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In this research, multi-perspective image registration using LiDAR and visual images 

was considered. 2D-3D image registration is a difficult task because it requires the 

extraction of different semantic features from each modality. This problem is solved in 

three parts. The first step involves detection and extraction of common features from each 

of the data sets. The second step consists of associating the common features between 

two different modalities. Traditional methods use lines or orthogonal corners as common 

features. The third step consists of building the projection matrix.  Many existing methods 

use global positing system (GPS) or inertial navigation system (INS) for an initial estimate 

of the camera pose. However, the approach discussed herein does not use GPS, INS, or 

any such devices for initial estimate; hence the model can be used in places like the lunar 

surface or Mars where GPS or INS are not available. A variation of the method is also 

described, which does not require strong features from both images but rather uses 

intensity gradients in the image. This can be useful when one image does not have strong 

features (such as lines) or there are too many extraneous features. 
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CHAPTER 1

INTRODUCTION

3D modeling plays an essential role in developing various applications including urban

planning, cartography, environmental monitoring, medical imaging and computer gaming.

The challenge of developing fast and automated 3D model reconstructions has attracted

many researchers due to its vast potential and significance in many real world applications.

The data acquisition for 3D models, however, is complicated and time consuming. Exist-

ing large scale systems can take several months to create 3D models and require a lot of

manual intervention. In addition, this process is computationally expensive and not suitable

for applications like 3D rendering. In recent years, there has been an increase in demand

for accurate 3D building reconstruction for urban areas and for their continuous updating,

which has led to the desire to develop automatic or at least semiautomatic tools for the

acquisition of such data. In order to satisfy the above demands, more automated methods

that produce accurate geo-information are required to keep costs within reasonable bounds.

Recently developed 3D models expect sensor data like GPS (ground positioning system) or

INS (inertia navigation system). In addition, these 3D models also expect prior knoweldge

about the scene information for accurate reconstruction. They also expect a lot of features

(such as lines or orthogonal corners) to build the camera matrix. The accuracy of the 3D

model also depends upon other factors like the fusion of information from multiple sensors

(fusion of LiDAR (Light Detection and Ranging) and visual images) instead of using informa-

tion from the same sensor. Using more data from the same sensor also improves the quality

of the final output.

Considering all of the above factors, I have developed four algorithms which can work

under more demanding situations such as (1) when the real-world camera coordinates are

not known. (2) The second algorithm was able to build the camera matrix without matching
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the common features between two images. (3) In the third algorithm, I developed a strategy

to refine the camera matrix using the N-views of the scene. (4) In the fourth algorithm,

I combined two different approaches which can reduce the 2D-3D registration error. In

addition, I applied my algorithms in several applications including map updation and time

series analysis. My approaches do not require external data such as GPS or INS.

1.0.1. Main Contributions

In my work, (1) I demonstrated a procedure for 2D-3D registration without using any

sensors like GPS or INS. My algorithm does not require any apriori knoweldge about the

scene. Some researchers may argue, that the cost of GPS or INS is low. Algorithm can

still be employed where GPS or INS may not be available (e.g. Lunar and Mars surface).

(2) I introduced an algorithm to build the camera matrix without matching the common

features between images (3) I also extended my 3D reconstruction scheme using N-views

which improves the final reconstruction of the 3D model. In this approach, I solved the

scalability problem. I developed a new method for removing the scale factor ambiguity which

arises in 3D reconstruction from the fundamental matrix. (4) I also implemented my 3D

algorithm for certain 2D applications such as change detection from time series(for example,

for environmental monitoring). My algorithm is able to detect changes in static and dyanmic

scenes. Conventional algorithms can detect changes in images of urban environment, but in

images of rural areas, the features are poor. I used color intensities as features to detect

changes over periods of time in images of rural areas using my algorithm. (5) My algorithm is

able to overcome the limitations of the SIFT (Scale Invarient Feature Transform) algorithm.

SIFT is a robust algorithm being used in many 2D applications. However, SIFT algorithm

fails to register images if they were taken by different sensors and at different times. My

algorithm remove such limitations.

Why fuse 2D images with 3D data?

The traditional method used to reconstruct surfaces is photogrammetry. Building 3D

2



models using photogrammetry requires two or more overlapping images with some common

features such as lines or points. The correspondence between two images is established

through a process called stereopsis [19]. However, the success of 3D model reconstruction

using visual images is marginal. Despite much research on this topic, there is no widely ac-

cepted method for building complex scenarios such as large scale urban environments with

high precision which would be useful for applications such as disaster management. Further,

there is a need for human intervention at the level of control and editing. 3D model re-

construction using visual images also suffers from stereo matching problems and degree of

automation. At the same time, it has some advantages such as very rich scene information

and high horizontal and vertical accuracy.

On the other hand, LiDAR has emerged as a promising method to capture digital

surface data in a precise manner. It is a system which reflects light from the surface of the

earth using points at irregularly spaced intervals. I call the measured points a point cloud in

this text. Table 1.1 illustrates the advantages of the LiDAR and aerial images LiDAR has

many advantages over traditional photogrammetric devices such as dense sampling, good

vertical accuracy, fast data collection and processin,g and the ability to collect data in a wide

range of applications. In addition, unlike aerial photography, it is not restricted by illumination

changes due to fluctuations in daylight or clouds. At the same time, it faces some drawbacks

such as little scene information, reduced horizontal accuracy, no redundant information, and

higher cost. Both LiDAR and photogrammetry have their own advantages and disadvantages

in the context of reconstructing surfaces. Many researchers have attempted to combine these

two methods into one for surface reconstruction. By combining LiDAR and photogrammetry,

the shortcomings of one method can be eliminated by the advantages of the other.

The complementary nature of LiDAR and visual images is more evident when I make

an attempt to describe the surface explicitly. The data for my real-world experiment is

obtained from a downtown area of New Orleans which mostly consists of man made objects
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Table 1.1. Advantages of LiDAR and aerial images

LiDAR Aerial Images

Advantages 1) High sampling 1) High horizontal

density accuracy

2) High vertical 2) High vertical

accuracy accuracy with stereo

3) Waveform analysis 3) Rich semantic

information

4) Free from 4) Less expensive

illumination effects

Disadvantages 1) No semantic 1) Stereo matching

information

2) Highly expensive 2) Degree of automation

3) Horizontal accuracy 3) Suffers from

is poor illumination effects

and both planar and 3D surface patches. The surface patch boundaries are important surface

properties. Boundaries can be represented by lines, polylines, or orthogonal corners.

Table 1.2. Advantages of methods for various surface properties

Surface Property LiDAR Aerial Images

3D Patches x

2D Surface Patches x

Intensity Gradient x

Discontinuities x

Boundaries x

Roughness x x

Material Properties

Table 1.2 illustrates the advantages of the LiDAR and aerial images for various types

of source properties. For example, LiDAR gives direct information about 3D surface patches

and to some extent about surface roughness, but it does not provide any information about

2D surface boundaries and 2D discontinuities due to its nature. In contrast, the visual images

provide information about surface boundaries and discontinuities but they fail to contribute

towards 3D surface patches and surface roughness. On the other hand, neither LiDAR nor

visual images provide information about material properties.

From the above comparison, it is interesting to see that the disadvantages of one
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method are offset by the other method’s advantages. This is the main reason to fuse both

methods into one.

1.1. Steps for 3D Reconstruction

3-D reconstruction is usually done in three main steps. They are

(a) Data acquisition

(b) Registration

(c) Integration

1.1.1. Data Acquisition

Range data is a set of coordinates which corresponds to points on the object surface.

The coordinates provide the depth or distance of the points using a measuring device called

a range finder and the data acquired from a range finder is called range data. The range

image provides the height information in the local coordinate system. The measurement

principles can be classified into two categories, namely, passive and active methods. In a

passive method, the acquisition is done without interacting with the object, but still it requires

special purpose hardware. However it does not provide dense information. In contrast, an

active method interacts with the object to acquire data. It requires complex structure design

but it offers dense and accurate images. The taxonomy of data acquisition methods are

shown in Figure 1.1

Passive methods. Passive methods use ambient light source to extract 3D positions of

object points. Two familiar passive methods are shape-from-shading (SFS) and stereo-vision.

The SFS method uses a single image of an object. It uses the human visual system to infer

the shape of the object from its shading information. It uses variations in brightness to

recover the shape of the object. In stereo vision method, two or more images are used from

different viewpoints.

Active methods. Active methods are classified into two types: contact and non contact.

The contact type sensors consists of jointed arms attached to a narrow pointer. The location
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Figure 1.1. Taxonomy of 3-D acquisition methods

of pointer is detected by angle of the arms. (e.g - Coordinate measuring machine (CMM)

). The non contact works based on projecting energy waves towards target followed by

recording the transmitted and reflected energy (e.g- computed tomography). The advantage

of this method are it is insenstive to reflective properties of the surface and it can gather

the information from internal cavities of the object which cannot be visible from outside.

However, this scanners are expensive and hazard because of radioactive materials.

In my work, I used active non-contact method sensor for data acqusition in which

light energy are projected towards object followed by recording the transmitted and reflected

energy.
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1.1.2. Registration

The second step in the 3D reconstruction is registration. In most imaging systems,

the single view usually obstruct the full view of the object. A single scan from laser scanner

only covers part of the object. Therefore multiple scans from different angles are essential to

cover entire object. For multiple views, more data are required to handle. Here, each angle

leads to new camera coordinate frame. Registration is the process in which N-views and their

corresponding coordinate frames are aligned into a common coordinate system.

In aligning two range images, the translation and rotations are the two motions which

brings corresponding points as close as possible. For example, in rigid surfaces, the transfor-

mation consists of R (rotation matrix) and translation vector t. It is defined as

y = Rx +t

in above equation x is the point in camera coordinate and y is the point in world coor-

dinates. Thus registration becomes point matching problem. Existing registration techniques

can be classified into feature matching technique and surface matching technique.

Feature Matching Technique. In this technique, As a first step, correspondences are es-

tablished between available features in the image. In the second step, tranformation function

are determined using correspondences. Features such lines, orthogonal corners are gener-

ally used. The motivation of using features is to reduce the amount of information to be

processed and still preserving the valuable information essential for matching.

Surface Matching Technique. This technique can able to handle complex scenes and it

does not require any assumptions regarding tranformations between images. This method

starts with approximate registration and iteratively reduce the error by refining the registra-

tion.

In my work, I used feature matching technique because I know the information intrinsic

parameter of the camera and the images are rich in features like lines.
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1.2. Integration

Successful registration aligns all images into common coordinate system. However,

the registered images taken from different view points usually consist of overlapping surfaces

of same scene. In Integration step, these redundancies are removed. In my work, I used

limited number of images. I will enhance the algorithm to include more images.

1.2.1. Organization of the Dissertation

In chapter 2, a detailed survey of the literature pertaining to accurate 3D model recon-

struction using photogrammetric images, fusion of LiDAR and visual images using calibrated

and uncalibrated approach is presented.

Chapter 3 describes the problem of registering 2D images with 3D data without ex-

ternal orientation data such as GPS or INS data. In this chapter, I describe an automated,

fast, robust registration of visual images with 3D data generated from a LiDAR sensor. I

demonstrate the performance of my algorithm on both synthetic and real world data.

In chapter 4, I develop a robust framework for the registration of LiDAR data with 2-D

visual images using a method based on intensity gradients. My proposed algorithm consists

of two steps. In my approach, I overcome some of the limitations of 3-D reconstruction

methods based on a direct matching of features between the two data sets. My algorithm

achieves an accuracy for the camera pose recovery of about 98 synthetic images tested,

and an accuracy of about 95 real-world images I tested, which were from the downtown

New Orleans area. Chapter 4 has appeared as the paper “Automated two-dimensional-three

dimensional registration using intensity gradients for three-dimensional reconstruction” in [8].

Chapter 5 describes a method that registers one LiDAR image with N conventional

visual images to reduce the error and to build a robust registration for 3D reconstruction.

I demonstrate my method on a synthetic model which is an idealized representation of an

urban environment.

In chapter 6, I develop some 2D applications using my 2D-3D registration. In this
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chapter, I demonstrate registration of the overlapping part of the same scene taken from

different sensors and different time. My approach is beneficial especially in updating the map

and it solves the limitations of SIFT algorithm. Chapter 6 has appeared as the paper “Map

Updation using Image Registration for Different Sensors by Camera Calibration” in [7].

