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Abstract:

This project deals with the problem of recon-
structing 3D models of real world buildings
from images. Potentially real estate marketing
can be improved by providing interactive visual-
izations, e.g. on websites, of properties for sale.
For this to be a viable option, however, simpler
methods for 3D reconstruction are needed. In
particular existing user assisted methods can be
improved by automating the process of adding
fecade details to the reconstructed models.

In this project a proof of concept system
covering the whole reconstruction process has
been developed. Structure and motion is re-
covered from an unordered set of images of the
building to reconstruct, and this is followed by
user assisted reconstruction of a coarse textured
3D model. The primary contribution in the
project is the development of a novel method for
automatic fecade reconstruction, which when
applied to the coarse model automatically adds
facade details such as recessed windows and
doors. The proposed method is based on an-
alyzing the appearance of the fecade, and this
is achieved using methods for image processing
and pattern classi cation.

The results obtained from using the devel-
oped system for reconstructing several re ned
3D models of buildings from images show that
the proposed reconstruction method is suitable
for this purpose. The developed method for au-
tomatic facade reconstruction on average cor-
rectly detected and reconstructed 89% of re-
cessed windows for the tested buildings. Some
work remain for automatic facade reconstruc-
tion to be fully automatic, e.g. the depth of
recessed regions is specied by the user, but
in general it is concluded that the proposed
method leads to an improvement compared to
existing user assisted reconstruction methods.







Preface

This report constitutes the master's thesis for Christian Lindequist Larsen,
group 10gr1023 at the Vision, Graphics and Interactive Systms specializa-
tion at Department of Electronic Systems, Aalborg University. The project

has spanned the  and 10" semesters and extended from September 1, 2009
to June 3, 2010.

References to secondary literature are speci ed using theystax [number], where
the number refers to the bibliography found at the end of the report, before the
appendices. On the following page the vector and matrix notéion used in the
report is introduced.

During the project a proof of concept system for reconstrucing 3D models of
buildings from images has been designed and implemented. Elimplementation
primarily consists of two applications written in C++, and v arious libraries have
been used for speci ¢ tasks in the implementation. In partiaular OpenCV is used
for image processing, and OpenGL is used for the user interfz. Additionally,
part of image processing is implemented using Matlab.

Further resources are available on the CD attached to this reort. The contents
of this CD are:

PDF version of this report.
All test data and the obtained results.

Implementation source code and documentation.

Aalborg { June 3, 2010

Christian Lindequist Larsen




Notation

Vectors are typeset in bold roman typeface, and are column w&ors unless ex-
plicitly transposed. A vector may appear in text as x = [x1 X2 x3]", which is
equivalent to 2 3
X1
x = 4x,9:
X3

Matrices are typeset using capital letters in roman typefa@. For instance, a
3 4 matrix P is de ned as

2 3
P11 P12 P13 P

P=[p1p2pP3pPal=4pa P2 Pos Poa;
P31 P32 P33 P34

entries of matrices may be omitted to emphasize only the impdant elements,
i.e. the following matrices are equivalent.

2 3 2 3
a b c a b c

4 d e5=40 d €5
f 0O O f

Vi



Contents

| Introduction 1
1 Motivation 3
1.1 Initiating Problem . . . . .. .. . o o 5
2 Problem Analysis 7
2.1 Model Representation . . .. ... ... ... .. ... ... ... 7
2.2 Reconstruction Methods . . . .. ... .. ... ... ... .... 8
221 Manual ... ... ... .. e 9
222 3DScanning . .. ... 10
2.2.3 Photogrammetry . . . . .. ... oo 12
2.3 Method Selection . . . . . .. ... . ... .. .. 18
2.3.1 Data Acquisition . . . . . ... 18
2.3.2 Model Reconstruction . . . . .. ... ... ........ 19
2.4 Conclusion . . ... . . . .. 22
3 Problem Formulation 25
3.1 SystemConcept . .. .. ... ... 25
311 Method . ... ... ... .. . .. ... 26
3.2 Problem Delimitation . . . . .. ... ... ... ......... 28
Il Method 31
4 Preprocessing 33
4.1 CameraModel . ... ... ... . .. ... 33
4.1.1 BasicPinholeCamera ... ... ... ........... 33
4.1.2 Digital Cameras . . . .. ... ... ... 34
4.1.3 Camera Position and Orientation . . . . .. ... ... .. 35
4.2 Intrinsic Calibration . . . . .. ... ... ... .. ... ..... 36
4.2.1 EstimationfromEXIFData. ... ... .......... 36
422 Evaluation .. ... ... ... .. ... ... .. 0. 38
4.3 Detection of Keypoints . . . . . . ... ... L. 39
4.3.1 Comparisonof SIFTand SURF. . ... .......... 39
4.3.2 Keypoint Detection Using SIFT . . ... ... ...... 40
433 Evaluation .. ... ... ... ... .. ... .. ... 40
4.4 Conclusion . .. .. . .. e 40

Vii



Contents

5 Matching

5.1 Epipolar Geometry . . . . . . . .. L
5.2 Keypoint Matching . . . . . ... ... ... ...
5.2.1 Evaluation . ... ... ... ... ... .. ... ...
5.3 Estimation of the Fundamental Matrix . . . .. ... .. ... ..
5.3.1 The Normalized 8-Point Algorithm . . . . . ... .. ...
5.3.2 Random Sample Consensus (RANSAC) . ... ... ...
5.3.3 Robust Estimation . . . .. ... ... ...........
5.3.4 Evaluation . ... ... ... ... ... .. ..
5.4 Recovery of Relative Pose . . ... ... .. ... .. .......
5.4.1 Computing the Essential Matrix . . . ...........
5.4.2 Relative Pose from the Essential Matrix . . . ... .. ..
5.4.3 Evaluation . ... ... ... ... ... .. ..
5,5 Conclusion . . ... . ... e

Clustering
6.1 The FirstPairoflmages . . . . .. ... .. ... ... ......
6.1.1 Triangulation of Keypoints . . . . .. ... ... .....
6.2 AddingaThirdIlmage . ... ... ... .. .. ..........
6.2.1 Initial Pose Estimate . . . . ... ... ... ... ... ..
6.2.2 Recovering the Relative Scale . . . . .. ... ... ....
6.2.3 Triangulation of New Keypoints . . . ... ........
6.2.4 Evaluation . ... ... ... .. ... ...
6.3 The Clustering Algorithm . . . . . .. .. ... ... ... ....
6.3.1 Maximum Spanning Trees . . . . . . . ... ... .....
6.3.2 Buildingthe Cluster . . . . .. ... ............
6.3.3 Evaluation . ... ..... ... . ... ... ...,
6.4 Bundle Adjustment .. . . . ... ... o
6.4.1 Sparse Bundle Adjustment . . . ... ... ... ...,
6.5 Optimization and Robustness . . . . . . ... ... ... .....
6.5.1 Evaluation . ... ..... ... ... .. ...,
6.6 Conclusion . .. ... ... ...

Coarse Model Reconstruction

7.1 User Assisted Reconstruction . . . . ... ... .. ... .....
7.1.1 Deninglocators. . . ... ... ... ...
7.1.2 Dening Polygons . . ... ... ... .. .. .. .. ...
7.1.3 Evaluation .. ... ... ... ...

7.2 Texture Extraction . . . . . ... ... ... ... ...
721 PlaneFitting . . . . . ... ... L o
7.2.2 Computing Plane Axes . . . . . .. .. ... .. .....
7.2.3 Findingthe Bestlmage .. .................
7.2.4 Computing Vertex Projections . . . .. ... ... ....
7.2.5 Creating the Rectied Texture . ... ... ........
7.2.6 Evaluation . ... ..... ... ... ..

7.3 Conclusion . .. ...

43
43
45
46

47
49
51
51
53
54
54
55
56

57
58
58
60
60
60
62
63
64
64
65
68
68
69
70
71
72

viii



Contents

8 Automatic Fecade Reconstruction
8.1 Fecade Segmentation
8.1.1 Preprocessing
8.1.2 Clustering and Classi cation
8.1.3 Noise Removal
8.1.4 BLOB Analysis
8.1.5 Evaluation

8.2 Finding Region Contours
8.3 Re ning the Model
8.3.1 Evaluation

8.4 Conclusion

[l Results and Discussion

9 System Evaluation
9.1 Test Data

10 Structure from Motion
10.1 Results
10.2 Discussion

11 Coarse Model Reconstruction
11.1 Results
11.2 Discussion

12 Automatic Facade Reconstruction
12.1 Results
12.2 Discussion

13 Conclusion
13.1 Discussion
13.2 Perspectives

Bibliography

IV Appendices
A Exchangeable Image File Format (EXIF)

B Least-Squares Solution of Homogeneous Equations

123

125







Part |

Introduction






Chapter 1

Motivation

This is the era of computers. Today computers play an indispasable role in
sustaining the standard of living. Almost any man-made prodict that sur-
rounds us has at some point been treated in digital form, wheher it is during
development, production, marketing, or consumption. In development and pro-
duction, computers make assisting technologies such as CABAM ! available,
and many products would be impossible to design and manufactre without
the help of computers. In marketing computers are used for bih creating and
publishing product advertisements. For some groups of consner products, e.g.
electronic devices, it is even becoming the norm to order dactly from shops
on the internet, without having seen the product in real life. The information
available online about products is, in many cases, su cient for the buyer to
make a considered decision as to which product to choose.

Common for the above examples is that computers help desigmrocess, and
present objects in the real world. To do this the objects mustsomehow be rep-
resented in digital form. For many types of products the appearance is a key
selling point, and therefore they are presented visually inmarketing material,
both in printed and electronic advertisements. Typically this is done using prod-
uct photographs, but for online product presentation more interactive options
are available. An example of this is visualizing products irteractively in 3D on
a website, and in gure 1.1 two examples of this are shown usig the Holomatix
Blaze 3D software [3]. Using photorealistic rendering, thepotential customer
gets a precise impression of the appearance of the product.uRhermore, the
interactivity allows the customer to inspect structure and details of the product
that might otherwise be hard to see in a product photograph.

Rendering a product photorealistically requires that a precise 3D model of
the object including surface textures exists [36]. For prodcts designed using
CAD such information is often readily available, as exact 3Dmodels are a by-
product of the process. The cell phone in gure 1.1a is an exaple of this. But
for many products this is not the case, and the house in gure 11b is such an
example. In this situation it is necessary to somehow obtaira 3D model of the
product, i.e. a digital representation, in order to presentit interactively.

There are many ways to address the problem of reconstructingt 3D model
from a real world object, but it is often a cumbersome and timeconsuming

1Computer-Aided Design (CAD), and Computer-Aided Manufact  uring (CAM).
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Figure 1.1: Examples of interactive online 3D product presentations us ing the Holo-
matix Blaze 3D software. The user can orbit around the produc t, and zoom in to take
a closer look. a) Nokia 6300 cell phone [10]. b) Architectural visualization [3].

task. For instance the object can be reconstructed manuallyby taking mea-
surements and using CAD tools for creating the 3D model, or laer scanning
could be employed to accurately measure the structure of th@bject [36]. Both
options are infeasible in many situations. For instance, maual modeling can be
very time-consuming depending on the desired level of dethiand laser scanning
equipment is expensive and not available to layman. Therefte to make inter-
active product presentations available for a wider range ofproducts, a simpler
approach to 3D model reconstruction is necessary.

As mentioned above, one type of products for which 3D modelsypically
do not exist is buildings. Real estate marketing material ofen includes a de-
scription with information about the property, one or more p hotographs of the
exterior and interior of the building, and a oor plan, see g ure 1.2. Although
this provides a lot of useful information for the potential buyer, it is still not
enough to really get afeeling of the property. If real estate agents could pro-
vide an interactive virtual tour of properties for sale, e.g. as in the example in
gure 1.1b, on their website, the potential customers would get an improved
experience and have a better opportunity to get an impressio of the buildings
before buying. Of course for real estate, this can never repte actually visiting
the property, but it may help making a decision which properties to take a look
at in person.

To make online interactive 3D presentations a viable optionfor real estate
agents, 3D model reconstruction of buildings must be simpled compared to
the methods brie y mentioned above. This leads to the initiating problem of
the project.
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(b)

Figure 1.2: A typical example of the visual presentation of a property fo r sale in real
estate marketing material [2]. a) Photograph of the buildin g. b) Floor plan.

1.1 Initiating Problem

The introduction has established that there is a need for sinpler methods for
reconstruction of 3D models from real world objects, which an be used for in-
teractively presenting products e.g. on websites. In parttular marketing of real
estate, where 3D models of the buildings normally do no existcould potentially
bene t from this. Therefore the initiating problem of the pr oject is as follows:

How is it possible to reconstruct a 3D model of a real world biding,
for interactive visualization, in a simple manner?

To answer this question, the initiating problem is analyzed in the following
chapter. This analysis then forms the basis for de ning the eci c problem of
the project in chapter 3.







Chapter 2

Problem Analysis

The purpose of this chapter is to analyze the initiating problem de ned in
section 1.1. Based on this analysis the speci c problem of ta project is de ned
in the following chapter.

The key question in the initiating problem is how to reconstruct a 3D model
from a real world object, in this case a building. It is a prereyuisite for answer-
ing this question to know what is meant by 3D model, and this isde ned in
section 2.1 where di erent 3D model representations are angzed. Then sec-
tion 2.2 provides an analysis of di erent methods for 3D modé reconstruction.
Furthermore, the initiating problem asks for a 3D model for interactive visu-
alization, which can be reconstructed in a simple manner. Son section 2.3,
the method which best ts with the initiating problem is sele cted based on the
analysis of 3D model representations and reconstruction nibods.

2.1 Model Representation

As discussed in chapter 1, to render an object photorealistially, a precise
3D model including surface textures is required. That is the3D model in-
cludes both information about the 3D shape of the object and he appearance
of the object. Textures which are mapped to the surface of theobject are typi-
cally represented using images which can be extracted fromhmtographs of the
object [36]. The main focus of the following analysis is how a represent the
shape of the object.

The shape of a 3D model can be represented in di erent ways, ahthese rep-
resentations can be categorized as: polygon mesh modelsr&ace models, and
solid CAD models. The choice of representation depends on thdata acquisition
method and the nal purpose of the reconstructed model.

Polygon Mesh Models The shape of the object is represented using a col-
lection of planar polygons referred to as faces. Faces are fically triangles,
guadrilaterals, or simple convex polygons, but may be more @amplex such as
concave polygons or polygons with holes. The corners of thegbygons are re-
ferred to as vertices, and thus a polygon mesh is a collectioof vertices, edges,
and faces [51]. Curved surfaces are approximated using margynall faceted sur-
faces. Polygon mesh models having only triangle faces arefegred to as triangle
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(b)

Figure 2.1: Examples of di erent representations of the shape of a 3D model. a) Tri-
angle mesh [51]. b) NURBS surface with control points [49]. c¢) Solid CAD model [29].

meshes, and these are useful for visualization, because nerd graphics render-
ing hardware is optimized for rendering this type of models.In gure 2.1a an
example of a triangle mesh is shown.

Surface Models  Objects with smooth shapes require dense tessellation when
represented as polygon meshes. Such shapes are better reqmated using sur-
face models which consist of a quilt of curved surface patclse The patches
may be Non-Uniform Rational B-Spline (NURBS) surfaces whit give a math-
ematically precise representation of surfaces, e.g. a spteecan be represented
exactly. The shape of the surface is determined by a number afieighted control
points. NURBS was originally developed by Pierre Bezier ard Paul de Casteljau
for accurately representing shapes such as car bodies [4%Hor interactive ren-
dering NURBS surfaces must be transformed into a polygonal épresentation,
and for this various algorithms exist, e.g. [12]. In gure 2.1b an example of a
NURBS surface is shown.

Solid CAD Models This is the most abstract representation of the shape of
the object. In polygon mesh and surface models only the surfa of the object
is considered, whereas in CAD models the object is represesd as a 3D solid.
These solids are typically created in a way similar to manipuiation of real world
objects, and may be composed of basic geometric forms such pgsms, cylin-
ders, and spheres [42]. Geometric forms may be combined ugirBoolean op-
erations, i.e. union, intersection, and di erence, and this technique is referred
to as Constructive Solid Geometry (CSG) [43], see gure 2.2.CAD models are
not limited to representing the shape of an object, they may #éso contain infor-
mation about the design intent. Being described parametrially, the shape of
an object may be modi ed simply by changing the parameters, eg. a sphere is
de ned by its center point and radius [41]. In gure 2.1c an example of a solid
CAD model is shown.

2.2 Reconstruction Methods

Knowing how 3D models can be represented, in the following itis analyzed
how to get from a real world object to such representation. Reonstruction of
3D models from real world objects is a eld which has been sulgct to much
research, and multiple ways to achieve this goal have been deloped. Many of
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Figure 2.2: Example of a CSG object represented using a binary tree, where leafs
represent primitives, and nodes represent operations. The operations are: [ union,
\ intersection, and  dierence [43].

these techniques are not tied to any speci c type of object, it may be better
suited than others for particular kinds of objects. Common fr all methods is
that they consist of acquisition of data from the real world followed by recon-
struction or modeling of a 3D model from this data. Dependingon the method
used for acquisition, the data may need additional processig before reconstruc-
tion is possible. That is, the process can be seen as consigii of three steps:
data acquisition, intermediate processing, and model reaastruction.

Overall reconstruction methods can be divided into three c#éegories: man-
ual, 3D scanning, and photogrammetry. These categories iridate the technol-
ogy used for data acquisition. Intermediate processing an8D model recon-
struction di er for each of these categories, and the categdes are analyzed in
the following. An overview of the analyzed reconstruction methods is given in
table 2.1 on page 17.

2.2.1 Manual

Manual reconstruction is the most basic method for reconstacting a 3D model
of a real world object. No special equipment is required for dta acquisition; the
object of interest is simply measured up manually using e.ga folding ruler and
a protractor. Several measurements may be necessary in ondé achieve the
desired level of detail for the nal 3D model. If the model is not reconstructed
on-site, the measurements must be noted, and drawings and skches can be
used to illustrate the structure of the object.

Reconstruction of the 3D model is also a manual process, whiccan result in
any of the representations in section 2.1 depending on nal prpose. Dierent
software packages supporting manual modeling exist. For gggon mesh and
NURBS modeling e.g. 3ds Max [1] may be used, while CAD modelo may be
done using e.g. AutoCAD [1] or SolidWorks [9]. Texturing the object is typically
done using photographs of the object, which are mapped ontohe surface of the
reconstructed model [36].

In manual reconstruction the user is involved in the whole piocess, and
therefore it is a cumbersome and very labour intensive methd. The achievable
level of realism and detail is limited [36].
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Figure 2.3: A point cloud (left), and an automatically reconstructed tr iangle mesh
(right) [5].

2.2.2 3D Scanning

The alternative to manual reconstruction is letting computers take over some of
the work, and a well established method is 3D scanning. A 3D smner is a device
that captures detailed information about the shape and posibly appearance,
i.e. color, of a real world object [41]. The result of 3D scanimg typically is a
point cloud, i.e. a large number of points in space sampled &m the surface of
the object, and from this data a 3D model can be reconstructed An example
of a point cloud and an automatically reconstructed triangle mesh is shown in
gure 2.3.

Data Acquisition There are many techniques for performing 3D scanning,
but common is that they sample the distance to the real world dject and gen-
erate a point cloud of these samples. 3D scanning devices aemalogous to
cameras in that they also have a conic eld of view, and only ctiect informa-
tion about non-occluded surfaces [41]. But instead of or in ddition to color
information, each sample is the distance from the scanner tdhe object, and
hence the result is sometimes referred to as a range image, ette pixel values
represent the distance to the object [53]. The most common tge of 3D scanning
devices are non-contact active scanners, which are not in pisical contact with
the scanned object, but do emit radiation or light and detect the re ection to
scan the object [41].

The most well-known technique for 3D scanning is using a lagescanner. Ac-
tually two techniques exist for laser scanning: time-of- ight and triangulation.
A time-of- ight 3D laser scanner measures the distance to tke object of interest
by knowing the speed of light and measuring the round-trip time of a pulse of
light. Only the distance of a single point is scanned at a time and to scan the
whole eld of view, the direction of the laser beam is changedor each sample
typically using a set of mirrors [41]. In gure 2.4a a time-of- ight laser scanner
is shown.

A triangulation 3D laser scanner like a time-of- ight laser scanner directs a
laser towards the object of interest. But instead of measumg the round-trip
time of a pulse, a camera is used for detecting the dot produckby the laser
at the object surface. The position of the point can be triangulated using the
known information, which is the distance between the laser mitter and the
camera, the direction of the laser, and the position of the dbin the eld of
view of the camera [41]. This principle is illustrated in gure 2.4b.

An alternative to laser scanning is using what is referred toas structured
light, where projected light patterns are emitted using e.g an LCD projector.

10
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CCD/PSD - Sensor

Figure 2.4: a) A wide range time-of- ight laser scanner. The head is rota ted hori-
zontally, and a mirror ips vertically to direct the laser be am to the whole scene [41].
b) Laser triangulation principle, with two object distance s shown [41].

The light patterns are re ected from the surface of the scanred object, and these
re ections are captured by one or more cameras. From the digirtion of the light
patterns detected by the cameras, the shape of the object cabe determined in
a way similar to triangulation described above. The used lignt patterns range
from a single stripe, which is swept across the scene, to moaglvanced patterns
that allow sampling of more points simultaneously [54].

The choice of 3D scanning technique depends on the task at hdn Time-of-
ight laser scanners can operate over long distances on therder of kilometers,
but their accuracy is limited due to the speed of light and timing precision. On
the contrary, triangulation laser scanners are limited in range, typically in the
order of meters, but have very high precision [41]. These typs of laser scan-
ners are suitable for capturing static scenes, because ontjne point at a time is
sampled. The number of points sampled per second is typicallin the order of
10,000{100,000 so high resolution scans can take minuteslf4 Structured light
scanning is also limited in range, but the scanning of multige points simulta-
neously makes capturing moving objects possible. A structted light system
for real-time scanning of deformable objects, which is cagale of running at
40 frames per second, has been developed [55].

Intermediate Processing Regardless of the technique used for 3D scanning,
the result of data acquisition is a point cloud. But a single £an only samples the
depth of the scene from one perspective, and parts of the scemay be occluded.
Therefore for almost any object, multiple scans are requird to obtain a complete
model, and often hundreds of scans from di erent directionsare necessary [41].

The point clouds obtained from each scan are relative to the gordinate
system of the scanner, and these must be transformed into a comon coordinate
system. This process is referred to as registration. In higlend systems, accurate
tracking of position and orientation of scanning equipmentmay be used, such
that individual scans can be aligned using this information In less expensive
systems, e.g. turntables may be used which limit the degreesf freedom, but also
the size of objects that can be scanned. Some systems rely oarhan interaction
to identify matching features in di erent scans, but automatic registration using
feature matching is a possibility, and this is an active areaof research [16].

11
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Model Reconstruction The nal step of reconstruction using 3D scanning
techniques is transforming the registered point cloud intoa 3D model using one
of the representations in section 2.1 for the shape. An examnlp of reconstructing
a triangle mesh from a point cloud was shown in gure 2.3, and his can be
done automatically using e.g. Delaunay triangulation [16] marching cubes [25],
or the ball-pivoting algorithm [15]. Reconstruction of surface models, e.g. using
NURBS, is typically done by converting from a reconstructedtriangle mesh, and
automatic algorithms for this purpose exist [16]. Solid CAD models can also
be reconstructed from point cloud data, but this typically i s a process which
requires some degree of user interaction. The process can geeatly simpli ed,
however, by using commercial software packages such as Rdfirm XOR [8].

Laser scanners typically are unable to capture the color oftte surface, so tex-
turing the reconstructed 3D model requires photographs of he scene, preferably
captured with a calibrated camera at the same time as each oftte scans [16]. As
for 3D scanning devices, the camera can only capture non-okmled surfaces, so
several photographs may be needed. Photographs may also baptured inde-
pendently of the scan process, and then texturing the 3D modéds done the same
way as for manual reconstruction [16]. It is possible, howesr, using structured
light scanning to capture both shape and color of the scene siultaneously, as
demonstrated in [55].

Compared to manual reconstruction, 3D scanning techniquegsan save a lot
of work. Three scanning techniques were analyzed, and the odite depends
on the task at hand, which determines requirements for rangeaccuracy, and
speed. Even though 3D scanning simpli es data acquisition ompared to manual
measurements, some manual work is still necessary. Typidglseveral scans are
required, and for large objects the scanning equipment musbe moved and
possibly calibrated each time to ease registration. For teturing the 3D model,
several photographs of the object are also needed. Automati methods for
triangle mesh and surface model reconstruction exist, whé reconstruction of
CAD models require some degree of user interaction.

