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Abstract

A fast 3D model reconstruction methodology is desirable in many applications such as urban plan-

ning, training, and simulations. In this paper, we develop an approach for fast, automated 3D

modeling of large scale urban environments based on airborne data. Since airborne data acquisi-

tion is considerably faster than ground based collection, our proposed methodology can scale to

very large regions. At the core of our approach lies an automated algorithm for texture mapping

oblique aerial images onto a 3D model generated from airborne Light Detection and Ranging (Li-

DAR) data. Our proposed texture mapping algorithm consists of two steps. In the first step, we

combine vanishing points and global positioning system aided inertial system readings to roughly

estimate the extrinsic parameters of a calibrated camera. In the second step, we refine the coarse

estimate of the first step by applying a series of processing steps. Specifically, We extract 2D or-

thogonal corners (2DOCs) corresponding to orthogonal 3D structural corners as features from both

images and the untextured 3D LiDAR model. The correspondence between an image and the 3D

model is then performed using Hough transform and generalized M-estimator sample consensus.

The resulting 2DOC matches are used in Lowes algorithm to refine camera parameters obtained

earlier. Our system achieves91% correct pose recovery rate for 90 images over the downtown

Berkeley area, and overall61%accuracy rate for 358 images over the residential, downtown and

campus portions of the city of Berkeley.
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Chapter 1

Introduction

3D modeling of large scale environments is needed in many applications such as city planning,

architecture design, telecommunication network design, cartography and fly/drive-through simu-

lation. Due to their significance and vast potential, fast and automated model reconstruction has

drawn great deal of attention and effort from many researchers in the past three decades. Large

scale 3D model reconstruction methodologies can be generally classified into three main cate-

gories: image sensor based, range sensor based and combination of the two.

Image sensor based methods can be further classified into single view [1–7], multiview [8–

12] and video based reconstruction [13, 14]. A detailed review and performance comparison for

monocular building extraction can be found in [3]. In [4], Lin and Nevatia have generated 2D

roof hypotheses from line segments extracted from aerial images. Good hypotheses are selected

based on 2D evidence and verified against 3D evidence such as shadows and walls. Hypotheses

are further pruned to avoid conflicts which do not exist in man-made structures. Fischer et al. have

applied a similar concept to more complex building reconstruction, where a generic modeling

approach based on hierarchical aggregation is taken [1]. This concept is further enhanced by the

use of vanishing points for line segment extraction [3, 5, 6]. In particular, Shufelt et al. have used

vanishing points to extract vertical, orthogonally horizontal and slanted roof lines [3].

In multiview based model reconstruction, vanishing points can also be used to calibrate the

camera and to find the relative pose. Cipolla et al. require manual line segment matching between
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images, and use the projection matrix calibrated from vanishing points for model rectification

[8, 9]. Werner and Zisserman avoid the user intervention of line matching by a combination of

photometric constraints and trifocal geometry [10], and by affine invariant neighborhood based on

isotropy of the gradient second moment matrix [11]. In [12], Noronha and Nevatia extend their

single view approach by verifying the hypotheses generated in each image with the evidences from

multiple images.

In [13, 14], Pollefeys et al. and Nistér et al. use video based model reconstruction. They first

track features across frames and obtain relations among multiple views. Both the structure of the

scene and the camera motion can be computed from the tracked features. Pairwise images are

first rectified with the standard stereo configuration; these results are then integrated for the entire

image sequence.

Even though the above vision based systems are partially successful, they are either too com-

plex to scale to large urban model reconstruction, or lack the desired accuracy and true automation.

Typically, these techniques are suitable for open and smooth terrain surface, but perform poorly in

urban areas where occlusions are common place. Since late nineties, Light Detection and Rang-

ing (LiDAR) sensors on airplane platforms have been actively used for urban model reconstruc-

tion [15–19] in order to mitigate the problems in vision based systems. LiDAR measures the time

delay and intensity difference between the transmitted laser pulses and the reflected ones. It then

finds the range and reflection property of the ground objects. It is a very accurate and cost-effective

device, and can be used to create a digital surface model (DSM) with vertical accuracy up to 15

centimeters [18]. As a result, several approaches have been developed for model reconstruction

from LiDAR data. Majority of the approaches try to fit parameterized roof planes to point clouds

by applying invariant moment analysis [17]. A major problem in airborne LiDAR based model re-

construction is building extraction among trees and other natural objects. Brunn and Weinder have

applied a statistical classification technique based on Bayesian nets to discriminate buildings from

vegetation [15]. Haala and Brenner have used difference in surface reflectance measured from

multi-spectral imagery to classify buildings, tree, and grass-covered areas [16]. Lodha et al. have

applied AdaBoost algorithm to classify road, grass, buildings and tress using five features includ-

ing height, height variation, normal variation, LiDAR return intensity and image intensity [20].

Recently, Secord and Zakhor have developed a tree detection technique based on weighted support

vector machine (SVM) [21].
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LiDAR based 3D model reconstruction is fast and accurate; however, it lacks texture infor-

mation which can be essential for architecture design and drive/fly through simulations. There-

fore, approaches combining the electro-optical vision sensors and LiDAR sensors have been ac-

tively investigated. For instance, Frueh and Zakhor have developed a fast and truly automated

ground-based data acquisition system with two laser scanners and a digital camera mounted on a

truck [22, 23]. The horizontal laser scanner is used to localize the truck and hence the acquisition

apparatus, and the vertical laser scanner is used to acquire depth information. Since the digital

camera is synchronized with the laser scanners and is rigid with respect to them, the texture infor-

mation can be automatically mapped to the 3D model acquired by the laser scanner. Independently,

Zhao and Shibasaki have developed a similar system but with a line camera [24].