Chapter 7 discusses change detection in images of rural and urban areas under the

presence of rich and poor features. In this chapter, I discuss an automated method for

detecting changes in unregistered images of urban and rural areas taken over a period of

time. Chapter 7 has appeared as the paper “Color-based Features for Registering Image

Time Series” in [9].

Chapter 8 concludes the dissertation with a discussion of the future scope of this work.
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CHAPTER 2

HISTORY OF DEVELOPMENT

2.1. History of Development

3D models of urban areas can be built in many ways. In earlier days [4], 3D models

were developed from two or more visual images. In particular, one method used collections

of polygonal patches in the image, in which each of the patches enclosed a compact area

with similar photometric and chromatic properties and which mutually touch the common

boundaries. However, this method lacks accuracy and resolution, and the ability to be fully

automated. In recent years, better resolution and accuracy of airborne lasers have enabled

improved 3D model building using DSM (Digital Surface Model). In addition, the advance-

ment of efficient software systems has reduced human interaction in developing 3D models.

Of particular note are automatic approaches which integrate DSM with 2D ground plane

information in building the model. Although such methods are fast, the resulting resolution is

only limited. For example, the work presented in [19], focuses on building the 3D model using

ground level elevations, but it is limited to a few buildings. An image based method [18] was

later introduced which overcomes the above mentioned problem. In this approach the scene

is recorded by video camera from different viewpoints.

Image-based approaches have advantages and challenges [18, 15]. Primarily, there is

no need for calibration of the scene and there in no range limitation in this approach which

can cover the whole scene. In addition, the data acquisition is easier since recording can be

done using any photo recording device like camcorders or digital cameras. This flexibility leads

to less cost in building the model. In contrast, however, it has several drawbacks including

illumination effects, complexity of outdoor scenes, particularly glass surfaces, bushes and

trees, which cause problems for vision-based approaches.

A more recent method for building 3D models makes use of mobile robots with 2D
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and 3D scanners [15, 13]. In this model, accurate geometry and photometry of the scene is

generated by integrating range and image measurements. Mobile robots are used for data

acquisition, in which they start with multiple unregistered range scans and visual images with

different viewpoints. 3D features are extracted from the overlap part of the 2D planar surface

and the 3D features are registered with the 2D features and finally translated into a solid 3D

model. However, this model suffers from several limitations such as increased time for data

acquisition and the reliability of robots in external environments being not dependable.

Another approach based on half-spherical images is proposed in [17]. This model uses

corners as features to detect edges in 2D images which were used to estimate the relative

rotation of multiple cameras. A hybrid model consisting of expectation maximization (EM)

and Hough Transform (HT) uses these edges along with intrinsic camera calibration to esti-

mate the 3D orientation of vanishing points (VP) of the scene. Finally, the VP information is

matched across the cameras and their correspondences are used for optical alignment. This

approach has several advantages like scalability, global optimality, robustness and sophisti-

cated pose computation, but it has a few limitations like the data acquisition being obtained

in a stop-and-go-fashion and the 3D reconstruction being purely image based which has its

own deficiencies.

Another sophisticated model was introduced based on vertical laser scanners in cars [14].

In this approach, ground based lasers are fused with charge coupled device (CCD) images for

building a textured 3D urban object. Here both the laser range image and the CCD image

are captured from the same platform. The registration between these two images is done by

capturing planar surfaces which are extracted from laser range images. This approach has a

few advantages such as data acquisition in reasonable time and at the same time it has one

limitation. It uses a GPS for localization. GPS usually fails in dense environments (canyons).

It also gives erroneous results in multi-path environments and it is highly expensive for ground

based modeling. Later, a fast and improved ground based acquisition of 3D models was in-
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troduced [11]. In this model, data is collected at ground-level using two inexpensive scanners,

one in a vertical and another in a horizontal direction. Successive scans are matched with

each other to estimate the vehicle motion, and corresponding movements are concatenated

to form an initial path. This initial path is corrected by a Monte-Carlo Localization (MCL)

technique. An aerial photograph is used as a global map to match the horizontal laser scans.

This model is improved compared to previous models, but still faces some problems. A first

problem is in pose computation, because pose correction depends on laser scans and the

accuracy of the global map is very limited in dense areas. Second, during data acquisition the

truck was not able to scan facades on the backsides of the buildings. Third, it faces some

vision based problems such as glass surfaces and foreground objects appearing cluttered and

visually not convincing. However, it is still an open problem as how to use this model for

complex buildings, especially since this model does not provide any information about the

roof tops that are not visible from ground level.

An enhanced version of [11] was introduced in [2] in which a detailed facade model

is registered and fused with a complementary airborne model using MCL techniques. Finally,

these two models are merged at different resolutions to build a 3D model. This model is

more advanced than previous models, and visually acceptable, but still has one limitation.

It faces problems with foreground objects like cars and trees. Therefore, in dense areas

the resulting image has visual artifacts. A fast and automated camera pose algorithm was

introduced to build 3D models by fusing aerial images with un-textured LiDAR data in [5].

In this approach, they used vanishing points (VP) to develop a feature matching technique

based on 2D corners in aerial images with corresponding 3D orthogonal corners in DSM

images obtained from LiDAR data. The focal length is fixed in this model for the entire

data acquisition process and GPS (NAV 420 CA) was used for estimating a coarse camera

position. However, this model sometimes fails to produce detailed information from dense

buildings.
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Several attempts have been made to create 3D models by fusing aerial and LiDAR

data. A 3D model generation based on fusing aerial and LiDAR data using multiple geometric

features is introduced in [10]. In this model, the 2D images are registered with 3D LiDAR

data by hybrid block adjustment using lines and points as features. This method was robust

in registration, but it also suffers from vision orientation problems.

In contrast to the above existing strategies, in my research, I developed robust and

fast registration techniques that estimate the extrinsic camera parameters without requiring

any prior knowledge or the need for sensors such as GPS or INS.
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CHAPTER 3

ROBUST AUTOMATED REGISTRATION OF VISUAL IMAGERY WITH 3D LIDAR

MODELS

3.1. Introduction

In this chapter, I describe an automated, fast, robust registration of visual images

with 3D data generated from LiDAR sensor. My approach consists of two steps. In the first

step, I determine the extrinsic camera parameters to roughly estimate the camera calibration

matrix without any apriori knowledge. In the second step, I refine the calibration matrix.

Specifically, I extract 2D lines as features from both visual and LiDAR data. Additionally,

I introduce several constraints for matching the conjugate line features in the overlap area

between 2D image and 3D LiDAR data. I demonstrate the performance of my algorithm on

both synthetic and real world data.

3.2. 2D-3D Registration

The first step in my approach is to register 2D image with 3D model obtained from

LiDAR data. I assume that I have no knowledge about the extrinsic parameters of the camera

model (including the overlap part between the 2D images and the 3D model) and also I have

not used GPS, INS, or other electronic sensors. HoIver, I assume that I know the information

about the intrinsic parameters of the camera (i.e., a calibrated camera). My solution to the

registration problem is to determine 3D lines from the 3D model and match them with the

corresponding 2D lines in the 2D image using estimated extrinsic camera parameters.

3.2.1. Data Acquisition

For both the synthetic model and the real-world data, I use two inputs to my method

a LiDAR data set and an ordinary photographic image which I refer to as the aerial image.

For the synthetic model, the LiDAR data was actually acquired with a Nextengine 3D laser

scanner which was mounted on a table and which scanned the model to generate output
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as x , y , z coordinates with z being the altitude. This array is considered to be the LiDAR

data which is input to my algorithm. The scanner and model are shown in Fig 3.1. For the

Figure 3.1. Nextengine 3D laser scanner and synthetic model

“aerial” image of the synthetic model, I used a common digital camera with manual focus

which I calibrated after capturing the image. The distance from the camera to the model

was 1.55 meters. The aerial image is shown in Fig 4.1.

For the real-world LiDAR data, I used a portion of a LiDAR map of the Louisiana

area produced by the the US Geological Survey (USGS). The raw data from this survey was

in the form of a list of x , y , z values similar to the data for the synthetic model described

above. Again, the z values refer to the vertical altitude. Aerial images of the same location

were captured with a digital camera from a fly-over of the area in an R22 Beta II helicopter

at altitude of 1200 ft. (as given by helicopter altimeter). The images were taken at several

different angles including significant oblique perspectives. The camera was again calibrated

after the image captures.

3.2.2. DSM Generation

The raw scan data consists of a set of triples (x, y , z) with z representing the altitude.

In order to refine the scan it is better to resample the scan points to a regularly spaced row-

column structure. However, this step will reduce the spatial resolution based on the grid

size. The DSM is created by assigning the highest z value to each grid size cell from its

member points and empty cells are filled by nearest neighbor interpolation. The raw data of
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(a) (b)

(c) (d)

Figure 3.2. (a) DSM obtained from LiDAR data corresponding to an urban

area in Louisiana, (b) Aerial image of the same urban area from a different

perspective, (c) DSM obtained from LiDAR data corresponding to a synthetic

model, (d) Visual image of same synthetic model from a different perspective

x , y , z values was converted using the MatLab griddata command to an array of z values

corresponding to regularly spaced x and y coordinates.

For both the synthetic and the real-world versions, the LiDAR data array is converted

into a gray-scale DSM. This DSM is then used to extract line segments which are used in

my registration algorithm. I described the method of line segment extraction in the next

subsection.

Note that there are several sources of error entering into the DSM. For example,

the DSM data is affected by small objects such as shrubs, trees, cars, antennas, etc. It is

very difficult to reconstruct all these small objects at DSM resolution. In addition, the scan

points below the top roofs cause inconsistent altitude values which result in jittery edges. For
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better reconstruction, I implemented additional processing steps such as adjusting the image

contrast to aid in edge extraction. The generated DSM of the urban area of Louisiana is

shown in 3.2 (a) and for the synthetic model in 3.2(c).

3.2.3. Finding Line Segments in DSM

To extract the line segment information from the gray-scale DSM, I used a standard

Canny edge detector to extract a binary (0, 1 valued) image corresponding to pixels deter-

mined to be on edges according to the algorithm. In the DSM, the edges are identified based

on pixel values. If the depth value of one pixel differs from any of its neighbors by higher than

a threshold, then that pixel will be marked as an edge pixel. The Canny output was then

processed in two steps to generate a list of 3D line segments. These two steps employed line

segment detection and joining algorithms from Peter Kovesi’s toolbox [16]. Basically, these

algorithms subdivide the contour, and when the maximum deviation of the contour exceeds

a threshold value, an edge segment is formed. Line segments are then fitted to these lists of

edge segments. Also, small line segments are discarded.

Specifically, the MatLab command edgelink from the toolbox was used to generate an

edge list from the Canny output, and the command seglist was used to fit line segments to

the edge list data. The line segment data is stored as a list of pairs of coordinates for the

endpoints of the line segments. Since the DSM includes z-coordinate values, these endpoint

coordinates are points in R3. The results of the line-segment extraction are shown in Fig 7.3.

3.2.4. Finding Line Segments in Aerial Images

I again used the Canny edge detector to determine the 2D edges in the aerial images for

both the synthetic and real-world data sets. For the synthetic model, I applied Peter Kovesi’s

toolbox to extract line segments from the Canny output. For the real-world data, I found it

more appropriate to use the Hough transform for the edge extraction from the Canny output.

I used the Hough, Houghpeaks, and Houghlines Matlab functions to implement the Hough

transform edge-extraction. It was necessary to adjust the parameters to these functions to
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(a) (b)

(c) (d)

Figure 3.3. (a) Canny output from the DSM, (b) Houghlines extracted from

the DSM, (c) Canny output from the synthetic image, (d) Edges extracted

from the synthetic image

obtain suitable edges. The results of the edge detection and extraction are shown in Fig. 4.4.

For both the synthetic and real-world models, the extracted line segments from the aerial

images are stored as 2D line segments (i.e., a pair of 2D points). Smaller line segments are

again removed in order to improve the ratio between true and false edges. However there still

will be plenty of false edges due to small objects like windows, side walks, vehicles and trees.

3.2.5. Searching for Extrinsic Parameters

The complete camera matrix P consists of 11 parameters (P is a homogeneous 3× 4

matrix) in which 5 are intrinsic parameters and remaining 6 are extrinsic parameters. The

intrinsic parameters correspond to the camera calibration matrix K which in my model is

assumed known. The 6 extrinsic parameters correspond to the pose of the camera, that is,

to the position of the camera center (relative to world origin) and the the camera orientation.