One parameter not discussed in the above analysis is cost ohé scanning
equipment. Generally laser scanning equipment is expensdy e.g. the Leica
ScanStation 2 depicted in gure 2.4a has a list price of US $18,375 [22].
Cheaper solutions are available for smaller objects, suchsathe NextEngine
Desktop 3D Scanner HD, which captures both shape and color adbjects and
is available for US $2,995 [6].

2.2.3 Photogrammetry

A camera captures the appearance of an object or a scene, bulsa information
about the 3D shape can be extracted from photographs. This igvident from
the fact that humans are able to perceive and navigate in a 3D wrld using
their vision. Two eyes give humans the ability to perceive the depth of a scene,
because the eyes see two slightly di erent images due to therelative position.
The di erence in the images depends on the distance to objestin the scene [36].
But even if one eye is closed, it is still possible to get an immssion of the
3D structure of the scene by moving the head. Additionally the change in the
image seen when moving allows estimating the direction of m@ment. This
means that both structure and motion is recovered simultan@usly [36].

12
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Transferring the ability to infer structure from motion to m achines is a eld
in computer vision that has been studied intensively in the bst decades. The
main focus has been to nd algorithms for extracting the necesary information
automatically from multiple images, or a video sequence [36 Notably the
book [23] by Richard Hartley and Andrew Zisserman provides ery useful insight
into the eld of reconstructing 3D models from images. Actually the eld of
photogrammetry is as old as modern photography, and alreadyn the middle
of the 19" century, photographs were used for making maps and measurin
buildings [36, 50].

To understand how a 3D model can be reconstructed from photogphs it
is necessary to understand the information that is capturedby a camera. For
each image coordinate there is a corresponding ray in spaceagsing through
the projection centre of the camera, for which the camera cagures the appear-
ance, i.e. color, of the closest object that intersects thigay. As opposed to
3D scanning, the distance from the camera to the intersectio is not known.
It is possible, however, to measure relative distances usinan image if certain
conditions are met, and this is useful for e.g. making maps. tlis required that
the points, between which distances are measured, lie in a @he parallel to the
image plane, and that the internal calibration of the camerais known [50]. The
internal calibration of a camera is determined by a set of intinsic calibration
parameters, which among others include the focal length, ath parameters for
lens distortion [17].

Since the distance from the camera to the scene is unknown, is clear that
the 3D shape of an object can not be reconstructed from a singlimage. Similar
to human vision, however, it is possible to estimate the 3D psition of a point
seen in two images captured from di erent locations. The twoimages may be
captured by di erent cameras, or a single camera may be movedThe estimation
is done using a process called triangulation, in which the itersection between
the two rays that correspond to the point seen in the images idound. To nd
the intersection between the rays, the relative camera motin between the two
images, i.e. the external calibration, must be known in addiion to the internal
calibration of the cameras [36]. The external calibration ¢ a camera is de ned
by a set of extrinsic parameters describing the 3D position ad orientation of
the camera [17]. Thus to extract information about the 3D shge of an object,
at least two calibrated images captured from di erent perspectives are needed
along with a set of corresponding points in the images that ca be triangulated.

Much previous research has focused on extracting the necesy information
automatically from images. Algorithms for nding corresponding image fea-
tures, i.e. image points originating from the same featuren the original scene,
is one example. From corresponding features in two images is possible to esti-
mate the relative camera motion, thus relaxing the requirenent of extrinsic cam-
era calibration. Typically intrinsic camera calibration i s required, though some
algorithms for automatic intrinsic calibration have been developed, e.g. [35].
Some of these results are brie y discussed in the followingOverall 3D model
reconstruction using photogrammetry consists of capturirg images, recovering
structure and motion from the images, and nally building a 3D model.
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Chapter 2. Problem Analysis

Data Acquisition In photogrammetry data acquisition consists of capturing
a set or sequence of images of the real world object to be recstnucted. The im-
ages may be photographs or frames of a video sequence. Canmermly capture
information about non-occluded surfaces, and therefore asvith 3D scanning,
multiple images of the object from di erent perspectives are required. In ad-
dition overlap between the images is required for automaticfeature matching
and motion recovery. If camera calibration is required, this is also part of data
acquisition. Camera calibration is usually achieved by caguring a series of im-
ages of a calibration pattern from di erent perspectives, and afterwards using
software for estimating the calibration parameters of the amera, see e.g. [17].
If cameras are not extrinsically calibrated, the object canonly be reconstructed
up to an arbitrary similarity transform !, so a few manual measurements may
be required to recover the correct scale, orientation, and psition.

Intermediate Processing The result of data acquisition is a set of over-
lapping images of the object of interest captured from di erent perspectives,
preferably with no surfaces that are hidden in all images. Tl intrinsic camera
calibration of the images may or may not be known depending orthe data
acquisition process, but typically position and orientation of cameras, i.e. ex-
trinsic calibration, is unknown. This information is requi red for reconstruction
as discussed above, and the purpose of intermediate procéss is to recover
both structure and motion from the captured images. Here stucture is an es-
timate of the 3D positions of detected features in the imagesand motion is an
estimate of the extrinsic calibration of the cameras. Both s$ructure and mo-
tion is recovered, because optimal estimation of either depnds on estimating
the other. Typically structure and motion estimates are optimized using an
iterative re nement process which is referred to as bundle djustment [26].

The rst step in recovering structure and motion is to estimate the rela-
tive motion between di erent images, and this requires a setof correspond-
ing points, in each pair of images. A widely used algorithm fo nding corre-
sponding features in images automatically is the Scale Inwdant Feature Trans-
form (SIFT) [27] due to its robustness. Using the point correspondences, the
relative motion between pairs of images is recovered usingnaalgorithm such as
the normalized 8-point algorithm [23]. Knowing the relative motion, it is pos-
sible to estimate the 3D positions of corresponding points ging triangulation.
Finally, the complete structure and motion is recovered by dustering the images
using a technique such as the one developed in [37], where kdla adjustment is
applied during the process. The result of intermediate proessing is estimated
extrinsic and intrinsic calibration of the cameras, and estmated 3D positions of
the set of extracted image features.

A process similar to the one described here has been used in ttiple projects
to recover structure and motion from large collections of ptotographs. One ex-
ample is the project Building Rome in a Day, which seeks to aubmatically
reconstruct entire cities from images harvested on the intenet [11]. In g-
ure 2.5 a reconstructed scene from the project is shown. AlsBhotosynth from
Microsoft, which makes interactive 3D exploration of photo collections possible,
uses a similar technique [4].

1Shape preserving transformation, which is composed of rota tion, isotropic scaling, and
translation [23].
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2.2. Reconstruction Methods

(b)

Figure 2.5: A scene from the city Dubrovnik, Croatia is reconstructed fr om 4,619 im-
ages yielding 3,485,717 points [11]. a) Original image. b) Reconstructed point cloud
seen from the same viewpoint.

Model Reconstruction As with both manual reconstruction and 3D scan-
ning, the resulting 3D model can be reconstructed using any fothe represen-
tations discussed in section 2.1. Part of the result of intemediate processing
is a point cloud consisting of the extracted image featuresand thus the tech-
niques for model reconstruction described in section 2.2.2re also applicable
here. Point clouds obtained using photogrammetry, howeverare typically very
sparse compared to those obtained using 3D scanning technigs, so using this
result directly leads to models with poor visual quality [36]. Typically other
methods are used for model reconstruction, and they requireli erent levels of
user interaction, ranging from manual to automatic.

Common for the manual reconstruction methods is that they strt from the
structure and motion recovered from intermediate processig. The user then
typically selects features in the scene that are used for maa reconstruction,
e.g. the corners of the walls on a building. For each feature @oint, which is
often referred to as a locator, is triangulated from the imag coordinates given
by the user. To create a locator, the user simply clicks the sae feature in a
number of images, and the 3D position is recovered using theatibration data
of the images. From the set of locators, the shape of the 3D ma can be
reconstructed e.g. by creating polygon faces using the lotars as vertices, or
a CAD model can be reconstructed using the locators as guidesAn example
of a manual reconstruction method is the one developed in [19where certain
geometric constraints, such as orthogonality and distanceequality, between lo-
cators are speci ed by the user. In another method for interactive architectural
reconstruction, vanishing points estimated from detectedlines in the images are
used in combination with the feature point cloud for snapping geometry created
by the user [38]. These techniques are combined in the commaal application
Autodesk ImageModeler [1].

Also a number of automatic reconstruction methods exist, athough they
have limitations both regarding the types of objects that can be reconstructed
and the visual quality of the reconstructions. One example $ the method de-
veloped in [36], where the result from intermediate procesng is used to rectify
the input images and then calculate dense depth maps of the sne. From the
depth maps, a detailed 3D model is then reconstructed. This rathod is used
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(b) (d)

Figure 2.6: Some steps in model reconstruction using ProFORMA [33]. a) T he
object rotated in front of camera. b) Obtained point cloud. ¢ ) Mesh obtained from
carving a Delaunay tetrahedralisation of the point cloud. d ) Reconstructed 3D model.

in a system for reconstructing 3D models of urban environmets from video in
real-time [32]. Recently a real-time model reconstructiormethod named Proba-
bilistic Feature-based On-line Rapid Model Acquisition (ProFORMA) has been
published [33]. In this system, the user rotates an object infront of a sta-
tionary video camera, and the system simultaneously tracksand reconstructs a
3D model of the object. In gure 2.6 some steps in the processra illustrated.

One clear benet of using photogrammetry for 3D model reconguction is
that the appearance of the model is available in the images tht are already used
for reconstruction of the shape. Thus textures for the modelcan be extracted
without additional data acquisition. Although mapping the images to the re-
constructed geometry is simple due to the known relationstp between images
and geometry, the texture of a surface may be available in ma images, and
may be partly occluded in some of them. This poses a problem aherging dif-
ferent images together to obtain a complete texture of the stface, and avoiding
artifacts from occlusions. An elegant solution to this prodem based on graph
cuts has been developed in [38].

Using photogrammetry for 3D model reconstruction can, likeusing 3D scan-
ning techniques, save a lot of work compared to manual recomgiction, espe-
cially during data acquisition. Data acquisition is simpler than for 3D scanning,
because it involves nothing more than capturing images usig a camera. It
is still necessary, however, to ensure that all surfaces areovered by the cap-
tured images, and that the images overlap for feature matchig. Some camera
calibration may be needed depending on the specic reconstiction method
used, but typically this involves little work compared to calibrating 3D scan-
ning equipment, because the calibration parameters can beséimated from the
images themselves. From the captured images, both structw and motion is
recovered, and this result is used as the basis for various ndel reconstruction
methods. Methods for model reconstruction range from manubto automatic,
and the choice depends largely on the desired quality and pyose of the nal
model. Finally, cost is a parameter where photogrammetry ha an advantage
over 3D scanning techniques. Compared to e.g. a time-of- it laser scanner, a
digital camera is very inexpensive.
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Manual: red
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o . ) Automatic: ) )
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g calibrated cameras) CAD model :

Textures from images.

Table 2.1: Overview of 3D model reconstruction methods. The arrows (# and ! ) indicate conversion of data. The cost in the last column is b ased
solely on the price of equipment, and does not account for any work involved in the process.
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Chapter 2. Problem Analysis

2.3 Method Selection

The initiating problem in section 1.1 asks how a 3D model for nteractive visu-
alization of a real world building can be reconstructed in a émple manner. The
purpose of this section is to nd the 3D model representationand reconstruction
method which best answers this question based on the analysén section 2.1
and 2.2 respectively.

In the following, the applicability of each of the analyzed reconstruction
methods is discussed with respect to the initiating problem In section 2.3.1 the
primary focus is on the data acquisition process, and a speci method for data
acquisition is selected. In particular the process is treatd in the context of a
real estate agent preparing a property for sale. Then in se@n 2.3.2 a specic
method for reconstructing the 3D model from the acquired andprocessed data is
selected. This choice is based on a balance between the leeéluser interaction
during reconstruction and the nal purpose of the reconstructed model. The
ultimate goal would be a system, which allows any real estateagent to easily
reconstruct 3D models of buildings, such that they can be use for interactive
online presentation. Although some of the analyzed reconstiction methods are
reaching for this goal, there is still lots of room for improvement.

2.3.1 Data Acquisition

As discussed in chapter 1, the marketing material for a prop#gy for sale typically

consists of an informative description of the property, oneor more photographs
of the exterior and interior of the building, and a oor plan. To obtain this

information, the real estate agent needs to visit the propety to capture pho-

tographs and take measurements for the oor plan. If in addition a 3D model
of the building must be reconstructed, it is important that t he data acquisi-
tion process ts well with the existing practice when visiti ng the property. In

the following each of the data acquisition methods analyzedn section 2.2 are
evaluated in this context.

Manual If a oor plan of the building does not exist, some measuremets
are needed for creating one. Compared to taking measurementfor a oor
plan, however, a vast amount of measurements are required f@econstructing a
3D model of the building. Furthermore the 3D model must be mocled manually
from the measurements, and this requires a lot of work.

3D Scanning  To reduce the amount of manual measurements that must be
taken, 3D scanning techniques may be employed. This also allvs taking advan-

tage of user assisted or automatic reconstruction methodsand therefore might

save time compared to manual reconstruction. Not all 3D scaning techniques
are suitable for scanning buildings, however. Triangulaton laser scanners and
structured light techniques only have limited range, and thus are not suited for

larger objects such as buildings. This leaves time-of- igh laser scanning as an
option, but such equipment is very expensive. Several scans the building are

necessary, and each scan takes time and may need on-site badition. Therefore

3D scanning is considered an intrusive method in the work owof a real estate
agent.
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Photogrammetry An alternative to 3D scanning which also reduces the
amount of manual measurements necessary is using photogranetry. 3D model
reconstruction using photogrammetry may also take advantge of user assisted
or automatic methods, and therefore is an attractive altermative to manual re-
construction. Image data may be acquired using photographyr video capture,
and the range is not limited to objects of a speci c size. As a eal estate agent
already brings a camera for capturing photographs of the bdiding, using this
camera for data acquisition is a simple, cost-neutral solubn. Still, reconstruc-
tion using photogrammetry requires several overlapping inages of the building,
so the workload of the real estate agent will increase.

Based on the above discussion it is assessed, that capturinghotographs
for 3D model reconstruction using photogrammetry is the sinplest, and most
e ective method for data acquisition. Although several photographs are needed
in addition to the typical marketing photographs, this data acquisition method
does not change the work ow of the real estate agent signi catly. Moreover
this solution is cost-neutral as opposed to investing in expnsive 3D scanning
equipment, and little or no on-site calibration is required. An additional ad-
vantage of using photogrammetry is that textures for the remnstructed model
are available in the captured images, whereas additional pttographs would be
needed for manual reconstruction or 3D scanning.

2.3.2 Model Reconstruction

Having selected photography as the data acquisition methodin this section
a speci ¢ method for model reconstruction using photogramnetry is selected.
From the summary in table 2.1 it is seen that reconstruction wsing photogram-
metry can result in any of the 3D model representations analged in section 2.1,
i.e. polygon mesh model, surface model, and solid CAD modelAccording to

the initiating problem, the nal purpose of the reconstruct ed 3D model is in-
teractive visualization, and therefore a model reconstrution method resulting

in a polygon or triangle mesh model is preferable, because it type of model
is directly supported by modern graphics rendering hardwae. The additional

abstraction provided by the other model representations isnot necessary in this
situation. For reconstructing a polygon mesh model using plbtogrammetry,

both automatic and user assisted methods exist, see table 2. These methods
are analyzed in the following in order to select the reconstuction method that

best ts with the initiating problem.

Automatic In section 2.2.3 two automatic methods for model reconstruton
were discussed, one being ProFORMA which is based on interéice video cap-
ture [33]. This method is deemed unsuitable, because it is tompatible with the
selected data acquisition method. Speci cally, ProFORMA requires the camera
to be static and the method is interactive, and thus it is necessary to bring a
computer to the eld during data acquisition. The other auto matic method dis-
cussed is based on estimating dense depth maps of the scenedaeconstructing
a detailed 3D model from these as in [36].

Recall that the result of intermediate processing in photogammetry is struc-
ture and motion, i.e. estimated 3D positions of the set of extacted image fea-
tures and estimated extrinsic and intrinsic calibration of the cameras. From
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(b)
Figure 2.7:  Automatic triangle mesh reconstruction from a single dense depth
map [28]. a) Geometric model. b) Textured model.

(b)

Figure 2.8: User assisted polygon mesh reconstruction [38]. a) Geometic model.
b) Textured model.

this it is possible to rectify the input images, such that the pixels in a scanline
of one image map to pixels in the corresponding scanline of ather image. By
matching all pixels in the scanlines of the two images, a deresdepth map can
be estimated from the disparity of the matched pixels [36]. This approach has
problems with re ective surfaces such as windows, because¢is di cult to nd
correct matches between di erent images in such areas. In gre 2.7 an example
of a triangle mesh reconstructed from a single dense depth npais shown.
Such reconstruction, however, is not su cient because the esult is not a
complete 3D model. A dense depth map estimated from two imageis similar
to the result of a single 3D scan, and thus the obtained depth raps need to be
registered into a single point cloud, in the same fashion as hen using 3D scan-
ning, in order to reconstruct a complete 3D model. Refer to setion 2.2.2 for
examples on how a triangle mesh model can be obtained from a pu cloud.

User Assisted  The user assisted model reconstruction methods discussed i
section 2.2.3 all start from the structure and motion recoveed in intermediate
processing. From the calibrated images the 3D positions of aet of locators are
triangulated from corresponding image coordinates given Y the user. Based on
the locators the user reconstructs a polygon mesh model, andarious intelligent
measures can be employed to simplify this process, see thesdussion in sec-
tion 2.2.3. User assited reconstruction directly results m a 3D model, and there
is no need for additional point cloud registration etc. In gure 2.8 an example
of a polygon mesh model obtained with the user assisted recstruction method
developed in [38] is shown.
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(b)

Figure 2.9: Three images of a recessed window captured from di erent angles to
show the e ect of changing viewpoint. a) The left edge of the w indow frame is hidden
behind the wall. b) The whole frame is visible when seen from the front. c) The right

edge of the frame is hidden behind the wall.

The 3D models reconstructed using automatic and user assistl methods are
very di erent in character. Typically automatically recon structed models are
highly tessellated, and contain lots of geometric detail ass evidentin gure 2.7a.
These details are not necessarily due to the original scendut may be caused
by noise and imprecision in the reconstruction process, anthus may result in
poor visual quality of the model. The structure of buildings normally satis es
geometric constraints such as walls being planar and verti, windows being
rectangular etc., and it is di cult to enforce such constrai nts in the point cloud
obtained from dense depth maps.

The result of user assisted reconstruction typically is poygon mesh models
that have much simpler structure than what is obtained using automatic meth-
ods, see gure 2.8a. Due to the low resolution of the reconstrcted model, the
noise that is typical of automatically reconstructed modek is not present, and
constraints such as walls being planar are automatically eforced by the inher-
ent planarity of the polygons of the model. Of course the low esolution may
cause details to be lost, but the user can identify the featues of the building
that are important, and add extra detail in these places.

This is the approach used in [38], where the user typically strts by recon-
structing a coarse model of the building consisting of larggolygons representing
the walls, roof etc. Then this model is re ned by manually adding details such
as recessed windows and doors. E.g. a window region is markdy the user
on the polygon representing a wall, and this region is recessl by an amount
speci ed interactively by the user. Time is spent adding sut geometric details
because it makes the model look more realistic, especiallyhen seen from di er-
ent angles. In gure 2.9 the e ect of changing viewpoint is stown for a window
of a real building.

Although in [38] such cutouts for windows can be copied for ading multiple
windows of the same dimensions, adding these details is dté time consuming
process. This is evident from the progressive states of a renstructed model
shown in gure 2.10. Nearly % of the time is spent adding details to the coarse
model, which is reconstructed within the rst 4 minutes [38]. From this it is
clear that user assisted reconstruction can be simplied ad made faster by
developing an automatic method for adding details such as reessed windows
and doors.

21



Chapter 2. Problem Analysis

(b)

Figure 2.10: Progression of a model during user assisted reconstructionin [38]. a) A
coarse model is reconstructed after 4 minutes of modeling. b Details are added after
15 minutes of modeling.

From the above discussion, polygon mesh models reconstried with user
assisted methods are judged qualitatively to have higher \sual quality than
automatically reconstructed models. As discussed in chagr 1 the appearance
of a product is often a key selling point, and as the nal purpose of the model
is interactive presentation, the visual quality of the modd has high priority.
The level of user interaction in existing user assisted reawstruction methods,
however, is signi cantly higher than that of the automatic m ethods. As demon-
strated by the method developed in [38], it is possible to mak user assisted
reconstruction simple and e ective, but still this is far fr om allowing any real
estate agent to easily reconstruct 3D models of buildings. H particular the pro-
cess of adding details such as recessed windows and doors e ttoarse model is
time consuming, and could potentially be optimized by devebping an automatic
method for this purpose. Based on this discussion, user asséd reconstruction
of a coarse polygon mesh model, combined with a novel automiat method for
adding fecade details, is selected as the model reconstrtion method, which
best ts the initiating problem.

2.4 Conclusion

In this chapter the initiating problem de ned in section 1.1 has been analyzed.
In section 2.1 it was de ned that a 3D model contains information about both
the shape and textures of an object, and three possible repsentations of the
shape of a 3D model were analyzed: polygon mesh models, suréamodels, and
solid CAD models. Section 2.2 then contains an analysis of dirent methods
for reconstructing 3D models from real world objects. In gerral reconstruc-
tion methods consist of three steps: data acquisition, intemediate processing,
and model reconstruction. These steps were analyzed for tiee reconstruction
methods, namely manual reconstruction, reconstruction usxg 3D scanning, and
reconstruction using photogrammetry. The analysis of recastruction methods
is summarized in table 2.1 on page 17.

Based on these analyses, in section 2.3 the reconstruction ethod which
best ts with the initiating problem was selected. The seleded reconstruction
method is photogrammetry, which uses photography for data aquisition. This
method was selected, because it has many advantages compdr® the other
methods analyzed. In particular the data acquisition process integrates well
with the existing work ow of a real estate agent preparing a property for sale,
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and it does not require expensive equipment other than a cama, which is
already available. Intermediate processing in photogramretry consists of esti-
mating structure and motion, i.e. estimating the 3D positions of a set of features
detected in the input images and the calibration parametersof the cameras used
for capturing the input images, and this process can be autorated. For model
reconstruction a two step approach was selected. First stegonsists of user
assisted reconstruction of a coarse polygon mesh model. Thicoarse model is
then re ned automatically by adding facade details such as recessed windows
and doors, using a novel method developed in this project. Irthe following
chapter, the speci c problem of the project is de ned in more detail.
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Chapter 3

Problem Formulation

In chapter 1, the need for simpler methods for 3D model recortauction of
real world buildings was established, and the initiating problem of the project
was de ned. To answer the initiating problem the problem was analyzed in
chapter 2, and based on this analysis the reconstruction méiod which best
ts with the initiating problem was selected. The purpose of this chapter is to
de ne the speci c problem of the project in more detail.

The selected reconstruction method is photogrammetry, whee data acquisi-
tion consists of capturing images of the building to reconstuct. During interme-
diate processing, structure and motion is recovered from tk captured images,
and nally this information is used for model reconstruction. Model recon-
struction consists of user assisted reconstruction of a cese model followed by
automatic re nement, where facade details such as recessewindows and doors
are added to the model using a novel method developed in thisrpject. This
leads to the following problem formulation for the project:

Using photogrammetry and user assisted model reconstructn, how
is a system for reconstructing a textured polygon mesh modef a real
world building from an unordered set of images developed, drhow
can the process of adding facade details to the model be amated?

In the following section, a more detailed concept for the syem is developed.
The chapter concludes with the problem delimitation in secion 3.2, which spec-
i es the areas of the problem on which focus lies in the projet

3.1 System Concept

In the following a concept for how the selected reconstructin method can be
applied is developed. This concept covers the whole reconsiction process on an
overall level, and serves as an overview of the proposed retstruction method.

The input to the system is an unordered set of digital images bthe building
to reconstruct. Unordered means that there is no particularorder in which the
images must be supplied to the system. It is only required thathere is overlap
between the images, and that they capture all surfaces of théuilding for which
reconstruction is wanted.
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Figure 3.1: Overview of the steps in the proposed reconstruction method, with input
and output of the system indicated.

The primary output of the system is a reconstructed 3D model d the building
in the form of a textured polygon mesh model. Henceforth polgon mesh model
is referred to simply as mesh. In addition to the model, intemediate results such
as structure and motion recovered during intermediate proessing is available.

