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Abstract 

 

This thesis deals with the 3D modeling phase of the as-built large BIM projects. Among several 

means of BIM data capturing, such as photogrammetric or range tools, laser scanners have been 

one of the most efficient and practical tool for a long time.  They can generate point clouds with 

high resolution for 3D models that meet nowadaysô market demands. The current 3D modeling 

projects of as-built BIMs are mainly focused on using one type of laser scanner data, such as 

Airborne or Terrestrial. According to the literatures, no significant (few) efforts were made 

towards the fusion of heterogeneous laser scanner data despite its importance.  The importance of 

the fusion of heterogeneous data arises from the fact that no single type of laser data can provide 

all the information about BIM, especially for large BIM projects that are existing on a large area, 

such as university buildings, or Heritage places. Terrestrial laser scanners are able to map facades 

of buildings and other terrestrial objects. However, they lack the ability to map roofs or higher 

parts in the BIM project. Airborne laser scanner on the other hand, can map roofs of the buildings 

efficiently and can map only small part of the facades.  

Short range laser scanners can map the interiors of the BIM projects, while long range scanners 

are used for mapping wide exterior areas in BIM projects.  

In this thesis the long range laser scanner data obtained in the Stop-and-Go mapping mode, the 

short range laser scanner data, obtained in a fully static mapping mode, and the airborne laser data 

are all fused together to bring a complete effective solution for a large BIM project.  

Working towards the 3D modeling of BIM projects, the thesis framework starts with the 

registration of the data, where a new fast automatic registration algorithm were developed. The 
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next step is to recognize the different objects in the BIM project (classification), and obtain 3D 

models for the buildings. The last step is the development of an occlusion removal algorithm to 

efficiently retain parts of the buildings occluded by surrounding objects such as trees, vehicles, or 

street poles.   
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Chapter 1: Introduction   

 

1.1 Background 

 

Over the past few years, 3D modeling and mapping solutions based on imagery or laser scanners 

or both have been evolving. Terrestrial and airborne laser scanners are one of the most efficient 

solutions for data acquisition systems because of their high point density (high resolution) and 

their straightforward processing procedures for the production of registered and/or georeferenced 

point clouds.  

The Terrestrial Laser Scanners (TLS) and Airborne Laser Scanners (ALS) market is currently 

seeing devices from several manufacturers introduced every day. The efficiency, price, and 

integrity of a systemôs mapping and modeling solutions are all functions that influence the buyerôs 

choice.  

TLS is a high-resolution source of in-city building point clouds. Moreover, it is an important part 

of the current Building Information Modeling (BIM) industry. However, the point cloud generated 

from TLS usually is incomplete due to missing segments of roofs of buildings or occluded regions 

from surrounding trees or vehicles. On the other hand, ALS can map building roofs but lacks high-

resolution point density and consequently does not provide enough points for building facades. 

The accuracy of the ALS system point clouds therefore is generally lower than the TLS data 

acquisition system.  

Traditional TLS and ALS fusion solutions can provide a complete outdoor scene but lack the 

indoor view, which is currently of high importance to complete the modeling necessary in BIM- 

required deliverables. If the data obtained from TLS/ALS data fusion are combined with indoor 
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laser data for a complete indoor/outdoor modeling solution in BIM, then all the data points can be 

georeferenced and a 3D model generated. The general proposed scheme for this solution is shown 

in Figure 1-1. 

 

 

Figure 1-1: Laser data fusion for indoor/outdoor building modeling 

In the following subsection, an overview of the current TLS and ALS systems is presented, which 

could be useful when deciding on the system that best provides the complete modeling solution to 

fulfill the indoor/outdoor BIM industryôs needs. 
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1.1.1 Terrestrial Laser Scanner Systems 

 

TLS systems are of two main types: 1) the Time of Flight (ToF) laser scanner, which is also known 

as the Pulse laser scanner, and 2) the Phase Shift (PS) laser scanner. The PS laser scanners are 

faster and provide higher resolution, but they have short effective ranges, while the ToF laser 

scanner is slower with relatively low resolution and long effective ranges. Both systems have their 

own applications. For example, ToF can map large areas from one fixed position or a Stop-and-

Go mode (Elhabiby and Teskey, 2010). PS can map indoor areas and can work efficiently with 

mobile mapping systems which require very rapid mapping devices. However, the position 

accuracy of the PS is limited to the Global Positioning System (GPS) and the Inertial Measurement 

Unit (IMU) used.  