1.1 Motivation for airborne based fast 3D model reconstruc-

tion

Clearly, there exists an ongoing trend of combining range sensors with image sensors for fast and

automated 3D model reconstruction. However, all of the above approaches lack either accuracy

or the scalability needed for creating textured models of large urban areas. Even though model

geometry can be quickly generated from aerial images or LiDAR data as described previously,

facade texture mapping is considerably more time-consuming due to the lengthy image acquisition

process and manual correspondence between a 3D model and images. For instance, even though

the approach in [22,23] is capable of continuously capturing detailed facade texture from a moving

truck, it takes a long time to capture an entire city.

In this thesis, we develop an airborne based data acquisition and processing approach to achieve

the desired scalability. Airborne LiDAR data is first collected to reconstruct the geometry of the

models as demonstrated in [22]. Oblique aerial photos covering wide areas are then taken to

achieve fast texture acquisition. Note that oblique pictures can cover both the rooftops and facades

of buildings. This results in the scalability needed for generating a textured 3D city model in

a much shorter time. This scalability is enabled by our fully automated image acquisition and

camera registration system to be described shortly.
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1.2 Related work

It is important to contrast our work with other related work. Stomas and Liu have attempted similar

texture mapping from ground based multiview images [25–28]. They first use vanishing points to

find the rotation and the focal length of all the images. They propose rectangular parallelepipeds,

windows and doors which are inherently present in building facades, as features to match LiDAR

data with images. With two pairs of correct 3D to 2D parallelepiped matches, they are able to

identify the translation parameters of a subset of images. They further refine the camera parame-

ters by performing 3D point cloud correspondence between the LiDAR data and the sparse point

cloud generated from multiview geometry, i.e. structure-from-motion. Their algorithm requires

multiview imagery, and run into difficulties if there are no two pairs of correctly matched paral-

lelepipeds. Furthermore, they take advantage of the ground based image acquisition where clear

parallelism and orthogonality of building contours are visible with little occlusion. In contrast,

our system only uses a single aerial view, and can handle complex urban scenes with significant

occlusions.

As for the multiview approach, Zhao et al., Hsu et al., and Neumann et al. have used video to

texture map the 3D point clouds from range sensors [29–31]. Hsu et al. first use the tracked features

for inter-frame pose prediction. The predicted pose is then refined by aligning the projected 3D

model lines to those in images [30]. Neumann et al. follow a similar idea by implementing an

extended Kalman filter (EKF) to perform inter-frame camera parameter tracking using point and

line features [31]. Zhao et al. criticize these methods in that they cannot handle scenes lacking

dominant lines, and that they can lose track in situations with large pose prediction error due to

occlusions [29]. Instead, they generate 3D point clouds from a video as in the multiview case

mentioned previously, and use iterative closest point (ICP) algorithm to align the video to the 3D

point clouds from a range sensor. Even though this method has been demonstrated to be reliable,

it still requires manual correspondences to initialize the first few video frames. More importantly,

it is computationally expensive to generate 3D point clouds from a video. Therefore, these video

based methods cannot achieve the scalability and automation of our proposed system.

Our approach is similar to the single view approach taken by Lee and Nevatia et al. [32–34].

They use vanishing points and random sample consensus (RANSAC) based 3D-2D line pair match
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Figure 1.1: Camera registration system overview

to find the camera pose. However, they share the same weakness in the multiview based methods

as they only deal with ground based images for a single building where clear parallelism and

orthogonality of building contours are visible with little occlusion. Recently, Hu et al. have created

a system capable of aerial and ground based image mapping [35, 36]. However it requires human

interactions in many places. For instance, it requires interactive edge extraction from aerial images

to obtain building contours. It also requires 10 pairs of manually identified point correspondence

to align aerial images to LiDAR data.

1.3 Overview of the proposed system and major contributions

Our system first creates a non-textured 3D model from LiDAR data as described in [22]. It then

tackles the camera registration problem in two steps as depicted on Fig. 1.1. First step is to

obtain coarse camera parameters from a global positioning system (GPS) aided inertial system and

vanishing points from image analysis. From the measurement device, coarse estimates on camera

position, and its heading angle can be obtained. The other two angles of the camera’s rotation are
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estimated from the position of the vanishing point of vertical lines in the 3D world space. With

the intrinsic camera parameters fixed and known as a priori, the entire set of camera parameters

can therefore be coarsely estimated. In this step, vanishing points corresponding to non-vertical

lines are also detected. They will be used for 2D orthogonal corner extraction from images in the

second step.

The second step of our proposed approach uses 2D orthogonal corners in the 3D space as fea-

tures, in order to refine the coarse camera pose estimate obtained in the first step. 2D orthogonal

corners (2DOCs) correspond to orthogonal structural corners, where two orthogonal building con-

tour lines intersect. 2DOCs are extracted from a digital surface model (DSM) obtained via LiDAR

data processing [22], as well as from aerial images based on the orthogonality information implied

by the vanishing points detected earlier. After projecting 2DOCs from the DSM by the coarse

camera parameters obtained in the first step, putative DSM-image 2DOC matches are generated

based on distance and similarity in corners’ descriptors. Finally Hough transform is performed to

screen out majority of the spurious matches, and then generalized M-estimator sample consensus

(GMSAC), a modified RANSAC is used to identify the correct DSM-image 2DOC matches. From

the correct 2DOC matches, Lowe’s camera pose recovery algorithm [37] is used to obtain the re-

fined camera parameters. With the refined camera parameters, texture is mapped from images to

the triangular mesh model generated from the LiDAR data.

