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Automatic modeling 3D urban scenes through a
single image

Student : Chien-Wen Chu Advisor : Prof. I-Chen Lin

Institute of Multimedia Engineering

National Chiao Tung University

Abstract

This paper presents an automatic method for extraction of building facades from a
single street view image. These facades can be used to reconstruct a primitive 3D street scene
from the image. The extraction process involves our voting- based vanishing points prediction
method and automatic line segment detection. The estimated vanishing points in the image are
used to group line segments. We extract individual building facades and use perspective
inpainting to remove the obstacles in front of the buildings. The orientation of each building

facade is automatically evaluated for 3D scene reconstruction.

Keyword : vanishing point detection , facade extraction , image-based modeling
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Chapter 1

Introduction

1.1 Motivation

When we take a picture in a city scene, the image consist of several geometric classes,
such as sky, buildings, streets, people and cars. It’s trivial for human to recognize each
component at a quick glance, but it’s a very challenging task for computer. We try to

decompose such complex scene into rough geometric classes.

Modern computer vision techniques can help to recover many useful information
about the image: find lines and contour, segment the image , detect objects and much more.
However, those information only provide low-level features about the image, we are still lack
of global understanding of the whole image. If we want to distinguish each component and
label them into different geometric classes, we need to connect various pieces of information

and develop higher-order features for reasoning about the scene and its contents.

In man-made environments, people perceive and infer the spatial relations among
different objects by observing the geometric structures in the scene. Plenty of objects can

provide spatial information in the urban scenes, such as roads, streets and buildings,
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especially rectilinear architectures. The surface planes surrounding a building and structural
edges of architecture can establish strong spatial relations and geometry about the scene.
Therefore, exploiting the observation of the architecture can help us to extract more cues in

the urban environment.

In this thesis, we propose an automatic method for extraction of individual building
facades using vanishing points prediction. We use the vanishing points in the image to guide
the extraction process. The vanishing points are obtained from our voting-based vanishing
points prediction method , which has stable results from a single image. Our approach utilizes
the strong feature lines in architecture and their relation with the vanishing points in the image.
Either horizontal or vertical lines of architectures describe reliable information of 3D scene
orientation. Therefore, with the vanishing points we can accelerate the process of selecting

useful information for facade extraction .

We use perspective inpainting to remove the obstacles in front of the building facades
to refine the extraction result. The bounding polygon of each building facade is obtained and
used as 3D spatial information to guide the perspective inpainting process. Our goal is to
recognize geometric classes in the image and distinguish the building facade from obstacle
regions blocking the buildings. We try to recover a simple 3D building and street model from

the image, removing all the obstacle in front of buildings.

The main insight of this paper is that we evaluate vanishing points of a scene to
recover the 3D orientation of architecture and extract individual buildings facades. We
progressively recover structural knowledge of the image and remove unwanted objects using
perspective inpainting. We present the system overview in the next chapter to explain how our

framework works. In the third and the forth chapter, we elaborate our method and explain the
2



reason for choosing such methods. Finally, we demonstrate our experiments and discuss the

results.

1.2 Overview

We present our system overview and explain how each part functions. We focus on
outdoor architecture scenes. There are four stages in our system: Preprocessing stage, polygon
extraction stage, polygon refinement stage and inpainting stage. With these stages, our
approach progressively extracts building facades and refines the result. Also, we obtain their
bounding polygons of each facade to guide the perspective inpainting after automatic
obstacles removing.

First, in the preprocessing stage, we employ the Hough transformation to detect the
features line of the buildings in the image. The result feature lines are utilized in our vanishing
point prediction method. We can choose to enhance the result of Hough transformation or not
in this stage.

In the polygon extraction stage, we predict vanishing points from the result of Hough
transformation with a voting-based scheme, we obtain stable major vanishing points
candidates. Users can manually choose desired vanishing points and remove unwanted
vanishing points. After vanishing points is obtained ,we use line segment detection to
detection the feature line segments in the image and group line segments according to their
relation with vanishing points. Grouped line segments can be further used to refer where the
vertical corner line of building is. The vertical corner line can provide extra information about
where the corner of building might be and where to separate different building fagades. A
preliminary polygon is used to represent the approximation area of building facade and

extracted by using the vanishing points and the feature lines of building.

The mean-shift segmentation is used to segment the input image into several different

3



regions in with pixels are similarity inside a region. In the polygon refinement stage, we use
the segmentation result to find the possible sky region and remove it. Otherwise, we can use

Grab cut algorithm to improve the result of removing sky region. We use the preliminary
polygon information and remaining non-sky region to find more accurate building facade
information. Modify the preliminary polygon into more accurate bounding polygon of the

building fagade .