3.1.1 Method

The concept developed here is based on the analysis in seqti@.2.3 and on the
reconstruction method selected in section 2.3.2. The propged method consists
of the following steps: preprocessing, matching, clusteng, coarse model recon-
struction, and automatic facade reconstruction. All steps are automatic, except
for coarse model reconstruction, which requires user assice. The steps are
illustrated in gure 3.1, and each of them is explained on an werall level in the

following. The rst three steps correspond to intermediate processing in the
previous analysis, while the last two steps correspond to mael reconstruction.

Preprocessing In this step the input images are loaded. Then the intrinsic
calibration parameters are estimated for all images, and kgpoints in all images
are detected.

Matching  Matching is performed for all pairs of input images, and the gal
is to estimate the relative motion between the cameras in edt pair if possible.
For each pair, a robust set of corresponding keypoints in théwo images is iden-
tied. Using the corresponding keypoints and the known intrinsic calibration
parameters of the images, the relative motion is recovered.

Clustering  The goal of clustering is to recover structure and motion, ie. both
positions of keypoints in space and extrinsic camera paranters, for all input
images. Clustering is performed by starting from the best m&ching image pair,
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Figure 3.2:  Structure and motion recovered during clustering. Estimat ed keypoint
positions are shown as green dots, and estimated camera posefor the input images
are shown as pyramids.

and iteratively adding images using the relative motion reovered for image
pairs in the matching step. In this process keypoints are trangulated, and
the recovered structure and motion is optimized using bundé adjustment. In
gure 3.2 an example of structure and motion recovered durirg clustering is
shown.

Coarse Model Reconstruction The next step in the process is user assisted
reconstruction of a coarse 3D model of the building. Here a @rse model is
de ned as a textured mesh which consists of polygons represting large planar
surfaces of the building, i.e. walls, roof etc. In gure 3.3 a example of a coarse
model is shown. Note that the coarse model does not contain dails such as
recessed windows and doors.

The reconstruction of a coarse model is done interactivelyr two steps. First
a set of locators, which represent 3D positions of selecte@#tures of the building,
e.g. the corners of a wall, is de ned. A locator is de ned by cicking the same
feature in two or more of the input images. The 3D positions ofthe locators
are triangulated using the camera calibration information available from the
clustering step. Second, polygons that span the planar suaices of the building
are de ned by clicking the locators to use as corners of the plggons.

The user is responsible only for de ning the shape of the coae model.
The appearance of the model, that is textures for the individual polygons, is
automatically extracted from the input images in this step.

(@)

Figure 3.3: An example of a coarse model that is reconstructed with user assis-
tance. Large planar surfaces such as walls and roof are repreented using polygons.
a) Geometric model. b) Textured model.
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(b)

Figure 3.4: An example of a model that has been re ned using automatic fa cade
reconstruction for selected polygons (magenta) of the coarse model. a) Geometric
model. b) Textured model.

Automatic Fecade Reconstruction This is the nal step of the proposed

reconstruction method, and it is based on the coarse model & is reconstructed
in the previous user assisted step. The purpose of this ste ito automatically

re ne the coarse model by adding fecade details such as ressed windows and
doors to selected polygons. In existing user assisted recstnuction methods, this

task is cumbersome and time-consuming, and by developing aovel method for
automatically reconstructing facade details, an advantage compared to existing
methods is achieved. The developed method utilizes the infonation obtained in

the previous steps for automatic facade reconstruction. h gure 3.4 an example
of a re ned model is shown.

3.2 Problem Delimitation

In the previous section a concept for how the selected recotrsiction method can
be applied was developed. In this project the proposed recatruction method
is implemented as a proof of concept system, which covers therhole process
from data acquisition to model reconstruction. Although a complete system is
developed, this system is not meant to be a full applicationwhich can be used
directly by real estate agents for reconstructing buildings. Its purpose is instead
to investigate ways to improve existing architectural recanstruction methods,
and to demonstrate the feasibility of the proposed reconstaction method.

An area that has received little focus in previous work is tha of automatically
reconstructing facade details of a reconstructed coarse wdel, and as previously
discussed existing methods can be improved by developing aethod for this
purpose. Therefore the primary contribution in this project is development of a
novel method for automatically re ning a coarse model with facade details such
as recessed windows and doors. As is evident from the analgsin chapter 2,
much previous work related to solving the structure from motion problem exists,
and this project is not meant to provide any revolutionary improvements in
this eld. However, as the proposed reconstruction method @&pends largely on
solving this problem, methods for recovering structure andmotion from images
are also treated in detail.
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The remaining part of the report is divided into two parts: method, and
results and discussion. In the method part, the developmentof the proposed
reconstruction method is documented. The ve chapters of ths part, i.e. chap-
ters 4 through 8, correspond directly to the steps of the conept developed
in section 3.1. In each of these chapters, the specic probha of that step is
analyzed, methods for solving the problem are developed, ahthe developed
methods are evaluated.

The results and discussion part of the report documents the esults obtained
from testing the three main parts of the system. The results ae discussed, and
a conclusion for the project as a whole is provided. In chapte9, an introduction
to the performed system evaluation is given, and the used téslata is presented.
In chapter 10, the results of recovering structure and motim for the data sets
are documented and discussed. Then the results of user ageid coarse model
reconstruction for the data sets are documented and discusgsl in chapter 11.
And in chapter 12, the results of applying the developed metlod for automatic
facade reconstruction are documented and discussed. Fidlg, chapter 13 con-
tains the overall conclusion and perspectives of the projec
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Chapter 4

Preprocessing

In this chapter the preprocessing step of the proposed recatruction method
is documented. As discussed in section 3.1.1, in this step éhinput images are
loaded into the system, intrinsic calibration for the images is estimated, and
keypoints in the images are detected.

For 3D reconstruction from images to be possible, a mathematal model of
a camera is needed. Therefore in section 4.1, the camera mddesed in this
project is introduced. Then in section 4.2, a method for estinating the intrinsic
calibration parameters of the images is developed. Finallyin section 4.3, the
problem of robustly detecting keypoints in the input imagesis analyzed, and a
suitable algorithm for this purpose is selected.

4.1 Camera Model

In this section the mathematical camera model used in this poject is introduced.
This model covers both the intrinsic and extrinsic calibration parameters. The
intrinsic calibration of a camera may include parameters decribing lens distor-
tion. In this project, however, any lens distortion present in the input images
is assumed to be negligible, and hence lens distortion is nqtart of the used
camera model. If signi cant lens distortion is present in the input images, any
known method for correcting this can be applied to the imagesbefore they
are supplied to the system, see e.g. [17]. The camera modelgteibed in the
following is based on [23].

4.1.1 Basic Pinhole Camera

A basic pinhole camera can be modelled as the central projeicin of points in
space onto the image plane. Let the centre of projection be t origin of an
Euclidean coordinate system, and let the image plane b& = f. Then a point
in spaceX =[X Y Z]" is mapped to the point x in the image plane where
the line through X and the centre of projection intersects the image plane,
see gure 4.1. By similar triangles, the point X in space is mapped to the
point x = [fX=Z fY=Z f |7 which lies in the image plane. Ignoring the last
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Figure 4.1: The geometry of a basic pinhole camera. C is the centre of projection,
also referred to as the camera centre, andp is the principal point [23].

image coordinate, this becomgs

fX=z

4v5 71 -
Y7'fY=Z'

z

(4.1)

which is a mapping from Euclidean 3-spaceR® to Euclidean 2-spaceR?. The
centre of projection is also called the camera centre, and # line from the
camera centre perpendicular to the image plane is called thegrincipal axis.
The intersection of the principal axis and the image plane iscalled the principal
point.

By representing points in space and image points using hom@ameous vectors,
the mapping in (4.1) becomes the simple linear mapping

2 3 2 3%y
f f 0 v

4v5=4 1 05§7L. 4.2)
Z 1 0 1

The homogeneous vectorsfK fY Z 17 and [fX=Z fY=Z 1]" both represent the
same point, and thus Euclidean image coordinates can be obitaed by perspec-
tive division.

The matrix in (4.2) may be written as diag(f;f; 1)[l 0], where diagf;f; 1) is
a diagonal matrix, and [l 0] is a matrix consisting of two blocks, a 3 3 identity
matrix and the zero column vector. Now let X = [X Y Z 1]" be the homo-
geneous 4-vector representing a point in space, and let be the homogeneous
3-vector representing the associated image point. Then byntroducing P as the
3 4 camera projection matrix, (4.2) can be written compactly as

X =PX; (4.3)

where P =diag(f;f; 1)[I 0] for the basic pinhole camera model.

4.1.2 Digital Cameras

In this section the basic pinhole model is extended to a genat model which is
able to represent e.g. digital cameras, where the image is fimed by pixels. In
general the origin of coordinates in the image plane does natoincide with the
principal point as assumed én (g.l), so there is a mapping

fX=Z + py

X
4y5 71 -
Yo 7! Y=z +p,

z

(4.4)
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where px py]" are the coordinates of the principal point in the image plane In
homogeneous coordinates this becomes

2 3 2 3 2)( 3
fX + Zpy f px O v
4y +Zp,5=4 f p, 0547 45)
Z
Y4 1 0
1
Introducing K as the camera calibration matrix
2 3
f P x
K=4 f pyo; (4.6)
1
then (4.5) can be written concisely as
x = K[l O]X: 4.7)

For digital cameras, the image is formed on a sensor and repsented as pix-
els. The sensor may have non-square pixels, and measuringége coordinates in
pixels, adds an extra possibly non-uniform scale. Lein, and my be the number
of pixels per unit distance in image coordinates in thex and y directions. Now
the camera calibration matrix becomes

2 3
X XO
K= 4 y Yoo (4.8)
1

where , = fm, and , = fmy represent the focal legnth of the camera in
terms of pixel dimensions in the x and y directions respectively. Similarly,
[Xo Yo]" are the coordinates of the principal point in terms of pixel dmensions,
with Xo = mypyx and yo = mypy.

In this model it is assumed, as is the case for normal digital @meras, that
there is no skew of the image sensor axes. Thus the camera ¢ahtion ma-
trix K de ned in (4.8) contains all relevant intrinsic calib ration parameters of
the camera.

4.1.3 Camera Position and Orientation

Above it is assumed that the points in space are given in the caera coordi-
nate frame, but typically points are expressed in terms of a wrld coordinate
frame. The camera and world coordinate frames are related @i a rotation and
a translation de ned by the orientation and position of the camera. A point
in the world coordinate frame represented by the homogeneai4-vector X , is
mapped to the corresponding pointX ¢ in the camera coordinate frame by

X¢= Xw; (4.9)

where R is a 3 3 rotation matrix representing the orientation of the world
coordinate frame relative to the camera coordinate frame, ad t is a column
3-vector representing the position of the origin of the worll coordinate frame
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in the camera coordinate frame. In other words, the matrix R and the vector t
are the extrinsic calibration parameters of the camera.

Combining (4.9) with (4.7), the mapping from the homogeneots world point X
to the homogeneous image poink can be written as

x =K[R t]X: (4.10)

From this it is seen that for a camera model which can represerdigital cameras,
the camera projection matrix is

P=K[R t]; (4.11)

where the camera calibration matrix K has the form given in (4.8). This is the
camera model used in this project.

4.2 Intrinsic Calibration

To recover structure and motion using the process outlinedn section 2.2.3, the
intrinsic calibration parameters for each of the input images must be known in
advance or estimated. In this section two methods for estiméon of the camera
calibration matrix K given in (4.8) are treated. One method analyzes images
of a calibration pattern captured by the camera, and the othe method uses
information available in the image les created by modern digital cameras.

For images captured using the same camera with a constant fat length,
the camera calibration matrix does not change. Therefore ifall input images
are captured with the same camera, and without altering the Dom level, it
is possible to estimate a common K for all images. This intrirsic calibration
can be achieved e.g. by capturing a sequence of images of aibedtion pattern
from di erent perspectives with camera settings identical to those used when
capturing the input images. From the images of the calibration pattern, the
camera calibration matrix can be estimated using a method sah as [17].

Although high precision can be achieved using the above metd, it is im-
practical in the context of this project. It may be dicultto capture some parts
of a building without zooming, and ensuring that all images @aptured by a real
estate agent in the eld are captured with identical focal lengths may be hard.
Using the above method, it would be necessary to perform intinsic calibration
of the camera for each focal length used in the input images, ral this would
quickly become labour intensive. Therefore a more exible slution is preferred.

Modern digital cameras store a lot of metadata in addition to the captured
image when creating an image le. This metadata includes thecamera set-
tings used when capturing the image, e.g. aperture, shutterspeed, and focal
length, but also static information such as the make and modeof the camera
is stored. This information is stored using the Exchangeal# Image File For-
mat (EXIF), see appendix A for more details. By extracting the focal length
from the EXIF data available in the input image les, it is pos sible to obtain
a fairly good estimate of the camera calibration matrix, and below a method
based on this approach is developed.

4.2.1 Estimation from EXIF Data

The intrinsic calibration parameters that must be estimated for each input image
are the focal length measured in pixels y and y, and the coordinates of the
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Figure 4.2: lllustration of the dimensions of traditional 35 mm Im form at and an

image sensor. a) 135 Im full-frame [40]. b) Olympus E-520 im age sensor [7].

principal point [Xo Yo]" in pixels. These four parameters de ne the camera
calibration matrix K given in (4.8).

With no previous knowledge, the best guess for the location fathe principal
point is the centre of the image. Given the width w and height h of the image
in pixels, the estimated coordinates of the principal point simply become

= " (4.12)

Under the assumption that sensor pixels are square, let = , = | be
the focal length measured in pixels. To estimate , the following additional
information is required: the focal lengthf measured in mm, and the crop factorc
of the image sensor. For modern digital camerasf, can be extracted from the
EXIF data in the image le as discussed above. The crop factodepends on the
make and model of the camera, and it describes the size of thenage sensor
relative to the traditional 35 mm Im format. More speci cal ly the crop factor
is the ratio of the diagonal of a 35 mm frame to the diagonal of he sensor in
guestion [44]. That is

_ d3smm

= : (4.13)
dsensor
where dssmm and dsensor @re the diagonals measured in mm of a 35 mm frame
and the image sensor respectively.
In gure 4.2a the dimensions of a 35 mm frame is shown, and its idgonal
is calculated as

p —
dasmm = 367 +242 4327 mm: (4.14)

In gure 4.2b the dimensions of the image sensor in an Olympu&-520 is shown.
This is the camera model used for capturing images in this priect, and this
sensor has a crop factor of 2. Inserting the crop factoc = 2 into (4.13) it is
seen that for this cameradsensor  21:63 mm.

Still assuming square pixels, letm = my = my be the number of pixels
per unit distance in image coordinates. Asf is measured in mm, the unit of
m becomes pixels/mm. Introducing dinage @s the number of pixels along the
image diagonal given by

p
Oimage = W2+ h?; (4.15)
m is calculated as
= dimﬂ; (4.16)
dsensor
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Figure 4.3: The principal points obtained from calibration using [17] a nd estimated
from EXIF data.

Now with = fm, cf. section 4.1.2, from above it is seen that
P
WZ + h2
=f — 4.17
d35mm =C ( )

and nally, the estimated camera calibration matrix becomes
2 3
w=
K= 4 h= 25: (4.18)
1

4.2.2 Evaluation

For evaluating the results of estimating the camera calibrdion matrix from the
EXIF data available in the input images, intrinsic calibrat ion using [17] has been
performed from a set of images of a calibration pattern. The amera calibration
matrices K. obtained from this calibration and K ¢ estimated using the method
developed above are

2 3 2 3
1009 0 609 1035 0 640
Ke=4 0 1009 447 e=4 0 1035 488; (4.19)
0 0 1 0 0 1

where the dimensions of the images are 1280960 pixels.

The dierence in the estimated principal points of the two methods is ap-
proximately 45 pixels, and in gure 4.3 the principal points for both methods
are shown. If it is assumed that the calibration obtained ushg [17] is correct, es-
timation from EXIF data leads to an error in the principal poi nt equal to 2.8%
of the image diagonal, and the error in the estimated focal dtance is 2.6%.
In this project, even though estimation of the camera calibation matrix from
EXIF data may not be perfect, this method is chosen due to the ncreased
exibility.
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4.3. Detection of Keypoints

4.3 Detection of Keypoints

The purpose of the matching step, see chapter 5, is estimatioof the relative pose
of the cameras in each pair of input images. Part of this procss is to identify
a robust set of corresponding keypoints in the two images. A perequisite for
identifying such sets is that keypoints are detected in eactof the input images,
and therefore detection of keypoints is part of the preprocesing step.

It is essential for establishing correspondence between Ygoints during the
matching step that keypoints detected in one image are likg}l to be detected in
another image of the same scene; this is referred to as repadiility. Furthermore
it is important that keypoints originating from images of th e same scene feature
can be matched; this is referred to as distinctiveness. Bothrepeatability and
distinctiveness of keypoints is necessary, even when the exges are captured from
di erent perspectives and under varying lighting conditions. More speci cally
detection of keypoints must be invariant to changes such asnhage scale and
rotation, changes in 3D viewpoint, presence of noise, e.geasor noise and image
compression, and changes in illumination.

Lots of previous work exists on developing algorithms whichaim to robustly
detect keypoints that are invariant to these changes. Two afjorithms in particu-
lar perform well on a wide variety of images, namely the Scalénvariant Feature
Transform (SIFT) algorithm [27], and the Speeded-Up RobustFeatures (SURF)
algorithm [14]. The following section contains a short comprison of the two
algorithms, in order to select the algorithm best suited for this project.

4.3.1 Comparison of SIFT and SURF

The SIFT and SURF algorithms are similar in the way that they b oth consist

of the two main steps: detection of interest points, and extaction of descriptors

for the neighbourhood of every interest point. Detection of interest points is

the rst step, which is identi es points in the image which ar e good candidates
for distinctive keypoints. The performance of this step deermines the repeata-
bility. Extraction of descriptors is the second step, wherethe appearance of the
neighbourhood of each interest point is encoded into a desigtor. The encod-

ing in uences robustness towards the various changes disesed above and the
distinctiveness of keypoints. The di erence between SIFT aad SURF is how

these two steps are performed.

SURF is the newest of the two algorithms, and it is inspired by SIFT, which
is very well established. The goal of SURF is to obtain resuls that are on
par with the best algorithms available, but with less computational complexity.
The authors of SURF claim that their algorithm is faster than SIFT, while still
obtaining the same keypoint quality with respect to repeatability and distinc-
tiveness [14]. Comparisons of the two algorithms have been ade, and to some
degree they support this claim. In both [13] and [39] it is corluded that the
quality of the detected keypoints is slightly better for SIFT, but the speed of
SURF is much higher. However, one important di erence betwen the algo-
rithms is clear: The number of keypoints detected in an imageis signi cantly
higher for SIFT. In this project detecting a large number of keypoints is more
important than speed, because the system has no real-time qeirements, and
recovery of structure and motion performs better with more keypoints. There-
fore SIFT is selected for keypoint detection in this project
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Figure 4.4 The two main steps of the SIFT algorithm. a) Detection of inte rest points
using scale-space extrema detection. b) Extraction of keypoint descriptors from local
image gradients.

4.3.2 Keypoint Detection Using SIFT

Given a grayscale image as input, the output of the SIFT algoithm is a set
of keypoints detected in that image. On an overall level the wo main steps
of the SIFT algorithm are performed as follows. Detection ofinterest points
is performed by searching over all image locations and scadeof the image for
extrema of a di erence-of-Gaussian function, see gure 4.4. The potential
interest points that are identi ed are thus invariant to sca le and orientation [27].
A keypoint is localized for each interest point, and an orienation is assigned
based on local image gradient directions. Finally extracton of descriptors is
performed by measuring the local image gradients at the detgted scale, and
transforming them into a representation that allows for signi cant levels of local
shape distortion and changes in illumination [27], see gue 4.4b.

Each detected keypoint is described by its location, scaleprientation, and
descriptor. Only the location, which is the image coordinaes of the keypoint
in pixels, and the descriptor, which is a 128 dimensional veor, are used in the
later steps of structure and motion recovery.

4.3.3 Evaluation

In gure 4.5 an example of keypoint detection using SIFT is stown. The number
of keypoints detected in an image depends a lot on the contestof the image,
but generally more keypoints are detected in images with higer resolution. The
images used for testing in this project all have a size of 1280960 pixels, and the
average number of keypoints detected per image is 6233. Wita high number
of keypoints, both the likelihood of identifying a large set of corresponding
keypoints in the matching step, and the quality of the recoveed structure and
motion increases.

4.4 Conclusion

In this chapter, the preprocessing step of the proposed reastruction method
has been treated in detail. In section 4.1 the mathematical amera model used
in this project was introduced. Then in section 4.2 di erent ways to estimate the
intrinsic calibration of the input images were discussed, ad a method based on
extraction of the EXIF data available in the image les was developed. Finally
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Figure 4.5: The 4966 keypoints detected by SIFT in a 1280 960 pixel image.
a) Location of all detected keypoints. b) Orientation and sc ale of detected keypoints
(only 10% are shown to avoid clutter).

in section 4.3, the SIFT algorithm was selected for robustlydetecting keypoints
in the input images. The SIFT algorithm was selected both dueto its robustness
and the high number of keypoints detected in images.
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Matching

This chapter contains documentation of the matching step inthe proposed re-
construction method. The purpose of the matching step is to stimate the rela-
tive pose of the cameras in all pairs of input images if possie. This is achieved
using the results obtained during preprocessing. For eachair of input images
the overall approach is as follows. A robust set of correspaling keypoints in
the two images is identi ed, and then using the correspondimy keypoints and the
intrinsic calibration of the images, the relative pose of the cameras is recovered.

The task of recovering the relative pose relies on constrais imposed by
epipolar geometry, which describes the relation between to cameras, points
in space, and the corresponding points in the images. Therefe this chapter
begins with an introduction to epipolar geometry in section 5.1. Identi cation
of a robust set of corresponding keypoints in two images is ddeved in two
steps. First an initial correspondence between the keypoits is obtained by
matching the keypoint descriptors, and this process is treged in section 5.2.
Second a robust correspondence between keypoints is estethied by removing
outliers that do not satisfy the epipolar constraint of the cameras. The epipolar
geometry of two cameras is described by a matrix referred to @the fundamental
matrix. In this second step, both the fundamental matrix is estimated, and a
robust set of corresponding keypoints, referred to as keygot inliers, is obtained.
This process is treated in section 5.3. Finally, having a sebf keypoint inliers
and knowing the fundamental matrix, the relative pose of the two cameras can
be recovered, and this process is treated in section 5.4.

5.1 Epipolar Geometry

Epipolar geometry is the geometry of stereo vision. When twocameras view
a scene, there are certain geometric relations between theD3points observed
in the scene and their 2D projections in the images. Epipolargeometry de-
scribes these relations, which are independent of scene gtiture. The following
description is based on [23].

The fundamental matrix F is a3 3 matrix having rank 2, which encapsu-
lates these geometric relations for cameras with unknown iminsic calibration.
Let X be a point in 3-space, which is imaged as the point representeby the
homogeneous 3-vectok in the rstimage and x°in the second image, then the
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Figure 5.1: Epipolar geometry [23]. a) Two cameras with centres C and C° and
their image planes. The camera centres, space pointX and its image points x and x°
all lie in the epipolar plane . b) The space point X lies on the ray intersecting the
rst camera centre and the image point x. This ray is imaged as the line I°in the
second image, and hencex® must lie on this line.

image points satisfy the relation
xTFx = 0: (5.1)

From the illustration in gure 5.1a it is seen that the image p oints x and x°,
the space pointX, and the camera centresC and C° are coplanar, and all lie
in the epipolar plane . All planes that coincide with the baseline joining the
two camera centres are epipolar planes.

Given a point x in the rst image, in the following it is explained how
the point x°in the second image is constrained. The epipolar plane can be
de ned by the baseline and the ray intersecting the camera cetre C and the
image point x. From above it is known that the point x° lies in this plane,
and hence the intersection between and the second image plane determines a
line 1° on which x° must lie. The line I%is the epipolar line corresponding tox,
and this is illustrated in gure 5.1b. Algebraically the rel ation is

1°=Fx: (5.2)

All epipolar lines 1° meet at the point of intersection between the baseline and
the second image plane, and this point is referred to as the épole €° in the
second image, see gure 5.1b. This epipole is the left null e of F, that is

FTe®= 0: (5.3)

The above derivation is equally valid for a point x° in the second image,
which determines an epipolar linel intersecting the epipolee in the rstimage.
In this casel = F Tx% and Fe = 0 with the epipole e thus being the right null
space of F. In gure 5.2 the epipolar lines for a set of correspnding points in
a pair of images are illustrated.