Our contribution in this thesis is threefold. First is our vanishing points detection algorithm

which is capable of handling aerial images in complex urban scenes. Second is our innovative fea-

ture point, 2DOC, which is the key element for pose refinement. The last one is our overall scalable

system design. This system is considerably more computationally efficient as compared to other

existing techniques [29, 53]. In particular, it is over 450 times faster than our previous exhaustive

search approach [53]. By taking advantage of the parallelism and orthogonality inherently present

in city models, we are able to apply well-justified heuristics to design a scalable and automated

camera registration and texture mapping system for oblique aerial imagery.
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1.4 Organization of this thesis

This thesis is organized as follows. The next chapter explains in details how a coarse set of camera

parameters is obtained with emphasis on the new vanishing point detection algorithm. Chapter 3

presents the 2DOC and how it can be extracted from a DSM and aerial images. It then describes

the point correspondence algorithm based on GMSAC for camera parameter refinement. Chapter

4 gives a brief description on texture-mapping once the camera pose is available. Following data

acquisition process in Chapter 5, Chapter 6 examines the performance of the proposed system on

358 aerial images taken over three square-kilometers of urban and suburban areas in Berkeley,

California. Finally this thesis concludes with some future directions of research.
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Chapter 2

Coarse Camera Parameters Acquisition

As mentioned in the previous chapter, the extrinsic camera parameters are obtained in two steps:

a coarse estimation followed by a refinement process. The refinement step is presented in the next

chapter. In this chapter, the camera parameters are decoupled into those that can and cannot be

estimated from aerial imagery. First the camera position and yaw angle are recorded from a GPS

aided inertial system, NAV420CA from Crossbow in this thesis. This is because the position and

yaw angle of a camera cannot be identified from an image unless some landmarks, position of

the sun or shadows are considered. The other camera parameters are estimated from a vanishing

point corresponding to vertical lines in the 3D world space. Finally, a robust non-vertical vanishing

points detection algorithm in urban settings is presented, which is used in the pose refinement step

presented in the next chapter.

2.1 The camera model and notation

A calibrated camera model is first assumed:

λx = [R T]X (2.1)

wherex = [u,v,1]T is the coordinate on the image plane ofX = [xw,yw,zw,1]T in the 3D world

space after perspective projection;R andT are matrices related to the extrinsic parameters, andλ
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Figure 2.1: Definition of extrinsic camera parameters. Yaw (φ ) is the angle betweenxw and

projection ofzc ontoxwyw plane. Pitch (θ ) is the angle betweenzw andzc. Roll (ψ) is the rotation

angle with respect tozc.

is a scaling factor.R is the relative rotation matrix, andT is the relative position matrix from the

world coordinate,OW, to the camera coordinate,OC, as shown in Fig. 2.1. With the yaw (φ ), pitch

(θ ) and roll (ψ) of a camera defined as shown in Fig. 2.1,R can be shown to be:

R =



−cosψsinφ +sinψcosφcosθ cosψcosφ +sinψsinφcosθ −sinψsinθ

sinψsinφ +cosψcosφcosθ −sinψcosφ +cosψsinφcosθ −cosψsinθ

−sinψcosφ −sinθsinφ −cosθ


 (2.2)

T = [Tx,Ty,Tz]T is the position of the origin of the world reference frame with respect to the

camera reference frame. The calibrated camera assumption is not restrictive because the camera’s

intrinsic parameters are fixed during image acquisition and estimated afterwards. This implies that

our camera focal length is fixed during the entire data acquisition.
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2.2 Vertical vanishing point detection for pitch and roll estima-

tion

With the assumption of a pin hole camera projection shown in Equation (2.1), it can be shown

that a set of parallel lines in a 3D space is projected to a set of lines on the image plane which

intersect at a common point. This point is referred as a vanishing point. Vanishing points have

been widely exploited to obtain camera parameters such as focal length and rotation angles [8, 9,

25–28, 32–34, 36]. In the literature, robust and accurate vanishing point detection methods have

been intensively explored. The existing approaches can be divided into four major categories.

The most commonly used one is Gaussian sphere approach [38,39] which can be generalized into

Hough transform. The other three recent approaches are based on Expectation-Maximization (EM)

algorithm [40], General Principle Component Analysis (GPCA) [41] and RANSAC [6]. All the

above methods aim to find intersections among detected line segments, assuming simple geometry

in a scene where parallel lines dominate. They have been shown to yield successful detection

in indoor settings or outdoor settings where only a few buildings appear on an image. However,

these algorithms typically fail in complex urban settings where multiple buildings exist and their

footprint alignments are not necessarily parallel. In this situation, intersections in the 3D space

are falsely classified as vanishing points. Instead, we develop an efficient and robust method for

complex urban scenes. The vanishing point corresponding to vertical lines in the 3D model is

first detected to estimate the pitch and roll angles of a camera. This particular vanishing point is

referred as vertical vanishing point. Then an innovative non-vertical vanishing points detection

algorithm is presented, which is used in the second step of pose refinement to be described in the

next chapter.

2.2.1 Line segment extraction

To detect vanishing points, it is necessary to extract line segments from images. Canny edge

detector is first used, and recursive endpoint subdivision is applied on the contours to obtain line

segments [37]. Any two line segments are linked if they have similar angles and their endpoints

are close to each other. A typical result after line segment extraction on an aerial image with 1024
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X 768 pixels, covering three city blocks in a downtown area, is shown in Fig. 2.2.

2.2.2 Vertical vanishing point detection

The vertical vanishing point is extremely important since its coordinate on the image plane provides

an estimate for the pitch and roll angles of a camera. It is also a consistent measurement since no

matter how the footprints of buildings are aligned on the ground, their vertical contour lines are

almost always parallel to each other. We find the vertical vanishing point with a method similar to

Gaussian sphere approach [38]. A Gaussian sphere is a unit sphere with its center atOc, the origin

of the camera coordinate, as shown in Fig. 2.3. Each extracted line segment from an image forms a

plane withOc, intersecting the sphere to create a circle. These circles from multiple line segments

are accumulated on the Gaussian sphere. It is assumed that the point on the sphere at which the

maximum number of circles cross, represents the direction shared by multiple line segments, e.g. v

in Fig. 2.3; furthermore, the intersection between the line connectingOC to v and the image plane

is the vanishing point.