I assumed fixed (but arbitrary) world coordinates and let the camera centered coordinates be
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(a) (b)

(c) (d)

Figure 3.4. (a) Canny output from the real-world scene, (b) Houghlines ex-

tracted from the real-world scene, (c) Canny output from the synthetic visual

image, (d) Lines extracted from the synthetic visual image

as shown in Fig 4.3.

Figure 3.5. Illustration of extrinsic camera parameters

A conventional way [12] to represent the camera matrix P through the internal matrix

K and the extrinsic parameters is through the formula

(1) P = K (R | t) = K (R | −RC)
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where C = (C1, C2, C3)
T are the coordinates of the camera center in the world co-

ordinate system. In this formula, R represents the rotation matrix which rotates the world

coordinate axes into the camera coordinates axes. Also, t = −RC can be thought of as a

translation vector. In my method, I use a somewhat different approach to computing P which

greatly improves the performance of the algorithm. The idea is that in most situations the

camera will point roughly in the direction of −C, that is, it will approximately be pointing back

to a common position which I take as the center of the world coordinate system. This has

the effect of reducing two of the three angles involved in the rotation matrix to small ranges,

and essentially removes two degrees of freedom from the search space. To be specific, let

x, y , z denote the world coordinate axes, let x ′, y ′, z ′ denote the camera centered coordinate

axes as shown in Fig. 4.3, and let x̂ , ŷ , ẑ denote the coordinate axes defined as follows. Let

ẑ = −C, the vector pointing from the camera center to the origin of the world coordinate

system. The remaining axes x̂ , ŷ are arbitrary subject to forming a right-handed orthogonal

coordinate system including x̂ . In my case, I took x̂ to be a vector orthogonal to ẑ and which

had 0 third coordinate. I then have ŷ = −x̂ × ẑ . I let R′ be the rotation matrix which rotates

the (x̂ , ŷ , ẑ) coordinate system to the (x ′, y ′, z ′) coordinate system. The matrix R′ can be

described as follows. Let αx , αy , αz denote rotation angles about the x ′, y ′, z ′ axes with

respect to the camera center. Then

R′ = R′z · R′y · R′x ,

where

R′x =


1 0 0

0 cos(αx) − sin(αx)

0 sin(αx) cos(αx)

 ,
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R′y =


cos(αy) 0 − sin(αy)

0 1 0

sin(αy) 0 cos(αy)

 ,

R′z =


cos(αz) − sin(αz) 0

sin(αz) cos(αz) 0

0 0 1

 .
Again, the idea is that αx , αy should be small. Let M be the matrix whose columns are the

unit vectors x̂ , ŷ , ẑ expressed in world coordinates. An easy computation shows that

M =


C2√
C21+C

2
2

−C1C3√
C21+C

2
2+C

2
3

√
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2
2
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2
3

−C1√
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2
2
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2
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2
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2
2
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2
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 .

Note that M is an orthogonal matrix, so M−1 = MT . the matrix M−1 will change (x, y , z)

coordinates into (x̂ , ŷ , ẑ) coordinates, and so R′M−1 will change (x, y , z) coordinates into

(x ′, y ′, z ′) coordinates. Thus, my formula for the camera matrix becomes

(2) P =
(
K · R′ ·M−1 | −K · R′ ·M−1 · C

)
which is a function of C = (C1, C2, C3) and the rotation angles (αx , αy , αz).

I parametrize the camera center coordinate C using spherical coordinates with respect

to the world coordinate system. That is, I let

C1 = r sin(ϕ) cos(θ),

C2 = r sin(ϕ) cos(θ),

C3 = r cos(ϕ).

In my model, I assume that the distance r from the world origin to the camera center
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is known. The angles θ, ϕ are assumed to be arbitrary (and unknown). Thus, my search

space consists of the arbitrary angles θ, ϕ, αz , and the small angles αx , αy . In practice, even

the angles θ and ϕ would in many cases be approximately known. However, I did not assume

any apriori knowledge of these parameters.

For given values of ~s = (θ, ϕ, αz , αx , αy) in the search space, the matrix P (~s) is

computed. The matrix P (~s) gives a projective transformation from the lines in the 3D

LiDAR image into the 2D camera image plane. For each value of ~s, I compute an error-

metric for this line matching which I use to rate this particular value of ~s. This error-metric

for the line matching is described next.

3.2.6. Line Matching Process

For a given value ~s = (θ, ϕ, αz , αx , αy) in the search space, and corresponding camera

matrix P (~s) described above, the next step is to grade this set of parameters with a suitable

error metric which describes how well P (~s) actually registers the two images. Recall I have

extracted a set of 3D line segments in the LiDAR image, which I denote L1, . . . , Lm, and

a set of 2D line segments in the aerial image, which I denote L′1, . . . , L
′
n. For given ~s, I

compute the images of the 3D line segments via the assumed camera matrix P (~s), which

gives P (~s)L1, . . . , P (~s)Lm. I compute P (~s)Li by multiplying the coordinates of the endpoints

of Li (expressed in projective coordinates) by P (~s), and the converting back to Euclidean

coordinates. Note that the transformed line segment P (~s)Li is given as an unordered set of

2D coordinates of endpoints. The error metric E(~s) is then computed as follows. For each

i ≤ m I find the j ≤ n which minimizes the distance between the unordered sets P (~s)Ei and

E ′j , where P (Ei) denotes the transformed endpoints of Li and E ′j denotes the endpoints of

L′j . In mathematical terms, IF are using the Hausdorff Let d̂ denote this extended Hausdorff

metric on the two point sets. I choose the value of j which minimizes the d̂ distance, and

then sum over all i to obtain my final error metric. Thus, I define the following error metric
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to guide the search process:

(3) E(~s) =

m∑
i=1

min
1≤j≤n

d̂(P (~s)Ei , E
′
j).

While the above error metric is sufficient to produce reasonably accurate registration

on some of the image pairs, there are other cases where it does not perform as expected. The

problem seems to be that when there are too many LiDAR edges that do not correspond to

any of the extracted aerial line segments, then the corresponding terms in the above formula

behave as “noise” and can be sufficiently large to override the non-noise terms in the formula.

To adjust for this, I modified the above metric by replacing the term min1≤j≤n d̂(P (~s)Ei , E
′
j)

in the formula with the truncation

(4) min( min
1≤j≤n

d̂(P (~s)Ei , E
′
j),ME)

to ensure that any individual term does not exceed a certain threshold value ME. This

controlled the contribution from the noise terms and resulted in improved performance.

In implementing the above error metric, I used only a relatively small set of “best”

line segments from both the LiDAR and aerial images. For the synthetic model I used the

10 best line segments from each image. In my case, the notion of “best” was determined

by the length of the line-segment (in Euclidean coordinates). In practice, the line detection

algorithms generate many line-segments in both images, and the smaller line-segments tend

to be less reliable. Also, smaller line-segments may correspond to transient features such as

cars, which vary in the images.

To recover the external camera parameters I simply select the ~s which minimizes E(~s),

which by equations (3) gives the camera matrix P . As I noted previously, an important point is

that the angles αx , αy in the search space are confined to small values, and so the parameter

search in mainly a search over the remaining parameters ϕ, θ, αz . This makes the resulting

search practical.
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3.3. Experimental Results

I ran the method described above on two different models. For the first I used a

synthetic model of a city, which was the object shown in Fig. 3.1. The object, which is

intended to approximate an urban environment, is comprised mainly of straight line segments.

For the second application I used real-world data obtained from a helicopter fly-over of part

of the city of New Orleans as well as LiDAR data of the same area obtained from the USGS.

I describe each of these experiments in more detail.

3.3.1. Synthetic Model

The wooden model of Fig. 3.1 measures approximately 11 cm by 18 cm. The synthetic

LiDAR data was obtained by using a 3D light scanner which outputs the data in a file

consisting of triples (x, y , z) where the z-coordinate gives the altitude above the level plane

of the scanner. Thus, the synthetic LiDAR values are in a form consistent with the real-world

LIDAR values to be used in the real-world model. For the aerial view, I used a digital camera

with a random orientation at a distance of approximately 1.5m from the object. The camera

was pointed roughly in the direction of the model being photographed, which is the main

assumption of my method.

As described above, I first turned the raw scanner data into a gray scale image and

then ran the Canny edge detector. Line segment extraction and joining was then done using

Kovesi’s toolbox, and from the resulting line segments the five best were selected. The results

are shown in Figures 3.3 (c) and 3.3 (d).

At this point, I have extracted the best line-segments from both the LiDAR and aerial

images and this data is then passed to the main Matlab program which implements the

algorithm described in section 3.2. I used a camera distance of 1.55m. The search range for

αx and αy was restricted to the range of −5◦ to 5◦. the angles θ, ϕ, αz were unrestricted

(so 0 ≤ ϕ ≤ 90◦, 0 ≤ θ, αz ≤ 360◦). After completion of the algorithm I have recovered the

camera matrix P which corresponds to the best registration of the LiDAR line-segments to
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the aerial line-segments according to the error metric described in section 3.2.5. The values

of the camera pose parameters for the optimal pose were determined to be: αx = −4◦,

αy = 2◦, αz = 1◦, θ = 75◦, and ϕ = 35◦. The final output of the algorithm is shown in

Fig 3.6.

Figure 3.6. Results of the proposed automated registration approach on the

synthetic model

In this figure the green lines are the best aerial edges, where I have removed the

bounding edges of the object for visual clarity. The blue edges are the best LIDAR edges

transformed by the camera matrix P computed by the algorithm.

3.3.2. Real-World Model

For the second application of my method I used real-world LiDAR and visual data from

a section of downtown New Orleans. The LiDAR data used was from a USGS survey [1],

from which the appropriate part of the data set was extracted. Visual images of the same

area was obtained from a helicopter fly-over of the area. Since I are assuming a calibrated

camera model, I did not alter the camera parameters between the capture of the image and

the calibration of the camera.

A gray-scale rendering of the LiDAR data is shown in Fig 3.2(a) . The contrast in the

LiDAR image was enhanced in Matlab and then edge detection was done using the Canny

edge detector. Due to the rather coarse nature of the LiDAR data, including some rather

jagged edges, I found it advantageous to employ the Hough transform for the edge extraction
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step. This required configuration of some of the parameters of the Hough and Houghlines

Matlab functions that were called. The results of the edge detection and extraction are

shown in Fig 3.3(a) and 3.3(b).

The first aerial image I used is shown in Fig 3.2(b). I again used the Canny edge

detector followed by the Hough transform to extract the best aerial edges which are shown in

Fig 3.4(a) and 3.4(b). After running my algorithm, the transformed LiDAR edges (in blue)

are shown superimposed on the aerial edges (in green) in Fig 6.2. The algorithm recovered

the camera pose parameters as described in section 4.2.3 to be αx = 0, αy = −1◦, αz = −1◦,

θ = −150◦, and ϕ = 50◦.

Figure 3.7. Results of registering DSM with visual image: blue lines are pro-

jected from DSM and green lines are projected from visual image

A second aerial image of the same area, from a different perspective is shown in Fig

3.8(b). The results of the edge extraction and output of the algorithm are also shown in

Fig 3.8(c). The algorithm determined the camera pose parameters to be αx = 1◦, αy = 2◦,

αz = 3◦, θ = −120◦, and ϕ = 45◦. Table 6.1 shows the final values of the error metric for

the recovered poses, along with the conputation time, for the synthetic model and the two

real-world data sets.
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(a) (b)

(c)

Figure 3.8. (a) Second aerial image, (b) edge extraction, (c) final registration

Table 3.1. Error and computational times

Model Error Time (sec)

Synthetic 42.21 41.9

Data Set I 241.33 56.97

Data Set II 204.32 54.22

3.4. Conclusions and Future Work

In this paper I have investigated a method for 2D-3D registration of aerial camera

and LiDAR data without the use of any external orientation data. In particular, no use is

made of GPS or other external coordinate data. Because of the relatively coarse nature of

the LiDAR data it not expected that the camera matrix recovery will be perfect. Rather

it is expected that the method might be useful as an initial camera pose recovery method
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which, for example, may be suitable to pass to other registrations methods. In the runs of

the method, I found that decreasing the angle step size for θ and ϕ in the search algorithm

from about 2.5◦ to 5◦ generally did not result in an increased performance. This is most

likely due to the nature of the LiDAR data as well as inherent limitations in the method itself

(e.g., imperfections in the line matching algorithm). Nevertheless, in both the synthetic and

real-world runs of the algorithm, the method was able to recover the camera pose to within

about 5◦. This is confirmed by visual inspection of the LiDAR and aerial images. To help

confirm this, in the real-world images shown in Fig 3.7 and 3.8(c) I manually added vertical

edges to the output of the LiDAR line extraction for one of the buildings (these edges don’t

appear in the aerial edge list, so did not effect the algorithm). Visual comparison of these

figures with the aerial images confirms the accuracy of the recovered pose.