Again consider (5.1), which is true for any pair of correspomling points x
and x% As only the fundamental matrix and point correspondences & part
of the equation, it is possible to compute F from point correpondences alone.
At least seven point correspondences are needed for this cqutation, and sev-
eral algorithms exist for this purpose. Robust estimation d the fundamental
matrix F for a pair of input images is treated in section 5.3.
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Figure 5.2: lllustration of 6 corresponding points and their epipolar | ines in a pair of
images. A point in the left image de nes an epipolar line in th e right image on which
the corresponding point must lie, and vice versa.

5.2 Keypoint Matching

Given two sets of keypoints detected in one pair of input ima@s, the purpose
of keypoint matching is to establish an initial correspondence between the key-
points in the rst image and the keypoints in the second image An initial set
of keypoint correspondences is necessary for estimating ¢hfundamental ma-
trix. Recall from section 4.3.2 that each keypoint is descibed by its location,
scale, orientation, and descriptor. Only the descriptor isused for matching key-
points, and this is the primary reason that the descriptor must be distinctive as
previously discussed.

The best candidate match for a keypoint in the rst image is the nearest
neighbour of the keypoint in the second image. The nearest righbour is de ned
as the keypoint with minimum Euclidean distance between thedescriptors [27].
With n and m being the number of keypoints detected in the rst and second

of keypoint j in the second image. Then the closest neighbour of keypoirit in
the rst image, is keypoint j in the second image for which

j =argmin jid; dPjj: (5.4)
J

However, not all keypoints detected in the rstimage necesarily correspond
to a keypoint in the second image and vice versa. Hence simplgelecting the
nearest neighbour as a match is insu cient, and a way to discad mismatches
is needed. The method proposed in [27] is to compare the distae of the
closest neighbour to the distance of the second-closest mgibour. Let d? be
the descriptor of the second-closest keypoint in the seconimage. Then two
keypoints are only considered a match if the following relaion is true.

jidi  d}ij

jidi  dRjj
The value of the threshold recommended in [27] based on experiments is 0.8,
where it discards 90% of false matches, while discarding leghan 5% of correct
matches. In this project, a threshold of =0:6 is used based on the discussion
in the following section.

(5.5)
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Figure 5.3: Keypoint matches between the two images shown in (a) and (b) using
the threshold = 0:6. Dots represent the location of keypoints in the image shown,
and the other end of the lines indicate the location of the mat ched keypoints in the
other image (only 25% of the 1527 matches are shown).

To identify an initial correspondence between keypoints inthe two images,
matching pairs of keypoints (i;j ) may be found by applying (5.4) for all key-
points i in the rstimage to nd corresponding keypoints j in the second image,
and only keeping matches for which (5.5) is satis ed. Using his approach, how-
ever, it may be the case that two or more keypointsi match a single keypointj
in the second image. A one-to-one mapping is obtained by keémy only the
best match in this case, i.e. the pair (;j ) for which jjd; djojj is minimum.

5.2.1 Evaluation

In gure 5.3 the result of applying the above method for keypant matching is
shown for a pair of images. For the images of buildings used ithis project,
a threshold of = 0:6 has shown to perform better than 0.8, which is recom-
mended for the general case in [27]. A signi cant amount of fise matches are
not discarded if the higher threshold is used. This may be dudo the presence
of repeated patterns, such as joints between bricks, often qgsent on buildings.
In gure 5.4 a comparison of keypoint matches obtained usingthe two thresh-
olds is shown. Note the presence of several transverse or eging lines, which
represent false matches, in gure 5.4b.

Presence of many false matches may have negative impact ontisation of
the fundamental matrix, which is explained in the following section. But as can
be seen in gure 5.4a, even using the low threshold, some fasnatches remain.
A small number of false matches is not a problem, however, betise they are
discarded as outliers when estimating the fundamental matix.

5.3 Estimation of the Fundamental Matrix

In this section a method for robust estimation of the fundamental matrix F and
identi cation of a robust correspondence between keypoins in the two images,
i.e. a set of keypoint inliers that satisfy the epipolar congraint, is developed.
Several algorithms exist for estimating the fundamental marix from a set
of corresponding points in two images. The 7-point algoritim is a solution
to this problem requiring the minimal number of points, but t his algorithm
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Figure 5.4: Keypoint matches between two images for dierent threshold s (only
25% of the matches are shown). Dots represent the location ofkeypoints in the image
shown, and the other end of the lines indicate the location of the matched keypoints in
the other image. a) Threshold = 0:6 resulting in 1527 matches. b) Threshold =0:8
resulting in 3445 matches. Note the presence of several fals matches here.

involves solving non-linear equations [34]. A more direct pproach is to use
the 8-point algorithm, which solves the problem using linea equations only. If
used naively, this algorithm is susceptible to noise, but in[24] it has been shown
that a normalized version of this algorithm performs very wel. Therefore, in this
project, the normalized 8-point algorithm is used for compuing the fundamental
matrix, and this algorithm is analyzed in the following section.

As discussed in section 5.2.1 the result of keypoint matchig may contain
outliers that do no satisfy the epipolar constraint. It is im portant that such
outliers are not included when computing the fundamental marix, because
this would lead to a wrong relative pose of the cameras. Theffere to achieve
robustness, RANdom SAmple Consensus (RANSAC) is employedot identify
a robust set of keypoint inliers and compute the correspondig fundamental
matrix in the same process. In section 5.3.2, the RANSAC algathm itself
is analyzed, and then in section 5.3.3 a robust method for eghation of the
fundamental matrix using the normalized 8-point algorithm in combination with
RANSAC is developed.

5.3.1 The Normalized 8-Point Algorithm

This section contains an analysis of the normalized 8-pointalgorithm, and it
is based on [23] and [24]. First the basic 8-point algorithm g introduced, and
then the normalization, which reduces sensitivity to noise is explained. As
suggested by the name, 8 corresponding points in the two imags are needed for
computing the fundamental matrix. Given 8 points the solution involves solving
a set of linear equations. In the case where more than 8 pointare known, the
problem can be solved using linear least squares minimizain. Computation of
the fundamental matrix using this algorithm is simple, and with the normalized
version accurate results can be obtained.

Linear Solution Recall from section 5.1 that the fundamental matrix F is
de ned by the relation x""Fx = 0, where x and x° are corresponding points in
the rst and second image respectively. Given at least 8 coresponding pointsx;
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and x?, the unknown matrix F can be computed. Now letting x =[x y 1] and
x9=[x%y% 1], each point correspondence gives rise to one linear equatian
the unknown entries of F. This equation can be written in terms of the known
point coordinates as

XOXf11+ Xoyf12+ X0f13+
yXfor + yYfon + ylfog +
Xfar+ yfa+ fz3=0: (5.6)

By adding a row [x%;x%;x%y%;y%:y%x;y; 1] to a matrix A for each point
correspondence, a set of linear equations on the form

Af = 0 (5.7)

is obtained, wheref is a 9-vector containing the entries of the matrix F in
row-major order. As this is a homogeneous set of equations ghvector f, and
hence F, can only be determined up to an unknown scale, and thefore the
additional condition jjfjj = 1 is added.

The solution to this system can be found using Singular ValueDecompo-
sition (SVD), where A is factorized as A = UDV T. Then f is the column of
V corresponding to the smallest singular value of A. The facbrization can be
carried out such that the diagonal entries of D are sorted in éscending order,
and this is assumed for all subsequent uses of SVD in the repbrin this case
the solution vector f is simply the last column of V. See appendix B for more
details on solving homogeneous equations using this method

Constraint Enforcement A property of the fundamental matrix F intro-
duced in section 5.1 is that it has rank 2 and hence is singularThe matrix F
found by solving the linear equations in (5.7) will in generd not have rank 2,
because of noise in the point coordinates. For a non-singutamatrix F, the
epipolar lines will not intersect in the epipoles of the two images, which is re-
quired for a valid fundamental matrix. Therefore it is necessary to enforce the
constraint that F has rank 2.

This singularity constraint can be enforced by replacing F wth the matrix F °
which minimizes the Frobenius' norm jjF  FYj subject to det(F% = 0. This can
be achieved by again using the SVD, and letting F = UDV'. With the diagonal
matrix D = diag( r;s;t) satisfyingr s t, then FO= Udiag(r;s; 0)V' is the
matrix that minimizes the Frobenius norm jjF  FYj.

Normalization The above two steps, linear solution and constraint enforce
ment, constitute the basic 8-point algorithm. To improve th e precision of the
algorithm, these steps can be preceded by a normalization ep and followed
by a denormalization step, and this is the essence of the noralized 8-point
algorithm.

The suggested normalization is to transform the point coordnates such that
the centroid of the points ispa_t the origin, and the RMS distance of the points
from the origin is equal to = 2. Transform the point coordinates according to
Ri =T xj, and R0 =T %9, where T and T°are normalizing transforms consisting

ap_—P—
1The Frobenius norm of an m n matrix A is de ned as jjAjj = iy anl jaj j2.
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(a) (b)

Figure 5.5: Robust line estimation [23]. Filled points are inliers, and open points
are outliers. a) Least-squares orthogonal regression is seerely a ected by the outliers.
b) Two lines resulting from random selection of two points du ring RANSAC. The
dotted lines indicate the distance threshold. Support for t he line a to b is 10, whereas
for the line c to d itis 2.

of translation and scaling. Then a fundamental matrix £° can be found for the
transformed correspondence®; and %? using the two steps above. To get the
nal estimated fundamental matrix F corresponding to the original points X;
and x?, denormalize by setting F = T FOT.

5.3.2 Random Sample Consensus (RANSAC)

This section contains an analysis of the generic RANSAC algithm, which is an
iterative method for estimating the parameters of a mathemdical model from a
set of observed data containing outliers. The following is lased on [23] and [21],
in which the algorithm was rst introduced.

Methods for parameter estimation such as least squares optiize parameters
to t a model for all observed data, and these methods have no rachanism for
rejecting outliers. It is assumed that there are always enogh good values to
smooth out any gross deviations in the observed data. But thé assumption
does not hold in many situations. For instance consider the et of 2D points
in gure 5.5a, where the best tting line according to least squares orthogonal
regression is severely a ected by the outliers. RANSAC is a wll proven method
for solving this problem in a robust manner. It is based on theassumption that
the observed data consists of a set of inliers, which can be phlained by the
model for some set of parameters, and outliers which do not tthe model.

Employing RANSAC, the problem illustrated in gure 5.5a can be stated as
follows: Given a set of 2D points, nd the orthogonal regresson line, subject to
the condition that no valid points (inliers) deviate from th is line by more than
t units. This problem consists of two sub-problems: line tting, and classi ca-
tion of points into inliers and outliers. The idea is very simple. By selecting
two of the points randomly, a line passing through these poits is de ned. The
points within the distance threshold t of this line de ne a consensus set, and the
support for the line is measured as the number of points in theconsensus set.
The random selection of two points is repeated a number of tiresN, and the
line with most support is deemed the robust t. For instance the line from c
to d in gure 5.5b has a support of 2, whereas the line froma to b has the
maximum support of 10 and thus is the robust t. When a robust t has been
determined, the consensus set de nes the inliers, and the al line is tted us-
ing the whole consensus set. Optionally the algorithm can beerminated if the
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Objective
Robust t of a model to a data set S which contains outliers.
Algorithm

1. Randomly select a sample ofs data points from S and instantiate the
model from the subset.

2. Determine the set of data points S¢ which are within a distance thresh-
old t of the model. The set S; is the consensus set of the sample ang
de nes the inliers of S.

3. Ifthe size of S¢ (the number of inliers) is greater than some threshold T,
re-estimate the model using all the points in S¢ and terminate.

4. If the size of S is less than T, select a new subset and repeat the above

5. After N trials the largest consensus setS; is selected, and the model is
re-estimated using all the points in the subset S..

Algorithm 5.1: The RANSAC robust estimation algorithm as listed in [23]. A
minimum of s data points are required to instantiate the free parameters of the model.

number of points in the consensus set for a selection of two pats exceeds a
threshold T.

In the example of gure 5.5 the tted model is a line, and 2 points are
su cient to estimate the free parameters of the model. For other models the
number of points necessary may vary, e.g. using the normaled 8-point algo-
rithm a minimum of 8 points are required to estimate the fundamental matrix.
The idea in RANSAC is in each iteration to tthe model using a r andom sample
of minimum size, and then enlarge the consensus set with datthat is consis-
tent with the tted model. The generic RANSAC algorithm is su mmarized in
algorithm 5.1.

When applying RANSAC to a speci ¢ problem it is necessary to nd suitable
values for the parameterst, N, and T of the algorithm. The threshold t can
be thought of as de ning the minimum quality of inliers, and it depends on
the error measurement used. The number of iterationdN and the threshold T
can both be determined from knowledge about the fraction of @ta consisting
of outliers. Let be the probability that any selected data point is an outlier,
then the number of samplesN necessary to ensure with probabilityp that at
least one sample contains only inliers can be calculated as

_ logl p |
Tlogl (1 ) (-8)

where s is the size of the random samples. In the example of gure 5.5he
fraction of outliersis =2=12 0:17, and the sample sizes = 2. Usually p is
set to 0.99, and by inserting into (5.8) the number of iterations necessary in the
example becomedN = 4. It is important to note that this is a theoretical min-
imum, and that a sample consisting of inliers only does not qarantee a model
with good support. Therefore in practice the number of iteraions necessary
to ensure good performance may be signi cantly higher. For slection of the
threshold T, a rule of thumb is to set it to the number of inliers believed to be
in the data set, thatis T =(1  )n. In the example of gure 5.5, the algorithm
can thus be terminated if the consensus set reaches a size dfleast T = 10.
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5.3. Estimation of the Fundamental Matrix

5.3.3 Robust Estimation

Having introduced the normalized 8-point algorithm and the general RANSAC
algorithm in the previous sections, in this section a methodfor identifying a
robust set of keypoint inliers and computing the corresponéhg fundamental
matrix using these algorithms in combination is developed.

The overall approach is to use the RANSAC algorithm outlined in algo-
rithm 5.1. The model to tin this case is the epipolar constraint given in (5.1),
and estimation of the model parameters, i.e. the fundamentamatrix, is done
using the normalized 8-point algorithm. Let x; and x? denote the keypoint
locations in the rst and second image for the i pair of matching keypoints
found during the keypoint matching step treated in section 52. The data setS,
for which a robust model tis sought, is then the set of correponding keypoint
locations. At least 8 corresponding points from this set arenecessary for instan-
tiating the model, but in this project random samples of sizes = 12 are used
based on the discussion in the following section.

For each iteration of the algorithm, a random sample of 12 pant correspon-
dencesx; and x? is selected fromS, and a corresponding fundamental matrix F
is estimated as described in section 5.3.1. Then the consamssetS; is deter-
mined as the subset of point correspondences i& for which some error measure
is below a thresholdt. Here a rst-order approximation to the geometric re-
projection error of the points, referred to as the Sampson ditance [23], is used.
For corresponding points x; and x° and fundamental matrix F, the Sampson
distance d, can be computed from

d2 — (XiOTFXi)2 .
7 Fxfi+ Fxi)3+(FTxDZ +(FTxD3’

(5.9)

where (Fx;)2 represents the square of thek™ entry of the vector Fx;. Thus
point correspondences for whichd, <t are included in the consensus set. The
value oft is discussed in the following section.

For simplicity, a xed number of iterations is used in this pr oject, and the
value of N is discussed in the following section. After theN iterations are
completed, the largest consensus seb. is selected, and the nal fundamental
matrix F is estimated from this set. To check whether an accepable match
between the pair of input images has been found, the number déeypoint inliers
is compared to a thresholdM . If the number of inliers is less than M, this
pair of input images is not an acceptable match, and further pocessing is not
performed for this pair. In this project the value M = 100 is selected to limit
processing in later steps of reconstruction, and to prevenbad matching pairs
from a ecting performance during clustering.

For e cient implementation the normalization step describ ed in section 5.3.1
is performed before applying RANSAC as described above, antherefore the
data set S actually consists of the normalized point correspondences; and%?,
cf. section 5.3.1. A summary of the complete method developkin this section
is given in algorithm 5.2.

5.3.4 Evaluation

In gure 5.6 the result of applying the above robust method to the same pair
of input images as in gure 5.3 is shown. Comparing the gures it is seen
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Objective

Given a set of matching keypoint locations x; and x?, determine a robust
set of keypoint inliers and the corresponding fundamental m atrix F.

Algorithm

1. Normalization: Let S be the set of transformed point correspon-
dencest; = T x; and®? =T %P, cf. section 5.3.1.
2. Robust Estimation: Repeat for N iterations:

(@) Select arandom sample of 12 correspondences frons and estimate
the corresponding fundamental matrix £° cf. section 5.3.1.

(b) For all correspondences in S compute the Sampson distance d»
given F° using (5.9).

(c) Determine the consensus setS. consisting of the correspondencesg
in S for which d» <t.

Select the largest found consensus seS; as the set of keypoint inliers,
and re-estimate F° from all correspondences in Sc.
3. Denormalization: Set the nal fundamental matrix F =T T £OT.

An acceptable match between the two input images has been found if the
number of keypoint inliers is at least M.

Algorithm 5.2: Robust estimation of the fundamental matrix and identi cat ion of
keypoint inliers using RANSAC and the normalized 8-point al gorithm.

that most of the false matches are discarded as outliers. Tlsi image pair has
1527 keypoint matches, and 1508 of these are now identi ed aseypoint inliers.

There may be a few remaining false matches that by chance satly the epipolar
constraint, but their in uence on the results is negligible.

The following is a discussion of the parameters selected faobust estima-
tion of the fundamental matrix. Although 8 correspondencesare su cient for
computing a fundamental matrix, a sample sizes = 12 is chosen. The reasoning
is that an initial least-squares t from 12 true inliers incr eases the probabil-
ity of other true inliers being within the distance threshold, and thus a larger
consensus set can be obtained.

The distance thresholdt is set to the value 0.01, and this is the maximum
Sampson distance allowed for inliers. Note however that thé threshold is applied
to normalized image coordinates, cf. algorithm 5.2, and theefore the value does
not directly correspond to a pixel distance. In the images ofgure 5.6 an average
scale of 0.0065 was applied during normalization, and thus = 0:01 corresponds
to a maximum reprojection error of approximately 1.5 pixels. For the inliers of
this image pair the actual RMS reprojection error is 0.16 pixels, which is very
good compared to the distance threshold. For all matching inage pairs in the
data sets the RMS reprojection error of inliers is less than JIpixel.

The number of iterations is xed to the value N = 500, even though less
iterations are su cient for most image pairs in the data sets. Here this is com-
pared to the theoretical number given by (5.8) in section 5.32. First the ratio of
inliers to matches, which gives an approximate probability of a correspondence
being an inlier, is determined, and from this a suitable can be chosen. For all
matching image pairs in the data sets, the average number ofdypoint matches
is 455, and on average there are 441 keypoint inliers. This gés a ratio of 0.97
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Figure 5.6: Keypoint inliers for the two images shown in (a) and (b). Dots represent
the location of keypoints in the image shown, and the other end of the lines indicate the
location of the corresponding keypoints in the other image ( only 25% of the 1508 inliers
are shown).
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Figure 5.7:  Number of keypoint matches and inliers for all matching pair s of input
images in the data sets used in this project. The ratio of inli ers to matches is computed
as 0.98 using linear regression.

inliers per match. Employing linear regression as illustraed in gure 5.7 gives
a ratio of 0.98 inliers per match. As can be seen from this gue, the number of
inliers is very close to being a linear function of matches, ad this testi es that
the quality of the SIFT keypoints is high. From the above a corservative guess
is = 0:05, and inserting this into (5.8) in theory 6 iterations are su cient.
In other words, using 500 iterations ensures that around 83 andom samples
contain only inliers, and of these samples the one with the lghest number of
inliers is used for estimating the fundamental matrix.

5.4 Recovery of Relative Pose

From the estimated fundamental matrix it is possible to recover the relative
pose of the two cameras. This involves computing a matrix redrred to as the
essential matrix, and this is treated in the following secton. Then from the
essential matrix, the relative pose between the cameras cahe recovered, and
this process is explained in section 5.4.2.
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5.4.1 Computing the Essential Matrix

The rst step of recovering the relative pose of the two cameas is to compute
the essential matrix. The essential matrix E is a 3 3 matrix similar to the fun-

damental matrix F, but it applies to cameras with known intri nsic calibration.
Therefore this step depends on the intrinsic calibration ofthe images obtained
in the preprocessing step as described in section 4.2.

Recall from section 4.1 that a camera matrix is de ned as P = K[R t], and
let x = P X be a point in the image. Knowing the camera calibration matrix K
from preprocessing, its inverse can be applied to the poinix to obtain the
point ® = K x, which is expressed in normalized coordinatés This removes
the e ect of the intrinsic parameters as can be seen fromR = [R t]X. A
camera matrix of the form K P =[R t] is referred to as a normalized camera
matrix [23].

In the following two normalized camera matrices P = [| 0] and P° = [R t]
corresponding to the rst and second image respectively in gair of input images
are considered. The corresponding camera calibration maices K and K° are
known from preprocessing, and thus for corresponding poirst x and x° the
normalized points® = K x and®?=K ° x°can be computed. The essential
matrix E is now de ned by

2TER =0: (5.10)

Comparing this to (5.1) it is seen that the essential matrix is the fundamental
matrix for normalized cameras. From above it can be derived hat

E=KIFK: (5.11)

The fact that the cameras are normalized imposes additionalconstraints
on the essential matrix. For an essential matrix to be valid, it must have two
singular values that are equal, and one that is zero [23]. Foan essential matrix E
computed using (5.11), this constraint can be enforced in a ay similar to the
singularity constraint for the fundamental matrix as explained in section 5.3.1.
Employing SVD let E = UDV T, with D = diag( r;s;t) satisfyingr s t.
Then the constraint can be enforced by computingu = (r + s)=2 and setting
the nal essential matrix E = Udiag( u;u; 0)V'.

5.4.2 Relative Pose from the Essential Matrix

From the essential matrix E computed using the above method,the relative
pose between the two cameras can be recovered up to an unknowoale. With
the normalized camera matrices P = [I 0] and P° = [R t], the relative pose is
de ned by the rotation matrix R and the translation vector t. The following is
based on [23] and [31].

Disregarding the unknown scale, the SVD of the essential maix can be
written as E = Udiag(1;1;0)VT, with U and V chosen such that det(U) > 0
and det(V) > 0. Then the translation vector t equals either +usz or ugs, and
thus jjtjj = 1. By introducing the matrix

2 3
0 10

w=4 10 b; (5.12)
0 0 1

2Note that this normalization is  not the same as in the normalized 8-point algorithm.
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Figure 5.8: Geometrical illustration of the four possible camera con g urations [23].
Between left and right the baseline is reversed. Between top and bottom rows the
camera B rotates 180 about the baseline. Only in con guration (a) the triangulat ed
point is in front of both cameras.

the rotation matrix R is equal to either R, = UWV T or R, = UW TVT. This
leads to 4 possible solutions for Pgiven by

PA = [Ra ua]; P =[Ra us];
P2 = [Ryp us]; and P =[Rp us): (5.13)

Only one of these correspond to the true con guration, and todetermine which
one, the chirality constraint is imposed. By triangulating ® a space pointX from
two corresponding points in the images using the camera maices P and P}
the ambiguity can be resolved. The four solutions are illustated in gure 5.8.
As can be seen from the gure, the triangulated point is only in front of both
cameras in one of the con gurations.

Let X =[X1 X2 X3 X4]" be the homogeneous 4-vector representing the
triangulated point, and compute ¢; = X3X4 and ¢; = (P X)3X4. Then if
¢1 > 0 the pointis in front of the rst camera, and if ¢, > 0 the point is in front
of the second camera. Hence if botlt; > 0 and ¢, > 0 the true con guration
is PP=PS8. If ¢ < 0 and c; < 0O the baseline is reversed and P= P§.
On the other hand if c;c; < 0 it is necessary to check the twisted pair, so
compute ¢z = (P 2X)3X4. Then if ¢; > 0 and c3 > O the true con guration
is P°=P2. Finally, if ¢; < 0 and cz < O the baseline is reversed and =P .

5.4.3 Evaluation

One point correspondence is su cient to determine the correct camera con gu-
ration using the chirality constraint. Such point correspondence is conveniently
obtained from the locations of a keypoint inlier in the two images.

S3Triangulation is treated in section 6.1.1.
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Figure 5.9: Example of the relative pose recovered for a pair of input images. In
addition to the cameras, triangulated keypoint inliers are shown as green dots.

It was discovered, however, that in practice it is not enoughto use a single
keypoint correspondence. As discussed in section 5.3.4,re false matches may
by chance satisfy the epipolar constraint and are thus wronty identi ed as
keypoint inliers. When triangulating these false matches,the resulting point
may end up behind the cameras, and therefore the camera conuation is
checked for all keypoint inliers. The most frequent con guration is deemed
correct, and any mismatching points are discarded as outlies. For instance in
the image pair shown in gure 5.6, four keypoint inliers were discarded because
they did not match the con guration of the majority of corres pondences.