Finally, in the inpainting stage we detect the possible obstacle regions and use the
Gaussian mixture model (GMM) to classify the image to find more accurate obstacles. Then,
after remove the obstacle regions the perspective inpainting method is employed to inpaint the
removed regions to provide convincing street result. The perspective inpainting require a 3D
orientation of the inpainted plane, which 'is the bounding polygon ,to guide the inpaint
process.More details of perspective inpaintin will be metioned in later chapter.Figure 1.1

shows the system overview of our system.
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Figure 1.1 The system overview of our system
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Chapter 2

Related Work

This thesis relates to vanishing point estimation and image-based rendering methods.
The problem of vanishing point estimation has been extensively studied in the past decades.
There are a number of approaches that detect vanishing point in different contexts and for
various applications. Modeling 3D architectural units from the urban images attracts more and
more attention in recent years. Thus later in this chapter we will introduce the previous works

related to both fields.

The importance and usefulness of vanishing point extraction has been demonstrated in
various fields. Vanishing point detection is widely exploited in the field of robotic navigation ,
road detection [KAPQ9] , calibration of camera [CAP 90] , pose estimation [KZ02] and 3D
scene reconstruction [SKF06 ,SSS08]. The vanishing points estimation methods can be
roughly divided into two categories. The first category requires prior information about the
internal parameters of camera and based on certain assumptions. The other category does not

need priori information and can operate in an uncalibrated environment.

In the first category, one of the most commonly used methods is the Gaussian Sphere.

Originally, Barnard developed the Gaussian Sphere method in 1983 [Barn 83]. The Gaussian
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Sphere is a unit sphere used for representation where the centers of the Gaussian Sphere is
located on the optical center of the camera. As shown in Figure 2.1, a line segment in the
image can be represented as a circle on the Gaussian sphere and a point on the Gaussian
sphere corresponds to a vanishing point in the image. This approach enhanced in the later
work by Almansa et al. [ADV03]. The authors proposed a method for vanishing points

detection that combines Gaussian sphere and Hough transform.

Image plane

two parallel

1 —7 hne segments

infinite

vanishing

point
great circles of -

the two line t—_ =T
segements \ // \
|\[ optical centre '\

great circle of

/
/ all infinite
vanishing points

Figure 2.1 The Gaussian sphere

In more recently techniques by Coughlan and Yuille [COU 99] [COUOQ3], the authors
introduced a Bayesian approach to edge grouping under the Manhattan assumptions that
support the existence of three mutually orthogonal vanishing directions in the scene. Under
this assumption, the expectation maximization (EM) method is later proposed in [SD04] to
estimate the vanishing directions. The method considered the intensity gradients of the pixel
unit in the image and searched over the continuous parameters that affect the location of
vanishing points in a scene and optimize over multiple groups of orthogonal vanishing

directions. Those algorithms above require the knowledge of internal parameters.



The other category does not assume knowledge of internal parameters or any priori
assumption. Most vanishing point detection methods require edge grouping to further deduce
vanishing directions. Kosecka et al. [KZ02] extended the work of Antone and Teller [ANTO00]
and employ vanishing points estimation in uncalibrated setting have been successfully
demonstrated. Aguilera et al. [ALCO05] suggested an approach which combines RANSAC and
Gaussian sphere method to detect vanishing points and vanishing directions. Rother [ROTO02]
proposed a method to obtain camera geometry by deducing from vanishing points of three
orthogonal directions and rejecting falsely detected vanishing points. However, most of the
previous techniques in determining the vanishing point in single image or multiple images

requires prior information and were computationally expensive.

Our vanishing point detection method estimates the vanishing points by exploiting the
dominant structure features in the scene. In man-made environments, the majority of structure
lines will align with the orthogonal vanishing directions. Thus we utilize this observation to
estimate and detect vanishing points , which can further provide valid geometry constrain of
the building fagade and its orientation information. Our approach is efficient to implement

and needs no camera calibration information to assist the estimation process.

Modeling 3D architectural units from the urban images attracts more and more
attention in recent years. In image-based modeling, image parsing and building facade
extraction are crucial. Muller et al. [MZWO07] took a single fagade image as input image to
automatically compute a 3D geometric model. Their algorithm performs a procedural
modeling pipeline to top-down subdivides a facade texture into elements and use image
analysis to make correspond with the input image. Most of the existing image-based modeling
methods require multiple views as the input images. Xiao et al. [XFZ09] proposed an

automatic approach to generate street-side 3D models from images captured along the streets
8



at ground level. They utilize the strong priors of building regularity to develop multi-view
semantic segmentation method and labeling each area with a specific object class. A partition
scheme is then introduced to separate buildings into independent blocks using the major line
structures of the scene. Zhao. et al.[ZFX10] utilized a sequence of images as input and parse
the environment into building ,the ground and the sky by fitting the 3D point cloud to the
building plane and ground plane with RANSAC method. They develop a dynamic
programming algorithm to optimization the separation of the building region into individual

facades.