Over the past few years, the TLS market has grown rapidly. Table 1-1 lists the many devices 

introduced to market in only the last three years. Many other devices were updated in 2014. The 

information in this table and Tables Table 1-2 and Table 1-3 are based on information available at 

http://www.geo-matching.com/ or the manufacturerôs homepage (some information is actually 

corrected from the manufacturerôs homepage). 

 

Table 1-1: Most recent in-market terrestrial  laser scanners 

Product Year Range Measurement Manufacturer  Picture 

VZ-2000 2014 2.5~2050m Pulse (ToF) RIEGL 

 

http://www.geo-matching.com/
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VZ-4000 2011 5~4000m Pulse (ToF) RIEGL 

 

I -SITE 8200 2013 1~500m Pulse (ToF) MAPTEK 

 

X300 L 2014 2.5~180m Pulse (ToF) STONEX 

 

GLS-2000 2013 1~350m 

Pulse (ToF) 

and phase 

Topcon 

 

I -Site 8820 2014 2.5~2000m Pulse (ToF) MAPTEK 

 

ILRIS -LR 2010 3~3000m Pulse (ToF) Optech 

 

ILRIS -HD 2008 3~2000 Pulse (ToF) Optech 

 

Focus3D 2010 0.6~120m Phase Faro 

 

S-3180V 2013 0.3~187.3m Phase TI Asahi 
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Trimble TX8  2013 0.6~340m Pulse (ToF) Trimble 

 

IMAGER 

5006EX 

2009 0.4~79m Phase 

Zoller und 

Fröhlich 
 

Z+F 

PROFILER 

9012 

2012 0.3~187.3m Phase 

Zoller und 

Fröhlich 
 

RODEON scan 2012 0.5~250m Pulse (ToF) Clauss 

 

Surphaser 

25HSX 

2009 0.2~70m Phase 

Basis Software 

Inc.  

 

1.1.2 Airborne Laser Scanner (ALS) Systems 

 

The ALS market has experienced a growth rate similar to the TLS market. Many ALS devices 

were recently introduced which have different working altitudes and frequencies to achieve more 

accurate and remote airborne mapping. ALS has many applications in remote sensing, agriculture, 

urban planning, 3D city modeling, etc., making ALS a vital source of point cloud data. ALS data 

are now available more than ever before. There are many web resources that offer free copies of 

the ALS data for large cities and even complete states in the USA. An example of these web 

sources is the OpenTopography project available at http://www.opentopography.org/.   

http://www.opentopography.org/
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Table 1-2 lists the ALS systems recently introduced, most of which came to market between 2012 

and 2014. 

 

Table 1-2: Most recent in-market airborne LiDARs  

Product Year 

Max 

Height 

Characteristics Manufacturer  Picture 

RIEGL  

 LMS-

Q1560 

2013 4700 m 

Frequency 
Scan :400 Hz 

PRR:200~800kHz 

Measurement 
rotating multi-facet 

mirror 

RIEGL 

 

RIEGL 

VUX-1 
2014 350m 

Frequency 

PRR:50~550kHz 

Measurement 

ToF 

RIEGL 

 

HawkEye 

III  

2013 1500m Measurement 
Oblique LiDAR 

AIRBORNE 

HYDROGRAPHY 

AB  

Chiroptera 

II  

2014 600m 

Frequency 

Scan:140Hz 

PRR:35kHz 

Measurement 

Oblique LiDAR 

AIRBORNE 

HYDROGRAPHY 

AB  

Optech 

Titan 

ALTM  

2014 2000m 

Frequency 

Scan:210Hz 

PRR:150~900kHz 

Measurement 
Programmable scanner 

OPTECH 
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Dual 

DragonEye 

2014 1600m 

Frequency 

Scan:280Hz 

PRR:400~1000kHz 

Measurement 

Oblique LiDAR 

AIRBORNE 

HYDROGRAPHY 

AB  

Optech 

Galaxy 

ALTM  

2014 4700m 

Frequency 

Scan:100Hz 

PRR:35~550kHz 

Measurement 

scanning galvo 

OPTECH 

 