In gure 5.9 an example of recovering the relative pose of twaameras using
this method is shown. In addition to the two cameras, also thetriangulated
keypoint inliers are shown.

5.5 Conclusion

In this chapter, the matching step of the proposed reconstration method has
been treated in detail, and a robust method for estimating the relative pose
in all matching pairs of input images has been developed. Epblar geometry
and the fundamental matrix were introduced in section 5.1, and in section 5.2
a method for establishing an initial correspondence betwaekeypoints in a pair

of input images was developed. Then in section 5.3, a robust ethod for iden-
tifying a set of keypoint inliers and estimating the fundamental matrix, based

on a combination of RANSAC and the normalized 8-point algorthm, was de-
veloped. Finally in section 5.4 a method for extracting the elative pose of the
two cameras in a pair of input images was described. A lot of grund has been
covered in this chapter, and this provides the basis for receering structure and

motion in the clustering step, which is the topic of the following chapter.
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Chapter 6

Clustering

In this chapter, the clustering step of the proposed reconsuction method is

documented. The purpose is to recover structure and motion dr all input

images. That is the positions of keypoints in space and the dxinsic parameters
for all input images are estimated, yielding a result as illstrated in gure 3.2.

In this context a cluster is a collection of cameras with estinated extrinsic
parameters and a point cloud of estimated keypoint positiors. The developed
method builds on the the recovered relative pose and the setf&keypoint inliers

identi ed for each matching pair of input images in the previous step.

Traditionally methods for recovering structure and motion are based on nd-
ing a global initial guess for the extrinsic parameters of dlcameras and all point
positions, and then performing a nal optimization using bundle adjustment.
For bundle adjustment to succeed, a good initial guess of thglobal structure
and motion is necessary [37]. In this project a bottom up appeoach, in which
bundle adjustment is applied throughout the clustering process, has been de-
veloped. This minimizes the risk that a bad initial guess prevents successful
recovery of structure and motion. A convenient consequencef applying bun-
dle adjustment this way is that simpler and less accurate metods for initial
estimation can be employed without a ecting the end result.

The overall approach of the developed clustering method isd initialize the
cluster from the best matching image pair, and then add image to the cluster
iteratively until all input images are included. When adding an image to the
cluster, the relative pose recovered in the matching step isised for computing
an initial estimate of the extrinsic camera parameters, andkeypoint inliers are
triangulated to obtain an estimate of keypoint positions. Each time an image
has been added to the cluster, the recovered structure and ntion is optimized
by applying bundle adjustment.

In the following sections the details of the developed clusring method are
documented. In section 6.1 the process of adding the rst pai of images to
the cluster is treated. This corresponds to reconstructionfrom stereo images
and includes triangulation of keypoints. Section 6.2 then overs addition of
a third image to the cluster. Having introduced these two basc steps, the
developed clustering algorithm itself is treated in sectim 6.3. For each iteration
of clustering an optimization step, consisting of bundle agustment and various
robustness measures, is applied. Section 6.4 provides anawview of bundle
adjustment, and nally in section 6.5 the optimization step is treated.
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6.1 The First Pair of Images

In this section, the rst step of clustering is treated, namely initializing the
cluster from the best matching image pair found during the méaching step.
This pair is simply the pair of input images having the largeg set of keypoint
inliers. Let m be the number of input images. Then the best matching pair
consists of images &; b), for somea and bsatisfyingl a<b m.

Now let P,y denote the relative pose recovered for this pair. This is a ne
malized camera matrix composed of a rotation and a translatbn as discussed in
section 5.4.2. This directly leads to an initial estimate ofthe extrinsic param-
eters for the cameras corresponding to imagea and b. The cluster is simply
initialized using the two camera matrices P, = [I 0] and Py = P (4.

The relative pose can only be recovered up to an unknown scal@and this
limitation also applies to the structure and motion recovered during clustering.
By selecting the identity matrix for P 4, the world coordinate system is de ned
by the camera of imagea, and thus structure and motion is only recovered up
to an arbitrary similarity transform.

6.1.1 Triangulation of Keypoints

With two cameras in the cluster, the positions of the keypoirt inliers of the
image pair are estimated using triangulation. As discussedn the chapter in-
troduction, bundle adjustment is applied in each iteration of clustering, and
therefore a simple method can be used for triangulation. Hez the linear trian-
gulation method described in [23] is used. In the following he generic method
is described, and then it is applied to the problem of trianguating the keypoint
inliers of the image pair.

Given measured corresponding pointsx and x° in a pair of images with
camera matrices P and P, the objective of triangulation is to estimate the
space pointX . Under ideal circumstancesx = P X and x°= P X, but due to
noise in the image points an exact solution can not be found, ee gure 6.1.
As these equations involve homogeneous vectors, the relati is ratherx / PX,
and likewise for the second image. That is, vectorg and PX are not necessarily
equal but have the same direction and may di er in magnitude by a non-zero
scale factor. Employing the Direct Linear Transformation (DLT) algorithm [23],
the triangulation problem can be expressed in the form A = 0, which is an
equation linear in X.

The unknown homogeneous scale factor can be eliminated by ilizing that
two non-zero vectorsa and b are parallel if and only if a b = 0. Then for the
rstimage x (PX) = 0. Introducing the notation a b =[a] b, where [a]
is the skew-symmetric matrix

2 3
0 az az

A =4a 0 a&d; (6.1)
as a; 0
this can be written [x] (PX) = 0. Letting x =[xy 1]" and writing out gives
2 32 3
1y

0 x94p2TX5 = 0; (6.2)
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6.1. The First Pair of Images

(@)

| =Fx/ ® X
I'= Ex

image 1 image 2

(b)

Figure 6.1: The e ect of imperfectly measured points [23]. a) The rays ba ck-
projected from measured points x and x° are skew in general. b) The measured points
do not satisfy the epipolar constraint. The epipolar line | is the image of the ray
through x° and 1°is the image of the ray through x. Since the rays do not intersect,
x does not lie onl, and x° does not lie on 1°.

wherep'T are the rows of P. This leads to three equations

x(p®TX) (p'TX)=0 (6.3)
y(p*'™X) (p*'X)=0 (6.4)
x(p?TX) y('™X)=0 (6.5)

of which two are linearly independent.
By including two equations for each image, a set of four equabns with four
unknowns is obtained in the form AX = 0, with A being the 4 4 matrix

e
A= EXVOF;N gmé: (6.6)
y0p3T p(IZT

The solution is only determined up to scale, so the additionaconstraint jjXjj =1
is added. This system can be solved using the SVD, as previolysdiscussed, by
letting A = UDV T. Then the solution is the last column of V, i.e. the estimated
position of the space pointX = vy.

Returning to the problem of triangulating the keypoint inli ers for the image
pair (a; b) in the cluster, the goal is to obtain a set of space pointsX;, which are
triangulated from the locations of the keypoint inliers. Denote by X;a and X
the locations expressed in normalized coordinates of keyjr@ i in imagea andb
respectively. To obtain normalized coordinates, the invese camera calibration
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matrices K, ! and K, ! corresponding to the images are applied to the keypoint
locations. The space pointsX; are then triangulated using the above method
for corresponding pointsx;, and X;,, and camera matrices B and Py,

The triangulated points are added to the cluster, which now onsists of two
cameras de ned by the camera matrices P; j 2 f a; by, and the set of pointsX;
triangulated from the keypoint inliers of the image pair. The nal step of cluster
initialization is to perform optimization of the recovered structure and motion
as explained in section 6.5. The method for cluster initialzation covered here
is evaluated in section 6.2.4 below.

6.2 Adding a Third Image

With the cluster consisting of two cameras and points triangulated from the

keypoint inliers of the corresponding image pair, the next ask of clustering is
to augment the cluster with another image. The image selectg for addition

to the cluster is the imagec satisfying 1 ¢ m and ¢ 2f a; bg, which has
most keypoint inliers with any of the images already in the cluster. That is,

image c is part of a matching image pair that also contains either image a
or b and thus is a neighbour of the cluster. In the following assure that this

image pair is (b;0 where b < c. Augmenting the cluster consists of three
main steps, namely obtaining an initial pose estimate with tnknown scale for
the new camera, recovering the relative scale, and triangalting new keypoint
inliers. These steps are explained in the following sectich

6.2.1 Initial Pose Estimate

From matching the estimated relative pose Ry between imageb and c is
known. An initial pose estimate for the camera correspondig to image c can
be obtained up to scale by combining this information with the current state of
the cluster. The extrinsic parameters for the camera corregonding to image b
are de ned by Py, which is part of the cluster. With P ¢y = [R(b:c) t(bc)]
and P, = [Rp, tp], the initial estimate is obtained by computing

Re fc _ Rpo twmo Rb to
;= (bic) (tiC) 1 (6.7)
and letting P. = [R¢ £c], where the hat indicates the unknown relative scale.
In the case wherec < b, the relative pose recovered during matching would
instead be Rc.p. This is the inverse Euclidean transformation of Py, so it is
necessary to rst compute
h [
Pio = Riayy  Rianten (6.8)

and then the initial pose estimate P, can be found using (6.7).

6.2.2 Recovering the Relative Scale

The relative poses recovered during matching all have a unitranslation vector,
and therefore the distance between the cameras de ned by Pand Py is 1. This

60



6.2. Adding a Third Image

[
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a 1 b a 1 b

(a) (b)

Figure 6.2: lllustration of the relative scale of distances between camerasa, b, and c
in the cluster. a) The initial pose estimate for camera ¢ with unknown scale. b) The
pose estimate for camerac after the relative scale has been recovered.

X1:b X2:b X2;c X1:b X2:b X2;c
X1 X1

b 1 c b S c
(a) (b)

Figure 6.3: The true distance between two cameras can not be determined gven point
correspondences alone. Two space pointX ; and X > are observed by camerasb and c.
The focal length and image plane dimensions are the same in boh gure (a) and (b),
and as can be seen the scals has no in uence on the position of the projections Xi.p,
X2:b, X1:c) and X2:c.

is also the case for the cameras de ned by Pand P., but the true distances

between the cameras in image pairsg; b and (b; ¢ are unlikely to be identical.

Therefore it is necessary to recover the relative scale by coputing a scale
factor s, which puts camerac in the correct position relative to the cluster, see
gure 6.2. The problem arises because the true distance bet®en two cameras
can not be determined from a set of corresponding points in te images as
illustrated in gure 6.3. Fortunately it is possible to reco ver the relative scale if
at least one point is observed in all three images [37].

Suppose that a keypoint inlier in image pair (@;b) and a keypoint inlier
in image pair (b; ¢ share a common keypoint in imageb, then this keypoint is
observed in all three images. LeiX; be the position of this keypoint triangulated
using the keypoint locations x;, and X;, and camera matrices B and P, as
explained in section 6.1.1. Another space point; can now be triangulated
using the keypoint locations X, and X; in image pair (b;9 and the camera
matrices P, and Pe. Itis known that X; and X ; represent the same point in the
scene, but due to the unknown scale the triangulated positia of these points
may di er as illustrated in gure 6.4a.
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Ca 1 Cy
(b)

Figure 6.4: Recovering the relative scale using two space pointsX; and X; triangu-
lated using camera matrices (Pa;Pp) and (Pp; Pc) respectively. The triangle formed
by Ri, Cpand €. in gure (a) is similar to the triangle formed by X, Cp, and C. in
gure (b), and thus the relative scale s can be recovered.

The gure hints how the relative scale may be recovered. The tiangle formed
by X, and the camera centre<C, and €. is similar to the triangle in gure 6.4b
formed by X, Cp, and C.. Therefore the relative scale can be computed as

s= W% S, ©9)
iiXi Coil
where the camera centre<C, and € are given by
Cp= R{tp, and (6.10)
€.= RIf (6.11)

The pose estimate for camera with correct relative scale can now be computed
by rst obtaining the corrected camera position as

Cc=Cp+s (Ec Cp): (6.12)

and then computing tc = R:C.. Finally the corrected pose estimate be-
comes R = [R¢ t¢].

Typically there is more than one keypoint that is observed inall three images,
and a better estimate of the relative scales can be obtained by utilizing all
common keypoints. A simple average of relative scales comped using the
above method for all common keypoints su ces, because grossutliers have
been discarded in previous steps and bundle adjustment is glied afterwards.
When the extrinsic parameters for camerac have been recovered, the camera
matrix P ¢ is added to the cluster.

6.2.3 Triangulation of New Keypoints

When recovering the relative scale as described in the preous section, a set
of keypoints that are observed in all three images is identied. The space
points X; corresponding to these keypoints are already triangulatedusing the
projections X;.a and x;, from image pair (a; b) as explained in section 6.1.1, and
they are part of the cluster. However, the purpose of bundle djustment is to

optimize structure and motion using observations from all mages, and therefore
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[ = =

@) (b)

Figure 6.5: Example of structure and motion recovered during the rst tw o steps of
clustering. a) After initialization, the cluster consists of two cameras and 1771 key-
points triangulated from the corresponding image pair. b) A dding another image
results in a third camera and additional triangulated keypo ints, leading to a total of

2837 keypoints.

the common keypoints X ; are updated with the additional observations x;.c in

imagec. l.e. the cluster now contains a set of pointsX; which are observed only
in image pair (a;b), and another set of points X; which are observed in both
image pairs @;b) and (b; 9.

When adding the third image, new keypoints that are observedin image
pair (b; 9 but not in ( a;b) may be present. These keypoints should also be tri-
angulated and added to the cluster. Therefore new space padis X ; representing
these keypoints are triangulated using corresponding poit$ X;p and X;. and
camera matrices B and P..

In summary, after adding image c the cluster contains three cameras de ned
by the camera matrices R; j 2 f a;b; @, and the set of points X; with corre-
sponding projectionsx;; in two or three of the imagesa, b, and c. As in cluster
initialization, the nal step of augmenting the cluster is t o perform optimization
as explained in section 6.5. The process outlined here is thgeneral method for
adding an image to the cluster.

6.2.4 Evaluation

In this section examples of results obtained using the two bsic steps of clus-
tering treated above, namely initialization of the cluster and augmenting the
cluster with a third image, are shown. In gure 6.5a an exampk of structure
and motion recovered using the method for cluster initialization covered in sec-
tion 6.1 is shown. In this example the best matching image paiis (3,4) which
has 1771 keypoint inliers.

The result of adding a third image to the cluster is shown in gure 6.5b. In
this example, the image pair with most keypoint inliers that also contains either
image 3 or 4 is image pair (45) with 1504 inliers. An initial pose estimate for
camera 5 is computed, and a set of 438 keypoints that are obseaxd in all three
images is identi ed. Using the common keypoints, the relative scale is estimated
to be 1.05, and a corrected pose estimate for camera 5 is comed. Finally the
remaining 1066 keypoint inliers of image pair (45) are triangulated and added
to the cluster, and the cluster is optimized.
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6.3 The Clustering Algorithm

With the two basic steps of clustering covered in the previows sections, in this
section the developed clustering algorithm itself is docurented. An important
factor driving the development of the clustering algorithm is that it should
make e ective use of the available data, and preserve as mucimformation as
possible. That is, the algorithm should strive to obtain a maximum number of
stable keypoints, but without introducing bad measurements. Having a large
number of triangulated points with correct projections in the images of the
cluster improves the quality of the recovered structure and motion, because
more information is available for bundle adjustment in the optimization step.

To obtain the maximum number of keypoints, a good strategy isto build
the cluster using the matching image pairs with most keypoin inliers. This
approach was taken in the rst two steps of clustering explaned in sections 6.1
and 6.2, and it can be applied each time an image is added to theluster.
The strategy is analogous to nding a maximum spanning tree n a connected
graph formed by vertices representing the input images and @ges representing
matching pairs of input images. In the following section an ntroduction to the
concept of maximum spanning trees is given, and then in seaih 6.3.2 this is
applied to the problem of clustering.

6.3.1 Maximum Spanning Trees

A connected, undirected graph is given byG = (V;E), where V is a set of
vertices, and E is a set of edges representing possible connections betwethe
vertices. For each edgey;v) 2 E there is an associated weightv(u; v) specifying
the cost of connecting the verticesu and v using this edge. In many applications
an acyclic subsetT  E that connects all the vertices, and which minimizes the
total weight

X
w(T) = w(u; V) (6.13)
(uv)2T

is sought. In this situation T represents a tree which is referred to as a minimum
spanning tree [18]. In the same way a maximum spanning tree cabe found as
an acyclic subsetT  E that maximizes the total weight in (6.13).

A simple algorithm for nding minimum spanning trees is Prim 's algorithm,
which is easily adapted to the problem of nding a maximum spanning tree.
The algorithm is greedy in the sense that it always makes the leoice that is
best at the moment. This strategy is not generally guaranteel to nd globally
optimal solutions, but for this problem an optimal solution is obtained [18].

The overall idea of Prim's algorithm is explained in the following, where
it has been adapted to nding a maximum spanning tree. The algrithm is
initialized by letting T = ;. Then as long asT does not form a tree spanning
all vertices V, nd a safe edge (;v) 2 (E T)and additto T. A safe edge
is an edge that has maximum weight and connects an isolated vi&ex in the
graph Gt = (V;T) to the tree T. For the rst step, an edge (u;v) 2 E with
maximum weight can be selected as a safe edge. Upon terminati, the set of
edges inT de ne a maximum spanning tree of the graphG.
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Figure 6.6: The graph G = (V;E) representing a data set consisting of 10 images.

represent matching image pairs. The weight w(u;v) of an edge is the number of
keypoint inliers for image pair ( u;v).

6.3.2 Building the Cluster

Based on the above clustering can be seen as the task of nding maximum
spanning tree of a graphG = (V; E), where V is the set of input images,E is
the set of matching image pairs (I;v) found in the matching step, and the
weight w(u;v) of each edge is the number of keypoint inliers for the image
pair (u;v). During the process, camera matrices P corresponding to the input
images and space pointsX; corresponding to the keypoints of the images are
recovered. In gure 6.6 the graphG is shown for a data set consisting of 10 im-
ages. This data set, which was also used for the examples ofc@vered structure
and motion in gure 6.5, is used for illustration throughout the explanation of
the clustering algorithm below.

For e cient implementation, two distinct sets of edges are maintained in the
clustering algorithm: a set of free edge$ containing all matching image pairs
that are not yet part of the cluster, and a set of open edge€D containing all
matching image pairs which have one image in the cluster. Intte following the
two main steps of the algorithm, initialization of the clust er and augmenting
the cluster, are treated.

Cluster Initialization First all matching image pairs are added to the set
of free edges by lettingF = E and the set of open edge®© = ;. Then the
free edge &;b) 2 F which has maximum weight is selected as the rst edge of
the spanning tree, and this edge is removed fronf. The selected edge &; b)
corresponds to the best matching image pair, and it is addedd the cluster using
the method of section 6.1. Now the cluster consists of two caeras de ned
by P;; j 2 fa;bg and a set of triangulated keypoints X; with corresponding
projections x;; . As a nal step of initialization all matching image pairs th at
are connected to either imagea or b are moved from the set of free edgeE into
the set of open edge®©.

In gure 6.7a a graph illustrating the result of this process is shown, where
images from the best matching image pair (3,4) are includedn the cluster. As
can be seen from the gure, six edges are moved to the set of opeedges, and
images 2, 5 and 6 are candidates for being added to the clusterext.

Augmenting the Cluster In this step the maximum spanning tree is grown,
and it is repeated until all input images are part of the cluster. The open
edge p; 9 2 O with maximum weight is selected for augmenting the cluster,and
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it is removed from O. Suppose that imageb is already part of the cluster, then
image c is being added. The edgelf; 9 is a strong edge, because it represents
the matching image pair with most keypoint inliers that connects imagec to the
cluster. There may be other open edges i® connecting imagec to the cluster,
but they have less keypoint inliers and are thusweak edges.

The new imagec is added to the cluster via the strong edge representing im-
age pair (b; 9 using the method of section 6.2. In this process the new came
de ned by P is added to the cluster, any keypointsX; already in the cluster that
are also inliers of image pair b; 9 are updated with projections x;. for bundle
adjustment, and the remaining keypoint inliers of image par (b; 9 are trian-
gulated from corresponding projectionsx;y and X yielding new keypoints X
which are added to the cluster.

Any weak edges connecting image to the cluster are now also removed from
the set of open edge®, but see below for how weak edges are utilized. After
image ¢ has been added to the cluster, all free edges representing &ge pairs
connected to that image are moved from the sefF into the set of open edge®©.
As long as open edges remain, the cluster is augmented usingis method.

Continuing the example from above, a graph illustrating the result of aug-
menting the cluster with a third image is shown in gure 6.7b. The open
edge (45) is selected as the strong edge connecting image 5 to the cher,
but there is also a weak edge (%) which has less keypoint inliers, see below.
After image 5 has been added to the cluster, the two edges (8) and (5; 6) are
moved to the set of open edges, and image 2 and 6 are candidatés being
added to the cluster next.

Utilizing Weak Edges As discussed above, the clustering algorithm should
strive to obtain a maximum number of stable keypoints, but without introducing
bad measurements. One way to improve stability of keypointsis to add projec-
tions from more images when available, but this only helps ifthe projections
added are actually correct.

Consider a cluster initialized from the matching image pair (a; b), which is
augmented with a new imagec via the strong edge b;9. Now suppose that
there is a weak edge &;c) that also connects imagec to the cluster. Then
the keypoint inliers of image pair (a;c) are likely to be correct, and can thus
be utilized for updating the keypoints that are already tria ngulated with more
projections for bundle adjustment. To avoid introducing bad measurements,
however, no new keypoints are triangulated from weak edges.

Experiments have shown that for most data sets, simply addig projections
from all weak edges may lead to introduction of bad measurenrgs. Therefore
a parameter W is de ned, which limits the number of weak edges that may
be utilized when augmenting the cluster with a new image. Tha at most the
best W weak edges are utilized. The value ofV is discussed in the following
section.

Continuing the example from above, gure 6.7c shows the grap resulting
from augmenting the cluster with image 6 via the strong edge %; 6) and utilizing
weak edges (46) and (3;6). The previously free edge (67) is now moved to the
set of open edges. Figure 6.7d shows one more iteration, and igure 6.7e the
complete graph obtained from clustering this data set is shan. As can be seen
in the last gure, the strong edges form a maximum spanning tree of the original
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Figure 6.7: Graphs illustrating the progress during clustering for a da ta set. Vertices
marked in black represent images in the cluster, and vertices lled with gray represent

candidate images for being added to the cluster next. Figure (a) shows the state after
cluster initialization, and gures (b){(d) show how the clu ster is augmented with more
images. In gure (e) the nal graph is shown, where the strong edges form a maximum
spanning tree.
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graph G = (V; E) shown in gure 6.6. The weak edges are the remaining edges
of the graph, but for other data sets some matching image pas may be ignored
if they are not among the best weak edges in any iteration of tle algorithm.

The clustering algorithm terminates when there are no more pen edges
available in O, and the nal result is the set of camera matricesP; corresponding
to all input images, and the set of space pointsX; with associated keypoint
locations x;; in the input images.

6.3.3 Evaluation

The graphs in gure 6.7 illustrate the progress of clustering for one data set,
but the resulting graph in gure 6.7e is representative for most of the data sets
used in this project. From this graph it is seen that the strong edges connect
the input images in sequence. This is because the images inithdata set were
captured with movement primarily along one direction, but t his is not required
by the clustering algorithm. In fact the tree formed by the strong edges can be
any kind of tree. In the gure it is also seen that weak edges typically connect
images close to each other in the sequence. This is also due tioe way the
images of this data set are captured, and in general weak edgere most likely
to be present for images that are captured from similar perspctives.

For most data sets used in this project maximum of W = 2 weak edges
utilized when augmenting the cluster with an image works wel, and adding
projections from the weak edges increases the number of stibkeypoints ob-
tained. But for one data set, using more than one weak edge le to a signi cant
decrease in the number of keypoints obtained, and thus for tts data set a value
of W =1 was chosen. Evaluation of the structure and motion resuls obtained
using the clustering algorithm treated here is postponed tosection 6.5.1.

6.4 Bundle Adjustment

Each time the cluster is augmented with an image, bundle adjstment is applied
to the recovered structure and motion as part of an optimizaton step. In
this section, an overview of bundle adjustment is given. Fora more in-depth
treatment refer to [23] and [26].