Other approaches exploit the information from a single image to recover the 3d
structure in the scene. Hoiem et al. [HAHO5] demonstrated an automatic method for creating
a 3D model from a single image. The authors utilize the idea of pop-up book to construct
simple model. The system recovered the geometric classes of the scene by defining their
orientations labels each region of an outdoor image as ground, vertical, or sky. Line segments
fitted to the ground-vertical boundary in the image and an estimate of the horizon's position
provide the necessary information to determine where to “cut" and "fold" in the image. The
model is then popped up, and the image is texture mapped onto the model. As shown in

Figure 2.2

Figure 2.2 3D model from a single image by [HAHO5]

Figure 2.2 Left : original input image ; Right : views from an automatically
generated 3D model



Our system requires a single urban image as input. We don’t require a sequence of
input images to obtain 3D point cloud and reconstruct the building shape and fitting plane.
Our method takes a pure 2D approach to estimate the perspective in the scene and the
orientation of building fagades by using estimated vanishing points. Our system have applied
to automatically remove foreground obstacle that blocks the view in front of building facades
and repair the removed empty regions with perspective inpainting .We use the inpainting

result of the building facade to reconstruct the scene in the input image.
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Chapter 3

Preprocessing and Polygon Extraction

In the preprocessing stage, the Hough transformation [DOH72] is employed to extract
the feature lines of architectures in input images. Users can choose whether they would like to
enhance the Hough transform procedure. Next, in the polygon extraction stage, we apply our
voting-based vanishing point prediction method to estimate the vanishing points. Our
prediction method finds a set of locations (pixels), called vanishing point candidates, which
have high probabilities to be vanishing points in the input image. The vanishing point
candidates are obtained with the highest voting scores in our predicting model. Users can
manually specify the desired number of candidates and remove unwanted candidates. Once
vanishing points are obtained from the input image, they offer valid information in the later

polygon extraction process.

3.1 Preprocessing

Hough transform

First we use the Canny edge detection [CAN86] to obtain image pixels on the edges of
the buildings. We want to group the extracted edge features to a set of straight lines. Thus, we

apply the Hough transform on the edge pixels to obtain the main feature lines in the buildings.
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In computer vision, the Hough transform is a voting procedure used to extract features
from an input image by a voting procedure. It transforms the input image to an accumulator
space and carries out voting procedure in the accumulator space. The Hough transform are
commonly used to detect straight lines and arbitrary shapes in images, such as circles or

ellipses. Here we utilize its ability to extract lines in an image.

In the Hough transform, a line in the image space can be represented as a point in the
accumulator space. In the image space, the straight line can be described as y=mx+b .m
stands for the slope parameter and b is the intercept parameter. For a line in the Hough
transform, the line is denoted as a point (y,8) in the accumulator space. As shown in Figure
3.1.y is the length of a normal from the origin to the line and 6 is the orientation of with
respect to the X-axis. A point passed by different lines in image space can be mapped onto
several points in accumulator space. If two points in the image space are passed by a line, they
will pass through a common point in accumulator space. The voting procedure is then carried
out to find the most intersected points in the accumulator space, indicating the main common

lines that pass through the largest quantity of points in the input image.

/ / / 100
N TOAD e TS
|/ By TSN ‘ XA w G0 \
- ) ! e / ) L/\ 2! 2 \\
P Angle | Dist. Angle | Dist. Angic [ Dist. A20 W\
‘ . . 0 ~ Y
/ 9 ” = x i : 7300 30 _gmglgeo 1&\&?0
\ £ 90 ) 60 30 S0
o ! (a) 150 04 150 -19.5 150 -396 | —40 \
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Figure 3.1 Hough transform (a) The normal parameters for a line
(b) Projection of collinear points onto lines (c) All possible lines in the accumulator
space
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Here we use Hough transform to detect the main feature lines of the buildings. Parallel
lines are common in architectural scenes containing man-made structures. Thus, the feature
lines become an important and major feature to describe geometry of the architecture. We
assume that rectangular buildings are built on the ground, and the fagades of the buildings are
perpendicular to the ground plane. The parallel lines on the same building facade will
converge at the vanishing point in an image after perspective projection. Therefore, the
feature lines of a building are most likely in correspondence with the vanishing lines and

intersect in the vanishing points.

Enhancement for Hough transform

We make use of the Harris corner detection [HAR88] to optionally enhance the Hough
transform result. Since the detected corner points in the image are mostly to lie on the edges
of the buildings, emphasizing corner points will enhance the weight of collinear points on the
edge of building in Hough transformation. Thus the enhance method results in better and

strong main structure lines in the buildings after Hough transformation.