Although this consensus-based approach is robust in many situations, Shufelt has noted situa-

tions where the underlying assumptions can fail [39]. For instance, the texture pattern and natural

urban setting can lead to maxima on the sphere which do not correspond to the true vanishing

points. To overcome this shortcoming in our application, we limit the search for the maximum to a

smaller specific region on the sphere centered at NAV420CA’s pitch and roll readings and spanned

by the angle measurement error of three degrees. This follows from the direct relationship between

the vertical vanishing point’s position on the Gaussian sphere and the pitch and roll angles of the

camera, which will be presented in the next subsection. All the line segments intersecting this

vertical vanishing point within a certain tolerance are considered as the projected vertical lines in

the 3D space. They are highlighted with dark blue as shown in Fig. 2.4. After this process, all

the identified vertical lines are eliminated and the rest of the line segments are used to obtain the

non-vertical vanishing points.
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Figure 2.2: Line segments extracted from a sample image

16



Figure 2.3: Illustration of the formation of a vanishing point on the image plane using the Gaussian

sphere approach:l1 andl2 are the projected parallel linesL1 andL2 in a 3D model respectively. A

plane containingl1 andOC intersecting the Gaussian sphere results in a circleC1, and similarly,

l2 andOC result in a circleC2. One of the intersections of the two circles facing the image plane

points towards the vanishing point, v.
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Figure 2.4: Extracted line segments are colored according to their perspective vanishing points.

The dark blue lines are the vertical lines from the vertical vanishing point detection.
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2.2.3 Camera parameter extraction from the vertical vanishing point

With the vertical vanishing point detected from the method above, the camera’s pitch and roll

angles can be estimated. Given that the vertical lines in the world reference frame are represented

asez = [0,0,1,0]T in homogeneous coordinate, the vertical vanishing point,vz can be shown to

assume the last column ofR based on Equation (2.1), specifically:

λvz = [−sinψsinθ ,−cosψsinθ ,−cosθ ]T (2.3)

whereλ is a scaling factor. From (2.3), the pitch, roll angles and the scaling factor can be easily

calculated. The pitch and roll angles derived from the vertical vanishing point are typically more

accurate than NAV420CA readings, with error being less than one degree compared to three de-

grees from raw NAV420CA readings. A set of coarse estimates on all the camera parameters is

therefore obtained. However, they are still not accurate enough for texture mapping. It is neces-

sary to use feature point correspondence to refine the camera parameters, as discussed in the next

chapter.

It is also possible to estimate the intrinsic camera parameters and rotation angles from three

orthogonal vanishing points as in [32]. This method is included in Appendix A. However we have

empirically observed that more accurate camera angles can be obtained from the vertical vanishing

point with the intrinsic parameters known as a priori.

2.3 Non-vertical vanishing points detection

Although non-vertical vanishing points are not used for the coarse camera pose estimation, they

are useful for determining 2DOCs on images as described in the next chapter. Our proposed non-

vertical vanishing points detection algorithm is summarized in Fig. 2.5 with the following steps.

1. Bin all the line segments with a pre-determined bin width ofπ
20 according to their angles,

except for the ones corresponding to the vertical vanishing point. Examine all the line seg-

ments in a bin with the highest frequency. Identify a seed vanishing point where most of the
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Figure 2.5: Non-vertical vanishing point detection algorithm flow chart
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segments in that bin intersect. Although this can be performed with RANSAC, an exhaustive

search is used since there are relatively few segments in each bin. The intersection of a pair

of segments is first calculated as a seed vanishing point and the number of segments cross-

ing near this intersection is computed. These segments are referred as inliers in contrast to

outliers for the segments which do not cross. After an intersection with the largest number

of inliers is identified, its location is refined by choosing the right singular vector with the

least significant singular value ofWL whereW is a weighting square diagonal matrix with

its diagonals as the lengths of the segments andL stores the co-images1 of the segments in

its rows.

2. Examine the segments in the two adjacent bins. If a line segment passes near the seed

vanishing point from Step 1, it is included as an inlier. After this step, the location of the

vanishing point is refined again using segment length weighted singular value decomposition

as described in Step 1.

3. Repeat Step 2 by examining the segments in the next two adjacent bins until the angle spread

across the two farthest bins for the vanishing point under consideration is above a certain

threshold. In our application, we choose this threshold to be sixty degrees.

4. Refine the location of the vanishing point by minimizing the expression below:

∑
i

d2
i,1 +d2

i,2 (2.4)

wheredi,1 anddi,2 are the distances from the two endpoints ofi-th inlier segment to the closet

line passing the vanishing point as shown in Fig. 2.6. This minimization is performed by

Levenberg-Marquardt algorithm [42]. Output the resulting vanishing point and remove all

the inlier segments. If there are still enough number of segments left, go back to Step 1.