Optech 

CZMIL  

2012 1000m 

Frequency 

Scan:27Hz 

PRR:10~70kHz 

Measurement 
Circular prism scanning 

OPTECH 

 

RIEGL  

VQ-820-G 
2012 2500 m 

Frequency 
PRR:138~520kHz 

Measurement 
single-shot ToF 

measurement 

RIEGL 

 

Trimble 

AX80 

2014 4700m 

Frequency 

Scan:400Hz 

PRR:200~800kHz 

Measurement 

Rotating Polygon 

TRIMBLE 

 

LiteMapper 

6800-400 
2009 2500m 

Frequency 

PRR:400kHz 

Measurement 
Rotating multi-facet 

mirror 

IGI 

 

 

1.1.3 In -Market Mobile Mapping Systems.  

Mobile mapping technology was introduced more than two decades ago based mainly on a multi-

camera system with GPS/IMU onboard the vehicle. Most of the mobile mapping systems today 
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also are equipped with TLS onboard because TLS is an easier and more accurate source of point 

clouds than imaging (through photogrammetry) (Haala et al., 2008) and (Haala, 2009).  

The main drawback of a TLS-equipped system is that its resolution and accuracy is inversely 

proportional to the speed of the vehicle. In most cases, as shown in Table 1-3, short-range laser 

scanners are used because they are faster than long range scanners. Even in cases where the system 

used long-range laser scanners, either the range was limited to short-range values or the resolution 

(number of points) was limited. The device information sheet for IGIôs Streetmapper, for example, 

indicates either a range of 800m is used for mapping or one million points per seconds obtained. 

The Streetmapper info sheet is available at (http://www.igi.eu/streetmapper.html).  

Another drawback of mobile mapping systems is their dependence on moving GPS/IMU systems 

for achieving certain accuracy, which increases the cost of the system or decreases the positioning 

accuracy.  

From the above discussion, it can be concluded that mobile mapping systems, although capable of 

high-speed mapping of large areas, are less accurate and provide a lower resolution than static TLS 

systems or  Stop-And-Go (SAG) systems (Elhabiby and Teskey, 2010) and (Lin et al., 2013). 

Table 1-3 lists the most recent and known mobile mapping systems along with the number of 

cameras/TLS devices used and their characteristics. 

Table 1-3: Most recent in-market mobile mapping systems 

Product (year) Laser Scanner Camera Manufacturer  Picture 

Lynx SG1 

Mobile Mapper 

(2013) 

Number: Two 

Brand:  Optech 

Max range: 200m 

Number: Five 

Brand:  Point Grey 

Ladybug/ JAI 

OPTECH 

 

http://www.igi.eu/streetmapper.html
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IP-S2 HD 

(2010) 

Number: One 

Brand:  Velodyne 

Max range: 120m 

Number: Six 

Brand:  Point Grey 
TOPCON 

 

Lynx MG1 

Mobile Mapper 

(2013) 

Number: One 

Brand:  Optech 

Max range: 250m 

Number: Six 

Brand:  Point Grey 
OPTECH 

 

Streetmapper 

(2000) 

Number: Two 

Brand:  Riegl 

Max range: 800m 

Number: Six 

Brand:  Point Grey 
IGI 

 

RIEGL VMZ-

400-1000-2000 

(2014) 

Number: One 

Brand:  Riegl 

Max range: 600-

1400-2050m 

Number: 1 

Brand:  Nikon 

DSLR 

RIEGL 

 

Imajbox (2014) No Laser Scanner 

Number: 1 

Brand: Imajing 

Imajing 

 

VISAT (1996) No Laser Scanner 

Number: 6~12 

 

University of 

Calgary 
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1.2 Problem Definition 

 

Large BIM projects in urban areas are challenging in that several processes are involved. Among 

these processes are data capturing, 3D object recognition, and digital model creation. In general, 

digital building models of complex structures continue to be problematic as pointed out by  (Habib 

et al., 2010). The challenges increase in urban areas where buildings are surrounded by trees, 

vehicles, and other objects that make it difficult to collect data with a single mapping technique or 

a single device and require other efforts for the recognition of objects (buildings).  

 As shown in the previous section, TLS/ALS integration outperforms other solution for 3D 

modeling/mapping in urban areas, especially if the ToF SAG mode is integrated with the ALS 

data. In fact, no significant efforts have been made toward the integration of ALS with ToF in 

SAG mode to obtain as-built large BIM projects.  