3.2 Polygon Extraction

Vanishing points prediction

Local image features have been shown to be a powerful tool for further inference of
the context in an image, such as vanishing points and vanishing lines. Under perspective
projection, parallel lines in 3D world appear to converge at a point in the image called

vanishing point (VP). Lines that meet at the vanishing points is considered to be vanishing
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Vertical
vanishing point

Vanishing
lines

Vanishing point Vanishing point

Figure 3.2 A example of vanishing points and vanishing lines

lines (VL). We assume that there are several horizontal vanishing points in the scene. Since
we assume that the vertical structure lines of the architecture are perpendicular to the ground
plane, only one vertical vanishing point exists in the scene. The horizontal vanishing lines
converge at horizontal vanishing points and the vertical vanishing lines intersect at the vertical
vanishing point. The example of vanishing points and vanishing direction is shown in Figure

3.2.

Since the main structural feature lines of the building are likely in correspondence
with the vanishing lines, we can utilize this character to find vanishing points in the image.
(See Figure 3.2.)To estimate the possible location where the vanishing points are, a
voting-based prediction method is adopted as well. First, we divide the feature lines detected
by Hough transform into horizontal line group and vertical line group according to their
orientation. Then, we utilize these two line groups of structure features to estimate the

horizontal vanishing points and the vertical vanishing point.
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We formulate a probability model for predicting the potential location vp as a
vanishing point in the image I. The objective is to learn this model from a set of possible
vanishing lines from the Hough transform. The feature lines extracted by the Hough transform
are used to subsequently cast probabilistic votes for possible vanishing point locations, where
the hypothesis score is obtained as a sum over all votes. We define a score function V of the
voting procedure as a probability density over the vanishing points location vp = (X, y) in the

image | :

Pop |I) x V= Ysep P(f | 1) (3-1)

where FL is a set of features lines. P(f | I) is a functions specifies if a feature line f is found

in the image |, which then votes for the vanishing point location vp by P(vp | I).

VANISHING POINT PREDICTION SCHEME

1. Extract main structural feature lines of architecture by Hough
transformation.

2. Structural feature lines cast probabilistic votes for possible vanishing point
locations by sum over score function of each lines.

3. Pixel x on feature lines votes using a single asymmetric Gaussian kernel to
propagate weight effect around x .

4. Apply local minimum suppression on the predicted probability model in the
voting space.

5. Search for a strong vanishing point candidate with local maximum score in
a region.

6. Select the N vanishing point candidates with top score in the model,

N is user-specified

Table 3.1 Vanishing point prediction scheme

15



We compute the voting score of every point that feature line passes through :

P(f 1D = Zxer Px11) (3-2)

x is the point on the feature line f. We propagate the voting effect around x with a single

asymmetric Gaussian kernel.

By analyzing this voting space, we can identify the peaks to find possible vanishing
point candidates. The number of vanishing point candidates can be manual assign.
Non-maximum suppression is used to find a strong vanishing point candidate with local
maximum score in a region. The vanishing point prediction method is briefly described in

Table I.

Our vanishing point prediction method is focus on single images. There is no 3D
information about the image required, such as the camera position and camera parameters.
It is not an iterative approach, thus the computation complexity is low. We employ an
efficient voting procedure to find the stable vanishing points. Those vanishing point candidate
found in a single image is quite stable and accurate. We can use the result to find where the
main vanishing points are located and utilize it as a powerful cue in subsequent process.
It takes very little user intervention for people to correctly infer the locations of vanishing
points in a image. Thus, we can also optionally remove unwanted vanishing points from our

vanishing point candidates to improve the result.

Line Segment Detection

16



With the main feature lines of the building and predicted vanishing points, we only
have preliminary information about the architecture in the image. We still need more cues to
infer the structure about the buildings. A line segment detection method [GIMR10] is

employed to extract detail line segments that describe the structure of the building.

=== Belong to vertical VP
=== Belong to predictedVPs
«=== Belong to otherVPs

Vertical Corner Line Hypothesis (VCLH)

Figure 3.3 The orientation label of line segments in the scene and the Vertical

Corner Line Hypothesis

We group these line segments into three groups according to their relation with the
vanishing points. There are line segments vanishing at vertical vanishing point, at main
vanishing points and other case. Different labels are attached to each line segment , indicating
different group that it belongs. These groups of line segments are utilized to infer the Vertical
Corner Line Hypothesis (VCLH) of the building structure. A example of orientation label of

line segments in the scene and the Vertical Corner Line Hypothesis is shown in Figure 3.3.

Vertical Corner Line Hypothesis (VCLH) is a concept that inspired by the paper
“Estimating Camera Pose from a Single Urban Ground-View Omnidirectional Image and a

2D Building Outline Map” [CCTPC10]. A Vertical Corner Line Hypothesis is a line in image
17



that indicates a vertical corner edge of the buildings might be. We utilize the line segments
that vanishing in accordance with vertical vanishing points to find a set of VLCH. This is
done by solving a least square problem of finding a line passes some vertical collinear line
segments.