The above proposed vanishing points detection algorithm has a few distinct advantages over

the existing techniques. In our application, since objects are far away from a camera in aerial

imaging, parallel lines in the 3D space appear nearly parallel on images. By initializing the seed

vanishing point in a bin where all the segments share a similar angle, our algorithm avoids choosing

a seed vanishing point which is an actual intersection in the 3D space. This preference is also

1Co-image is the cross product of two vectors from an origin to the two endpoints of a segment.
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Figure 2.6: Illustration of the distance metric used in Levenberg-Marquardt algorithm for the 4th

step of non-vertical vanishing point detector
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reinforced by only considering segments whose slope angle difference is less than the angle spread

threshold. Another advantage is that a segment length weighted singular value decomposition is

used. It favors longer segments since they bear less uncertainty in their orientations. This idea is

similar to the interpretation plane swatch model in [39]. Finally note that since inlier segments

are eliminated after each iteration, the convergence of the algorithm is guaranteed without need of

a priori knowledge on the number of the vanishing points. The result after this algorithm for the

same sample image is shown in Fig. 2.4.
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Chapter 3

Camera Parameters Refinement

In the previous chapter, we obtain a set of coarse extrinsic camera parameters from the instrument

measurement and the vertical vanishing point. In this chapter, we develop a method to refine

these parameters based on feature point correspondence for accurate texture mapping. A novel

feature called 2DOC is introduced during this process. In our application, 2DOCs correspond

to orthogonal structural corners where two orthogonal building contour lines intersect in the 3D

space. First, 2DOCs are extracted from a DSM and aerial images, respectively. Then potential

matches between DSM 2DOCs and image 2DOCs are generated. Since majority of the matches

are erroneous, they are filtered out in two steps: Hough transform based on the most common

rotation and GMSAC based on the Homography matrix with the least fitting error. The correct

matches identified at the end are used in Lowe’s camera pose recovery algorithm [37] to refine the

camera parameters.

3.1 2DOC feature point

The feature points used in this paper are 2D orthogonal corners corresponding to orthogonal struc-

tural corners where two orthogonal building contour lines intersect in the 3D space. They are

referred as 2DOCs throughout this thesis. Note that texture corners are inappropriate because our

city model does not have texture. It is also extremely difficult to match structural corners from
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a city model to texture corners such as Harris corner [43] on an image since texture corners are

ubiquitous resulting in high percentage of mismatches.

It might be intuitively appealing to use 3D corners where three orthogonal lines intersect. How-

ever it is difficult to identify sufficient number of 3D corners from images given the imperfect line

segments extraction. Since the extracted building contours are typically incomplete due to oc-

clusion, shadow and noise, it is unlikely that the endpoints of three lines are close to each other.

Without sufficient number of 3D corners, it is impossible to perform Homography fitting. There-

fore, we relax our constraint of three mutually orthogonal line segments to two. Naturally this

leads to much more false structural corners. We will show in the rest of the chapter that these false

corners can be eliminated by a unique feature descriptor, Hough transform and GMSAC. At the

end, we will demonstrate that the price paid here is well compensated by greater number of correct

structural corners.

3.1.1 2DOC extraction from digital surface model

DSM is a depth map representation of a 3D model obtained from LiDAR data. To obtain 2DOCs,

building’s contour needs to be extracted from a DSM. Although standard edge extraction algo-

rithms from image processing can be applied, region growing approach based on thresholding on

height difference is proven to be extremely efficient and accurate [23]. With a threshold on the

height difference and the area size of a region, small isolated regions such as cars and trees are

replaced with the ground level altitude, and objects on the rooftop such as signs and ventilation

ducts are merged to the roof region. The outer contour of each region is then extracted [23].

Due to the resolution limitation of LiDAR data and inevitable noise, the contours have jittery

edges even for straight structural lines of a building. To straighten jittery edges, we use Douglas-

Peucker (DP) line simplification algorithm [44]. DP algorithm is a recursive algorithm which

simplifies a chain of vertices fromp0 to pn. It first links the endpointsp0 and pn with a straight

line p0pn. If the most deviating point away fromp0pn, pi is above a certain distance threshold or a

distance over segment length (p0pn) ratio threshold,p0pn is broken into two pieces atpi , and two

lines, p0pi and pi pn are used to represent the original chain. This process is then repeated itera-

tively for each line segment until the most deviated vertex is below the two deviation thresholds,
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Figure 3.1: Illustration of Douglas-Peucker line simplification algorithm.

as shown in Fig. 3.1.

Since this algorithm is not designed for closed contours, it is necessary to break the region

boundary into two open pieces. First, the origin is located at the centroid of a region. The farthest

point away from the origin is identified as the first end point of the contour. Then the farthest

point away from this point is selected to be the second end point. Once the contour is separated

into two chains, DP algorithm is applied separately to the two chains. Finally, the two chains are

joined back together. DP algorithm is not only easy to implement but also proven to be the best

perceptual representation of the original chain from a psychological point of view [45]. What is

more important is its intrinsic ability to preserve the positions of the 2DOCs, since real structural

corners tend to be the extreme vertices in a contour.

Once the outer contour of each region is simplified, the vertices of the simplified contour are

analyzed. A simple thresholding is performed on the lengths of the two adjacent line segments

and on the intersection angle to identify 2DOCs under the assumption that structural corners are
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Figure 3.2: Two more 2DOCs are augmented in a 3D model for each 2DOC detected in a DSM at

the original location.

the intersections of two dominant roof lines with a90o intersection angle. Note that these 2DOCs

are the intersections of two horizontal roof lines in the 3D space. Assuming no wall is slanted,

two more 2DOCs are automatically generated at the same location, which are formed by the ver-

tical building edge and the two horizontal roof lines as shown in Fig. 3.2. All these 2DOCs are

then projected to the image plane using the coarse camera parameters obtained from the previous

chapter. Fig. 3.3(a) shows the DSM corresponding to the previous image. The identified 2DOCs

are superimposed on top of it. Their projected counterparts are shown on Fig. 3.3(b) with 1548

corners in total. Clearly, the projected 2DOCs do not match well with the building contours on the

image due to the error in the coarse camera parameters.