 In this context of integrating the ALS data with the ToF TLS SAG mode, the registration errors 

are decreased, thereby decreasing the number of scans to be registered and enhancing the accuracy 

of ALS as well. Even with the decreased number of scans, however, a large BIM project requires 

rapid processing of the data collected. At the registration stage, it is more efficient to have a fast 

automatic registration algorithm that combines the SAG laser data efficiently. 

Fusing the data of indoor LiDAR with that of the outdoor LiDAR to generate an indoor/outdoor 

view for the as-built BIM is another challenge.  

The focus of this thesis is solving the problem of registration of data (homogenous and 

heterogeneous) by creating/modifying registration algorithms as well as generating: 

¶ A classification model to discriminate buildings from other objects.  
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¶ Planar models for building facades and roofs as well as indoor walls to work towards the 

modelling part of the BIM. 

 

 

 

1.3 Objectives 

 

The motivation of this thesis is to decrease the amount of occlusions in scans taken for a large BIM 

project at the 3D modeling stage.  This is achieved via the fusion of different types of laser scanner 

data (i.e. TLS and ALS). The amount of data to be processed is huge, which is another motivation 

to implement a fast and automatic algorithms for processing of such huge amount of data.  

Combining all the data together (i.e. TLS data with ALS data and outdoor TLS data with indoor 

TLS data) is a challenging issue as well, which needs implementation of heterogeneous registration 

algorithms.  

The overall objective of the thesis is to build a complete 3D visualization model for a large BIM 

with less occlusion. This is achieved in several steps, in which homogenous and heterogeneous 

data are fused together to generate a complete 3D point cloud for the whole BIM project, a 3D 

model for the BIM project is obtained, and the occlusion is removed from the model. The sub-

objectives include: 

1) Creating efficient (in terms of speed, robustness and accuracy) homogenous TLS data 

registration algorithm. 

2) Integration of ALS data with outdoor/indoor TLS data. 

3) Creation of a 3D model of the BIM project. 
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4) Occlusion removal from the 3D model of the BIM project. 

The tasks accomplished towards fulfilling the above objectives include: 

1) Developing a new algorithm and implementation for fast automatic registration between 

homogeneous TLS scans. 

2) Developing a new implementation for Georeferencing TLS data and fusing TLS and ALS 

data.  

3) Developing an algorithm and implementation for the extraction of DTM from LIDAR 

data. 

4) Developing an implementation for the classification of off-DTM data LIDAR data.  

5) Developing an implementation to create indoor/outdoor planar models. 

6)  Developing a new algorithm and implementation for fast occlusion detection and 

removal.  

All of the above tasks were accomplished in MATLAB . 

 

1.4 Thesis Outline 

 

The remainder of this thesis proceeds as follows:   

In Chapter 2 an overview of the laser scanner technology is presented with comparisons of the 

laser scanner types and mapping modes. Common mathematical and Computer Science methods 

used in laser scanner data processing are discussed, such as the Least Square (LS) estimation 

method, the k-D tree, the Iterative Closest Point (ICP) approach and the Principal Component 

Analysis (PCA). 
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In Chapter 3 heterogeneous and homogenous data fusion are discussed in detail. Homogenous data 

fusion means that the data are collected with the same device and same mapping mode. 

Heterogeneous data are indoor data combined with the SAG mode or ALS combined with the TLS 

data. Hence, the data collected indoors separately are homogenous data, and the data collected in 

the SAG mode outdoors are homogenous data. 

For homogenous data, a fast automatic registration algorithm was developed; and for 

heterogeneous data, manual registration procedures were used. At the end of the chapter, all the 

laser scanner data are georeferenced in one coordinate system to produce a complete 3D model for 

BIM applications.  

In Chapter 4 the data are processed to find the planar features. The process starts with the 

developed PCA algorithm classifying the objects in the mapped area into a digital terrain model 

(DTM), trees, and buildings. The buildings then are determined and occlusion detection is 

performed. 

The framework used in Chapters 2 through 4 is described in detail in Figure 1-2. 

Chapter 5 discusses the results obtained by applying the registration, classification, and occlusion 

algorithms with the focus on the new registration algorithm.  