Beside the vertical feature lines of building obtain by Hough transform, we also
estimate extra VCLHs from two groups by using line segments with orientation labels:
Group(1) Collinearity with 1 or more vertical aligned line segments and group(2) Collinearity
with end points of some line segments sharing a common horizontal vanishing point.For
group(1), we search for sets of line segments that have vertical orientation label and check
their collinearity with each other in each line segment set. If a set of vertical line segments is
over a number of threshold and collinear, we find the best-fitting line for all the endpoints in
the set by least square solution. This best-fitting line is a possible VCLH in the image. For
group(2), we utilize the line segments-which are labeled with different horizontal orientation
labels to find other possible VCLHs in the image. By checking the collinearity of the
endpoints in different labeled line segments, we can find several sets of endpoint are collinear.
Those collinear endpoints are used to find a best-fitting line through them and obtain possible

VCLH.

Preliminary Polygon Extraction

After the vanishing point candidates are obtained, we apply those vanishing points in
preliminary polygon extraction. A preliminary polygon is a region that contains approximate
facades of the building, and its orientation satisfies the vanishing direction with vanishing
points. The preliminary polygon is just an intermediate result of extraction process, and it still

requires a refinement process to complete the final facade extraction result.

18



The vanishing point candidates are used to judge whether a feature line is a valid
vanishing line according to its orientation, i.e. this line passes through the vanishing point
candidates and their nearby regions. We choose the upper most and the lower most valid
feature lines to be the boundary lines of the preliminary polygon. A reference vertical feature
line is also selected to be the boundary line according to the position of the main vanishing

points in the image.
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Chapter 4

Polygon Refinement and Perspective
Inpainting

4.1 Polygon Refinement

After the polygon extraction procedure, our next step is to improve the extracted
contour to be more precise. From our observation, we found the upper outline of the buildings
and the sky is conspicuous. We can specifically detect the sky region for refinement and align

the fagade boundary for more detailed results.
Sky Region Detection and Removal

A mean-shift based image segmentation [COMO02] is utilized to group similar pixels in
the neighborhood into several regions. We employ the Edge Detection and Image
Segmentation (EDISON) System from Rutgers University to implement image
segmentation .To identify where the sky region are located, we first sort the image
segmentation regions R={R,,R,, - Ry} according to their height. Because the sky region
tends to be in the upper region, the possible sky regions are at top regions and take a certain

proportion in the image. We set the half height of the image as the constraint line and the
20



regions with eighty percent pixels higher than the constraint line, R, ={rl,r2,~--, rk} , are
selected and sorted from high to low in heights. R, ={r,r,,--- 1.} are then sorted according
to their number of pixels in the region as well. The regions from top twenty percent of R,

with sufficient pixel amount are the possible sky region, denoted asR; .

If the detected possible sky region R, presents a plausible result, i.e. it can define a
satisfying boundary between the buildings and the sky region according to observation from
the users, we remove it directly from image. Otherwise, we subsequently use Grab cut
[RKBO04] algorithm to assist the sky region detection and removal. The background
information of the Grab cut algorithm is provided by pixels inside the regions from R, . In our

sky detection and removal procedure, our approach provides stable and reliable results.

Polygon Trimming

So far we obtain low-level features and general information about the extraction target,
such as the preliminary polygon with sky removal refinement, the VCLHSs indicating the
vertical corners of the buildings and the image segmentation. The problem is how to integrate
all the scattering pieces of information into useful high-level cues to polish the result from
extraction process. We combine the image segmentation result with the preliminary polygon

information to refine the other outline boundaries of the buildings.

The regions which have over eighty percent pixels overlapping the preliminary
polygon are extracted, called polygon regions. We denote a set of regions belonging to the
polygon regions as PR . With the help from the mean-shift based image segmentation, we
can have more precise details about the boundaries between the buildings and other regions.

Thus, we can get more precise and delicate outline of our building extracted facades by
21



distinguish the boundaries that separate the main part of the buildings and the other regions in

the image.

The VCLHs computed from the polygon extraction stage are used to redefine the left
most and right most vertical boundaries of extracted building facade. The new vertical
boundaries and the old upper and lower boundaries from horizontal vanishing lines produce a
new bounding polygon which contains the whole overlapped regions. The bounding polygon

of the extracted building fagade, BP, is comprised of two horizontal vanishing line sets

{BL,,BL,} and the newly updated vertical boundaries lines {BL,,BL,}

Foreground obstacle removal

Besides removing the sky region, we also want to remove the obstacle objects, which
block the view of the building in the foreground, to polish the extracted building facade. Our
approach first makes use of the structural information to searches for the possible obstacle
regions in the scene. Most of the obstacles in the urban environment are crowds, cars, and
bushes usually appear at relative low position in comparison with the buildings. Thus, we
narrow down our search area in the lower-half proportion of the image. We then utilize the
detected line segments with vanishing direction labels as structural information. If a region is
not supported by any line segments that align with the vanishing direction, the region is
considered to be possible foreground obstacle objects, denoted as Or. We define possible
facade regions as FR = {Ri, R; € PR n(R - Of)}. The possible facade regions are

obtained by removing the foreground obstacle objects from the polygon regions.