There are several limitations to the current implementation of the algorithm. First,

I assume a known value r for the distance from the camera to the object (origin of world

coordinate system). In theory I could add this as a parameter to search space, but this

adds new difficulties. Unlike the other search parameters, r does not range over a bounded

interval, so some a priori knowledge is still necessary. It would be reasonable, however, to

assume coarse bounds on the values of r and search over the resulting interval. This, however,

would slow the algorithm considerably, and in practice, I feel it is a reasonable assumption to

say that r is known. For example, if the visual images are acquired by aircraft, altitude data is

probably available, and from this a reasonable estimate of r can be obtained. Alternatively, if

one assumes knowledge of a matched pair of line segments in the LiDAR and visual images,

then the algorithm could be readily modified to compute the appropriate value of r at each

step. Indeed, the error metric used in the algorithm can be easily modified to account for

a certain number of fixed matched pairs of line segments. This might also improve the

accuracy of the algorithm, but I have not as yet carried out this investigation. My goal is

to move toward a completely automated registration procedure, not using any camera pose
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information. Another limitation is that the method fails to work if the visual image is taken

from an angle nearly orthgonal to that of the LiDAR image. This seems to be an inherent

limitation of the method, but in many applications would not present a major obstacle (e.g.,

if all the images were taken by an aircraft). On the other hand, registering an overhead

LiDAR view with a horizontal ground view would not be feasible.

There are several ways in which the algorithm might be improved. First, for the

aerial images it was necessary to manually adjust some of the parameters in the Hough line

extraction in order to obtain reasonable line sets (although the same parameter set worked for

both aerial images). More work needs to be done on automating/improving this part of the

method. Also, various factors such as small objects (trees, cars, etc.) and other occlusions

effect the quality of the edge extraction. These remain challenging problems. There is also

much room for further investigation into the error metric that is used in the camera-matrix

scoring routine. For example, giving different weights to different line segments based on a

reasonable image-specific criterion might improve the method.
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CHAPTER 4

AUTOMATED 2D-3D REGISTRATION USING INTENSITY GRADIENTS FOR 3D

RECONSTRUCTION

4.1. Introduction

In this chapter, I develop a robust framework for the registration of Light Detection and

Ranging (LiDAR) images with 2D visual images using a method based on intensity gradients.

My proposed algorithm consists of two steps. In the first step, I extract lines from the Digital

Surface Model (DSM) given by the LiDAR image, and then I used intensity gradients to

register the extracted lines from the LiDAR image onto the visual image to roughly estimate

the extrinsic parameters of calibrated camera.

In contrast to the method discussed in chapter 3, in this approach, I extract lines from

the LiDAR data and intensity gradient information from the visual image. This new method

overcomes some of the limitations of feature matching methods such as inability to deal with

weak features.

4.2. 2D-3D Registration

The goal in my approach is to register a 2D image with a 3D model obtained from

LiDAR data. I assume that I have a calibrated camera and have no information regarding the

extrinsic parameters of the camera (I have not used GPS, INS, or sensor data). The first step

is to extract 3D lines from the DSM given by the LiDAR data. I will then transform these

lines towards corresponding edges on the visual image using assumed extrinsic parameters. I

will not, however, actually extract edges from the aerial image.

In registering a 2D aerial image with 3D LiDAR data, the main problem is the camera

pose estimation. Since I am assuming a calibrated camera model, recovering the camera

pose determines the camera projection matrix which then allows registration of the two

images. These two data sets, however, are taken from different poses. I have no apriori
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knowledge about the correspondences between the two data sets. Two features that can be

matched between these two modalities are lines and corners. However, angles and corners

are not preserved in projective transformations, and using them would require extra scene

information (such as vanishing points). For this reason I use lines to register between the

aerial image and the LiDAR data. Suppose I have a candidate for the external parameters.

Since I am assuming I have a calibrated camera this gives a candidate for the camera matrix

P . I extract the best 3D line segments in the DSM and, applying P , get candidates for

their positions in the aerial image. I grade this candidate by seeing how well the transformed

LiDAR edges fit with the aerial image. I do this using a method based on intensity gradients,

which I will explain in more detail below. Basically, intensity gradients in the aerial image are

used to compute a matching metric which is maximized in the search algorithm. The search

over the camera pose parameters is also done in a novel and efficient manner involving a new

factoring of the camera matrix. This is also discussed in more detail below.

4.2.1. DSM Generation

The raw scan data consists of a set of triples (x, y , z) with z representing the altitude.

In order to refine the scan it is better to resample the scan points to a regularly spaced row-

column structure. However, this step will reduce the spatial resolution based on the grid

size. The DSM is created by assigning the highest z value to each grid size cell from its

member points and empty cells are filled by nearest neighbor interpolation. The raw data of

x , y , z values was converted using the MatLab griddata command to an array of z values

corresponding to regularly spaced x and y coordinates.

For both the synthetic and the real-world versions, the LiDAR data array is converted

into a gray-scale DSM. This DSM is then used to extract line segments which are used

in my registration algorithm. I describe the method of line segment extraction in the next

subsection.

Note that there are several sources of error entering into the DSM. For example,
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the DSM data is affected by small objects such as shrubs, trees, cars, antennas, etc. It is

very difficult to reconstruct all these small objects at DSM resolution. In addition, the scan

points below the top roofs cause inconsistent altitude values which result in jittery edges. For

better reconstruction, I implemented additional processing steps such as adjusting the image

contrast to aid in edge extraction. The generated DSM of the urban area of Louisiana is

shown in Fig 4.1(a) and the DSM for the synthetic model is shown in Fig 4.1(c).

(a) (b)

(c) (d)

Figure 4.1. (a) DSM obtained from LiDAR data corresponding to an urban

area in Louisiana, (b) Aerial image of the same urban area from a different

perspective, (c) DSM obtained from LiDAR data corresponding to a synthetic

model, (d) Visual image of same synthetic model from a different perspective

4.2.2. Finding Line Segments in DSM

To extract the line segment information from the gray-scale DSM, I used a standard

Canny edge detector and created a binary (0, 1 valued) image corresponding to pixels deter-

mined to be on edges according to the algorithm. In the DSM, the edges are identified based
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on pixel values. If the depth value of one pixel differs from any of its neighbors by an amount

higher than a threshold, then that pixel will be marked as an edge pixel. The Canny output

was then processed to generate a list of 3D line segments. For the synthetic image the image

was processed in two steps which are the line segment detection and joining algorithms from

Peter Kovesi’s toolbox [16]. Basically, these algorithms subdivide the contour, and when the

maximum deviation of the contour exceeds a threshold value, an edge segment is formed.

Line segments are then fitted to these lists of edge segments. Also, small line segments are

discarded. Specifically, the MatLab command edgelink from the toolbox was used to generate

an edge list from the Canny output, and the command seglist was used to fit line segments

to the edge list data. The line segment data is stored as a list of pairs of coordinates for the

endpoints of the line segments. Since the DSM includes z-coordinate values, these endpoint

coordinates are points in R3. The results of the line-segment extraction are shown in Fig 7.3.

For the real-world data, I found it more appropriate to use the Hough transform for

the edge extraction from the Canny output. I used the Hough, Houghpeaks, and Houghlines

Matlab functions to implement the Hough transform edge-extraction. It was necessary to

adjust the parameters to these functions to obtain suitable edges. The results of the edge

detection and extraction are shown in Fig 7.3.

For both the synthetic and real-world LiDAR images, I kept only the best edges ex-

tracted from the above procedure, where “best” is determined by segment length. The

number of best edges used was in the range of 10–15.

4.2.3. Searching for Extrinsic Parameters

The complete camera matrix P consists of 11 parameters (P is a homogeneous 3× 4

matrix) in which 5 are intrinsic parameters and remaining 6 are extrinsic parameters. The

intrinsic parameters correspond to the camera calibration matrix K which in my model is

assumed known. The 6 extrinsic parameters correspond to the pose of the camera, that is,

to the position of the camera center (relative to world origin) and the the camera orientation.
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(a) (b)

(c) (d)

Figure 4.2. (a) Canny output from the DSM, (b) Houghlines extracted from

the DSM, (c) Canny output from the synthetic image, (d) Edges extracted

from the synthetic image

I assumed fixed (but arbitrary) world coordinates and let the camera centered coordinates be

as shown in Fig 4.3.

Figure 4.3. Illustration of extrinsic camera parameters
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A conventional way [12] to represent the camera matrix P through the internal matrix

K and the extrinsic parameters is through the formula

(5) P = K (R | t) = K (R | −RC)

where C = (C1, C2, C3)
T are the coordinates of the camera center in the world coordinate

system. In this formula, R represents the rotation matrix which rotates the world coordinate

axes into the camera coordinates axes. Also, t = −RC can be thought of as a translation

vector. In my method, I use a somewhat different approach to computing P which greatly

improves the performance of the algorithm. The idea is that in most situations the camera

will point roughly in the direction of −C, that is, it will approximately be pointing back to a

common position which I take as the center of the world coordinate system. This has the

effect of reducing two of the three angles involved in the rotation matrix to small ranges,

and essentially removes two degrees of freedom from the search space. To be specific, let

x, y , z denote the world coordinate axes, let x ′, y ′, z ′ denote the camera centered coordinate

axes as shown in Fig. 4.3, and let ~x , ~y , ~z denote the unit vectors corresponding to the three

axes in the world coordinate system. Let ~z = −C, the unit vector pointing from the camera

center to the origin of the world coordinate system. The remaining axes ~x , ~y are arbitrary

subject to forming a right-handed orthogonal coordinate system including ~x . In my case, I

took ~x to be a vector orthogonal to ~z and which has 0 as the third coordinate. I then have

~y = −~x × ~z . I let R′ be the rotation matrix which rotates the (~x, ~y , ~z) to align with the

(x ′, y ′, z ′) coordinate system. The matrix R′ can be described as follows. Let αx , αy , αz

denote rotation angles about the x ′, y ′, z ′ axes with respect to the camera center. Then

R′ = R′z · R′y · R′x ,
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where

R′x =


1 0 0

0 cos(αx) − sin(αx)

0 sin(αx) cos(αx)

 ,

R′y =


cos(αy) 0 − sin(αy)

0 1 0

sin(αy) 0 cos(αy)

 ,

R′z =


cos(αz) − sin(αz) 0

sin(αz) cos(αz) 0

0 0 1

 .

Again, the idea is that αx , αy should be small. Let M be the matrix whose columns are the

unit vectors ~x , ~y , ~z expressed in world coordinates. An easy computation shows that

M =


C2√
C21+C

2
2

−C1C3√
C21+C

2
2+C

2
3

√
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2
2
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2
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2
3

−C1√
C21+C

2
2
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2
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2
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√
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2
2
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2
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2
3

0
C21+C

2
2√

C21+C
2
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2
3

√
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2
2

−C3√
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2
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2
3

 .

Note that M is an orthogonal matrix, so M−1 = MT . The matrix M−1 will change (x, y , z)

coordinates into (x̂ , ŷ , ẑ) coordinates, and so R′M−1 will change (x, y , z) coordinates into

(x ′, y ′, z ′) coordinates. Thus, my formula for the camera matrix becomes

(6) P =
(
K · R′ ·M−1 | −K · R′ ·M−1 · C

)
which is a function of C = (C1, C2, C3) and the rotation angles (αx , αy , αz).

I parameterize the camera center coordinate C using spherical coordinates with respect
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to the world coordinate system. That is, I let

C1 = r sin(ϕ) cos(θ),

C2 = r sin(ϕ) cos(θ),

C3 = r cos(ϕ).