Chapter 6 presents a summary of the work, conclusions, and recommendations for future work.  
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Figure 1-2: Framework of the work conducted. 
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Chapter 2: Overview of Laser Scanning Technology for BIM Applications  

 

In this chapter an overview of the laser scanning technology used for BIM first is presented. A 

brief explanation of BIM then is provided, followed by an overview of laser scanner types and 

different mapping modes. At the end of the chapter, there is a discussion of the most common 

mathematical and Computer Science tools used for laser scanner data processing, which are used 

extensively in Chapters 3 and 4 in the laser data registration and processing. 

 

2.1 Introduction to Building Information Modeling (BIM)  

 

BIM as a concept has existed since 1970, however,  the term ñBuilding Information Modelingò 

was first used in 1992 in (van Nederveen and Tolman, 1992). The acronym BIM was introduced 

by Autodesk Building Industry Solutions in 2003. BIM is defined by international standards as 

ñshared digital representation of physical and functional characteristics of any built object which 

forms a reliable basis for decisionsò (Volk et al., 2014).  

BIM can be divided into as-planned BIM and as-built BIM. As-planned BIM are models for non-

existing buildings, while as-built BIM are models for existing buildings, such as heritage or old 

buildings.  

Since BIM addresses a variety of topics which cannot be covered in the scope of this thesis, only 

the data capturing, object recognition, and modeling stages of BIM are discussed. 

Data capturing techniques for BIM can be divided into two categories that are in turn divided into 

sub-categories (van Nederveen and Tolman, 1992):  
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a. Non-contact techniques such as image-based techniques as in photogrammetry and 

videogrammetry and range-based techniques such as laser scanning.  

b. Contact techniques such as tape measurement and callipers. 

Of course non-contact techniques outperform the contact techniques as they generate models that 

are more accurate and close to reality. Point clouds can be obtained either from photogrammetric 

methods (e.g., dense matching) or directly from the laser scanner device. 

 

 

Figure 2-1: BIM data capturing techniques - Adapted from (Volk et al., 2014). 
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2.2 Sources of Point Cloud Generation. 

 

As discussed in Section 2.1, laser scanners and photogrammetric tools are used to generate point 

clouds for BIM. In this section LiDAR and photogrammetric tools for generating point cloud are 

discussed in detail. 

 

2.2.1 ALS vs Airborne Photogrammetry 

 

Airborne photogrammetric tools (dense matching) can be obtained from satellite imagery (Tack et 

al., 2012), or airborne images. The collinearity equation is solved to obtain a 3D point cloud from 

each pair of stereo-images. This method of obtaining point clouds is a passive method (Remondino 

et al., 2009), which differs from the use of active sensors like LiDAR.  

LiDAR point cloud can be obtained from ALS, in which an air-vehicle is equipped with a laser 

scanner device as well as GPS/IMU. Data from the laser scanner, the GPS receiver, and the IMU 

are fused to generate a georeferenced 3D point cloud.  

According to (Madhavan et al., 2006), photogrammetric techniques that utilize stereo-images 

taken from airborne or satellite imagery matching are a weak tool for 3D modeling because they 

are time consuming and expensive. Moreover, they suffer from occlusion and height 

discontinuity in highly dense areas. On the other hand, ALS has several advantages (Madhavan 

et al., 2006): 1) it is a powerful tool for dense Digital Surface Models (DSMs), 2) it is a rapid 

tool for 3D urban GIS acquisition,  and 3) its Laser DSMs provide a better measurement at step 

edges. 

Other applications that contribute to BIM 3D modeling include (Wehr and Lohr, 1999): 
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1. DTM generation. 

2. Road design and modeling. 

3. Automatic building extraction and generation of 3D city models. 

To summarize, ALS is an active sensor tool, faster and more accurate, and applicable for the 

creation of point clouds than the passive image matching method. 

 

2.2.2 TLS vs Dynamical Stereo matching 

 

One of the famous mobile mapping systems that used images  is the VISAT project developed by 

the Department of Geometrics Engineering at the University of Calgary (Schwarz et al., 1993) and 

(El-Sheimy, 1996). In a typical mobile mapping project, the vehicle was equipped with multi-

cameras system, GPS, and IMU.  