Given a set of images depicting a number of 3D points from di eent view-
points, bundle adjustment solves the problem of simultaneasly re ning the
positions of these points and the calibration parameters ofthe cameras that cap-
tured the images, based on observed 2D projections of the puts in the images.
Bundle adjustment provides a statistically optimal soluti on to this problem, and
under the assumption that the error of observed projectionds zero-mean Gaus-
sian, bundle adjustment is the maximum likelihood estimata [26]. The name
refers to the bundles of light rays originating from each pont in the scene and
converging in the optical centre of each camera, which are gdsted optimally
with respect to both structure and motion parameters.

Essentially bundle adjustment amounts to minimizing the reprojection error
between observed and predicted image points. This error isxpressed as a
sum of squares of a large number of nonlinear, real-valued fictions, and thus
nonlinear least-squares algorithms are employed for minifmaation. For bundle
adjustment the Levenberg-Marquardt algorithm is typically used, because it
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has the ability of converging quickly while still being tolerant to a wide range
of initial guesses [26].

More formally, the problem of bundle adjustment can be statal as follows.
Assume that n points in 3-space are observed irm images, and denote byxi;
the homogeneous 3-vector representing the observed proj@n of the i™ point
on the j image. Then bundle adjustment amounts to re ning the m camera
matrices P; and the n points represented by homogeneous 4-vectors;, such
that the observed projection x;; is closely approximated by the predicted pro-
jection ®; = P;X;. Here it is assumed that an initial estimate of the camera
matrices P, and points X; are available, as is the case when bundle adjustment
is used in combination with the clustering algorithm treated above.

Typically each 3D point i is observed only in a subset of them images.
Therefore let vi; denote binary variables that equal 1 if point i is visible in
imagej and O otherwise. Now by parameterizing each camerf by a vector a;
and each 3D pointi by a vector b; as explained in the following section, bundle
adjustment minimizes the reprojection error with respect to all 3D points and
camera parameters. Speci cally

XX )
argmin vij d Q(aj;bi); xij (6.14)
ajibi =g =

where Q(a;;b;) is the predicted projection ®;; of point i on imagej, and
d(x;y) denotes the Euclidean distance between image points repsented by
the vectorsx and y. From (6.14) it is clear that bundle adjustment minimizes
a physically meaningful criterion, namely the geometric rerojection error, as
opposed to algebraic approaches [26].

6.4.1 Sparse Bundle Adjustment

If bundle adjustment is implemented naively the complexity of the problem is
very large due to the high number of minimization parameters In the case of
Euclidean reconstruction with intrinsically calibrated c ameras as in this project,
each 3D point gives rise to 3 parameters, and each camera giwveise to 6 param-
eters as explained below. Thus the total nhumber of minimizaton parameters
becomes 8 + 6 m. For instance when applying bundle adjustment in the last
step of clustering for the data set illustrated by the graph in gure 6.7e, the min-
imization involves 4426 points in 10 images leading to totalof 13338 variables.
Fortunately it is possible to take advantage of the fact that there is no inter-
action among parameters for di erent 3D points and cameras. When solving
the minimization problem of bundle adjustment, the normal equations involved
have a sparse block structure due to this lack of interaction and algorithms for
sparse bundle adjustment taking advantage of this are avadble. In this project
SBA!, which is an open source library providing a C/C++ implement ation of
generic sparse bundle adjustment [26], is used.

The algorithm implemented in the SBA library is generic in the sense that
cameras and points can be parameterized in di erent ways depnding on the
speci ¢ problem at hand. As discussed above, in this projectbundle adjust-
ment is applied to the problem of Euclidean reconstruction with intrinsically

Lhttp://mww.ics.forth.gr/ ~lourakis/sba/
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Figure 6.8: Example of the inversion of camera and point positions that m ight
happen during bundle adjustment. a) Correct structure and m otion. b) The cluster
has been inverted, and points appear behind the cameras by wtich they are observed.

calibrated cameras. In this con guration the n 3D points are trivially repre-
sented using 3-dimensional vectord;. The m cameras, however, are de ned
by normalized camera matrices B. Instead of including all elements of the
matrices P; = [R; t;] in bundle adjustment, the cameras are parameterized
using 6-dimensional vectorsa; which capture the 6 degrees of freedom for each
camera, i.e. 3 for rotation and 3 for translation. The results of applying bundle
adjustment to the recovered structure and motion are evaluaed in section 6.5.1.

6.5 Optimization and Robustness

In this nal section on clustering, the optimization step th at is applied each
time an image has been added to the cluster is treated. The pmary reasons
for performing optimization throughout the clustering pro cess are, as discussed
in the chapter introduction, that this minimizes the risk of a bad initial guess
preventing recovery of structure and motion, and that simpler methods can be
employed without a ecting the end result. But this strategy also leads to an
improvement in the obtained structure and motion estimates

Optimization is performed for the current state of the cluster, and the rst
step is to apply bundle adjustment to the recovered structure and motion using
the method described in the previous section. That is, the cenera matrices R
and the points X; currently in the cluster are updated with the statistically
optimal parameters given the observed projections;; .

As discussed in section 5.3.2 in general least-squares metts are sensitive
to outliers, and this also applies to the bundle adjustment nethod described
in the previous section. Although most keypoint outliers are discarded during
matching, previously undetected outliers may manifest thanselves during clus-
tering. Therefore after bundle adjustment has been applied any points that
have a maximum reprojection error above some threshold areemoved from the
cluster to improve robustness. This prevents these pointsrbm having negative
impact during successive iterations of clustering. The vale of the threshold and
the e ect of pruning such points is discussed in the followirg section.

During development it was discovered, that on rare occasios the positions
of cameras and points in the cluster were inverted during budle adjustment.
The e ect of this inversion is that all points suddenly appear behind the cameras
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Figure 6.9: Examples of the nal recovered structure and motion for two d ata sets.
a) Cluster consisting of 10 images and 4426 points. b) Cluste consisting of 10 images
and 4087 points.

by which they are observed. This situation is illustrated in gure 6.8. Such in-

version might happen, because the SBA library does not enfae the constraint
that observed points must be in front of cameras. Mathematially the inverse
solution is equally good, but when augmenting the cluster wih another im-

age, this inversion causes problems and therefore it need®s e detected and
corrected for clustering to be robust.

The last task of the optimization step is to normalize the cluster, such that
the distance between the cameras of the rst image pair addedo the cluster is
equal to 1. This normalization is not strictly necessary, beause the recovered
structure and motion is always subject to an arbitrary similarity transform, but
it makes the results of clustering more consistent.

In addition to the optimization and robustness measures disussed above,
which are applied after augmenting the cluster, a couple of pecautionary mea-
sures are applied during clustering itself. Speci cally, when triangulating new
points, any points that end up behind the cameras by which the/ are observed
are discarded. And when updating a point with additional projections, if it is
discovered that the point matches di erent keypoints it is deemed a mismatch,
and the point is discarded and any associated keypoints arexeluded from fur-
ther processing.

6.5.1 Evaluation

In gure 6.9 two examples of the nal structure and motion rec overed using the
clustering method developed in this chapter are shown. Figte 6.9a shows the
cluster corresponding to the graph in gure 6.7e, and in the bllowing the results
of clustering for this data set is used for discussion.

The cluster consists of 10 images and 4426 points with a totabf 10196 ob-
served projections, i.e. corresponding keypoint locatios, in the images. Thus
on average each stable keypoint has projections in 2.3 imagesee the histogram
in gure 6.10a. The RMS reprojection error for points in the cluster is 0.22 pix-
els, which is very good. In gure 6.10b a histogram of the repojection error
for observed projections is shown, and as can be seen virtdglall keypoints
have reprojection errors below one pixel. This supports thathe structure and
motion is recovered with high accuracy. In gure 6.11a a box ot of the re-
projection errors for points in the cluster with di erent nu mber of projections
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Figure 6.10: a) Histogram of the number of projections for points in the cl uster.
b) Histogram of the reprojection error for observed project ions.

is shown. From this gure it is seen that there is a trend that t he reprojection
error becomes larger as the number of projections increasésr a point. This is
to be expected, as points with more projections are more comsined.

One of the tasks during the optimization step is, as discussk above, to
remove points that after bundle adjustment have a reprojecton error above
some threshold. By analyzing the reprojection errors obtaned for the data sets
used in this project without removing such points, it was determined that the
majority of points had reprojection errors below 2.5 pixels and therefore this
value was chosen for the threshold. When removing bad pointsthe cluster in
gure 6.9a has a RMS reprojection error of 0.22 pixels, but ifbad points are
not removed this error becomes 3.1 pixels, and the maximum g@ojection error
for the points in this case becomes 195 pixels. Thus it is cleahat removing
points with high reprojection error leads to better results.

Finally the performance of bundle adjustment is evaluated. A scatter plot
of the RMS reprojection error before and after applying bunde adjustment is
shown in gure 6.11b. This plot is based on all iterations of dustering for all
data sets used in the project, and as can be seen from the gurebundle ad-
justment consistently minimizes the reprojection error. The large errors before
bundle adjustment are typically caused by the utilization of weak edges when
augmenting the cluster, because the added projections do manatch with the
current parameters of the cameras in the cluster.

6.6 Conclusion

In this chapter the clustering step, which is the last step ofthe proposed re-
construction method dealing with recovery of structure and motion, has been
treated in detail. In sections 6.1 and 6.2 the two basic step®f clustering were
treated, namely initialization of the cluster from the best matching image pair,
and augmenting the cluster with a third image. Based on this,the developed
clustering algorithm was described in section 6.3. The algithm builds the

cluster iteratively by growing a maximum spanning tree in a giaph represent-
ing the input images and the matches between them. This apprach is taken
to obtain a maximum number of stable keypoints, and after eat iteration of
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Figure 6.11: a) Box plot of reprojection errors grouped by the number of pr ojections
for each point. The boxes indicate the lower quartile, media n, and upper quartile
values. b) RMS pixel reprojection error before and after bun dle adjustment. The
graph includes all iterations of clustering for all data set s used in this project.

clustering, the recovered structure and motion is optimizel. The optimization
consists of bundle adjustment, of which an overview was give in section 6.4,
and a number of robustness measures as explained in sectiorb6 The structure
and motion obtained using the methods covered in this chapte and the two
previous chapters provide a solid foundation for reconstrating a textured mesh
of the building, which is the topic of the following two chapters.
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Chapter 7

Coarse Model
Reconstruction

In this chapter, the coarse model reconstruction step of theproposed recon-
struction method is documented. As discussed in section 3.1, this is the only
step requiring user interaction, and the purpose is to obtan a coarse model of
the building to reconstruct. The coarse model is a textured nesh with polygons
representing large planar surfaces of the building such asalls and roof surfaces
etc., see gure 3.3 for an example. That is, the model should ot contain details
such as recessed windows and doors, as these are automatigaddded in the
automatic fecade reconstruction step. The user is only reponsible for de ning
the shape of the coarse model, and this process is explained the following
section. The appearance of the model, that is textures for tle individial poly-
gons, is then automatically extracted from the input imagesusing the method
explained in section 7.2.

7.1 User Assisted Reconstruction

The reconstruction of a coarse model is done interactively sing an application
with a simple user interface that has been developed for the yrpose. Among
other things, this application allows the user to preview the input images, to
navigate the structure and motion recovered during clustemng, and to build a
coarse model as explained in the following.

A simple approach to coarse model reconstruction has been oken in this
project, because the primary focus of the project regardingnodel reconstruc-
tion is automatic facade reconstruction. The method for user assisted model
reconstruction implemented in this project consists of two steps, and it is in-
spired by the methods analyzed in section 2.2.3. First stepsi to de ne a set of
locators, which represent 3D positions of selected featuseof the building, e.g.
the corners of a wall. The second step is to de ne polygons thaspan the planar
surfaces of the building, using the de ned locators as verties of the polygons.
The two steps can be performed in any order, as long as all lotars needed by a
particular polygon are de ned before the polygon itself. The steps are described
in the two following sections.
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Select another image and click the same point... Select another image and click the same point, or click RMB to finish...

(b)

Figure 7.1: Interactively de ning a locator. a) The user has clicked a fe ature in one
image, highlighted with a blue circle. b) The user has switch ed to another image and
clicked the same feature. From the given locations a new locaor is triangulated.

7.1.1 De ning Locators

In the user interface it is possible to switch between the inpit images of the
cluster, and a locator is de ned using the mouse simply by cliking the same
feature of the building in two or more of the input images. This process is
illustrated in gure 7.1.

The 3D position of the locator is then estimated using the canera calibration
parameters available from the preprocessing and clusterip steps. Speci cally,
denote by l;; the user de ned location in pixel coordinates of locatori in im-
agej. Given two such pointsli; and I, corresponding to the same feature in
imagesa and b respectively, an estimate of the 3D position of the locatorL ;
can be obtained using the triangulation method described insection 6.1.1. For
triangulation, the camera matrices P, and Py, from the cluster and the two im-
age points expressed in normalized coordinates are used. As section 6.1.1,
normalized coordinates are obtained by applying the invere camera calibra-
tion matrix K ; ! to the pixel coordinates. For simplicity, the locator position
is estimated using only two of the user de ned locations, se¢he discussion in
section 7.1.3.

7.1.2 De ning Polygons

In the user interface, a polygon is de ned simply by clicking the locators to
use as vertices in counterclockwise order when the polygorsiseen from the
front, and this is illustrated in gure 7.2. Each polygon of t he coarse model is
described by the sequence of locator indices obtained thisay.

When de ning a polygon, the partially constructed polygon is shown interac-
tively, and approximate texture extraction is performed in real-time, such that
the user gets immediate visual feedback. When the user has ished de ning a
polygon of the coarse model, a re ned texture is extracted fo that polygon as
explained in section 7.2.

7.1.3 Evaluation

As discussed above, the user is responsible only for de ninthe shape of the
coarse model, i.e. selecting features in the input images tde ne locators, and
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Figure 7.2: Interactively de ning a polygon. a) The user has initiated p olygon
creation after having de ned the 9 locators highlighted wit h blue circles. b) The
locators are clicked in the indicated order, and the created polygon is overlaid on the
image.

Figure 7.3: Example of the geometry of a reconstructed coarse model. In adition
to the model, part of the recovered structure and motion is sh own.

de ning polygons based on these locators. In gure 7.3 the gemetry of a coarse
model reconstructed using this method is shown together wi the recovered
structure and motion.

At this point it is not enforced that the vertices of a polygon in the coarse
model, i.e. the positions of a subset of the de ned locatorslie in the same
plane. It is simply assumed that the vertices of de ned polygpns are close
to being coplanar. Whether this assumption holds, howeverdepends largely
on the accuracy of the locations de ned by the user. For the carse models
reconstructed from the data sets used in this project, the inpact on the results
from this assumption is insigni cant.

As mentioned above, the position of locators is estimated sm two user
de ned locations for simplicity. Better accuracy may be obtained by utilizing
more than two image points if supplied by the user. One way to ptimize
locator positions is to use triangulation for obtaining an initial estimate, and
then apply bundle adjustment where the camera parameters & kept constant.
However, the accuracy obtained using the simple method imgmented in this
project is su cient for using the results in development of t he automatic facade
reconstruction method.
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(b)

Figure 7.4: Example of a model with and without recti ed textures. a) Wit hout
recti cation the windows appear skewed. b) With recticati on the appearance is
correct.

7.2 Texture Extraction

In this section, the developed method for extraction of re ned polygon textures
is documented. Fortunately the appearance of the building $ available in the
input images, and knowing the camera calibration parametes corresponding to
each input image, mapping from the reconstructed coarse maal to the input
images is straight forward.

One idea for texture extraction is to use the input image that best views a
polygon directly as texture for that polygon. Unfortunatel y the visual quality
of the reconstructed model obtained using this approach is por. The problem
is that the depiction of the building surface in the input image in virtually all
cases is subject to a perspective transform. l.e. the buildig surface does not
lie in a plane parallel to the image plane of the input image, ad thus appears
warped in the image. Therefore if using the best available iput image for
texturing a polygon without compensating for this, the visual quality becomes
inadequate. For correct appearance it is necessary to extr a recti ed texture
for the polygon. In gure 7.4 an example of a model with and without recti ed
textures is shown.

The developed method for extraction of recti ed polygon textures consists of
the following steps: plane tting, computing plane axes, nding the best image,
computing vertex projections, and nally creating the recti ed texture. These
steps are illustrated in gure 7.5, and each of the steps are xlained in the
following sections.

7.2.1 Plane Fitting

As discussed in section 7.1.3, the locators used for de ninghe vertices of a
polygon may not lie in the exact same plane, because their pd®ns are es-
timated from the image points given by the user. Therefore the rst step in
texture extraction is to nd the plane, which best ts the loc ators de ning the
polygon. The nal recti ed texture will contain the appeara nce of the building
surface as if an image was captured by pointing a camera dirdg towards the
surface at a right angle. That is, the image plane of this virtual camera would
be parallel with the plane found in this step.

In the following suppose that a single polygon of the coarse odel is de ned
by the sequence of locator indices from 1 ta. Then the vertex positions of this
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Figure 7.5: Overview of the steps involved in extraction of a recti ed te xture for a
polygon of the coarse model.

now the problem of nding the plane that minimizes the orthogonal distances
from these locators to the plane. The centroidm of the locators lies in this
plane, and can be computed as
1 X
m= — Li: (7.1)
n.
i=1
Denoting by n the unit normal vector of the tted plane, then the orthogona |
distance from locator L; to the plane becomes{; m) n. The tted plane
is de ned by the known centroid m and the normal n which is to be found. A
least-squares solution is sought, and this problem can be ated as nding the
normal n which minimizes the sum
X 2
(Li m) n
i=1

(7.2)

By expressing the problem usingn equations on the form C; m) n =0, and
building the correspondingn 3 matrix

LT mT
A=8 . & (7.3)
L mT
a solution can be obtained using SVD, see appendix B for deths. Letting A =

UDV T, the sought normal n is the third column of V, and thus the best tting
plane has been determined.

7.2.2 Computing Plane Axes

The best tting plane found above is completely described bythe centroid m
and the unit normal n. However, to create a recti ed texture, it is necessary in
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Ux

Figure 7.6: Example of the axes ux and uy computed for a plane de ned by the
centroid m and the normal n. The x-axis of the plane has the same direction as the
longest edge of the polygon.

addition that two axes perpendicular to each other and lying in the plane are
de ned. These axes de ne thex- and y-axis of the recti ed texture. There is
an in nite number of choices for the axes as they can rotate feely around the
plane normal, and therefore it is necessary to select a speciorientation.

In this project, the x-axis is simply selected such that it is parallel with
the longest edge of the polygon. For instance, the longest eg of the polygon
de ned in gure 7.2b is the edge between locators 5 and 6, andhus the x-axis
of this polygon becomes parallel with that edge. This approah may not be
optimal in all situations, however, as discussed in sectior7.2.6.

More speci cally, denote by ux and uy the perpendicular unit vectors de n-
ing the x- and y-axis in space of the plane respectively. Firsuy is computed as
the unit vector having the same direction as the longest polgon edge projected
onto the plane. Then the y-axis is computed asuy = uy n, and thus the
vectorsuy, uy, and n form an orthonormal basis. An example of the plane axes
obtained for a polygon is shown in gure 7.6.

7.2.3 Finding the Best Image

To create a recti ed texture for a polygon, it is necessary to determine which
of the input images that best views the polygon. In fact there may not be a
single image which contains a non-occluded view of the wholpolygon, so it
may be necessary to merge multiple input images to avoid thigroblem. In this
project, however, it is assumed that it is su cient to use a single input image
for the polygon texture, and thus this step reduces to seledéhg the best image
available.

One approach to solving this problem is to select the image, hich most di-
rectly views the whole polygon. That is, selecting the inputimage corresponding
to the camera in the cluster whose line of sight has the smalk angle to the
normal vector of the plane of the polygon, see gure 7.7a. It vas discovered,
however, that often the view of a polygon in the image select this way is
occluded by other parts of the building, even though an inputimage with no
such occlusions is part of the cluster.

To avoid such occlusions in more situations, the input imagecorresponding
to the camera with the smallest angle between the normal of tle plane and the
direction from the centroid to the camera is used instead, se gure 7.7b. The
idea is that this approach favours cameras that are closer tahe polygon.
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Figure 7.7: lllustration of two approaches for selecting the best image. a) Use the

angle between the plane normal and the camera line of sight. b) Use the angle between
the plane normal and the vector from the centroid to the camer a.

Speci cally, the direction from the centroid m to the camera de ned by P; is
represented by the vectord; = C; m, whereC;j is the position of the camera
computed as in (6.10). Now the angle between the vectord; and the normal n
of the plane can be computed from

dj n
- 7.4
jidj i (7.4)

It is only possible that cameraj views the polygon when cos > 0, and as
this value goes towards 0 the quality of the obtained recti ed texture decreases.
Therefore for the selected image it is required that cos> > 0, where the
threshold is set to cos80 in this project. Furthermore it is required that
the reprojections of all locatorsL; used as vertices for the polygon lie within
the boundary of the selected image, because otherwise a taxe for the whole
polygon can not be extracted.

In the following sections let a denote the index of the image that best views
the polygon. Then using the method developed above, this imge is found as
the image for which (7.4) attains the maximum value being at kast , with
the additional constraint that all locators are visible in t he image. If an image
satisfying these requirements is not available in the clustr, a recti ed texture
can not be extracted for the polygon, and a dummy texture is ugd instead.

7.2.4 Computing Vertex Projections

Now knowing the plane of the polygon, two perpendicular axedying in this
plane, and the index of the best available input image, a mapmg between the
polygon of the coarse model and the input image can be estalslhed. For each
3D vertex of the polygon, two 2D projections are computed: a pojection into
the plane of the polygon, and a projection into the input image.

The vertices of the polygon are de ned by the locator positims L;, and the
projection of each vertex into the plane is computed using tle plane axesuy
and uy found above, where the coordinates are relative to the centiid m. First
the centroid is subtracted to obtain the local vertex coordinatesV?%=L; m,
which are then projected onto the plane to obtain the 3D coordnates

Vi=Vv? (V2 n)n: (7.5)

Now to compute the 2D projections of the vertices, eachV; is projected onto
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the plane axes to obtain the vector

2 3
Vi Uy

i = 4Vi Uy5; (76)
1

which is the homogeneous 3-vector representing the 2D progtion of locator i
into the plane of the polygon.

The projection of each vertex into the input image is simply achieved by pro-
jecting the locator position L; using the camera calibration information available
for image a. That is the projection into image a of the locator with position L;
is computed as the homogeneous 3-vector

vP=KaPali; (7.7)

where the camera calibration matrix K, is applied such that v? is expressed in
pixel coordinates. The mapping between the polygon and theriput image is
now represented by the two corresponding sets of 2D projeatins: the set in the
plane of the polygon de ned by¥;, and the set in imagea de ned by v{.

7.2.5 Creating the Recti ed Texture

The nal step of texture extraction is to actually create the recti ed texture.
Recti cation of the input image is achieved by applying a perspective transform
to the image. Such transformation is described by a homogramy, which is a
3 3 matrix that can be computed given a set of corresponding 2D pints
represented by homogeneous 3-vectors. In general for cogonding points X;
and x?, the homography H transforming eachx? to x; is de ned [23] by the
relation

x; = Hx (7.8)
Thus to compute a homography for recti cation of the input im age a set of
corresponding 2D points is needed.

From the previous step, the projectionsv? of the locators in image a are
available, and they are expressed in pixel coordinates. Theorresponding pixel
coordinatesv; in the recti ed texture to be extracted are needed, and thesecan
be derived from the projections¥; in the plane obtained in the previous step.
But as the length of the computed plane axes do not correspontb the size of
a pixel in the recti ed texture, the projections need to be transformed. Let T
be a 3 3 matrix representing a transformation consisting of isotropic scaling
and translation, then

vi =Ty, (7.9)
where the scale factor is chosen such that the size of a pixeh ithe recti ed
texture becomes approximately the same size as in the inputniage, and the
translation is chosen such that the recti ed texture is cropped to the polygon
but leaving a small border.

In this project OpenCV!, which is an open source library providing C/C++
implementations of algorithms for real-time computer vision, is used for both
computing the homography transforming eachv?in the input image to the corre-
spondingv; in the recti ed texture, and for applying the perspective tr ansform
to the input image to obtain the nal recti ed texture.

Lhttp://opencv.willowgarage.com/wiki/
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(b)

Figure 7.8: Recti cation of the best input image viewing a polygon of a co arse model.
a) The best input image. b) The resulting recti ed texture. N ote that only the region
of the recti ed image representing the polygon is used for te xturing.

(@) (b)

Figure 7.9: An example of a reconstructed coarse model. a) Geometric moctl.
b) Textured model.