In my model, I assume that the distance r from the world origin to the camera center

is known. The angles θ, ϕ are assumed to be arbitrary (and unknown). Thus, my search

space consists of the arbitrary angles θ, ϕ, αz , and the small angles αx , αy . In practice, even

the angles θ and ϕ would in many cases be approximately known. However, I did not assume

any apriori knowledge of these parameters.

For given values of ~s = (θ, ϕ, αz , αx , αy) in the search space, the matrix P (~s) is

computed. The matrix P (~s) gives a projective transformation from the lines in the 3D

LiDAR image into the 2D camera image plane. For each value of ~s, I compute an error-

metric for this line matching which I use to rate this particular value of ~s. This error-metric

for the line matching is described next.

4.2.4. The Matching Metric

The matching metric uses intensity gradients in the aerial image and is based on the

following simple idea. A significant edge in the LiDAR data (e.g., the edge of a roof top) will

generally correspond to an edge in the aerial image in which there is a significant difference

in image intensity between nearby points on the two different sides of the edge. While is this

not guaranteed to be the case, in practice it seems to be a reasonable assumption. A typical

case, for example, might be where one side of the edge represents the top of the building

and the other side corresponds to a surface street.

Given a line L in the aerial image coordinate system (so L will be one of the transformed

LiDAR edges L = P (`i)) and the aerial image I, I compute the matching metric M(L, I) as

follows. The metricM I use has two adjustable parameters δ and s, soM =Mδ,s . Say L has
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endpoints x0, x1. The parameter s (actually s − 1) represents the number of sample points

along the line segment L that will be used. These points are given by y j = x0 + j
s
(x1 − x0)

for 0 ≤ j ≤ s. Let u denote the unit vector along the direction of L, so u = x1−x0
||x1−x0|| . Let v

be the unit vector perpendicular to u given by v = u × k , where k is the unit vector in the

z-direction. For each j from 0 to s, I sample δ points on the v side of L to get an “upper

sum” and sample δ points on the −v side to get a “lower sum.” More precisely, I let

S+(j) =

δ∑
i=0

I(y j + iv)

S−(j) =

δ∑
i=0

I(y j − iv).

(7)

The matching metric is then given by

Mδ,s(L, I) =

s∑
j=0

|S+(j)− S−(j)|.

I find that taking s, δ to be in range 10–20 gives a reasonable metric for my applica-

tions. The δ should be chosen large enough so that the expected error in the line segment

placement in the aerial image does not exceed δ.

4.3. Results

I tested the algorithm described in this paper on two poses of the synthetic model, and

two real-world images of the doentown New Orleans area. The LiDAR images in both cases

were taken from an orthogonal view, which would be the most commen situation. Gray-scale

images of the LiDAR data for the data sets are shown in Fig 2(a) and 2(c). The results

of the canny edge detection and line segment extraction are shown in Fig 7.3. Again, no

edge extraction from the aerial images was used. As I described above, the search space for

my algorithm consists of possible values for (αx , αy , αz , θ, φ). The αx , αy search was from

= −3◦ to 3◦ in increments of 0.5◦. The other parameters were searched over their complete

ranges in increments of 5◦.
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(a) (b)

(c) (d)

Figure 4.4. (a) Output for synthetic model, first pose, (b) Output for synthetic

model, second pose, (c) Output for real-world data, first pose, (d) Output for

real-world data, second pose

In figure 4.4 the transformed LiDAR lines resulting from my method are shown super-

imposed on the aerial images. The camera pose parameters recovered by the algorithm are

shown in table 4.1.

Table 4.1. Results

Model Recovered Angles Error Time (sec)

Synthetic Run I αx = −1.5◦, αy = −0.5◦, αz = −15◦ θ = 90◦, ϕ = 25◦ 28658 608

Synthetic Run II αx = −1◦, αy = −0.5◦, αz = 15◦ θ = 60◦, ϕ = 20◦ 22198 185

Real-World Run I αx = 0.5◦, αy = 1.0◦, αz = 2.5◦ θ = −125◦, ϕ = 50◦ 43238 314

Real-World Run II αx = 0◦, αy = 0◦, αz = −1.0◦ θ = −150◦, ϕ = 50◦ 45251 464

In both runs the camera pose recovery was approximately correct, but not perfect.
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This is seen clearly from the outputs in Fig 4.4. This is most likely an inherent limtation in

the techniques used so far. Namely, the method is likely only useful for coarse determination

of the camera pose. Other methods, howver, could use this coarse determination as an input

and refine the pose determination. The authors are currently invetigating the use of such

secondary methods to further refine the image registration.

4.4. Summary and Conclusions

In this paper I have described a method for thre registration of 3D LiDAR and 2D

camera images using a calibrated camera but no assumed knowledge of the external camera

papametrs. The registration algorithm uses an optimnized search over the space of external

camera parameters and an error metric based on the intersity gradients in the camera image

around the transformed lines from the LiDAR image. The advantage of this method is

that only the line segments from the LiDAR image, and not the camera image, need to

be extracted prior to the registration algorithm. This can be advantageous as often it is

much easier to extract a strong set of edges from the LiDAR image. For example, the

edges corresponding to building rooftops are generally strong features in LiDAR images due

to the height gradients. By using intensity gradients as in the current method, I can use the

information in the camera image without having to identify and extract lines in this image,

which may lead to many extraneous and/or missing edges. In the experiments of this paper

I find that the method works reasonably well for a coarse extraction of the external camera

parameters, say to within a 10◦ range. I expect that the output of the current method would

be used as input to other registration techniques for improved registration accuracy. The

authors are currently invetigating the use of such secondary methods to further refine the

image registration.
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CHAPTER 5

ROBUST 3-D RECONSTRUCTION USING LIDAR AND N-VISUAL IMAGES

5.1. Introduction

3D image reconstruction is desirable in many applications such as city planning, car-

tography and many vision applications. The accuracy of the 3D reconstruction plays a vital

role in many real world applications. I introduce a method which uses one LiDAR image and

N conventional visual images to reduce the error and to build a robust registration for 3D

reconstruction. In this method I used lines as features in both the LiDAR and visual images.

My proposed system consists of two steps. In the first step, I extract lines from the LiDAR

and visual images using Hough transform. In the second step, I estimate the camera matrices

using a search algorithm combined with the fundamental matrices for the visual cameras. I

demonstrate my method on a synthetic model which is an idealized representation of an urban

environment.

5.2. 2D-3D REGISTRATION

The first step in my approach is to register N 2D views ofthe scene with the 3D

model obtained from the LiDAR data. I will focus on the case N = 2. I assume that I

have no knowledge about the extrinsic parameters of the camera model (including which

parts between the 2D images and the 3D model overlap) and also I have not used GPS,

INS, or other electronic sensors. However, I assume that I know the intrinsic parameters of

the camera (i.e., I have a calibrated camera). My solution to the registration problem is to

determine 3D lines from the 3D model and match them with the corresponding 2D lines in the

2D images using estimated extrinsic camera parameters. I will use the fundamental matrix

betwen the 2D images to simultaneously search for the two unknown camera orientations.
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5.2.1. DSM Generation

During the data acquisition for synthetic model, due to non-uniform nature of the the

scanner, the row-column order of the scan is destroyed. Thus, the scans may be interpreted

as an unstructured group of 3D vertices in space, in which the x, y -coordinates indicate the

geographical location, and the z coordinate represents the height information. In additon, I

resample the scan points to a regularly spaced row-column structure even though this step

makes the spatial resolution lower based on the grid size. The row-column grid present in the

ground plane of the model is defined and scan points present in the cells are sorted in order

to convert into a DSM from the scan. However the density of scan points is not uniform and

therefore grid cells are present some with with no scan points and others with multiple scan

points. Since the percentage of cells without any scan points and the resolution of the DSM

depensd on the size of a grid cell, I made a tradeoff by leaving few cells without a sample

while preserving the resolution at an acceptable level.

I generated the DSM by assigning the highest z value to each cell among its member

points, so the rooftops of buildings are preserved while points on side walls are suppressed.

The empty cells are filled using nearest-neighbor-interpolation for preserving the sharp edges.

The z coordinate present in the cell is considered as an altitude value. With the r pixel at

(x, y) given gray intensity proportional to z , the image is shown in Fig 5.1(a). The aerial

image is shown in Fig 5.(b) & 5.(c).

5.2.2. Feature Extraction from LiDAR and Visual Images

From LiDAR and visual images there are two features that can be conveniently

matched: lines and orthogonal corners. I choose to use lines as features to match between

LiDAR and visual images. As a first step, I detect edges from the DSM and visual images

using the canny edge detector. I set a threshold limit to remove short lines. Once the edge

are detected, it is given as input to the Hough transform to detect the straight lines. Smaller

line segments are again removed in order to improve the ratio between true and false edges.
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(a) (b) (c)

Figure 5.1. (a) DSM obtained from LiDAR data corresponding to a synthetic

model, (b) Visual image of same synthetic model from a first perspective (c)

Visual image of same synthetic model from a second perspective

(a) (b) (c)

Figure 5.2. (a) Hough lines extracted from DSM model, (b) Hough lines ex-

tracted from visual image of first perspective, (c) Hough lines extracted from

visual image of second perspective

5.2.3. Detecting Fundamental Matrix and Essential matrix

As part of pre-processing step, I determine fundamental matrix and the essential matrix

for the pair of visual images. I will use these in the search algorithm described in the next

section. First, I detected the common features points manually between two visual images

(15 > feature points) . Then the detected featured points are given as input to form the

fundamental matrix F . Since my visual images are calibrated, further I determine Essential

matrix E by using the formula E = KTFK, where K is the external camera matrix (camera

calibration matrix).
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5.2.4. Search for Extrinsic Parameters

Let P1, P2 be the complete camera matrices for the two camera poses giveing the

two visual images. The camera matrix P1 (P is a homogeneous 3x4 matrix) consists of

11 parameters in which 6 are extrinsic and 5 intrinsic parameters. The intrinsic parameters

refer to the camera calibration matrix K which is assumed to be known in my model. The

remaining 6 parameters refer to the camera pose, which refers to the camera center and

camera orientation. I assume fixed (but arbitrary) world coordinates which I take to centerd

at the center of the LiAR image. The camera coordinates are a standard right-hand system

centered at the camera center, with the z-axis pointing outward from the camera. A handy

way to represent the camera matrix P1 through the internal matrix K and extrinsic parameters

is through the following formula [12].

(8) P = K (R | t) = K (R | −RC)

where C = (C1, C2, C3)
T are the the camera center coordinates in the world coordinate sys-

tem. From the above formula, R refers to rotation matrix which rotates the world coordinate

axes into the camera coordinates axes. Also, t = −RC is referred to as a translation vector.

In my algorithm, I searched over P1 in a different manner to improve the efficiency of the

algorithm [6]. For each assumed value of P1, I use E to compute a corresponding value for

P2. I describe this in more detail below. The two computed camera matrices P1, P2 are then

scored accoring to a line matching error-metric which will discuss below.

I first briefly review the method of [6] to seach for P1. In most situations the camera

will focus towards the direction of −C, which will approximately be pointing back to the

center of the LiDAR image, which I take as the center of the world coordinate system. This

will result in a reduction of two of the three angles involved in the rotation matrix to small

ranges, and essentially specifically removes two degrees of freedom from the search space.
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To be specific, let x, y , z denote the world coordinate axes, let x ′, y ′, z ′ denote the

center-of-camera coordinate axes for P1 as shown in figure 3, and let x̂ , ŷ , ẑ refer to the

coordinate axes defined as follows. Let ẑ = −C, the vector pointing from the camera center

to the origin of the world coordinate system. Then remaining axes x̂ , ŷ are arbitrary subject

to forming a right-handed orthogonal coordinate system including x̂ . In my case, I took x̂

to be a orthogonal vector to ẑ and which had 0 third coordinate. I then have ŷ = −x̂ × ẑ .

I let R′ refer to the rotation matrix which rotates the (x̂ , ŷ , ẑ) coordinate system to the

(x ′, y ′, z ′) coordinate system. The matrix R′ can be described as follows. Let αx , αy , αz

denote rotation angles about the x ′, y ′, z ′ axes with respect to the camera center.

R′ = R′z · R′y · R′x ,

where

R′x =


1 0 0

0 cos(αx) − sin(αx)

0 sin(αx) cos(αx)

 ,

R′y =


cos(αy) 0 − sin(αy)

0 1 0

sin(αy) 0 cos(αy)

 ,

R′z =


cos(αz) − sin(αz) 0

sin(αz) cos(αz) 0

0 0 1

 .