 

 

Figure 2-2: ViSat mobile mapping vehicle (El-Sheimy, 1996) 
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(Haala, 2009) proved that even with a high image rate and more accurate imaging sensors, image 

matching is more error-prone compared to LiDAR due to problems such as moving shadows and 

varying geometric quality. As stated for the airborne/image matching, the collinearity equation is 

used to create 3D points from images. However, the task is still a time consuming task, especially 

if multi-images are used instead of stereo-images for matching.  

TLS, on the other hand, provides very accurate measurements and is capable of collecting data 

directly without the need for mathematical modeling and implementation efforts to extract the 

point cloud. The point density of a point cloud from TLS can vary, depending on the device and 

the applications.  

 

2.3 Types of Laser Scanners  

 

Laser scanners differ with the technique of measurement used.  There are mainly two 

types of laser scanner measurements techniques: 1) Phase Shift (PS) for short-range 

laser scanners and 2) Time of Flight (ToF) for long-range laser scanners. As discussed 

in Chapter 1, both techniques are used in many laser scanner devices provided by 

different manufacturers. In the following subsections the two measurement techniques 

are discussed briefly. Further information can be found in (Vosselman and Maas 2010).  
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2.3.1 ToF measurement: 

In the ToF technique the laser scanner sends a shot of laser to the object and receives it back after 

a time of flight denoted † . The range ” between the laser scanner and the object is evaluated 

using: 

”
ὧ

ὲ

†

ς
 (2.1)  

 

where ὲ  is the refractive index and ὧ is the speed of light. 

Some objects cause multiple returns for the emitted laser beam (pulse), such as vegetation. There 

are characteristics for each returning pulse, such as the pulse width ὸȟ the pulse rise time ὸȟ and 

the pulse length ὰ. If the laser pulse results in two or more echoes, the corresponding ranges are 

discriminated only if the echoes do not overlap. Mathematically speaking, this can be written as 

(Vosselman and Maas 2010): 

 

† † ὸ (2.2)  

 

or 

” ”
ρ

ς
ὰ  (2.3)  

 

where ὰ  . If the equations above for two pulses with a pulse width of ρπ ns are applied, 

then these pulses can be discriminated if their distance (” ”  is larger than 1.5m. 
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The range accuracy is an important factor for laser scanners, hence; the range uncertainty for a 

pulse surrounded by white noise is computed for the ToF laser scanner using the formula:  

‏
ὧ

ς

ὸ

ЍὛὔὙ
 (2.4)  

 

where SNR is the signal to noise ratio. 

Since the ToF technique is based on sending pulses of laser and receiving them back, ToF laser 

scanners are sometimes called Pulse laser scanners. 

 

2.3.2 PS measurement: 

 

In the case of the PS measurement technique, instead of sending pulses of emitted laser beams to 

the object, the phase difference ɝ‰  of the projected and the collected laser beams is used to 

find the delay time, and hence the range, can be computed from the equation: 
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where ‗  is the wavelength.  

The uncertainty in range is given by: 

‏
ρ

τ“

‗

ЍὛὔὙ
 (2.7)  
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The measured range with the PS method has a problem with low frequencies called ambiguity 

intervals. This problem occurs because the returned wave cannot be associated with a specific part 

of the emitted signal. To show the reason for this, the computation of the phase shift is discussed 

in detail. 

The phase shift between two outgoing and reflected sine waves is the result of averaging of their 

product over the time interval Ὕ, (Bishop, 2002) , which is given by: 

ÌÉÍ
ᴼ
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Ὕ

 

ÓÉÎ
ς“ὧ
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τ“”

‗
ÓÉÎ
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‗
Ὠὸ  (2.8)  

The result of this integration is given in (Bishop, 2002) and (Woodbury et al., 1993) as: 

ὃÃÏÓ
τ“”

‗
 (2.9)  

where, ὃ is the amplitude of the signal.  

Now, since the cosine function is periodic, its value is repeated after a period of ς“. Which means 

that: 

ÃÏÓς“ ‰ ÃÏÓ‰  (2.10)  

Therefore, in equation (2.9), values of the range ” must be less than or equal  . Otherwise, if ”

, it will be miscomputed as” , i.e. the maximum value for the range ” must be within . 

