neighboring surfels, satisfying the conditions e;; <
1.65 min(G;,ewm) (1.65 standard deviations cover 90% of the samples of a
Gaussian distribution) and e}; < e},), are transferred to the set R where ez,
is an upper bound for the threshold and 6; is the standard deviation of noise,
i.e., the square root of the noise variance given by Equation 3.7. The threshold
e}y, is determined experimentally, because, the distribution of the noise in the
gradient magnitude images is very complicated and deriving a threshold from
the noise variance is difficult. &;; is accepted as the color of the surfel. Surfels
whose 4-neighbours are in the set are also added to the surface without checking

the corresponding image variance.

Since the initial surface parameters of a seed may not be accurate due to
small support area, the parameters need to be updated to minimize the total

43



re-projection error

e,- = Eeﬁ (3'14)

i=1
or the feature match function, or a linear combination of the two, during
surface growing. Among these alternatives, we have chosen the feature match
function, because the computation time is much shorter when compared to the
total re-projection error for typical images. For fine tuning the planar surface,
each time the area of the surface doubles, the error function is minimized using
steepest descent with respect to three parameters: two for orientation and one

for movement along the surface normal.

3.6 Feature Matching

Note that, although feature match function is a measure of how well features
match, it does not match the line segments explicitly. At this phase, the 2-D
features detected on the images that touch to the projection of the planar
surface on images are matched. This explicit feature matching is necessary for
surface verification, surface boundary detection and top-down seed generation.
We have used linear line segments as 2-D features. The line segments on
the images are back-projected on the plane defined by the planar surface. If
the 2D line that are projected on the planar surface from each camera have
approximately the same orientation (+5°) and the distance between them is
less than maximum error allowed by the segment detector, they are matched.
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When 2D line segments [y,...,l, from n cameras are matched, they are
merged into a single 2D line segment that passes through the gravity center of

the segment

len Zlen ) ((ah +3)/2, (e + vi)/2) (3.15)

and that is parallel to the sum the 2D vectors

n

> (x1— Zo, 41 — %0) - (3.16)

i=1

To determine the extent of the merged line segment along the 2D infinite
line, the projections of all line segments on the baseline are found as illustrated
in Figure 3.7. The part of the line where at least two line segments correspond
is taken as the merged line. After the line segments are merged, small gaps
between collinear lines are completed by adding line segments between the
terminal points and the line segments that intersect at a close distance are

elongated until the intersection point.

3.7 Surface Verification

Although an error correction mechanism replaces spurious surfaces with real
ones, most of the spurious surfaces can be detected and removed at this stage.
The results of feature matching is used to verify the generated surface by
imposing the constraint that each surface should lead to at least four non-
collinear line matches.
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Note that, a planar surface and related matches are verified based on con-
verging evidence. For example, if line segments from multiple images are

matched and the planar surface is verified, it is known that

e The lines are consistent geometrically,

The neighborhood of the lines are consistent photometrically,

There are other consistent line matches generated by the same planar

homography, and

The planar surface containing the 3D lines leads to small re-projection

CITOr.

Current line matching algorithms use only a subset of above criteria.

3.8 Surface Merging

Any two planar surfaces, whose projections in any image are connected, are
considered for merging, if they are almost coplanar, that is, i) The angle
between the surface normals is small (< 5°) and, ) The distance of the
centers of planar surfaces to the plane defined by the other planar surface are
small (< 2 s, two times the surfel size). The two candidate surfaces are merged
into a single planar surface if the feature match function of the merged plane
is larger than the sum of feature match functions of each candidate.
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3.9 Boundary Detection and Correction

Since the matched line segments are not necessarily borders of the surface, a
method is necessary for classifying the segments as borders and non-borders.
For boundary detection, a method similar to that of Chen and Lin [12] is used.
The number of surfels along a strip is counted at both sides of the merged 2D
lines on the planar surface (See Figure 3.8). If %80 of the strip at one side is
full while %80 of the other side is empty, the 3D edge is labeled as border of
the planar surface and the surfels in the neighborhood of the line are arranged
accordingly.