7.2.6 Evaluation

In gure 7.8a the input image that best views the polygon de ned in gure 7.2b
is shown, and this image is selected according to the methodescribed in sec-
tion 7.2.3. Figure 7.8b shows the recti ed texture extracted from this image
using the method developed above. As can be seen from this gs, the per-
spective has been corrected in the recti ed texture, and lires that are parallel
in the plane of the polygon also appear parallel in the rectied texture.

An example of applying the developed method for extraction @ re ned tex-
tures to all polygons of a coarse model was shown in gure 3.3ropage 27, and
in gure 7.9 another example of a textured coarse model is shan. As seen
in both gures, for most polygons of the coarse models, the deeloped method
successfully nds the input images that best view the polygms and extracts
recti ed textures. However, for one polygon in the roof of the coarse model
shown in gure 7.9b, no suitable input image could be found. This is indicated
by the black and yellow dummy texture that is used for this polygon.

Also note the occlusions from the front of the building that are present in
the texture of the roof just above the polygon with the dummy texture. Such
occlusions can be avoided e.g. by splitting the problematiaoof polygon into
smaller polygons, for which better suited images can be fouth or by merging
di erent input images as discussed in section 7.2.3.
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Figure 7.10: Example of the recti ed texture for a polygon for which the lo ngest
edge is not suited for de ning the x-axis of the plane.

As mentioned in section 7.2.2 the approach used for selectinthe x-axis of
the plane of the polygon is not optimal in all situations. The approach works
well for the polygon de ned in gure 7.2b, because thex-axis of the recti ed
texture in gure 7.8b is aligned with the horizontal lines of the building. In
gure 7.10, however, an example of the recti ed texture for a polygon for which
the longest edge is not suited for de ning the x-axis is shown. The choice of
x-axis for this polygon leads to reduced visual quality of themodel, because e.g.
the frames of the windows appear jagged due to the rotation. €ing another
approach for selecting thex-axis of the plane might improve the visual quality
in such cases.

7.3 Conclusion

In this chapter, the coarse model reconstruction step of theoroposed reconstruc-
tion method has been treated. In this step the user is resporilsle for de ning
the shape of the coarse model, and this is achieved using an gliration that has
been developed for the purpose. The user assisted reconsttion process was
described in section 7.1, and the resulting model consistsf@ set of user de ned
locators, which represent estimated 3D positions of featugs of the building, and
a set of polygons whose vertices are de ned by the locators. fle appearance
of the reconstructed model is then automatically extractedby creating recti ed
textures for the polygons of the model from the best suited iput images using
the method developed in section 7.2. The textured coarse ma reconstructed
in this step is used as the basis for automatic fecade recortsiction, which is
the topic of the following chapter.
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Chapter 8

Automatic Facade
Reconstruction

In this chapter, the nal step of the proposed reconstruction method, namely
automatic fecade reconstruction, is documented. Given the reconstructed coarse
model obtained in the previous step, the purpose of this stefis, as discussed in
section 3.1.1, to re ne the coarse model by automatically ading fecade details
such as recessed windows and doors. See gure 3.4 for an exdmpf a re ned
model. As discussed in section 2.3.2 of the problem analysishe addition of
such features improves the appearance of the model by making look more
realistic. In the analysis it was discovered, however, thatwith existing user
assisted reconstruction methods, signi cant time is spentadding these details.
Therefore in this project, a novel method for automatically adding facade details
to a coarse model is proposed.

The overall idea in the proposed automatic facade reconstaction method is
as follows. As part of the user assisted reconstruction praess treated in the pre-
vious chapter, the user marks a subset of polygons in the coae model as facades
for which automatic re nement is wanted. Then during automatic facade re-
construction, each of the marked polygons is analyzed to iddify regions of the
facade with similar depths. In particular, regions representing recessed windows
and doors are sought, because manually modeling these delgis repetitive and
time-consuming. Finally, the coarse model is updated by refacing the marked
facade polygons with automatically reconstructed facades, which have recessed
regions where windows and doors have been detected.

The developed method for automatic facade reconstruction which is applied
for each marked polygon in the coarse model, consists of thelfowing steps:
facade segmentation, nding region contours, and re ning the model. These
steps are illustrated in gure 8.1, and each of the steps are xplained in the
following sections.

8.1 Facade Segmentation

The facade features of interest are, as discussed above,aessed windows and
doors. Based on the observation that facades of buildings ytpically consist of
wall regions with large areas of similar color and texture, ad smaller regions
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Figure 8.1: Overview of the steps involved in automatic facade reconst ruction for a
single polygon of the coarse model.

inside the wall regions, which represent facade featuresuch as windows and
doors, that deviate in appearance from the wall, it is deduce that the features of
interest can be detected from the appearance of the facadeThus for identifying
regions in the facade of similar depth, an approach based oranalysis of the
recti ed texture obtained for the facade polygon has been tosen.

Based on this, the purpose of this step is to segment the rectid texture
of the facade polygon into regions representing wall and rgions representing
windows and doors. This problem can be addressed in severalays, and in
the method proposed here this segmentation is achieved ugjna combination of
di erent image processing algorithms as explained in the fdowing.

8.1.1 Preprocessing

In gure 8.2a the recti ed texture for a polygon that has been marked as a
facade in a coarse model is shown. This is the polygon that wa de ned by the
user in gure 7.2b. From the gure it is seen that the texture also contains
information about pixels that are outside the region repreenting the polygon,
e.g. the roof surface. Only the region of the recti ed texture representing the
polygon should be considered during segmentation, and thefore a binary mask
indicating the region of interest is needed. Creating this nask is a matter of
rasterizing the polygon de ned by the pixel coordinatesv; computed for the
recti ed texture as explained in section 7.2.5. In gure 8.2b the mask obtained
for the polygon is shown.

As discussed above, the wall regions of fecades typically &ve similar color
and texture. Often a wall appears primarily in one color with no signi cant
texture, e.g. a painted wall, or it is a brick wall consisting of bricks of similar
color with joints between them, as is the case for the facadén gure 8.2a. In the
case of a plain colored wall, identifying the whole wall as oa region is simple.
For brick walls, however, it is more dicult to identify the b ricks and joints
between them as representing the same region of the facadelue to the high
contrast between bricks and joints.

An approach to reducing this problem, is to blur the image sut that brick
walls appear more like plain colored walls. Therefore to ewe out details such
as the joints between bricks and other high frequency elemes of the image, it
is proposed to apply Gaussian blur to the recti ed texture before segmentation.
This ltering is achieved by convolving the image with a kernel based on the
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Figure 8.2: a) Recti ed texture for the facade polygon. b) Binary mask w ith black
pixels indicating the region of interest.

Figure 8.3: The result of applying Gaussian blur to the recti ed texture . This evens
out details such as the joints between bricks.

Gaussian function

x2+ y2

G(xy) = 212e =z, (8.1)

where is the standard deviation of the Gaussian distribution [46] In gure 8.3
the result of applying Gaussian blur to the recti ed texture is shown. The choice
of the value for is discussed in section 8.1.5.

The blurred recti ed texture, referred to simply as the blur red texture in
the following, is represented in the RGB color space, see g 8.4a. This
representation is not suited for segmenting the image into he di erent regions
of the facade, however, because color and light intensitynformation is encoded
together in the RGB values. Therefore as a nal step before sgmentation, the
blurred image is transformed into another color space whictseparates color and
light intensity information. Here it is proposed to use the Hue, Saturation, and
Value (HSV) color space, see gure 8.4b, because this provas good separation
of the colors in typical images of facades, see the followip section.

8.1.2 Clustering and Classi cation

The next task in facade segmentation is to classify the pixés of the blurred

texture as either representing wall regions or non-wall regns of the facade.
Whereas the blurring and color space transformation discused above is applied
to the whole image, this classi cation is performed only for the pixels in the

region of interest.
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Chapter 8. Automatic Facade Reconstruction

(a) (b)

Figure 8.4: lllustration of two di erent color spaces [47]. a) The RGB co lor space.
b) The HSV color space.

From experiments it was concluded that an approach based onisiple thresh-
olding of the HSV values of the pixels was infeasible for autmatically obtaining
a correct classi cation. Therefore methods for unsupervied learning from the
eld of pattern recognition were investigated for applicability. The general idea
of these methods is that a set of observations are assignedtinsubsets referred
to as clusters, such that observations in the same cluster & similar with re-
spect to some similarity measure. In this case the observatins are HSV values
of pixels in the blurred texture, and the resulting clusters contain subsets of
the observations with similar HSV values. Based on the prewius discussion, it
is assumed that the pixels in wall regions of the facade in tle blurred texture
have similar color, and thus similar HSV values. Thereforepne of the clusters is
likely to represent the colors of the wall, and this can be utlized for classi cation
of the pixels.

Clustering  Two methods for unsupervised clustering, namelyk-means clus-
tering, and the nearest-neighbour algorithm [20], were stdied. The overall idea
in k-means clustering is that the set of observations is dividednto k clusters
characterized by their means. The algorithm typically starts from a random
guess and then iterates until it converges. To use this algathm it is necessary
to select an appropriate value fork, and experiments showed thatk = 3 per-
formed well for facade segmentation in many situations. Havever, this value,
which is somewhat arbitrary, needed adjustments for some &ades, and hence
the method is not robust. In fact for segmentation it is su ci ent to determine
a single cluster which represents the colors of the wall, asiscussed above, and
thus there is no need to assign all observations to a clustersis done using
k-means clustering.

The solution to this problem is using a hierarchical clusteing algorithm,
speci cally here it is proposed to use the nearest-neighbaualgorithm. As op-
posed to k-means which uses a divisive approach for clustering, thislgorithm
is agglomerative which means that it starts from clusters casisting of a single
observation, and then iteratively merges the two clusters hat have highest simi-
larity [20]. For the nearest-neighbour algorithm, the similarity measure is based
on the distance between the closest observations of the twdusters, i.e. shorter
distance means higher similarity. Speci cally, let D; and D; be the subsets of
observations in two candidate clusters for merging, then tle distance between
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Figure 8.5: a) The single-linkage algorithm applied to the random sampl e of pixels
from the blurred texture. The three largest clusters are mar ked in red, green, and
blue, with red being largest. b) Classi cation of all pixels in the region of interest of
the blurred texture. The colors correspond to the clusters of gure (a), and thus it is
seen that the largest cluster (red) represents the colors of the wall regions.

the clusters is given by

dmin (Di; D) = min jix  xf: (8.2)
X2Di

XOZDJ'

The algorithm may be terminated when the distance between tle nearest clus-
ters exceeds some threshold, in which case it is referred tesdhe single-linkage
algorithm [20].

To apply the single-linkage algorithm in the context of facade segmentation,
rst a set of observations is obtained from the HSV values of arandom sample
of pixels in the region of interest of the blurred texture. Denote by S the size
of this sample. Then the single-linkage algorithm is appliel to this sample, and
the algorithm is terminated when dn,;, for the nearest clusters exceeds a cuto
threshold c. The choice of valuesS and c is discussed in section 8.1.5, and in
gure 8.5a an example of clustering using this method is show for the blurred
texture of gure 8.3. As is evident from this gure, the HSV va lues are well
spread, and this makes the HSV color space suited for sepaiiag the colors.

Classi cation Each of the clusters resulting from the above represents oles-
vations of similar color in the random sample. Based on the obervation that the
total area of wall regions in facades typically is larger than the area of any other
similarly colored facade region, it is assumed that the lagest of the clusters,
i.e. the cluster containing most observations, representshe colors of the wall.
Segmentation is now a matter of classifying all pixels in theregion of interest
of the blurred texture based on whether they belong to the clister representing
the wall or not. For classi cation another representation of the wall cluster is
necessary, and here it is proposed to use a multivariate Gasgan distribution
with mean and covariance matrix computed from the observations in the
wall cluster.

Classi cation is now performed for all pixels in the region d interest of the
blurred texture by computing the Mahalanobis distance from the HSV value of
each pixel to the cluster. Denoting the HSV value of the pixelby the vector x,
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Figure 8.6: a) Binary segmentation of pixels, where zeros (white) represent wall
regions, and ones (black) represent potential facade features. Note that pixels outside
the region of interest initially are classi ed as non-wall. b) The binary segmentation
after noise removal.

the squared Mahalanobis distance [20] to the cluster is give by
rP=(x )7 x ) (8.3)

Any pixels for which the Mahalanobis distancer is below a threshold are

marked as wall pixels, otherwise they are marked as potentiafacade features.
In gure 8.5b the result of classifying the pixels of the blurred texture using this

method is shown. In the gure classi cation is shown for the three largest clus-
ters, but as discussed above only the largest cluster is coigered as representing
wall. The value of the threshold is discussed in section 8.1.5.

8.1.3 Noise Removal

By only considering whether pixels in the blurred texture bdong to the wall
cluster or not, a binary image is obtained where wall regionsare represented by
zeros, and potential facade features are represented by @s. In gure 8.6a an
example of this binary segmentation is shown.

It was discovered that noise and elements occluding the pobyon surface in
the input images often result in noise near the border of the plygon in this
binary image. In addition, occluding elements may result inpartitioning of the
wall region in the binary image. The two vertical drainpipes seen in the recti ed
texture in gure 8.2a is an example of this, which results in partitioning of the
wall region as seen in gure 8.6a. Other examples of occludm elements are
lampposts, trees etc., and to disregard such elements, a ab Il of the exterior
of the polygon with zeros is performed.

Noise may still be present in the binary image, however, and @ prevent
over-segmentation morphology is applied. Speci cally theimage is closed, to
Il holes of the non-wall regions, and then opened, to removenoise in the wall
regions. Closing and opening is performed using a simple sqte structuring
element of size 5 5 pixels. For more details on these morphology operations
see [30]. In gure 8.6b the binary segmentation resulting fom noise removal as
explained in this section is shown.
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Figure 8.7: An example of facade segmentation. a) Recti ed texture for the facade
polygon. Note that the top left and right windows are not part of the facade polygon.
b) The resulting set of BLOBs representing detected regions of similar depth.

8.1.4 BLOB Analysis

The binary segmentation obtained can be interpreted as a sebf BLOBs! that
represent potential facade features. Hopefully the deteted BLOBs include the
recessed windows and doors that are sought, but other featas may also be
present. E.g. in gure 8.6b there is a small BLOB representirg the number of
the house. In order to remove any BLOBSs that are unlikely to represent recessed
windows and doors, BLOB analysis [30] is employed. In this poject a simple
Itering is performed by discarding BLOBs with an area below some threshold,
but other factors such as compactness, circularity, aspectatio, position etc.
may be taken into account to further minimize the risk of false positives.

The nal result of facade segmentation is the set of BLOBs that are not
discarded, and these BLOBs represent regions of similar déip in the facade
which are likely to represent recessed windows and doors.

8.1.5 Evaluation

In gure 8.7, the result of applying the facade segmentation method developed
in the above sections is shown for another facade polygon.tlis seen that six
of the recessed windows in the facade are correctly identied, but the door and
the bottom four windows are not detected. The reason that sementation fails
for these features is partly that they are occluded by other éments, and partly
that they extend beyond the border of the polygon, and thus ae removed by the
ood Il during noise removal. Thus for the developed algorithm to correctly
detect windows and doors, they must be completely inside thdacade polygon
and not be occluded by other elements.

In the following the choice of the di erent parameters for the facade segmen-
tation method is discussed. Although there are lots of pos#ilities for ne-tuning
these parameters, during development a set of parameters vidh lead to good
results for the majority of data sets used in this project wasdetermined.

In section 8.1.1 a Gaussian blur is applied to the recti ed texture to remove
high frequency elements such as joints between bricks. Thenaount of blur
is determined by the standard deviation , and for the data sets used in this
project, the value = 2:2 pixels performs well. This is a trade-o between

1Binary Large OBject (BLOB).
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Figure 8.8: Di erent approaches for approximating region contours. Wi reframe ren-
dering of a recessed window with exaggerated depth is used foillustration. a) Contour
sampling. b) Polygon approximation. ¢) Minimum-area recta ngle.

smoothing to obtain similarly colored wall regions, and ke@ing enough details
to accurately determine the boundary of other facade regims.

For clustering and classi cation, which was treated in secton 8.1.2, the re-
sults are determined by the sizeS of the random sample of HSV values, and
the cuto threshold c. The value chosen forS in uences the choice ofc, and
vice versa, because e.g. decreasing the sample s&ékely increases the distance
between the sampled HSV values representing colors of the e region of the
facade. For the data sets used in this project, the valuesS = 1000 and ¢ = 0:025
were chosen. Here is expressed as Euclidean distance in the HSV color space
spanned by a unit cube, see gure 8.5a.

For classi cation of pixels in the blurred texture as either wall or not wall,
the Mahalanobis distancer from the HSV value of the pixel to the wall cluster
is used. Pixels for whichr < are classi ed as representing wall, and for the
tested data sets the value =6 performs well.

There is a potential pitfall regarding clustering and class cation based on
HSV values. In the HSV color space, the hue values are circutasee gure 8.4b,
but the clustering is performed without taking this into con sideration. Even
though this was not a problem for the data sets used, the conspience is that
hues which are only slightly di erent may end up in separate dusters. Therefore
a robust solution should take this into account.

8.2 Finding Region Contours

Each of the BLOBs resulting from facade segmentation is repesented as a sub-
set of pixels in a binary image. For re ning the coarse model,however, it is
necessary to transform the BLOBs into polygons that represat the contour of
the detected facade regions. Three approaches for approxiating the region
contours have been investigated. These are are illustratedn gure 8.8 and
analyzed in the following.

Contour Sampling For each BLOB a sequence of coordinates for the pixels
de ning the outline of the BLOB is extracted. Forming a polyg on from the
entire sequence results in a region contour with excessiwehigh resolution, and
to obtain a simpler polygon only some of the pixel coordinats are used. That
is, the polygon de ning the region contour is obtained by sanpling e.g. every
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Figure 8.9: Comparison of two approaches for nding region contours. a) Polygon
approximation. b) Minimum-area rectangle.

10" pixel coordinate in the sequence. An example of the result ahis approach
is shown in gure 8.8a.

Polygon Approximation As seen in gure 8.8a the polygon obtained from
contour sampling represents the nearly straight sides of tk region using several
vertices. By applying a polygon approximation technique sweh as the Douglas-
Peucker algorithm [52] to the sequence of coordinates, a spfer polygon is

obtained. This algorithm nds the simplest polygon that app roximates the

original within a specied tolerance. An example of employng the Douglas-
Peucker algorithm is shown in gure 8.8b.

Minimum-Area Rectangle As discussed above, the purpose of facade seg-
mentation is to identify regions representing recessed withows and doors. Based
on the observation that most windows and doors are rectangulr, an approach
that results in an even simpler region contour is to identify the oriented rect-
angle with minimum area that encloses the BLOB. An example ofusing the
minimum-area rectangle [48] for the region contour is showrin gure 8.8c.

Even though the minimum-area rectangle may not approximatethe shape
of the BLOB as closely as the alternative approaches, the rests obtained using
this approach are signi cantly better for the rectangular f acade features that are
of interest here, see gure 8.9 for a comparison. As seen in ¢ gure, the region
contours obtained using minimum-area rectangles are origed more accurately,
and they are rectangular as the real windows of the building. Therefore it
is proposed to use minimum-area rectangles for de ning the entours of the
detected facade regions.

The nal result of nding region contours is that all BLOBs fr om fecade
segmentation now are represented by their minimum-area rdangles. Each of
these oriented rectangles are described by its centroid, aangle relative to the
x-axis of the recti ed texture, and the dimensions of the rectangle. Further
evaluation of the method developed in this section postpong to section 8.3.1.

8.3 Re ning the Model

The nal step of automatic facade reconstruction is to update the model with a
re ned version of the original facade polygon in the coarsemodel. This re ned
facade has recessed regions where windows and doors haveehealetected, and
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the reconstruction is achieved by cutting the contours de ned by the oriented
rectangles from the last step out of the original facade poygon, and then insert-
ing new polygons representing the recessed parts of the fade. This process is
explained in the following.

Cutting Region Contours As mentioned in section 7.1.3, during coarse
model reconstruction it is not enforced that polygons of themodel are planar.
However, for the reconstruction method proposed here this @ndition must be
met. Therefore the outer contour polygon of the reconstruced facade is de ned
by the coplanar 3D coordinatesV; found as explained in section 7.2.4.

In order to cut out the contours de ned by the oriented rectangles, for each
of the rectangles four verticesW ; de ning the corners are needed, and these
vertices must be coplanar with the verticesV ;. Denote by the homogeneous 3-
vectorsw; the pixel coordinates of the rectangle corners in the rectied texture.
Then by applying the inverse transformation T 1, where T is the transformation
applied in (7.9), the coordinatesW; in the plane are obtained. That is

Wj =T le: (8.4)

Normalizing such that w; =[%; ¥; 1", then the 3D coordinatesW are com-
puted as
Wi = m + X uy + §juy; (8.5)

wherem is the centroid of the polygon, anduy and uy are the axes of the plane
computed as explained in sections 7.2.1 and 7.2.2 respeactiy.

In this project, the tessellation capabilities of GLUT 2 are utilized for cutting
the contours for all oriented rectangles out of the outer cotour polygon of the
reconstructed facade. The result of this process is a new ¢ade polygon, which
has rectangular holes for all detected windows and doors.

Extruding Detected Regions The last step of reconstructing the facade
is to create new polygons that represent the recessed wind@and doors, and
this is achieved using a simple extrusion. A new polygon is @ated for each of
the contours de ned by the oriented rectangles. This polygm is parallel with
the facade polygon obtained in the previous step, but it is dightly o set along
the negative direction of the plane normal, such that it represents the surface
of the recessed window or door. In this project, a prede ned et is used
for simplicity, see the discussion in the following section In addition to the
recessed polygon, four polygons representing the edges difet wall surrounding
the recessed window or door are created. Textures for the newolygons are
extracted from the input images using the same method as for plygons of the
coarse model, see section 7.2.

8.3.1 Evaluation

An example of applying the developed method for automatic feade reconstruc-
tion was shown in gure 3.4 on page 28, and in gure 8.10 anothe example of
a re ned model is shown. As is seen from both gures, the deteed regions
correctly correspond to recessed windows of the two buildigs. In the model

2The OpenGL Utility Toolkit.
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Figure 8.10: An example of a coarse model that has been re ned using the proposed
method for automatic fecade reconstruction. The user has m arked a single poly-
gon (magenta) in the coarse model, for which automatic reconstruction is performed.
a) Geometric model. b) Textured model.

of gure 8.10, however, the bottom windows and the door is notdetected, as
discussed in section 8.1.5.

As mentioned above, in this project a prede ned o set is usedfor extrusion
of the recessed regions of the facade. This o set is speci@ by the user and for
the re ned model to appear correctly, the o set must correspond to the depth
of the recessed facade regions of the building. For facadeeconstruction to be
fully automatic, however, this o set should be automatically estimated for each
of the detected regions.

Although the method for nding region contours proposed in section 8.2
performs well for rectangular facade features, the set of BROBs resulting from
facade segmentation may represent other shapes as well. Byetecting whether
a BLOB closely resembles a rectangle or not, it may be possiblto switch
between nding region contours using polygon approximation and minimum-
area rectangles to obtain good results for both rectanglesrad other polygonal
faecade features.

8.4 Conclusion

In this chapter, the last step of the proposed reconstructim method, namely
automatic fecade reconstruction, has been treated, and a ovel method for au-
tomatically re ning a coarse model by adding facade details such as recessed
windows and doors to selected polygons has been developed dection 8.1 it
was deduced that recessed windows and doors can be identi gdbm the appear-
ance of the facade, and a method for segmentation based on iage processing of
the recti ed textures obtained for facade polygons was prgosed. The result of
this segmentation is a set of BLOBs representing recessedgmns of the facade,
and in section 8.2 it was proposed to approximate the contous of these regions
by the minimum-area rectangles enclosing the BLOBs. Final, in section 8.3 a
method for re ning the facades of the coarse model, based omxtrusion of the
detected regions, was proposed. This chapter concludes thmethod part of the
report.
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Chapter 9

System Evaluation

In this part of the report, the results of testing the developed proof of con-
cept system are documented and discussed, and the overall mcusion of the
project is provided. This chapter serves as an introductionto the following
three chapters, which cover the results obtained for the thee main parts of the
system, namely recovery of structure and motion, coarse mael reconstruction,
and automatic facade reconstruction. The purpose of testng is to evaluate the
developed system with respect to the problem formulation spci ed in chapter 3.

The proof of concept system is implemented as two separate afications,
autosmand builder. The console applicationautosmimplements automatic re-
covery of structure and motion from a set of input images as doumented in
chapters 4 through 6, andbuilderimplements user assisted coarse model recon-
struction and automatic facade reconstruction based on the results fromautosm
as documented in chapters 7 and 8 respectively.