That is: 

”
ὧ

ς

ρ

Ὢ

‗

ς
 (2.11)  

This is the reason why PS laser scanners are limited to shorter ranges, which is opposite to the 

case of TOF laser scanners. 
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2.4 Laser Scanner Mapping Modes 

 

Mapping with laser scanners can be of three main modes: the full static mode, the full kinematic 

mode, and the Stop-And-Go (SAG) mode. These modes differ from one to another in the 

mechanisms and the devices with which each is equipped. In the following subsections an 

overview of these mapping modes is presented. 

 

2.4.1 Full Static Mode 

In the full static mode, the laser scanner is mounted on the top of a tripod and may or may not be 

connected to a GPS receiver. This mapping mode is time consuming and expensive because it 

usually requires more labors to do the work (Lin et al., 2013). Moreover, it typically can be used 

only in small areas where short-range scanners are used. The benefit from static TLS mode is that 

the mapping performed in this mode is very accurate compared to the dynamic scanning mode 

because the GPS receiver, or landmarks, are fixed, and no motion therefore affects the positioning 

information.  

 

Figure 2-3: Static scanning mode.  
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2.4.2 Full Kinematic Mobile Laser Scanning (MLS) Mapping Mode  

 

The mobile laser scanning mode is performed with a scanner connected to a GPS/IMU system and 

mounted on the top of a moving vehicle. The GPS receiver allows for determining the position of 

the laser scanner at each point, while the IMU determines the change of orientation of the laser 

scanner caused by the motion of the vehicle. This mapping mode might require less labor, but it 

does require the use of a high-end IMU system in addition to a GPS receiver. Orientation 

determined by IMU must be accurate for accurate mapping, and a high end IMU that has small 

drift therefore should be used for better mapping.  

While the most important application of MLS is 3D city modeling, where a vehicle can sweep 

large areas, this system undergoes erroneous GNSS positioning, especially in areas covered by 

trees or tall buildings, where the GPS signal is blocked (Haala and Kada, 2010) or multiple paths 

exist. As mentioned earlier in Chapter 1, short-range scanners are suitable to work with MLS 

because the scan time is shorter than that of long range scanners and can cope with the speed of 

the moving vehicle. However, it comes at a price: the short range scanners may not be able to reach 

tall buildings. Sparsity in scans is another problem facing MLS mode. Sparsity occurs due to the 

variable speed of the vehicle (Lin et al., 2013) in which the point density changes from one region  

to another as a result of speed change. Figure 2-4 shows an example of the Topcon Positioning 

Systems, Inc. MLS system. 
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Figure 2-4: MLS from Topcon Positioning Systems, Inc. 

 

2.4.3 Stop-And-Go Mode 

 

In Stop-And-Go (SAG) mode, a scanner is mounted on the top of a vehicle and collects data while 

the vehicle is at a complete stop; then, the vehicle moves to another spot, stops, and lets the scanner 

collect data again; and the sequence continues until the work is done (Elhabiby and Teskey, 2010). 

The system combines features from the static TLS and the dynamic MLS, in which the resolution 

of the scans is high and the laser data are not sparse as in the case of static TLS. Similar to MLS, 

the scans cover larger areas, the system can be operated by only one person, and no IMUs are 

required as the vehicle is at a complete stop while collecting data. For this scanning mode, the best 

choice of scanners would be the ToF long-range to cover large areas.  A comparison of the three 

scanning modes is shown in Table 2-1 . 
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Table 2-1: Comparison between the main scanning modes. 

 Static TLS MLS SAG 

Range 

Short and long range 

But more practical with 

short range 

Short range Short and long range 

GPS/IMU GPS only GPS and IMU GPS only 

Data resolution 
High Resolution with no 

sparsity  

relatively low 

resolution - with 

sparsity  

High resolution - no 

sparsity 

Area coverage Small Large Large 

Time and 

expenses 

Long time - expensive  Short time - expensive 

Short time ï less 

expensive 

Georeferencing  High accuracy Low accuracy High Accuracy 

 

2.5 Terrestrial Laser Scanner Geometry 

The terrestrial scanner is modeled in the spherical coordinates with ”ȟ‌ȟ and — (Vosselman and 

Maas 2010):  

” ὼ ώ ᾀ  (2.12)  
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where the subscripts ὭὮ  refer to the object point Ὥ in the scan Ὦ. ὼȟώȟᾀ  are the coordinates of 

the object point ὴ expressed in the scan Ὦ coordinate system. 