We estimate the Gaussian mixture model (GMM) using the facade sample set
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FR using Expectation-Maximization algorithm and further cluster foreground obstacle
objects Oy with multi-Gaussian distribution. The EM (Expectation-Maximization) algorithm
is an unsupervised learning algorithm and estimates the parameters of a Gaussian mixture
distribution with a specified number of mixtures. The EM algorithm is an iterative procedure
and performs two steps : E(Expectation)-step and M(Maximization)-step in each iteration.

Probability density function of a GMM model with m number of mixtures is shown as:

p(x; ay, Sk, mx) = Z;cn=1 T pe(x) = 22”:1 T, @ (x; ag, Sk) (4-1)

P @ Si) = exp{-3(— @)™ (- a)} (42
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where m;, is the weight of k-th mixture , py 1S the normal distribution density with a, is

the mean and S, is the covariance matrix.

We denote facade sample set as x;,i =1,...,N. The EM algorithm computes the
maximume-likelihood estimates (MLE) of all the Gaussian mixture parameters, i.e.

ay, Sy, m, ,from the input sample set. The log-likelihood function of GMM is defined as:

L(x) = Xit1log(ERLy my pi (%)) (4-3)

In the E- step, with the current mixture parameter estimates we can find a probability of
sample i to belong to mixture k :

p,. = _Tk @ (x; ag,Sk)
kLT owm o mio(x a;s))

(4-4)

In the M- step, refining the estimated mixture parameters use the computed probabilities:
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The EM algorithm is performed until the maximum-likelihood estimates (MLE) converge.

After training a Gaussian mixture model (GMM) from input sample set FR ,we
cluster foreground obstacle objects with the probability response value from computed
GMM)using facade sample set response probability. Pixels of foreground obstacle objects are
further distinguished between facade regions and obstacle objects regions using the main
response probability in the GMM. If pixels from O, have the same response value as facade
pixels, it is classified as facade regions and add to facade regions FR . Otherwise, it belongs

to obstacle object regions.

4.2 Perspective Inpainting

After foreground obstacle objects removal, inside facade bounding polygon BF needs
to be filled align to the orientation of the extracted fagade. Thus we utilize perspective

inpainting technique to accomplish this objective.

The fragment-based image completion techniques are powerful tools to fill in missing
pixels, e.g. foreground object removal in images. The fragment-based image inpainting fills
missing pixels by repeatedly copying small source fragments from known regions of the
image until the whole missing region is complete. The assumption of fragment-based image

inpainting approaches is that the scene is planar. If fragment planes are not aligned to the view
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plane in image, the inpainting result may cause perspective artifacts. To produce perceptually
plausible images free from perspective distortion, we employ a fragment-based image
inpainting method with automatic perspective correction to fill the missing regions after

foreground object removal.

Perspective Correction

Pavic et al. [DVLO6] presented an interactive system for image completion that
applies perspective corrections when copying fragments. The system requires user-defined
feature information to specify the approximate 3D structure in a scene. The estimated 3D
orientation of the flat fragments is taken into account by user-specified convex quad-grids.
Based on this information, the system rectifies the corresponding image region by applying
projective transforms. Image completion.is then performed in the rectified image space. Here
we propose a scheme that automatically define a proper convex grid for perspective correction

using the vanish lines in a single image.

We want to define a 3x3 homographic transform A to map (X, Y), the coordinate of
source image to (X, y), the coordinate of target image in which the building plane is aligned to

the view plane:

wx X
lwyl =A|Y (4-6)
w 1

A natural way to define a homography is through two convex quads with endpoints
correspondence, aligning to the building plane and one aligned to the view plane. We can use

two horizontal vanishing lines and two vertical lines to build the first quad. The second quad
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is defined as a rectangular that is just enough to contain the first quad. The correspondence
between the endpoints of the two quads is required.

Here we exploit two horizontal vanishing lines and two vertical lines that lie on the
building plane to sketch the first grid. The two vertical lines are provided by the vertical
boundaries, {BL,,BLy}, from bounding polygon that we previously obtain. The horizontal
vanishing lines are from the feature lines which form the upper and lower boundaries for the
preliminary polygon. Since the structure lines at the link edge of two walls, e.g. the VCLHs ,
are almost perpendicular to the ground plane and the normal of the photo’s optical axis is
usually parallel to the ground plane, structure lines in the image space can be used as vertical

lines. The mapping matrix is applied to all pixels in the source image.