The whole idea is that αx , αy should be small. Let M be the matrix whose columns are the

unit vectors x̂ , ŷ , ẑ expressed in world coordinates. An easy computation below shows that
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where M is an orthogonal matrix, M−1 = MT . The matrix M−1 will convert (x, y , z) coordi-

nates into (x̂ , ŷ , ẑ) coordinates, and R′M−1 will change (x, y , z) coordinates into (x ′, y ′, z ′)

coordinates. Therefore, my formula for the camera matrix becomes

(9) P1 =
(
K · R′ ·M−1 | −K · R′ ·M−1 · C

)
which is a function of C = (C1, C2, C3) and the rotation angles (αx , αy , αz).

In my model, the distance r from the world origin to the camera center is assumed

to be known. The angles θ, ϕ are assumed to be arbitrary (and unknown). So, the search

space consists of the arbitrary angles θ, ϕ, αz , and the small angles αx , αy . In practice, even

the angles θ and ϕ would be approximately known in many cases. However, I did not assume

any apriori knowledge of these parameters.

The matrix P1(~s) is computed from the given values of ~s = (θ, ϕ, αz , αx , αy) of

the search space. The matrix P1(~s) gives a projective transformation from the lines in the

LiDAR image into the first 2D camera image plane. For each value of ~s I next compute a

corresponding value for the second camera matrix. I describe next this step.

5.3. Computation of P2

For each value ~s of the parameters in the search space I have computed the first

camera matrix P1(~s), and using the (fixed) essential matrix E I now compute the second

camera matrix P2(~s). I first convert to normalized coordinatess in which the matrix of

P1 = P1(~s) is the identity matrix I. Recall that the essential matrix E = KTFK gives the

fundamental matrix for the pair of images I ′1 = K−1I1 and I ′2 = K−1I2 (where I1, I2 are the

given visual images, and I assume both cameras have the same calibration matrix K). Recall
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that F and E are defined by

xT2 Fx1 = (K−1x2)
TE(K−1x1) = (x ′2)

TEx ′1 = 0

where (x1, x2) is a pair of corresponding points in the two visual images (written projectively)

and (x ′1, x
′
2) are the corresponding normalized point images.

From P1, straightforward linear algebra determines a matrix H such that K−1P1H =

[I|0] (the first three columns of H are (R′M−1)−1 together with zeros in the fourth row for

these columns, and from these entries a suitable fourth column of H can be computed). I

call the coordinate systems in which I use the image coordinate I ′1, I
′
2 and use 3D coordinates

H−1x (where x is the world coordinates of the point written projectively) the normalized

coordinate systems. In these coordinate systems for 3-space and the 2D image spaces, the

camera matrix for P1 becomes K−1P1H = [I|0], and the fundamental matrix in this coordinate

system is the origial essential matrix E. Knowing E and the normalized P̂1 = [I|0], there

are 4 possibilities for the normalized camra matrix P̂2 [12]. Namely, let E = UTSV be the

SVD decomposition for E, and let W =


0 −1 0

1 0 0

0 0 1

. Then the four choices for P̂2 are

[UWV T |u], [UWV T | − u], [UW TV T |u], [UW TV T | − u], where u is the last column of U.

Actually, these four matrices are only determined up to a scale abiguity on the last (fourth)

column. The exact values for the last column cannot be determined from E alone.

To determine this scale ambiguity I proceed as follows. Suppose the correct value of

P̂2 is given by [A|tu] where t is the unknown scale factor (so either A = UWV T aor A =

UW TV T ). Suppose ~x = (x, y , z, 1)T represents a real-world point in normalized cordinates.

Suppose (a, b)T represents the image coordinates of this point with the first camera matrix,

using normalized coordinates. Since P̂1 = [I|0] I have that (x, y , z, 1) = (aη, bη, η, 1) for

some scalar η. Let r 2 = x2 + y 2 + z2 give the squared distance to the origin in normalized
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coordinates. Then η = r√
a2+b2+1

. Letting A =


a11 a12 a13

a21 a22 a23

a31 a32 a33

 I have the equations

a′ =
a11x + a12y + a13z + tu1
a31x + a32y + a33z + tu2

b′ =
a21x + a22y + a23z + tu1
a31x + a32y + a33z + tu3

where (a′, b′)T are the normalized image coordinates for the point in the second camera

image.

Solving these equations for t I get the first entry of the last column tu is given by

tu1 =

(
η

1− a′ u3
u1

)
[a(a′a31 − a11) + b(a′a32 − a12)

+ (a′a33 − a13)

for my algorithm, I use the known distance r from the camera to the center of the real-word

coordinates as an approximation for the value r in the above formulas. This then gives use

four possibilites for P̂2, with the scale ambiguity on the last column resolved. Of course, these

four choices depend on the values of the search parameterrs ~s. The last step is to compute

my error metric for the assumed value of ~s. I describe this next.

5.3.1. Line Matching Process

The next step, as in [6], is to register the lines from the 2-D image using the given

values ~s = (θ, ϕ, αz , αx , αy) in the search space and the corresponding camera matrix P (~s)

described above. This set of parameters is graded with a suitable error metric which describes

how well P (~s) actually registers the lines in the two images. Recall I have extracted a set of 2-

D line segments in the source (Google) image, which I denote L1, . . . , Lm, and a set of 2D line

segments in the aerial image, which I denote L′1, . . . , L
′
n. For given ~s, I compute the images of
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the 2-D line segments via the assumed camera matrix P (~s), which gives P (~s)L1, . . . , P (~s)Lm.

I compute P (~s)Li by multiplying the end point coordinates of Li (expressed in projective

coordinates) by P (~s), and the converting back to Euclidean coordinates. The error metric

E(~s) is then computed as follows. For each i ≤ m I find the j ≤ n which reduces the distance

between the unordered sets P (~s)Ei and E ′j , where P (Ei) refers to the transformed endpoints

of Li and E ′j refers to the endpoints of L′j . In mathematical terms, I applied Hausdorff metric

on the two subset points of R2 extending the usual Euclidean metric d on R2. Let d̂ denote

this extended Hausdorff metric on the two point sets. I have chosen the value of j to minimize

the d̂ distance, and then sum over all i to obtain final error metric for the given ~s. Thus, the

following error metric guides the search process:

(10) E(~s) =

m∑
i=1

min
1≤j≤n

d̂(P (~s)Ei , E
′
j).

In the above error metric, I used only a relatively small set of “best” line segments

from both 2-D images. In my model, the notion of “best” was determined by the length

of the line-segment (in Euclidean coordinates). In practice, the line detection algorithms

generate many line-segments in both images, and the smaller line-segments tend to be not

reliable. Also, smaller line-segments may refers to transient features such as cars, vehicles,

and doors which vary in the images.

5.4. Experiment Results

The above approach was tested on synthetic data sets and finally I obtain the results

as shown in Fig 4.

In Table 7.3 I give the output of the registration part of the algorithm for the two data

sets I used in my experiments. The angle φ is measured from a downwards pointing vector

from the image center of the first image.

Best Error: 68903.119311144867
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(a) (b)

Figure 5.3. (a) LiDAR lines registered over 1st visual image using camera ma-

trix P1, (b) LiDAR lines registered over 2nd visual image using camera matrix

P2

Table 5.1. Recovered extrinsic angles

Image I1 φ θ α β γ

Recovered Angles 35◦ 145◦ −3◦ 2◦ −2◦

Best Camera Matrix P1:

P1 =1.0e+003 *


1.7311 −1.1398 0.1415 −0.0000

0.9141 1.4317 1.1883 0.0000

0.0003 0.0005 −0.0008 1.3000


Best Camera Matrix P2:

P2 =1.0e+004 *


−0.1947 0.0314 −0.0640 5.8666

0.0040 −0.1809 −0.1011 −2.6241

−0.0000 −0.0000 0.0001 −0.1483


5.5. Summary and Conclusion

In this paper, I have described a method for the registration of 3-D LiDAR (one image)

and 2-D camera images (N-views) using a calibrated camera but no assumed knowledge of the

external camera parameters. In particular, no use is made of GPS or other external coordinate

data. Because of the relatively coarse nature of the LiDAR data it not expected that the

camera matrix recovery will be perfect. Rather it is expected that the method might be useful

as an initial camera pose recovery method which, for example, may be suitable to pass to
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other registration methods. This is most likely due to the nature of the LiDAR data as well as

inherent limitations in the method itself (e.g., imperfections in the line matching algorithm).

Nevertheless, in both the synthetic and real-world runs of the algorithm, the method was

able to recover the camera pose to within about 5 degrees. This is confirmed by visual

inspection of the LiDAR and aerial images. There is also much room for further investigation

into the error metric that is used in the camera-matrix scoring routine. For example, giving

different weights to different line segments based on a reasonable image-specific criterion

might improve the method.
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CHAPTER 6

MAP UPDATION USING IMAGE REGISTRATION FOR DIFFERENT SENSORS BY

CAMERA CALIBRATION

6.1. Introduction

Image registration is the basic step for mosaicing. Image mosaicing is used in many

applications like map updating, locating a target, and navigation. Registering the overlap part

of the same scene using the same sensor is traditionally used for creating the mosaic. But

registering the overlap part of the same scene using different sensors and different times is

a challenging problem. Strictly conventional registration methods like SIFT (Scale Invariant

Feature Transform) may fail to register correctly if the images are from different sensors

or significantly different camera parameters of the same sensor (e.g. focal lengths). In our

approach, we overcome this limitation by using the knowledge of intrinsic camera parameters

together with new registration methods to help register the features between the two over-

lapping images. Our approach is useful especially in registering the images taken by different

sensors at different times.

6.2. 2D-2D Registration

In our approach, the first step is to register the 2D image with another 2D image

(source and reference image). We assume we have no knoweldge about the extrinsic param-

eters of the camera, but we require the knoweldge of the intrinsic parameters of the camera

(at least for one image). Our approach to solve the registration problem is to find the cor-

responding lines between source and reference image by estimating the extrinsic parameters

of the camera.

1This chapter is an extension of a paper titled “Map Updation using Image Registration for Different Sensors by

Camera Calibration”, which I published [7] in the 2011 In ternational Conference on Wireless Communication

and Signal Processing (WCSP), Nanjing, China, November 2011, ISBN: 978-1-4577-1008 -7/11. No permission

from IEEE is required to use this paper as a part of a dissertation.
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6.3. Data Acquisition

We used two images as input. One is source image, which we took from Google Earth

and other image (reference image) was captured using a light aircraft. The images were

captured at various angles including oblique perspective. Then the camera was calibrated

to determine the intrinsic parameters of the camera. Both images have reasonable overlap

between each other with different focal length.

6.4. Finding Line Segments

First we extracted the edges by using the Canny edge detector. It bascially extracts the

binary image corresponds to pixels which are considered as edges. Then we used the Hough

Transform to extract lines from available canny edges. For both images, the extracted line

segments are stored as 2D line segments. Smaller line segments are removed to identify the

true and false edges. However, still there are many false edges from side walks, cars, and

bushes.

6.5. Search for Extrinsic Parameters

The complete camera matrix P (P is a homogeneous 3x4 matrix) consists of 11

parameters in which 6 are extrinsic and 5 intrinsic parameters. The intrinsic parameters refer

to the camera calibration matrix K which is assumed to be known in our model. The remaining

6 parameters refer to the camera pose, which refers to the camera center (Manhatten World)

and camera orientation. We assumed fixed (but arbitrary) world coordinates. The camera

coordinates are mentioned the fig 4. A handy way to represent the camera matrix P through

the internal matrix K and extrinsic parameters is through the following formula [12].

(11) P = K (R | t) = K (R | −RC)

where C = (C1, C2, C3)
T are the the camera center coordinates in the world coordinate sys-
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(a) (b)

(c) (d)

Figure 6.1. (a) 2D image captured from Google Earth, (b) 2D image acquired

from calibrated camera, (c) Hough lines extracted from Google Earth image,

(d) Hough lines extracted from calibrated camera image

tem. From the above formula, R refers to rotation matrix which rotates the world coordinate

axes into the camera coordinates axes. Also, t = −RC is referred to as a translation vec-

tor. In our algorithm we calculated P in a different manner to improve the efficiency of the

algorithm. In most situations the camera will focus towards the direction of −C, which will

approximately be pointing back to a common position which we take as the center of the

world coordinate system.This will result in reducing two of the three angles involved in the

rotation matrix to small ranges, and specifically removes two degrees of freedom from the

search space.