9.1 Test Data

In total 11 data sets were used for evaluating the system. Edt of the data
sets consists of an unordered set of images of a building caped from di erent
viewpoints. In gure 9.1 all images in the data set hadsundvej-aare shown as
an example. The number of images in the data sets vary from 6 td.0.

All images in the data sets have been downscaled to 1280960 pixels. This
resolution was chosen as a balance between visual quality tfie reconstructed
models, computational complexity, the number of keypointsdetected in the im-
ages, and the ability to accurately segment facade texturs. The images contain
the EXIF data that was stored with the image by the camera when capturing,
see appendix A for an example. In addition, the images have l@n corrected
for lens distortion before being supplied to the system, cf. the discussion in
section 4.1.

In the following three chapters, the results of testing the developed system
with the images of these data sets as input are documented andiscussed.
Finally, chapter 13 contains the project conclusion and pespectvies.
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Figure 9.1: All 10 images in the data set hadsundvej-a
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Chapter 10

Structure from Motion

In this chapter the results of recovering structure and motion for the data sets
are documented and discussed. The results were obtained ag autosm and
the process corresponds to the preprocessing, matching, dreclustering steps of
the proposed reconstruction method, see gure 3.1.

10.1 Results

In table 10.1 the results of the preprocessing step are shownThe table lists
the number of images in each of the data sets, and the averagaumber of key-
points detected in the images. The results of estimating thentrinsic calibration
parameters for the images were discussed in section 4.2.

The results of the matching step are shown in table 10.2. Thedtal humber
of image pairs in a data set equals the binomial coe cient 7} , where m is
the number of images in the data set. For an image pair to be cosidered
an acceptable match, the number of keypoint inliers must be aleast 100, as
discussed in section 5.3.3.

Finally, in table 10.3 the results of the clustering step for each of the data
sets are listed, and in gure 10.1 the recovered structure ad motion is shown

for four of the data sets.

10.2 Discussion

The preprocessing, matching, and clustering steps were elsated in the respec-
tive chapters, and here focus is on the overall results obtaied.

From table 10.1 it is seen that in general the number of keypaits detected
in the input images is high. The number of detected keypointsdepends on the
contents of the image, and for the images used in this projecthe high numbers
are partly due to the joints of the brick walls. However, as sen in table 10.2 the
average number of keypoint matches between images is sigmantly lower than
the number of keypoints in each of the images. As discussed isection 5.2.1,
the detected keypoints are less distinctive due to the repead patterns, and
therefore a conservative threshold has been employed for ¥point matching.
By comparing the number of keypoint matches and inliers in teble 10.2, it is
seen that the used threshold leads to few outliers.
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Data Set Images  Keypoints

bernstor sgade 10 6,204
bjoernoegade 7 5,839
hadsundvej-a 10 8,589
hadsundvej-b 8 4,758
hadsundvej-c 7 4,597
hadsundvej-d 7 4,398
oestrealle-a 9 7,300
oestrealle-b 6 9,419
oestrealle-c 6 6,333
riishoejsvej-a 8 5,518
riishoejsvej-b 7 7,827

Table 10.1: Results of preprocessing. The keypoints column lists the average number
of keypoints per image.

Data Set Matching Pairs  Keypoint Matches  Keypoint Inliers

bernstor sgade 20 (45) 440 427
bjoernoegade 10 (21) 285 250
hadsundvej-a 14 (45) 557 544
hadsundvej-b 7 (28) 200 192
hadsundvej-c 5(21) 240 229
hadsundvej-d 12 (21) 312 304
oestrealle-a 13 (36) 340 316
oestrealle-b 6 (15) 267 258
oestrealle-c 5 (15) 374 363
riishoejsvej-a 9 (28) 189 180
riishoejsvej-b 21 (21) 960 949

Table 10.2: Results of matching. The matching pairs column lists the num ber of
matching image pairs, and in parentheses the total number of image pairs. Keypoint
matches and inliers are average numbers for all matching image pairs.

Data Set Cameras Points Projections  Error

bernstor sgade 10 4,087 9,790 (2.4) 0.20
bjoernoegade 7 875 1,786 (2.0) 0.22
hadsundvej-a 10 4,426 10,196 (2.3) 0.22

870 2,180 (2.5) 0.29
3754 12,214 (3.3) 0.22

riishoejsvej-a
riishoejsvej-b

hadsundvej-b 8 821 1,752 (2.1) 0.32
hadsundvej-c 6 755 1,561 (2.1) 0.27
hadsundvej-d 7 1,690 4,103 (2.4) 0.30
oestrealle-a 9 2,238 4,989 (2.2) 0.31
oestrealle-b 6 1,091 2,279 (2.1) 0.21
oestrealle-c 6 1,397 2,993 (2.1) 0.22

7

7

Table 10.3: Results of clustering. In the projections column, the avera ge number of
projections per point is listed in parentheses. The error column lists the RMS repro-
jection error for the cluster in pixels.
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(b)

Figure 10.1:  Structure from motion results for data sets bernstor sgade, hadsundvej-d
oestrealle-a and oestrealle-c(from the top). a) Four of the input images. b) Recovered
structure and motion.
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Comparing the number of images in each data set, see table 10.with the
number of cameras in the obtained cluster, see table 10.3, iis seen that for
most data sets the clustering algorithm successfully clugrs all input images.
For hadsundvej-cand riishoejsvej-ahowever, one input image is missing in the
clusters. The maximum number of keypoint matches found for image pairs
including these images are 106 and 84 respectively, and in Bocases this leads to
less than 100 keypoint inliers as is required for the image pes to be considered
an acceptable match.

Lowering this threshold to 70 keypoint inliers, for hadsundvej-a¢he missing
image is also clustered leading to 800 points and a slightlyarger RMS repro-
jection error of 0.28 pixels. With the lower threshold the missing image is also
clustered for riishoejsvej-aleading to 754 points and a slightly smaller RMS re-
projection error of 0.28 pixels. From this it is seen how addiag an image may
in uence the number of points in the cluster. For hadsundvej-a¢he number of
points increases, while forriishoejsvej-athe number of points decreases. The
reprojection errors, however, are almost unchanged, and ts the accuracy of
the recovered structure and motion remains.

In general the RMS reprojection errors for the points in the dusters are
low, with the maximum being 0.32 pixels for hadsundvej-tas seen in table 10.3.
The level of these reprojection errors indicate that strucure and motion is
recovered accurately. A contributory factor to this is the removal of points
with reprojection errors above 2.5 pixels during optimizaton, as discussed in
section 6.5.1.

Although removing points with high reprojection errors imp roves robustness,
using a low threshold may lead to removal of points that are sen in more images.
Points that are observed in more than two images are more comniained, and
are thus likely to have higher reprojection errors. To ensue correctness, how-
ever, points that are observed in more than two images are nassary, because
otherwise errors may accumulate during clustering. The prgections column in
table 10.3 lists the average number of projections per pointn parentheses, and
the average value for all data sets is 2.3. But fobjoernoegaddhe average pro-
jections per point is only 2.0. By allowing larger reprojecion errors for this data
set, more points that are observed in more than two images maype retained.

From the results and discussion in this chapter it is conclued that the meth-
ods for preprocessing, matching, and clustering developednd implemented in
autosmare suitable for accurately recovering structure and motia for the data
sets. However, some parameters may need additional ne-tung in order to
obtain optimum results.
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Chapter 11

Coarse Model
Reconstruction

In this chapter the results of user assisted reconstructiorof coarse models for
the data sets are documented and discussed. The results weobtained using
builderas described in chapter 7, and the process corresponds to tkearse model
reconstruction step of the proposed reconstruction methodsee gure 3.1.

The purpose of the tests leading to the results covered in tig and the previ-
ous chapter, is to evaluate the developed system regardinghe rst part of the
problem formulation. Speci cally, the developed system isevaluated with re-
spect to reconstruction of textured polygon mesh models ofeal world buildings
from unordered sets of images. In this chapter the focus is othe user assisted
model reconstruction part.

11.1 Results

For each of the data sets a coarse model was reconstructed ngibuilder, based
on the structure and motion results treated in the previous dapter. In ta-
ble 11.1 statistics for each of the coarse models are listednd in gure 11.1 the
reconstructed models are shown for six of the data sets. In atition, the coarse
models for data setshadsundvej-aand bernstor sgadewere shown in gure 3.3
and 7.9 respectively.

11.2 Discussion

The coarse model reconstruction step consists of two main p&s, namely user
assisted model reconstruction and texture extraction. Boh of these were eval-
uated in chapter 7, and in the following focus is on the overdlresults obtained.

As seen from gure 11.1, the reconstructed coarse models csist of polygons
representing large planar surfaces of the buildings. The s completely decides
the level of detail, and here a minimalistic approach has beeused. More details
such as eaves and gutters on the roof could be added to enhanoealism, but
to bene t from automatic fecade reconstruction the coarse models should still
represent facades using few large polygons.
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Chapter 11. Coarse Model Reconstruction

Data Set Locators  Polygons

bernstor sgade 22 12
bjoernoegade 8 3
hadsundvej-a 20 9
hadsundvej-b 20 13
hadsundvej-c 15 7
hadsundvej-d 7 2
oestrealle-a 33 21
oestrealle-b 8 3
oestrealle-c 11 4
riishoejsvej-a 9 2
riishoejsvej-b 10 4

Table 11.1: Statistics for the reconstructed coarse models.

The coarse models reconstructed for the data sets are not cqufete models
of the buildings, e.g. the backs of the buildings are not modied. The reason is
that no images of the buildings from these viewpoints were gatured for the data
sets, because the primary focus of this project regarding nael reconstruction
is automatic re nement of facades. With images covering a whole building and
properly recovered structure and motion, however, it shoutl be possible to fully
reconstruct a building using the implemented method. As illustrated by the
missing roof forriishoejsvej-an gure 11.1, it may be di cult to capture images
of some parts of a building though.

For the models shown in gure 11.1, re ned textures were sucessfully ex-
tracted for all polygons. However, for some polygons in a cqule of models
no suitable input images could be found. Capturing additioral images of the
building for problematic areas is a solution to this problem

Occlusions from other parts of the building in the images thd lead to arti-
facts in textures for some polygons were discussed in sectio/.2.6. Often oc-
clusions from non-modeled features are also present in thextures for a model,
and the tree, which occludes the facade and roof of the builthg in oestrealle-b
in gure 11.1, is a good example. In addition to the solutionsproposed in sec-
tion 7.2.6, letting the user manually select the image to usemay be a solution
to this problem.

Finally, the quality of the recti ed textures that are extra cted is limited
by the available input images. The best quality is obtained brm images that
view the polygon at a right angle, and quality decreases withthe amount of
perspective distortion that must be corrected during recti cation.

Based on the results and discussion in this chapter it is coladed that the
method for coarse model reconstruction developed and impheented in builder
can be used for reconstructing textured polygon mesh modelsf real world
buildings.
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11.2. Discussion

(a) (b)

Figure 11.1: Results of coarse model reconstruction for data sets bjoernoegade
oestrealle-a oestrealle-h oestrealle-¢ riishoejsvej-a and hadsundvej-c(from the top).
a) Geometric model. b) Textured model. ¢) Geometric model ov erlaid on image.
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Chapter 12

Automatic Fecade
Reconstruction

In this chapter the results of automatic facade reconstrudion for the data sets
are documented and discussed. The results were obtained uagj builder, and the
process corresponds to the last step of the proposed reconsttion method, see
gure 3.1.

The purpose of the tests leading to the results covered in thd chapter, is to
evaluate the developed system regarding the last part of theoroblem formula-
tion. Speci cally, the developed system is evaluated with espect to automating
the process of adding fecade details to the models.

12.1 Results

For testing automatic facade reconstruction, in each of the reconstructed coarse
models presented in the previous chapter, a subset of polygs were marked as
facades for which to perform automatic re nement. In table 12.1 the number
of marked facade polygons and results of the performed faade reconstruction
is listed for each of the data sets.

The table lists the number of correctly detected facade fedures, i.e. recessed
windows and doors, and the ground truth for the building. As discussed in
section 8.1.5, the developed algorithm is only able to detdavindows and doors
that are completely inside the facade polygon, and therefoe only those features
are included in the ground truth value. The cases where incaect features were
detected are treated in the following discussion.

In gure 12.1 the results of automatic facade reconstruction for the coarse
models are shown for six of the data sets. In addition, re nedmodels for data
sets hadsundvej-aand bernstor sgadewere shown in gure 3.4 and 8.10 respec-
tively.

12.2 Discussion

The automatic fecade reconstruction step was evaluated inchapter 8, and in
the following focus is on the overall results obtained.

109



Chapter 12. Automatic Fecade Reconstruction

Data Set Faade Polygons Detected Features  Ground Truth

bernstor sgade 1 6 6
bjoernoegade 1 63 82
hadsundvej-a 2 8 8
hadsundvej-b 1 2 2
hadsundvej-c 4 6 7
hadsundvej-d 1 18 21
oestrealle-a 2 12 12
oestrealle-b 1 11 17
oestrealle-c 1 8 8
riishoejsvej-a 2 24 36
riishoejsvej-b 1 8 8

Table 12.1: Results of automatic facade reconstruction. The detected features col-
umn lists the number of correctly detected features, and the ground truth column lists
the true number of features completely inside the facades of the building.

From table 12.1 it is seen that for 6 of the 11 data sets, the nurber of
correctly detected facade features equals the ground truh. For the remaining
data sets, the percentage of correctly detected features Isetween 65% and 86%,
and for all data sets on average 89% of the ground truth featues were correctly
detected. This is supported by gure 12.1, in which it is seenthat in general
most features are correctly detected.

In most of the cases where not all features are detected, this due to occlu-
sions. Two examples of this are the trees present ibhjoernoegadand oestrealle-b
in gure 12.1, and in these cases the ideas previously prestad for avoiding oc-
clusions in the extracted textures likely also solve the prblem of undetected
fecade features.

As discussed in section 8.1.5, the problem of undetected faaes is preva-
lent near the border of facade polygons, and examples of tlsi are the missing
windows in the two bottom facade polygons of hadsundvej-c see gure 12.1.
These windows touch the polygon border, and are thus discaredd by the ood
Il during noise removal in facade segmentation. This is also the reason that
no doors were detected in any of the data sets, as all doors exttd beyond the
polygon borders. Properly detecting and handling this situation could improve
performance of automatic facade reconstruction.

For two of the data sets, false positives were detected durig automatic
facade reconstruction. The worst case is the right facadepolygon ofriishoejsvej-a
shown in gure 12.1. For that particular polygon, 11 false positives were de-
tected and no correct features were found. Itis deemed thathe similarity of col-
ors in this facade causes segmentation to fail. The other dia set is oestrealle-a
where the canopy over the door to the right is incorrectly detected as a recessed
facade feature.

As most of the images in the data sets capture the buildings ghtly from
below, textures are missing for many of the polygons represging the bottom
edges of recessed windows. This problem can be solved by caphg images
from more viewpoints if possible, or by manually texturing problematic areas.

In section 2.3.2 of the problem analysis, it was discussed #t adding facade
details such as recessed windows and doors to a reconstrudtenodel makes it
look more realistic. This was illustrated in gure 2.9 by thr ee images of a window
captured from di erent viewpoints. To evaluate whether the developed method
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12.2. Discussion

Figure 12.1: Results of automatic facade reconstruction for data sets bjoernoegade
oestrealle-a oestrealle-h oestrealle-¢ riishoejsvej-a and hadsundvej-c(from the top).

Polygons marked as facades are shown in magenta. a) Geometic model. b) Textured

model. ¢) Geometric model overlaid on image.
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Chapter 12. Automatic Fecade Reconstruction

@) (b) (©

Figure 12.2: Three views of a reconstructed window in bernstor sgade. The window
appears at in the coarse model (top), but in the automatical ly re ned model (bottom),
the recessed window appears correctly with the edges of the vindow frame properly
hidden behind the wall in (a) and (c).

for automatic facade reconstruction actually leads to more realistic models, in
gure 12.2 the same window is shown for both the reconstructd coarse model
and the automatically re ned model. Comparing this gure wi th the real images
shown in gure 2.9, it is clear that automatic facade reconstruction makes the
model look more realistic.

During model re nement, a user de ned depth is used for extruding the
recessed regions of the facade. As discussed in section 8.3this depth must
correspond to the true depth of the recessed regions of the ldding in order for
the model to appear correctly. In the comparison above, the arrect depth was
used for the re ned model in gure 12.2. However, in order to fully automate
facade reconstruction, a method for estimating the depth d recessed regions
is needed. Observing that the re ned model in gure 12.2 looks more like the
captured images in gure 2.9 than the coarse model does, an & for how depths
could be automatically estimated is to search for the depth vhich makes the
re ned model appear most like the input images.

Based on the results and discussion in this chapter it is coruded that
the method for automatic facade reconstruction developedand implemented in
builder does provide a way to automate the process of adding fecadeetails to
reconstructed models. The method fails to detect facade fatures at the border
of polygons and in presence of occlusions, but in general mo®cessed windows
are successfully detected and reconstructed.
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Chapter 13

Conclusion

In this project the problem of reconstructing 3D models of real world buildings
from unordered sets of images has been treated. The motivain for the project
is that potentially real estate marketing can be improved by providing interac-
tive visualizations, e.g. on a website, of properties for da. In order to achieve
this, however, simpler methods for 3D reconstruction are neded.

Based on the problem analysis in chapter 2, in which di erentmethods for
reconstruction were analyzed, it was deduced that using phimgrammetry in
combination with user assisted reconstruction was the besthoice. In existing
methods using this approach, the user spends most of the timadding facade
details such as recessed windows and doors to the reconstted model, and
therefore it was decided to investigate how such details cdd be automatically
added. In chapter 3 this led to the problem formulation of the project, which
is repeated here:

Using photogrammetry and user assisted model reconstrucin, how
is a system for reconstructing a textured polygon mesh modef a real
world building from an unordered set of images developed, drhow
can the process of adding facade details to the model be amated?

In order to answer this question, an overall system conceptritroducing the steps
of the proposed reconstruction method was developed, and irgure 13.1 the
overview of these steps is shown again. In this project all e steps of the pro-
posed reconstruction method have been treated, and a prooff@oncept system
covering the whole reconstruction process has been desighand implemented.
The primary purpose of the developed system is to demonstrat the feasibility
of the proposed reconstruction method, and to investigate bw existing meth-
ods can be improved, in particular with respect to automatic reconstruction of
faecade detalils.

From the results and discussion in chapters 10 through 12 itd concluded
that using the developed system it is indeed possible to reewtruct textured
polygon mesh models of real world buildings from unordered ets of images.
Additionally, the novel method for automatic facade reconstruction that has
been developed, provides an e ective way to automate the proess of adding
facade details to the models. In the following various aspets of the project are
discussed further.
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Chapter 13. Conclusion

Input Images

Matching
Clustering
User Input
3 Coarse Model
Reconstruction
Textured Mesh

v

Automatic Facade 3
Reconstruction

Estimated Structure
and Motion

Figure 13.1: Overview of the steps in the proposed reconstruction method which are
all implemented in the developed proof of concept system.

13.1 Discussion

The proposed method for automatic facade reconstruction § the primary contri-
bution in the project, and from the obtained results it is clear that it provides
a simple and e ective method for adding recessed windows toectonstructed
coarse models. In the discussion of the results it was conaed that the realism
of the models in fact was increased by the automatic reconstrction of recessed
windows. However, some work remains for the method to be fuji automatic.
In particular the depth of recessed regions should be autont&ally determined,
and an idea was proposed in the discussion.

Another interesting aspect of the developed method is that i may be pos-
sible to use it for reconstructing other types of building features, which can
be detected from their appearance. For instance roof windog;, which typically
protrude from the roof, could be reconstructed automaticaly with only small
parameter adjustments.

Based on the results, it is deemed that the developed methodsiable to detect
and reconstruct recessed windows of most buildings similato the ones tested.
The method is based on some basic assumptions about facades.g. that the
walls are similarly colored and that windows are rectangula, and when these
are satis ed, the developed method leads to a reduction of te time spent during
model re nement compared to other user assisted reconstriimn methods. Even
if not all windows of a facade are detected, the method may stl speed up the
reconstruction process. An idea for further development isthat the detected
windows may be used for interactively guiding the user to mamally place any
remaining windows.

In the above discussion it is argued that the developed methd for automatic
facade reconstruction reduces the level of user interactin during re nement of
the reconstructed model. In this project a simple approach b user assisted
reconstruction of the coarse model has been taken, howeveAn overall better
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13.2. Perspectives

solution for reconstruction would be to use e.g. the method fom [38] for user
assisted reconstruction of a coarse model, and then apply thdeveloped method
for automatic facade reconstruction to selected polygonsof the model.

The overall outcome of this project is gained experience wit 3D reconstruc-
tion of buildings from images. The developed proof of concepsystem has proved
useful for reconstructing textured polygon mesh models ofeal world buildings,
and it is believed that the developed method for automatic faade reconstruc-
tion leads to an improvement compared to existing reconstration methods, as
it reduces the time spent on model re nement.

13.2 Perspectives

As mentioned in the problem analysis, the ultimate goal regading 3D recon-
struction of buildings is a system allowing any real estate gent to easily recon-
struct 3D models of buildings for interactive visualization. As is the case for
existing reconstruction methods, the proof of concept sysgm developed in this
project is far from reaching this goal.

In particular substantial work on the user interface and the general ow of
the reconstruction process is necessary. Additionally, Its of parameters in the
system may need adjustments to work in other scenarios, andat achieve a truly
easy to use system, these parameters must be determined aumatically. The
issues presented here are potential areas for further rese.

The general problem of 3D reconstruction from images is an ieresting sub-
ject, and it is the hope that this project can contribute to th e further develop-
ment of this eld.
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Appendix A

Exchangeable Image File

Format (EXIF)

EXIF is a standard for storing metadata in images les, and it is most com-
monly used in image les using JPEG compression. The formatsg part of the
Design rule for Camera File system (DCF) standard created byJEITA to en-

courage interoperability between imaging devices [45]. Wén capturing images,
most digital cameras store additional information using EXIF, and the stored
information includes camera settings such as aperture, shter speed, and focal

length.

Below follows the output of the program jhead which supports listing and
modi cation of EXIF data in image les, for an image in one of t he data sets

used in this project.

File name : hadsundvej-a0.jpg
File size 1 306629 bytes
File date 1 2010:05:14 19:15:53

Camera make : OLYMPUS IMAGING CORP.

Camera model : E-520

Date/Time 1 2010:02:12 12:24:09
Resolution 1 1280 x 960
Flash used : No (auto)

Focal length : 14.0mm
Exposure time: 0.017 s (1/60)
Aperture : f/10.0

ISO equiv. : 100
Whitebalance : Auto

Metering Mode: matrix

Exposure : aperture priority (semi-auto)
======= |PTC data: =======

Record vers. : 19990

Caption : OLYMPUS DIGITAL CAMERA
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Appendix B

Least-Squares Solution of
Homogeneous Equations

A problem frequently occurring in this project is that of solving a set of ho-
mogeneous equations in the least-squares sense. That is\8of a system of
equations on the form Ax = 0, where A'is anm n matrix. If x is a solution
to the set of equations, so iskx for any scalark. The trivial solution x = 0 is
not of interest, and therefore the additional constraint that jjxjj = 1 is added.
An exact solution to such system of equations exists only if he matrix is
rank de cient, i.e. rank(A) < n, which is generally not the case. Therefore the
least-squares solution is sought, and the problem may be stad as follows:

Givenanm nmatrix Awith m n, nd x which minimizes jjAxjj
subject to jjxjj = 1.

This problem can be solved using Singular Value Decompositn (SVD), and
the method is described in [23].

The SVD of matrix A is the factorization A = UDV T, where U and V are
orthogonal matrices, and D is a diagonal matrix with non-negative entries. The
factorization is normally carried out such that the diagonal entries of D are in
descending order. In most applications, the matrix A has at kast the same
number of rows as columns, i.em n. In this case U is anm n matrix with
orthogonal columns, D is ann n diagonal matrix, and Visan n n orthogonal
matrix. Additionally U has the norm-preserving property th at jjUxjj = jjxjj.

Returning to the above problem, let A= UDV T. The problem now involves
minimizing jjUDV " xjj. Observe thatjjuDV "xjj = jjDV "xjj, andjjxjj = jjVTxjj.
Hence the problem is to minimizejjDV Txjj subject to the condition jjVTxjj = 1.
Now by writing y = V Tx, the problem reduces to minimizing jjDyjj subject
to jjyjj = 1. As D is a diagonal matrix with its entries in descending order,
it immdeiately follows that the solution to this problem is y = [0;0;:::;1] .
Finally, x = Vy is simply the last column of V. That is, the solution to the
problem stated above is as follows:

The x, which minimizes jjAxjj subject to jjxjj = 1, is the last column
of V, where A=UDV T is the SVD of A.
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