Finally, the 2D convex hull of the matched features are calculated and the
surfels that are outside the complex hull are removed, because the borders of
real planar surfaces are, most probably, linear segments. As a result, surfels
wrongly added due to weak texture are eliminated, in return, we take the risk

of losing some correct surfels, if some border segments are not matched.

3.10 Surface Growing and Frequently Used Con-

straints

Smoothness, uniqueness, compatibility and orderedness are constraints fre-
quently used in image matching as explained in Chapter 2. The planar surfaces
are smooth by definition, so such a constraint is not used explicitly. Since the
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surfels on different surfaces do not interact at all, the destructive effects of reg-
ularization around discontinuities are totally avoided. Uniqueness constraint
is satisfied because surfels belonging to different surfaces are not allowed to
project onto the same pixel. Compatibility is automatically satisfied by planar
homographies. Finally, orderedness constraint is not imposed because it may

be violated in real scenes.

3.11 Algorithm Complexity

Let the number of images be n and the area of an image be m. Then the
complexity of the surface growing algorithm, except the feature matching and
feature match function computation, is O(nm). In our experiments, the al-
gorithm spent only a small fraction of the computation power in the feature
matching part, however, the complexity of feature matching is O(nl) and that
of feature match function is O(n2l?) where [ is average number of edges in an
image. If it is assumed that [ is proportional to m, their complexities become

O(nm) and O(n?m?), respectively.
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Figure 3.6: Flow diagram of the surface growing algorithm.



Figure 3.7: Projections of three line segments on the 2D infinite line.

Figure 3.8: Two strips at both sides of the line is used to detect surface
boundaries.
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CHAPTER 4

EXPERIMENTAL RESULTS

The algorithm proposed is implemented in the C++ programming language.
The program package is developed on both Linux and Solaris operating sys-
tems. The VRML language is used for visualization of the surfaces generated

in 3D.

Two sets of high-resolution aerial color images of urban areas are used
for testing the algorithm. The scenes contain mostly man-made objects like
buildings, so planar approximation is reasonable. On the other hand, 3D mod-
elling is difficult because of large textureless areas, frequent and abrupt depth
changes, occlusions, glossy surfaces and moving cars. The first set of images
are taken by Eurosense in Brussels and they are fully calibrated. Manually
obtained VRML models of some buildings are also available. The ground res-
olution of the images are approximately 8.5 cm. We have chosen the surfel
size as 7 cm accordingly. In Figure 4.1, three images that we have used are
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shown. The second data set is the AMOBE dataset from ETH Zurich. Besides
the internal and external camera parameters, the models of buildings in a few
formats and a digital terrain model are available. The ground resolution is
approximately 7.5 cm.

Feature extraction program FEX [26] developed by the University of Bonn
is used for linear edge segment detection. FEX is prefered because, it can work
on multi-channel data, there are small number of parameters and includes an
information preserving filter.

An example of a surface patch constructed using the algorithm is shown
in Figure 4.2. Subfigures 4.2.a-c show three views of the roof used as example
while Subfigures 4.2.d-f show detected line segments. In 4.2.g, the surface
patch is projected on the image in 4.2.a. The generating seed is painted to a
different color. 4.2.h shows matched line segments and 4.2.i shows the border
segments with corrected surface patch.

In Figure 4.3, all the constructed surfaces are re-projected on the first
image shown in Figure 4.1. Figure 4.4 and Figure 4.5 depict two different 3D
renderings of the surfaces, with and without texture, respectively. Figure 4.6

shows a reconstructed roof with the VRML model obtained manually.
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Figure 4.1: Three Brussels images used from the IMPACT dataset. (Courtesy
of Burosense.) The roof shown in Figure 4.2 is marked with a rectangle in the
first image.
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Figure 4.2: Example of a growing surface: (a)(b)(c) are views of the same roof
in three images. (d)(e)(f) are the detected linear segments in those images.
(g) is the projection of the corresponding surface in the first image. (h) is all
the matched segments with the convex hull of the segments. (i) is the surface
after correction with detected border segments.
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Figurc 4.3: Reconstructed surfaces re-projected on one of the Brussels images.
Each surface is shown in a different color.
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Figure 4.4: 3D rendering of the surfaces obtained from the Brussels images
(With texture).