To be specific, let x, y , z denote the world coordinate axes, let x ′, y ′, z ′ denote the

center of camera coordinate axes as shown in figure 3, and let x̂ , ŷ , ẑ refer to the coordinate

axes defined as follows. Let ẑ = −C, the vector pointing from the camera center to the

origin of the world coordinate system. Then remaining axes x̂ , ŷ are arbitrary subject to
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forming a right-handed orthogonal coordinate system including x̂ . In our case, we took x̂ to

be a orthogonal vector to ẑ and which had 0 third coordinate. We then have ŷ = −x̂ × ẑ .

We let R′ refer to the rotation matrix which rotates the (x̂ , ŷ , ẑ) coordinate system to the

(x ′, y ′, z ′) coordinate system. The matrix R′ can be described as follows. Let αx , αy , αz

denote rotation angles about the x ′, y ′, z ′ axes with respect to the camera center.

R′ = R′z · R′y · R′x ,

where

R′x =


1 0 0

0 cos(αx) − sin(αx)

0 sin(αx) cos(αx)

 ,

R′y =


cos(αy) 0 − sin(αy)

0 1 0

sin(αy) 0 cos(αy)

 ,

R′z =


cos(αz) − sin(αz) 0

sin(αz) cos(αz) 0

0 0 1

 .

The whole idea is that αx , αy should be small. Let M be the matrix whose columns are the

unit vectors x̂ , ŷ , ẑ expressed in world coordinates. An easy computation below shows that

M =


C2√
C21+C

2
2

−C1C3√
C21+C

2
2+C

2
3

√
C21+C

2
2

−C1√
C21+C

2
2+C

2
3

−C1√
C21+C

2
2

−C2C3√
C21+C

2
2+C

2
3

√
C21+C

2
2

−C2√
C21+C

2
2+C

2
3

0
C21+C

2
2√

C21+C
2
2+C

2
3

√
C21+C

2
2

−C3√
C21+C

2
2+C

2
3

 .

where M is an orthogonal matrix, M−1 = MT . The matrix M−1 will convert (x, y , z) coordi-

nates into (x̂ , ŷ , ẑ) coordinates, and R′M−1 will change (x, y , z) coordinates into (x ′, y ′, z ′)
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coordinates. Therefore, our formula for the camera matrix becomes

(12) P =
(
K · R′ ·M−1 | −K · R′ ·M−1 · C

)
which is a function of C = (C1, C2, C3) and the rotation angles (αx , αy , αz).

In our model, the distance r from the world origin to the camera center is assumed

to be known, although this could be added to the search space as well. The angles θ, ϕ are

assumed to be arbitrary (and unknown). So, the search space consists of the arbitrary angles

θ, ϕ, αz , and the small angles are αx , αy . In practice, even the angles θ and ϕ would be

approximately known in many cases. However, we did not assume any apriori knowledge of

these parameters.

The matrix P (~s) is computed from the given values of ~s = (θ, ϕ, αz , αx , αy) of the

search space. The matrix P (~s) gives a projective transformation from the lines in the Google

image into the 2D camera image plane. For each value of ~s, we computed an error-metric

for this line matching. We use this line matching to rate this particular value of ~s.

6.6. Line Matching Process

The next step is to register the lines from the 2-D image using the given values

~s = (θ, ϕ, αz , αx , αy) in the search space and the corresponding camera matrix P (~s) described

above. This set of parameters is graded with a suitable error metric which describes how

well P (~s) actually registers the lines in the two images. Recall we have extracted a set

of 2-D line segments in the source (Google) image, which we denote L1, . . . , Lm, and a

set of 2D line segments in the aerial image, which we denote L′1, . . . , L
′
n. For given ~s, we

compute the images of the 2-D line segments via the assumed camera matrix P (~s), which

gives P (~s)L1, . . . , P (~s)Lm. We compute P (~s)Li by multiplying the end point coordinates

of Li (expressed in projective coordinates) by P (~s), and the converting back to Euclidean

coordinates. The error metric E(~s) is then computed as follows. For each i ≤ m we find

the j ≤ n which reduces the distance between the unordered sets P (~s)Ei and E ′j , where
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P (Ei) refers to the transformed endpoints of Li and E ′j refers to the endpoints of L′j . In

mathematical terms, we applied Hausdorff metric on the two subset points of R2 extending

the usual Euclidean metric d on R2. Let d̂ denote this extended Hausdorff metric on the two

point sets. We have choosen the value of j to minimize the d̂ distance, and then sum over

all i to obtain final error metric for the given ~s. Thus, the following error metric guides the

search process:

(13) E(~s) =

m∑
i=1

min
1≤j≤n

d̂(P (~s)Ei , E
′
j).

In the above error metric, we used only a relatively small set of “best” line segments

from both 2-D images. In our model, the notion of “best” was determined by the length of the

line-segment (in Euclidean coordinates). In practice, the line detection algorithms generate

many line-segments in both images, and the smaller line-segments tend to be not reliable.

Also, smaller line-segments may refers to transient features such as cars,vechiles,doors which

vary in the images.

6.7. Experiment Results

We used two images, one from Google Earth and other visual image taken from

the same overlap area from a light aircraft fly-over of the area. Since we are assuming a

calibrated camera model, we did not change the camera parameters during data acquisition

and the calibration of the camera.

For both images, we used the Canny edge detector for edge detection. Due to the

rather coarse nature of the data, including some rather jagged edges, we found it advanta-

geous to employ the Hough transform for extracting the edges. This required configuration

of some of the parameters of the Hough and Houghlines Matlab functions that were called.

The results of the line detection and extraction are shown in Fig 3(c) and Fig 3(d) After

running our algorithm, the transformed lines from the source image (in blue) are shown su-
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perimposed on the aerial edges (in green) in Fig 6.2. The algorithm recovered the camera

pose parameters as described in section III-C to be αx = −3◦, αy = −3◦, αz = 0◦, θ = 130◦,

and ϕ = 45◦.

Figure 6.2. Results of registering Google Earth image with visual image: blue

lines are projected from Google Earth Image and green lines are projected from

camera image

A second 2-D visual image of the same area taken from the same calibrated camera

from a different perspective is shown in Fig 3(a). The results of the edge extraction and

output of the algorithm are also shown in Fig 6.3. The algorithm determined the camera

pose parameters to be αx = −3◦, αy = 1◦, αz = −3◦, θ = 155◦, and ϕ = 40◦.

Table 6.1. Error and computation times

Model Error Time (sec)

Data Set I 36831.58 1.638

Data Set II 35295.62 1.629

6.8. Conclusion and Future Work

In this paper we have investigated a method for 2D-2D registration of aerial camera

images taken at different times with different focal lengths and without the use of any external

orientation data, and we demonstrated that the method overcomes some of the limitations

of SIFT algorithm . In particular, registration at different focal lengths. In addition, in our
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(a) (b)

(c)

Figure 6.3. (a) Second aerial image, (b) Edge extraction, (c) Final registration

algorithm no use of GPS or other external coordinate data was used. Because of the relatively

coarse nature of the Google Earth data it not expected that the camera matrix recovery will

be perfect. Rather it is expected that the method might be useful as an initial camera pose

recovery method which, for example, may be suitable to pass to other registration methods.

In the our tests, we found that decreasing the angle step size for θ and ϕ in the search

algorithm from about 5◦ to 2.5◦ generally did not result in an increased performance. This is

most likely due to the nature of the 2-D data as well as inherent limitations in the method

itself (e.g., imperfections in the line matching algorithm). In real-world runs of the algorithm,

the method was able to recover the camera pose to within about 5◦. This is confirmed by

visual inspection of the two 2-D images. Visual comparison of these figures with the aerial

images confirms the accuracy of the recovered pose.
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Even though the current algorithm overcomes somes of the limitations of the SIFT

algorithm, the algorithm needs to be improved in several ways. The line-matching error metric

needs to be improved so that it behaves more robustly, espescially for difficult angles. For

the second run of the experiment above, the method chose an unreasonable value for the

final parameters when the search space was allowed to include values of ϕ greater than 60◦.

There is a also an inherent limitation of the method due to the presence of 3D effects in the

images, particularly in the aerial image.
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CHAPTER 7

IDENTIFYING REGIONS OF CHANGE IN UNREGISTERED COLOR IMAGERY

7.1. Introduction

Change detection is a important problem which plays a crucial role in applications such

as environmental monitoring and urban planning. The goal of change detection is to detect

changes in specific features within certain time intervals. Most change detection schemes in

the literature assume that the input images are already registered. In this paper, we develop

an automated method for detecting changes in unregistered images of urban areas taken over

a period of time. Our proposed algorithm consists of two steps. In the first step, we detect

corresponding lines between two images taken over different periods of time and we match

them using our search algorithm. In the second step, we use colors to detect the changes

over static and dynamic objects. The proposed algorithm is validated on several sets of aerial

images taken from different perspectives at different times. We obtained reasonably good

pose recovery and detection of scene changes in our validation.

In Table 7.1, we summarize some of the advantages and disadvantages of color and

vector features. Our method uses features of both methods on the same region and there by

obtains the benefits of both. In our approach we use vector analysis methods to determine

the external camera parameters (the camera pose), and thus give the camera matrix. This

effectively registers the two images and allows us to transfer color image data between the

two images. We then use changes in the color pixel values between the registered images

to analyze changes in selected regions of interest in one of the original images. Figure 7.1

provides the logical flow of the method.

The two real-world data sets we have used to test our method represent a typical

1This chapter is an extension of a paper titled “Color based features for registering image time-series“ which

I published [9] in the proceedings of SPIE, 8394, April 2012. No permission from SPIE is required to use this

paper as a part of a dissertation.
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application scenario. In both cases, we have a Google satellite image of an area, and also

another aerial image of the same area taken at a different time and with a significant oblique

perspective (the satellite view is assumed to be orthonormal). We do not assume any a priori

knowledge of the second aerial view, in particular we do not assume any knowledge of the

camera position or orientation (other than requiring that the images need to have overlap ).

We do assume we have a calibrated camera for the aerial view, that is, we know the internal

camera matrix K.

Table 7.1. Comparision of vector and color features

Vector Fetures Color Features

Advantages 1)Less complex 1) Detail Analysis

2)Fast processing 2) Detects seasonal

changes

Disadvantages 1) Abstract 1) Complex

information processing

2) Fails to detect 2) Fails in urban

seasonal changes areas

3) Fails in farm 3)Fails in low

lands resolution images

7.2. Data Acquisition

We used two images as input. One is the source image, which we took from a

Google Earth (2010) image of the UNT campus, and the other image (reference image)

was captured using a digital camera from a helicopter (March 2012). The two images were

captured at different angles including reasonable oblique perspectives. Then the camera used

for the second image was calibrated to determine the intrinsic parameters. Both images have

reasonable overlap between them, but they were taken from cameras with different focal

lengths.
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Figure 7.1. Overview of the proposed approach

(a) (b)

Figure 7.2. (a) 2D image captured from Google Earth (2010), (b) 2D image

acquired from calibrated camera (2012)

7.3. Finding Line Segments

First we extracted the edges from both images by using the Canny edge detector which

generates a binary image of pixels which are considered as edges. Then we used the Hough

Transform to extract lines from the available Canny edges. For both images, the extracted

line segments are stored as 2D line segments. Smaller line segments are removed leaving a

set of strongest edges. However, there may be many false edges from side walks, cars, and
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bushes.

(a) (b)

(c) (d)

Figure 7.3. (a) Canny edge from Google Earth image, (b) Best Hough lines

from Google image, (c) Canny edge from calibrated camera, (d) Hough lines

extracted from calibrated camera image

7.4. Search for Extrinsic Parameters

The complete camera matrix P (a homogeneous 3x4 matrix) consists of 11 parameters

in which 6 are extrinsic and 5 intrinsic parameters. The intrinsic parameters refer to the

camera calibration matrix K which is assumed to be known in our model. The remaining 6

parameters refer to the camera pose, which in turn refer to the camera center and camera

orientation. We assumed fixed (but arbitrary) world coordinates. The camera coordinates are

a standard right-hand system centered at the camera center, the the z-axis pointing outward

from the camera. A handy way to represent the camera matrix P through the internal matrix
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K and extrinsic parameters is through the following formula [12].