3.1.2 2DOC extraction from aerial images

In general, it is difficult to infer 3D information from 2D images. However, it is possible to

infer orthogonality information in the 3D space from the vanishing points obtained in the previous

chapter. Since these vanishing points represent the directions of the corresponding groups of line

segments in the 3D space, the orthogonality between two vectors from the camera origin to the

vanishing points,vi andv j for instance, also implies the orthogonality between the two groups of

line segments even though they do not appear to be orthogonal at all on images as demonstrated in

Fig. 3.4.
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(b)

Figure 3.3: 2DOCs extracted from a DSM: (a)2DOCs on the DSM: red * are the 2DOCs and

green lines are the two corresponding horizontal lines in the 3D space, (b)2DOCs projected on the

image: red * are the 2DOCs and green lines are the two corresponding orthogonal lines.

29



X

Y


Z
v

i


v

k


v

j


I
m

a
g
e
 
P
l
a
n
e


Camera Origin


Figure 3.4: Orthogonal vectors from the camera origin to the vanishing points indicate the orthog-

onality among the corresponding lines in the 3D space.

From the vanishing points detected in the previous chapter, orthogonal pairs are first identified.

The endpoints of every line segment belonging to a particular vanishing point,vi are then examined

individually. If there is an endpoint of another line belonging to an orthogonal vanishing point,v j ,

within a certain distance away, the midpoint of these two endpoints is identified as a 2DOC. Note

that the intersection between the two line segments is not used because sometimes it can be far off

from the actual intersection due to any inevitable slope angle error. This process is repeated for

every line segment in every vanishing point group. The 2DOCs extracted from the sample image

after this process are shown on Fig. 3.5 with 1099 corners in total.

3.2 2DOC putative matches generation

The 2DOCs from both DSM and an image, referred to as DSM 2DOCs and image 2DOCs re-

spectively from now on, can be erroneous with no match from the other data source. These false

detections are referred to as outliers. It is therefore necessary to implement a unique and simple

descriptor based on geometric information to generate meaningful putative matches. Note that our
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Figure 3.5: 2DOCs extracted from an aerial image: red * are the 2DOCs and green lines are the

two corresponding orthogonal lines.
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Figure 3.6: 2DOC descriptor based on geometric information only.

3D model does not have any texture information; thus, it is not possible to use many powerful fea-

ture descriptors developed in computer vision such as Scale-Invariant Feature Transform (SIFT)

descriptor [46]. Hence we are forced to only use geometric information for 2DOC descriptor. The

descriptor we propose in this thesis consists of the two intersecting lines’ angles in the image plane

as shown in Fig. 3.6, i.e.θ1 andθ2. To ensure that the order of the two angles is consistent, a fixed

rule is followed where the relative angle between the two lines is in the range of0 to π counting

counter-clockwise from the first line to the second one.

The feature descriptor for each 2DOC can now be examined to verify whether there are po-

tential matches. If no good match is available, it is discarded as an outlier. The more outliers are

eliminated at this step, the more efficient GMSAC algorithm becomes in future processing steps.

In this putative match selection process, two selection criteria are applied.

The first criterion is search radius. With respect to each projected DSM 2DOC,xd, all the

image 2DOCs,{xi}, within a certain search radius are examined. Note that the superscripts,d

and i are used to indicate DSM and image 2DOCs respectively in the rest of the thesis, andx is

the coordinate on the image plane as defined in Chapter 2. The second criterion is Mahalanobis

distance between the feature descriptors ofxd and xi , which is computed assuming a constant

variance representing angle’s measurement error:

d(xd,xi) =
√

([θ d
1 ,θ d

2 ]− [θ i
1,θ

i
2])Σ−1([θ d

1 ,θ d
2 ]− [θ i

1,θ
i
2])T (3.1)

From the assumption of constant independent angle measurement error of three degrees (0.05

radian),Σ is the predetermined covariance matrix, equal to0.05I2×2, whereI2×2 is a2×2 identity

matrix. If the Mahalanobis distance is within a tolerance threshold, a putative match is created.
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Figure 3.7: Putative match data structure where multiple image 2DOCs,{xi}, are allowed for each

projected DSM 2DOC,xd

Note that it is possible for a projected DSM 2DOC to have multiple image 2DOC matches. This

reduces the possibility of missing correct matches since the shortest Mahalanobis distance does

not necessarily indicate the correct match due to noise and intrinsic discrepancy between the two

heterogenous data sources. This is in line with the observations in [47]. Furthermore, allowing

multiple image 2DOC matches is especially important for repetitive structures such as Manhattan

grid-structured city blocks where most of the buildings share similar orientations. The resulting

putative match data structure is shown in Fig. 3.7, and these matches from the sample image are

shown on Fig. 3.8.

3.3 Hough transform based on rotation

A large number of putative matches are typically generated from the previous step. For instance,

our sample image results in 3750 matches, among which only 117 pairs are manually found to be

correct matches or inliers. This creates an extremely large burden on GMSAC in the next stage

since the inlier percentage is small. Furthermore, it is necessary to obtain four correct inliers at

the same time in order to fit a Homography matrix, resulting in even larger number of required

iterations to achieve the desired confidence level. Homography is assumed because the camera

position error (< 3m) from the GPS is sufficiently small compared to the distance between the
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Figure 3.8: 3750 putative matches found based on distance and feature descriptors’ Mahalanobis

distance thresholding: blue intersection is an image 2DOC, green intersection is a projected DSM

2DOC and red line indicates the correspondence.
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camera and the buildings on an image (> 300m). Thus, the difference between the projected DSM

and image 2DOCs can be considered to be purely due to the camera rotation.