After the quads are defined, A can be computed using least square method. The
perspective corrected images |, is obtained by applying A to the input image | .We use an
automatic perspective correction scheme to reduce the perspective distortion when the source
and target scene fragments are not lying in the same 3D plane. After the perspective
correction step, we obtain perspective corrected images |, and the removed foreground
object region need to be filled as { Q¥ ,QF }. The exaplar-based inpainting is then applied on

the perspective corrected space.

Examplar-Based Inpainting

We utilize the exemplar-based inpainting approach in [CPT04] which determines the
optimal order of filling unknown pixels and using an exemplar-based texture synthesis for
propagating linear image structures. First, we find the contour 6Q of the target region Q and
calculate the priority value of each patch W = {W¥,|p € 6Q }, where ¥, denotes a square

patch centered at pixel p, and Q as the region need to be filled. The one with the highest
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priority value will be filled first. Once the target patch W; is determined, we search for a
source patch s to fill the unknown pixels in Wi. The source region, ®, provides samples used

in the filling process. The process continues until there are no pixels in Q.

At the beginning of each iteration , we decide the target patch W;that should be filled
first. Given a patch ‘¥, we calculate a priority value P(p) to decide the region-filling order .
The concept of priority is to find patches that are on the continuation of strong edges and
surrounded by reliable pixels. Filling these patches first preserves the structure of the image

and leads to a reasonable result. The priority P(p) is computed as:

P(p) = C(p)D(p) (4-7)

Where C(p) is the confidence term to measure the reliability of surrounded pixels of ¥y, and

D(p) is the data term to measure strong edges passing through ¥,. C(p) is formulated as :

qe¥pNa c(@

C(p) = = |‘Pp| (4'8)

where |‘Pp| is the area of ¥,,. During initialization, the function C(p) is set to zero if p € Q,
and one for the others. After pixel » € ¥, N Q is filled, C(r) is updated as C(p). The
confidence term C(p) encourage filling first those patches which have more early filled pixels.

D(p) is formulated as:

_ Vg np|

D(p) (4-9)

a

where « is a normalization factor and n, is a unit vector orthogonal to the contour 3 in the
point p. The data term D(p) is a function stands for the strength of isophotes crossing 6Q2. This

term encourages linear structure to be synthesized first, therefore broken lines tend to connect
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and preserve the structure of the image.

When all priorities on the contour 6Q are calculated, the target patch W¢with
the highest priority is found. We fill it with data extracted search from the source region. Thus
we search in the source region ® for a patch Wswhich is most similar to ¥ satisfying the

equation :

¥ = arg ming,cqp d(Wy , ¥¢) (4-10)

Where the distance d(W¥,,¥;) between two patches W, and W; is defined as the sum of
squared differnces(SSD) of the already filled pixels in the two patches. Then we copy the
color of pixel p' € ¥, n Q from the corresponding position ¢’ in W. After the target patch
Y, has been filled with new pixel values; we update the confidence C(p) for next interation.

The whole region-filling process continues until there are no pixels in Q.
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Chapter 5

Experiment and Result

In this chapter, we demonstrate the results and discuss each component in the whole
system. We test our system on a urban image set. The images range from a resolution of 800
pixels by 400 pixels to 1024 pixels by 1024 pixels. In the preprocessing stage, the results of

Hough transform are produced in few seconds, despite the size of images. The results are

shown in Figure 5.1.

Figure 5.1 Top : input image. Bottom : The structural feature lines extracted

by Hough transform
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Polygon Extraction The voting process of estimating vanishing points takes seconds to
complete. The urban images usually have three kind of result in vanishing point prediction:
vanishing points candidates concentrate on the left side of the image , vanishing points
candidates concentrate on the right side of the image and the cases where vanishing points

candidates concentrate in the middle region of the image. As shown in Figure 5.2

Figure 5.2 Top Left : Left vanishing points candidates .Top Right : Right

vanishing points candidates .Bottom : Middele vanishing points candidates

The vanishing point candidates assist the process of preliminary polygon extraction in
the buildings. We find a preliminary polygon which contains the approximate fagade region
with respect to vanishing point candidates in the image. The preliminary polygon is later used
in the trimming process. The vanishing point candidates are also used in distinguishing the
vanishing direction label of every feature line segments which is obtained in the LSD (Line

segment detection) procedure. The label can help us to find those useful structural line
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segments that align with the vanishing direction. With labeled line segments, we can infer the
possible vertical edge lines of the architecture, called the Vertical Corner Line Hypothesis
(VCLH). The VCLHs provide valid information about the geometric structure and detailed

surface segmentation of the building.