Figure 4.5: 3D rendering of the surfaces obtained from the Brussels images
(Without texture).
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Figure 4.6: 3D rendering of a roof with the VRML model obtained manually.
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The seed shown in Figure 4.2.g is generated by minimization of the error
function on three images. In Figure 4.7, the total projection error is drawn as
a function of height and angle. As one can see, the minimum is very shallow
along the direction of the angle. That is why the surface parameters are tuned
during surface growing. Inspecting the evolution of the error function and
the feature match function during the surface growing process shows how the
parameters are tuned better as the surface gets larger. For that purpose, the
largest reconstructed surface is used. Figure 4.8 shows four stages of surface
growing coded in different colors. In Figure 4.9, the re-projection is drawn as a
function of two rotation angles around the unit vectors u and v. In Figure 4.10,
the feature match function is drawn in the same way. It is clearly seen that the
peak of the function is getting sharper and getting closer to the correct value
in both cases as the surface grows, so the surface parameters can be estimated

more precisely for larger surfaces.

For analyzing the error distributions and photometric distortion, two sur-
faces are used: i) The surface on the horizontal roof shown in Figure 4.2 and

i) The surface shown in Figure 4.11.

In Figure 4.12 and Figure 4.13, the error distributions, that is, the distri-
butions of cfi — ¢&;; values in each channel of each image, are shown for two
different surfaces. The additive constants (mean values) are clearly seen. A
comparison of Table 4.2 and Table 4.1 justifies the use of different additive
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Figure 4.7: Total re-projection error as a function of depth and angle around
the unit vector u.

constants for each surface. Some researchers estimate global correction factors
for each image. Since correction factors change from surface to surface, global
correction will not work. Most image matching algorithms use normalized
cross correlation for image matching, so the correction factors are estimated
for each correlation window. In that case, the area is too small for accurate
estimation of the parameters. Planar surfaces are the right scale between these
two extremes. There are two possible explanations of why the parameters are
almost constant in a planar surface patch and varies accross different patches:
Firstly, a surface is made of similar material in general. Secondly, the viewing
angle does not change for points on the same planar patch.
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Figure 4.8: Four stages of surface growing coded in different colors. The
evolution of the error function is inspected during the surface growing process.

In Figure 4.14 three Zurich images from the AMOBE dataset are shown.

The reconstructed surfaces re-projected on the first image are shown in Fig-

ure 4.15. Figure 4.16 and Figure 4.17 show 3D renderings of the reconstructed

surfaces.

Table 4.1: Error means and variances for the surface shown in Figure 4.11.

Camera 1 Camera 2 Camera 3
Red channel || m=14.7,02=26.2 | m=—2.6,02 =269 | m=—2.1,0%2 =37.7
Green channel [ m=4.1,62=29.2 [ m= 09,02 =265 | m= 3.1,0° = 36.5
Blue channel || m =4.6,0% =23.9

m =070 =214

m=—5.3,02 =316
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Table 4.2: Error means and variances for the surface shown in Figure 4.2.

Camera 1

Camera 2

Camera 3

Red channel

m=25,0° =473

m=4.9,02 = 46.4

m=-74,02 =743

Green channel

m=1.8,02 =282

m = 6.0,0° = 34.2

m=—78,02 =429

Blue channel

m = 1.0,0% = 30.2

m = 8.9,0° = 33.3

m=—9.9,0% =525

4.1 Quality Assessment

To estimate the reliability of surfaces, 74 surfaces obtained for the IMPACT

dataset are classified as true or false manually. 67 surfaces are classified as true

and 4 surfaces as false. Remaining 3 surfaces are true but they extend into

other surfaces. 3.41% of all the surfels belong to false surfaces, while 91.45% of