Let pinliers be the ratio of the inliers among all the putative matches, andpcon f be the desired

confidence level, then the required number of iterations in GMSAC,N, is [42]:

N = log(1− pcon f)/log(1− p4
inliers) (3.2)

where the exponent of 4 onpinliers is from the fact that four correct matches need to be sampled at

the same time to find the true Homographic matrix. With only 117 correct matches out of the 3750

in the sample image, the number of required iterations is nearly 3 million with99% confidence

level.

To mitigate this problem, Hough transform based on rotation is implemented. Before the actual

explanation on the algorithm, several symbols need be defined. The meaning of these symbols is

also pictorially presented in Fig. 3.9. Following the same convention where the superscripts,d

andi are used to indicate DSM and image 2DOCs respectively,xi
m is them-th image 2DOC in the

image 2DOC series. Similary,xd
j are thej-th DSM 2DOC in the DSM 2DOC series. Furthermore,

Xd
j is xd

j ’s corresponding DSM 2DOC in the world reference frame, whereX is the coordinate

in the 3D world space as defined in Chapter 2. Assuming the position error of the camera is

insignificant, it can be immediately shown that the vectorvi
m = [vi

x,m,vi
y,m,vi

z,m]T is the rotated

vectorvd
j = [vd

x, j ,v
d
y, j ,v

d
z, j ]

T , if xi
m andxd

j are indeed the correct match. Herevi
m is from the camera

center,C, to xi
m in the camera reference frame andvd

j is from the camera center,C, to Xd
j in the

world reference frame. For instance in Fig. 3.9(a), a common ration matrix exists between(vi
m,vd

j )

and (vi
n,v

d
k), since both sets of vector matches are correct. On the other hand in Fig. 3.9(b),

since one set of vector match is correct and the other is incorrect, no common rotation exists

between(vi
m,vd

j ) and(vi
n,v

d
l ). Therefore one way to identify correct match is to find the common

rotation matrix among pairs of matched vectors, and to eliminate vector pairs that do not satisfy

the common rotation matrix. Here we implicity assume that the majority of the matched vectors

are correctly paired and that incorrect matches are not dominant.

Since it is possible to find a rotation matrix from any pair of vectors, it is necessary to constrain
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the problem by finding a common rotation matrix amongN pairs of vectors which maximizes:

N

∑
j=1

Rvd
j ·vi

j (3.3)

Here unit quaternion is used to represent rotation for its simplicity and closed form solution to the

above problem. The next subsection gives a short summary from [48] on unit quaternion repre-

sentation of rotation and the solution which maximizes (3.3). Readers are refereed to Appendix B

or [49] for general quaternion definition and its operation.

3.3.1 Optimal unit quaternion solution

The most common representation of a rotation is an orthonormal matrix whose entries are non-

linear representations of three rotating angles. It is therefore difficult to maximize the expression

in Equation (3.3) while enforcing orthonormal condition of the matrix without iterative methods.

However, it will be shown that it is much easier to enforce the unit magnitude constraint of a unit

quaternion and find a closed form solution for (3.3).

Any rotation can be characterized by a counterclockwise rotation angleθ with respect to an

axisa = [ax,ay,az]T or by a unit quaternioṅq:

q̇ = cos
θ
2

+sin
θ
2

(iax + jay +kaz) (3.4)

In other words, the imaginary part of the unit quaternion,sinθ
2(iax + jay + kaz), represents the

rotation axis and the real part,cosθ
2 , and the magnitude of the imaginary part represent the angle

of rotation. The actual rotation bẏq of a vectorr = [rx, ry, rz]T , represented in quaternion form

ṙ = 0+(irx + jr y +krz), is expressed as the composite product:

ṙ ′ = q̇ṙ q̇∗ (3.5)

where

q̇∗ = cos
θ
2
−sin

θ
2

(iax + jay +kaz) (3.6)

Then (3.3) becomes:
N

∑
j=1

q̇v̇d
j q̇
∗· v̇i

j (3.7)

36



Case 1


Terminate


C



x
i

m


v
i

n


x
i

n


v
i

m


v
d

k


Common rotation matrix exist between


(
v
i

m


v
d

j

) and (
v
i


n

v
d


k

)


X
d

k


Building 2


I
m

a

g

e

 
p


l
a

n

e



Building 3


Case 2


C



x
i

m


v
i

n


x
i

n


v
i

m


No common rotation matrix exist


between (
v
i

m


v
d

j

) and (
v
i


n

v
d


l

)


I
m

a

g

e

 
p


l
a

n

e



Building 3


Convert the rotation matrix into three rotation


angles and record it into 3D Hough space


x
d

k


x
d

j


v
d

j


X
d

j


Building 1


x
d

j


v
d

j


X
d

j


Building 1


v
d

l


X
d

l


x
d

l


(a)
 (b)


Figure 3.9: Hough transform based on the common rotation for two pairs of corner correspon-

dence:vi
m is from the camera center,C, to xi

m in the camera reference frame andvd
j is from the

camera center,C, toXd
j in the world reference frame.Xd

j is the corner in the 3D space correspond-

ing toxd
j shown on the image plane; (a) a common rotation exists and it is recorded into the Hough

space; (b) no common rotation exits and no further action is taken.
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After applying properties of quaternion, (3.7) becomes:

N

∑
j=1

q̇v̇d
j q̇∗· v̇i

j =
N

∑
j=1

(q̇v̇d
j )·(v̇i

j q̇)

=
N

∑
j=1

(V̄d
j q̇)·(V i

j q̇)

=
N

∑
j=1

q̇TV̄dT
j V i

j q̇

= q̇T(
N

∑
j=1

V̄dT
j V i

j )q̇ (3.8)

where

V̄d
j =




0 −vd
x, j −vd

y, j −vd
z, j

vd
x, j 0 vd

z, j −vd
y, j

vd
y, j −vd

z, j 0 vd
x, j

vd
z, j vd

y, j −vd
x, j 0




(3.9)

and

V i
j =




0 −vi
x, j −vi

y, j −vi
z, j

vi
x, j 0 −vi

z, j vi
y, j

vi
y, j vi

z, j 0 −vi
x, j

vi
z, j −vi

y, j vi
x, j 0




(3.10)

It is then obvious that the unit quaternioṅq which maximizes (3.3) and therefore (3.8), is the

eigenvector corresponding to the most positive eigenvalue of∑N
j=1 V̄dT

j V i
j . And the value of the

most positive eigenvalue indicates the goodness of fit of the common rotation.