Polygon Refinement We need more precise contour boundary of the extracted facade
region of the building. In this stage, mean-shift based image segmentation method is
conducted. A 1024x768 image takes 1minute and 38 seconds to complete the image
segmentation under spatial parameter = 18 ,color parameter = 4 ,and minimum regions =
20.Then sky detection and removal finish in few seconds. In the search for possible
foreground obstacle regions and GMM procedure are bottleneck in our approach. These
procedure usually take 1~2minutes to accomplish, according to the size of input image. A
1024x768 image takes 1minute and 45 seconds to finishing the possible foreground obstacle
regions searching and GMM clustering. The intermediate results of polygon refinement and
the final bounding polygon of extracted facade are shown in Figure 5.3 If the foreground

obstacle removal result is not satisfactory
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Figure 5.3 GMM clustering-and final  bounding polygon (a) result from
trimming rough polygon (b) the red area is the trimmed region and the green
area is possible foreground obstacle region (c) The clustering result after
GMM.The red area prepresents the pixels which in the possible foreground
obstacle region are similar to facade,thus add back to facade region (d) the
yellow polygon indicates the final bounding polygon of the extracted facade

Perspective inpainting We fill the area where foreground obstacle objects are removed
by perspective inpainting. The fagade result after inpainting will maintain the structural
feature of the building. Thus the result looks more realistic and convincing to users. However,
the inpainting result depends partial on how good the automatic foreground obstacle regions
are. The users can manully fix the foreground obstacle regions for more delicate results. We
limit the search area of the source patch to be inside the bounding polygon.
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Figure 5.4 Left is the origin input image , right is the perpective inpainting results
for foreground obstacle removal.

3D scene reconstruction We use OpenGL to reconstruct the scene from the input image
using texture-mapped rectangular polygons. The extracted facades are textured to rectangular
polygons and the approximate 3D orientation of each facade billboard is computed using pairs
of symmetric points from the bounding polygon [LYOO02]. The foreground obstacles can be
added back into the scene, and reconstruct their spatial relationship with the building like
billboards. The scene reconstruction results are shown in Figure 5.5

Figure 5.5 (a) is the origin input image (b) is the reconstruction 3D scene of
the input. (c) (d) is the scene from different view point of the reconstructed model
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Here we present another result of 3D reconstruction model from the scene. In this case,
we manage to extract the main facade (the right-hand side facade )of the building and the
sub-facade (the left-hand side facade ) in the image and construct texture-mapped rectangular
polygons to build the model. We first input the original image and extract the main facade of
the building, then we separate the image into two parts: right part, which contains the main
facade, and left part which contains the sub-facade. The left part of the image is subsequently
treated as another input to our system and we can extract the sub-facade of the building. In the
3D scene reconstruction process, we reconstruct main facade and sub-facade individually into
texture-mapped billboards and combine them together into a single 3D model. The main
facade and sub-facade extraction result are shown in Figure 5.6. Figure 5.7 shows the final 3D
scene reconstruction result. Figure 5.8 shows another example of 3D scene reconstruction
from a single urban street image.

Figure 5.6 Modeling procedure. The top row are the extraction result of the main facade of
building. Left image is the original input image, and right image is the extraction result
from the original input. Bottom row are the extraction result of sub-fagade of the building.
We separate image using the extraction result from the original input.
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(b)

Figure 5.7 (a) is the origin input image (b) is the reconstruction 3D scene of
Input image, combining the main facade and the sub-fagade of the input image.
(c) (d) is the scene from different view point of the reconstructed model
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(c) (d)

Figure 5.8 (a) is the origin input image (b)is the reconstruction 3D scene of
Input image, combining the main facade and the sub-facade of the input image.
(c) (d) is the scene from different view point of the reconstructed model
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

In this thesis, we present an automatic method to extract the building facade from a
single street view image by exploit the relation between architectural features and vanishing
point, and further reconstruct a primitive 3D street scene from the input image. Our approach
is validated on urban street scene images with rectilinear architecture. The voting-based
vanishing point prediction demonstrated satisfactory estimation of the vanishing points from
the input images. The process of building fagade extraction and refinement achieved stable
and reasonablr results and the automatic obstacle objects detection and removal can offer user
more friendly interaction with our system.The prespective inpainting technique preformed
siginificant improvement by considering the 3D information and the spatial plane of

inpainting region

6.2 Future Work

We can improve our system in two aspects : one is to handle more complex scene from
input image and the other is to deal with more details in fagade extraction. For more complex
scene, we attempt to process a multi-facade building and several different buildings at the
same time from the input image. If we can extract individual fagade from a multi-facade
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building or from different building, it can help to reconstruct more sophisticate and delicate
3D model from the input scene. Further, we try to apply shape grammars with image analysis
to preserve more details of building facade, such windows and doors. Then we can process
those detail features, like embossing the windows or undercutting the doors, to make the
reconstruction result more realistic and convincing.
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