the surfels belong to true surfaces. Correctness of the remaining 5.14% cannot

be determined using this method.
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Figure 4.9: From a) to d): The evolution of the average re-projection error as
the surface grows. The error is drawn as a function of rotation angles around
the unit vectors u and v. ¢) and f): The error functions drawn as a function
of rotation angles around the unit vectors u and v, respectively.
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Figure 4.11: The largest surface patch projected on one of the Brussels im-
ages. This surface is used for analyzing the error distributions and photometric
distortion.
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Figure 4.12: The error distributions in each channel of each camera for the
surface in Figure 4.2.
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Figure 4.13: The error distributions in each channel of each camera for the
surface in Figure 4.11.
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Figure 4.14: Three images used from the AMOBE dataset. (Courtesy of IGP
at ETH Ziirich.)
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Figure 4.15: Reconstructed surfaces re-projected on Ziirich image. Each sur-
face is shown in a different color.

Figure 4.16: 3D rendering with texture (AMOBE Image).
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Figure 4.17: 3D rendering without texture (AMOBE Image).
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CHAPTER 5

CONCLUSION

In this thesis, we present a new algorithm for reconstructing surfaces directly
from multiple cameras at arbitrary positions. A parameterized planar surface
is used for surface representation in the object space. The surface model
constrain the solution so that surfaces can be obtained in areas with weak
texture. On the other hand, the planar surface patches are flexible enough to

model man-made environments.

By employing an attention mechanism, the surfaces are reconstructed one
by one. A surface growing algorithm is developed to obtain surfaces from
seeds, that is, points of attention. As a result, the surfaces are correctly seg-
mented and the unwanted effects of smoothing are avoided. The algorithm is
both feature and area based. The re-projection error as well as a novel fea-
ture match function guide the surface growing. Besides guiding process, line
segments are used for verifying the reconstructed surfaces and for detecting
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surface boundaries. During surface growing, photometric correction parame-
ters are estimated for each surface. It is shown that the planar surface is the
right scale for photometric correction parameter estimation.

The decision on accepting or rejecting a surface is based on converging
evidence from both re-projection error and groups of matched features. As
a result, acceptance of a wrong match is very unlikely. The proposed algo-
rithm is robust and it can successfully match even almost textureless areas.
The algorithm does not require a matching phase and the results are directly
available as models.

The performance of the algorithm is demonstrated on real images of com-
plex environments, like urban areas. Most of the surfaces like roofs and roads

are successfully reconstructed.

5.1 Future Work

e In this thesis, the surfaces are modeled by planar patches. But, the
algorithm can easily be generalized to higher order surfaces. As a result,

curved surfaces can be approximated better.

e Although our example images are all aerial images of urban areas, the
algorithm is not specifically designed for building reconstruction. The
algorithm can be tailored to consider specific properties of buildings (like
symmetric roofs, vertical facets) so that the performance increases in the
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domain of 3D building reconstruction. In such areas, vegetation can also

be detected and seed points in the vegetation can be discarded.

In the current implementation, only the surfaces that are seen by all the
cameras are reconstructed. However, it is possible to reconstruct parts of
the surfaces that can be seen in at least two images by making a second
surface growing attempt. In this second growing process, the cameras
that can not see the candidate surfels can be determined from already

reconstructed surfaces and can be excluded from the error calculation.

Implementing computer vision problems in a hierarchical structure is
common practice. An image pyramid is formed for each image by low-
pass filtering and subsampling. The algorithm works in a coarse-to-fine
manner so that the solution at a level constrains the solution at the
next finer level. This implementation both speeds up the process and
increases the accuracy. The surface growing algorithm that we propose

can also be implemented in a hierarchical system.

An error-correction mechanism can be implemented with inspiration
from binocular rivalry phenomenon, which suggests that the human vi-
sual system tries continuously new hypotheses until it resolves all con-
flicts and reaches a convincing solution. Similarly, if a new-generated
surface fits the data better than former surfaces, it can grow into those
surfaces, removing the conflicting surfels.
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