3.3.2 Hough transform to screen out outliers

A 3D Hough space spanned by the range of angular measurement uncertainty of NAV420CA i.e.

three degrees, is created for the three rotation angles. For computational efficiency, two pairs of

vectors with each pair consisting of an image 2DOC matched to a DSM 2DOC, are exhaustively

chosen to compute the unit quaternion. If the most positive eigenvalue is large indicating that there

exists a common rotation with a good fit as shown in Fig. 3.9(a), the quaternion is decomposed into

three rotation angles and accumulated into the corresponding Hough space. If the most positive
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eigenvalue is small indicating a poor fit as shown in Fig. 3.9(b), or the set of three angles from

the unit quaternion is outside the Hough space, this unit quaternion is discarded. After the Hough

transform, the most accumulated cell in the Hough space is chosen to be the correct set of rotation

angles. All the matches that do not satisfy this rotation are then eliminated. This Hough transform

typically results in much fewer putative matches. For instance, only 264 matches out of the 3750

matches are left on the sample image as shown on Fig. 3.10.

3.4 GMSAC based correct match identification

Feature matching from two data sources among outliers is encountered frequently in computer

vision problems. The standard solution to this problem is random sample consensus (RANSAC)

[50]. It has been shown that it is a robust technique for feature point, feature line matching to fit

a Homography or a fundamental matrix [46]. However, RANSAC only allows for one match per

extracted feature for each data source. In the putative match generation step, we have motivated the

use of multiple matches from image 2DOCs for a projected DSM 2DOC in order to accommodate

the heterogeneous sensor discrepancy and repetitive city structures.

Another deficiency of RANSAC is its hard decision rule to update the fitting matrix as observed

by Torr and Zisserman [51]. The update in RANSAC is performed each time when more inliers

are identified after comparing to a certain error tolerance threshold. Because of this hard decision

process, even when there is a more accurate fitting matrix resulting in lower total fitting error, it is

not updated if the number of inliers is smaller or equal to the less accurate one’s. A soft decision

such as M-estimator or maximum likelihood, which updates according to the overall fitting cost

allows for continuous improvement [51].

Therefore, we propose two modifications to RANSAC for our specific application. This in-

volves combining generalized RANSAC [47] and M-estimator Sample Consensus (MSAC) [51].

We name this newly developed algorithm generalized M-estimator Sample Consensus. The details

of GMSAC are presented below and shown in flow chart in Fig. 3.11.

1. Uniformly sample four groups of DSM-image corner matches.
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Figure 3.10: 264 putative matches after the Hough transform: blue intersection is an image 2DOC,

green intersection is a projected DSM 2DOC and red line indicates the correspondence.
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Figure 3.11: Block diagram for GMSAC algorithm
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2. Inside each group, uniformly sample an image 2DOC.

3. Determine whether there are three collinear points, a degenerative case for Homography

fitting. If so, go to Step 1.

4. With four pairs of DSM-image 2DOC matches, a 3X3 Homography matrix,H, is fitted with

the least squared error [52]. Givenxd = λHxi , whereλ is a scaling factor, a set of linear

equations from the four pairs of matches can be formed. Based on the notation in Fig. 3.11

for instance, the following linear equations are formulated:


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b
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




H11

H12

H13

H21
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


= 0 (3.11)

where[H11H12H13H21H22H23H31H32H33]T is the stacked column matrix of the rows ofH.

Recall thatxd
i = [ud

i ,v
d
i ]

T andxi
j = [ui

j ,v
i
j ]

T . The above linear system of equations can be

solved by a variety of techniques including singular value decomposition. Specifically, the

right singular vector with the least significant singular value is chosen to be the Homography

matrix.

5. Every pair of DSM-image 2DOC match in every group is then examined with the computed

Homography matrix from Step 4, where the sum of the squared deviation distances,d1 and

d2 is computed.d1 andd2 are defined as:

d1 = xi−λ1Hxd (3.12)

and

d2 = xd−λ2H−1xi (3.13)
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with λ1 andλ2 as the necessary scaling factors. The cost of each match is the minimum

of ‖d1‖2
2 + ‖d2‖2

2 and the error tolerance threshold. After performing analysis on all the

pairs, the total number of the inliers with their‖d1‖2
2 +‖d2‖2

2 below a given error tolerance

threshold and the sum of the costs from this particular Homography matrix are obtained.

6. If this overall cost is below the current minimum cost, the inlier percentage is updated and

the number of required iterations to achieve the desired confidence level is recomputed from

(3.2). Otherwise, another iteration is performed starting from Step 1.

7. Terminate the program if the required iteration number is exceeded.

There are 134 matches identified from GMSAC for the sample image as shown in Fig. 3.12.

As seen, the DSM 2DOCs are projected very closely to image 2DOCs. Note that this result is

obtained only after fewer than 100 iterations in contrast to 3 million due to the significantly higher

inlier percentage after the Hough transform.

Finally Lowe’s camera pose recovery algorithm [37] on all the identified corner correspondence

pairs is used to obtain a more accurate set of extrinsic camera parameters with the fixed intrinsic

parameters.
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