(14) P = K (R | t) = K (R | −RC)

where C = (C1, C2, C3)
T are the the camera center coordinates in the world coordinate sys-

tem. From the above formula, R refers to rotation matrix which rotates the world coordinate

axes into the camera coordinates axes. Also, t = −RC is referred to as a translation vector.

In our algorithm we calculated P in a different manner to improve the efficiency of the algo-

rithm [6]. We briefly review this method. In most situations the camera will focus towards

the direction of −C, which will approximately be pointing back to a common position which

we take as the center of the world coordinate system.This will result in reducing two of the

three angles involved in the rotation matrix to small ranges, and specifically removes two

degrees of freedom from the search space.

To be specific, let x, y , z denote the world coordinate axes, let x ′, y ′, z ′ denote the

center of camera coordinate axes as shown in figure 3, and let x̂ , ŷ , ẑ refer to the coordinate

axes defined as follows. Let ẑ = −C, the vector pointing from the camera center to the

origin of the world coordinate system. Then remaining axes x̂ , ŷ are arbitrary subject to

forming a right-handed orthogonal coordinate system including x̂ . In our case, we took x̂ to

be a orthogonal vector to ẑ and which had 0 third coordinate. We then have ŷ = −x̂ × ẑ .

We let R′ refer to the rotation matrix which rotates the (x̂ , ŷ , ẑ) coordinate system to the

(x ′, y ′, z ′) coordinate system. The matrix R′ can be described as follows. Let αx , αy , αz

denote rotation angles about the x ′, y ′, z ′ axes with respect to the camera center.

R′ = R′z · R′y · R′x ,
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where

R′x =


1 0 0

0 cos(αx) − sin(αx)

0 sin(αx) cos(αx)

 ,

R′y =


cos(αy) 0 − sin(αy)

0 1 0

sin(αy) 0 cos(αy)

 ,

R′z =


cos(αz) − sin(αz) 0

sin(αz) cos(αz) 0

0 0 1

 .
The whole idea is that αx , αy should be small. Let M be the matrix whose columns are the

unit vectors x̂ , ŷ , ẑ expressed in world coordinates. An easy computation below shows that

M =
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where M is an orthogonal matrix, M−1 = MT . The matrix M−1 will convert (x, y , z) coordi-

nates into (x̂ , ŷ , ẑ) coordinates, and R′M−1 will change (x, y , z) coordinates into (x ′, y ′, z ′)

coordinates. Therefore, our formula for the camera matrix becomes

(15) P =
(
K · R′ ·M−1 | −K · R′ ·M−1 · C

)
which is a function of C = (C1, C2, C3) and the rotation angles (αx , αy , αz).

In our model, the distance r from the world origin to the camera center is assumed

to be known, although this could be added to the search space as well. The angles θ, ϕ are

assumed to be arbitrary (and unknown). So, the search space consists of the arbitrary angles

θ, ϕ, αz , and the small angles are αx , αy . In practice, even the angles θ and ϕ would be
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approximately known in many cases. However, we did not assume any a priori knowledge of

these parameters.

The matrix P (~s) is computed from the given values of ~s = (θ, ϕ, αz , αx , αy) of the

search space. The matrix P (~s) gives a projective transformation from the lines in the Google

image into the 2D camera image plane. For each value of ~s, we computed an error-metric

for this line matching. We use this line matching to rate this particular value of ~s.

7.5. Line Matching Process

The next step, as in [6], is to register the lines from the 2-D image using the given

values ~s = (θ, ϕ, αz , αx , αy) in the search space and the corresponding camera matrix P (~s)

described above. This set of parameters is graded with a suitable error metric which describes

how well P (~s) actually registers the lines in the two images. Recall we have extracted a set

of 2-D line segments in the source (Google) image, which we denote L1, . . . , Lm, and a

set of 2D line segments in the aerial image, which we denote L′1, . . . , L
′
n. For given ~s, we

compute the images of the 2-D line segments via the assumed camera matrix P (~s), which

gives P (~s)L1, . . . , P (~s)Lm. We compute P (~s)Li by multiplying the end point coordinates

of Li (expressed in projective coordinates) by P (~s), and the converting back to Euclidean

coordinates. The error metric E(~s) is then computed as follows. For each i ≤ m we find

the j ≤ n which reduces the distance between the unordered sets P (~s)Ei and E ′j , where

P (Ei) refers to the transformed endpoints of Li and E ′j refers to the endpoints of L′j . In

mathematical terms, we applied Hausdorff metric on the two subset points of R2 extending

the usual Euclidean metric d on R2. Let d̂ denote this extended Hausdorff metric on the two

point sets. We have chosen the value of j to minimize the d̂ distance, and then sum over

all i to obtain final error metric for the given ~s. Thus, the following error metric guides the

search process:
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(16) E(~s) =

m∑
i=1

min
1≤j≤n

d̂(P (~s)Ei , E
′
j).

In the above error metric, we used only a relatively small set of “best” line segments

from both 2-D images. In our model, the notion of “best” was determined by the length

of the line-segment (in Euclidean coordinates). In practice, the line detection algorithms

generate many line-segments in both images, and the smaller line-segments tend to be not

reliable. Also, smaller line-segments may refer to transient features such as cars, vehicles,

and doors which vary in the images.

In Table II we give the output of the registration part of the algorithm for the two data

sets we used in our experiments. The angle φ is measured from a downwards pointing vector

from the image center of the first image. From Figures 7.6 and 7.9 we confirm visually that

the recovered camera pose parameters are essentially correct.

Table 7.2. Results of image registration.

Data Set φ θ α β γ

Data Set I 35◦ 145◦ −3◦ 2◦ −2◦

Data Set II 55◦ 50◦ −2◦ −2◦ −1◦

Figure 7.4. Results of registering Google Earth image with visual image. Blue

lines are projected from Google Earth Image (2010) and green lines are pro-

jected from camera image (2012)
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7.6. Change Characterization Using Color Intensities

In this section, we describe our 2 step approach for change characterization. The first

step is change detection. a histogram-based method. The second step is to determine the

change region.

7.6.1. Histogram-Based Change Detection

We describe a method that uses the image histogram to detect change between two

images. Let I1 and I2 be two registered images and their corresponding histograms H1 and H2.

To describe the amount of change we use a similarity measure between image histograms.

One simple measure is the Difference of Histogram (DoH) computed from

(17) HD(i) = |H1(i)−H2(i)|.

Equation 17 creates a histogram that describes the difference between each bin (color)

of the two images. To determine the total change we use equation 18 described below:

(18) DoH(H1, H2) =
1

N

N∑
i=1

|H1(i)−H2(i)|.

Where N is the number of bins (usually it is 255). This measure determines the total

amount of change. A large DoH means a large change, while a small DoH means a small

change. Other similarity measures can be found in [3].

7.6.2. Determination Of Regions Of Interest

The difference between the registered images is used to determine the regions of

change. The difference image Î is computed as follows:
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(19) Î = |I2 − I1|.

Region of interest are selected by comparing DoH with a threshold. After selecting

the region of interest, the amount of change in the R, G, and B channels is described using

equations 20, 21, and 22 respectively .

(20) Cred =
DoHred(R1, R2)

DoHred(I1, I2)
,

(21) Cgreen =
DoHgreen(R1, R2)

DoHgreen(I1, I2)
,

(22) Cblue =
DoHblue(R1, R2)

DoHblue(I1, I2)
.

where R1 and R2 are the regions of interest on image I1 and I2 respectively.

7.7. Experimental Results

We describe how the above registration method is applied to detect time changes

between the two images. In the present implementation, a potential region of interest is

selected from the first (Google) image. We will then determine if this is a region of signifi-

cant change over the time interval over which the two images were taken. For example, in

figure 5(a) the rooftop of the building in the source image was selected. From the output of

the registration algorithm described before, we have produced a camera matrix P which gives

the least registration error based on line segment matching. This camera matrix is used to

transform the selected region in the source image onto the second image. In figure 5(b), we
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show the transformed source image using the optimally selected P . In figure 7.6 we show the

outline of the transformed selected region superimposed on the second image. Of course, it

is not a perfect match due to a variety of errors, but it is reasonably close. We then compute

two quantities based on the color intensities in the two images.

First, for each of the the red, green, and blue primary colors we compute the total

change in pixel intensities for that color between the transformed selected region in the second

image and the corresponding selected region of the first image. Second, we compute the

same three color changes, but between the entire first image and second image. In both

cases, we normalize the total error by dividing it with the number of pixels entering into the

sum. This gives, for each color, the average pixel change for the selected region, and for

the entire image. We then compare these two sets of values to determine if a significant

change has occurred. In the example of figure 7.6, the rooftop of the building experienced a

significant change (it was painted) compared to the average change between the two images

as a whole. In Table 7.3 we show the numerical values for the average color change per

pixel for the selected region and for the entire image. The above results are confirmed by

histogram analysis from the figure 7.7. The results for second data set is shown in figure 8

(country side). In this data set there are no lines present from the region of interest, the

selected area is just farm land as shown in figure 8(a). We show the transformed source

image using the optimally selected P in figure 8(b). We show the outline of the transformed

selected region superimposed on the second image in figure 7.9. The change detection using

color intensity are shown in Table 7.4. Figure 7.10 confirms the above change detection

results using histogram analysis.

Table 7.3. Results for Data set - I

Region Error in Red component Error in Green component Error in Blue component

Entire Image 0.249 0.246 0.225

Rooftop 0.361 0.347 0.366
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(a) (b)

Figure 7.5. (a) Region selected from source image, (b) Transformed selected region

Figure 7.6. Transformed region on second image

Table 7.4. Data set-II Results.

Region Error in Red Component Error in Green Component Error in Blue Component

Entire Image 0.290 0.266 0.231

Farm Land 0.085 0.204 0.060
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(a) (b)

(c) (d)

Figure 7.7. (a) Histogram of our campus area obtained from Google

Earth(2010), (b) Histogram of same area taken from helicopter (2012), (c)

Histogram of Region of Interest from Google Earth Image (2010), (d) His-

togram of Region of Interest from figure 6 (2012)

(a) (b)

Figure 7.8. (a) Region selected from, the image of country side taken from

Google Earth (2010), (b) Transformed region on second image(2012)
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Figure 7.9. Transformed Region of Interest from the image of country side

taken from calibrated camera

(a) (b)

(c) (d)

Figure 7.10. (a) Histogram of country side image taken from Google (2010),

(b) Histogram of country side image taken from calibrated camera (2012), (c)

Histogram of ROI from country side image taken from Google image (2010),

(d) Histogram of ROI from country side image taken from calibrated camera

(2012)
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7.8. Conclusions

This paper consists of two main parts. In the first part, we introduce a registration

method between images taken from different views. In the second step, we describe a method

for characterizing the change between two images taken at different times. Experimental

results show the effectiveness of the proposed method.

Future research should address the change detection in low building density , tree

occlusion problems and changes in rural areas with few lines or no lines. Line matching

between a images can be simple and effective for the campus region since most of the line

segments are from buildings, and occlusion between buildings are insignificant. In addition, we

try to investigate change detection during different climatic conditions using color as features.
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CHAPTER 8

SUMMARY AND FUTURE DIRECTION

In this dissertation, I investigated two important problems: (1) multi-modal image

registration using feature matching, (2) error reduction in registering N views of visual images

with LiDAR. The outcomes of this research are listed below.

• New algorithm for 2D-3D registration: The proposed method out performs many

existing methods, and it can be used by other experts. It is very useful when there

are no sensors like GPS or INS.

• 2D-3D registration using intensity gradients: This method can be used when there

are poor features in visual images.

• Registering N- visual images with LiDAR data: This approach improves the camera

matrix and reduces the error. In this approach, I solved the scalability problem.

The proposed algorithm solves the limitations of the SIFT algorithm. For example,

SIFT fails to register the visual images taken during different time and by different sensors.

My solution can also used for change detection (static and dynamic objects) in images of

urban and rural areas. The proposed solutions can be used in many applications such as urban

planning, change detection in time series and map updating.

The research can be extended in many ways:

a) The proposed registration method is not fully automatic, therefore, it is important to

consider complete automation of the method. This is a crucial step towards real time regis-

tration.

b) The proposed algorithm can be extended to register images of complex scenarios such as

forests or to register images with poor illumination.

c) The proposed algorithms can be extended to registration of images without camera cali-

bration information.
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