The relationship between the laser scanner space and the object space is illustrated in Figure 2-5 

below. 

This is mathematically written as (Vosselman and Maas 2010): 

ὼ
ώ
ᾀ

╡
ὢ
ὣ
ὤ

ὼ
ώ
ᾀ

 (2.15)  

 

With the rotation matrix in terms of the Euler angles :‫ȟ‰ȟ‖ given by 

 

Figure 2-5: Geometrical relation between the scanner space and object 

space. 
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╡ ╡ ‖╡ ‰╡ ‫  (2.16)  

 

A point in the object space can be described in two different scansô local coordinate systems with 

two different vectors. Each vector is described in terms of the bases of one of those local coordinate 

systems. 

Consider two scans. The relation between the two scansô local coordinate systems could be written 

as: 

ὢ
ὣ
ὤ

╡‖‫ȟ‰ȟ
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ὣ
ὤ

ὼ
ώ
ᾀ

 (2.17)  

The rotation matrix ╡  is a function of Euler angles. The rotation matrix formula in terms of 

Euler angles can be found in (Goldstein et al., 2002). It is given as follows: 

 

Ὑ‖‫ȟ‰ȟ

Ã‖Ã‰ Ã‖‫Ó Ã‖Ó‰‫Ó Ó‖Ó‫ Ã‖Ã‰‫Ó
Ã‰Ó‖ Ã‖Ã‫ Ó‖Ó‰‫Ó Ã‖Ó‫ Ã‰‫Ó‖Ó
Ó‰ Ã‰Ó‫ Ã‰‫Ã

 (2.18)  

 

The Ὓ and ὅ letters denote the sines and cosines of the angles, respectively. The vector ὼȟώȟᾀ  

is the translation vector, which means that a vector in the coordinate system of the first scan differs 

from the one in the coordinate system of the second scan by a rotation and a translation. The 

components of the translation vector, together with the rotation angles (i.e. the 

set ὼȟώȟᾀȟ‫ȟ‰ȟ‖), are known as the orientation parameters or registration parameters between 

the scans. 
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2.6 Tools for Laser Scanner Data Processing 

 

In this section the most common mathematical and Computer Science tools used in LiDAR data 

processing are discussed. These tools are used in the subsequent chapters. The Least Squares (LS) 

estimation method is important for estimating coarse orientation (registration) parameters between 

two sets of LiDAR point cloud. Similarly, the kD-Tree algorithm for organizing scan data is used 

in the Iterative Closest Point (ICP) algorithm and several classification algorithms. Finally, the 

standard ICP algorithm, which is used in Chapter 3 to refine the registration parameters, is 

summarized.  

 

2.6.1 Least Squares Estimation for Registration Parameters 

 

LS is the most common and important estimation algorithm for most engineering and physical 

applications. It can be applied in many Geomatics fields of study, such as navigation, 

photogrammetry, surveying, etc. In this section a brief overview of LS applied to registration 

parameters estimation is presented. More details about LS can be found in (Krakiwsky, 1990), 

(Mikhail and Ackermann, 1982) and (Petovello, 2013). 

  LS equation formulations depend on what is known as the mathematical model. The 

mathematical model could be an implicit model, a condition model, or a parametric model. The 

implicit model is the general form of the mathematical model, in which the observation 

(measurements) and the states are combined together. The equation of the implicit model is: 
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█◑ȟ● π  (2.19)  

 

where ◑ is the observation vector, and Ὢ◑ȟ● is the mathematical model describing the system in 

terms of the state vector ● and the observation vector. In the condition model, the states do not 

appear in the model equations, it is written as: 

 

█◑ π  (2.20)  

 

The parametric model is of the form: 

 

◑ Ὢ●  (2.21)  

where the states are separable from the observations. 

 In the context of estimating the registration parameters, only the parametric model is considered. 

Normally, the observations (measurements) vector will differ from the mathematical model by an 

error vector ○. So that the equation above has the general form: 

 

◑ Ὢ● ○  (2.22)  

 

The function Ὢ● is generally a nonlinear function of the state vector, unless otherwise stated.  

Two variance-covariance matrices are associated with both the observations (measurements) and 

the vector of the estimated states. 

The variance-covariance matrix (or simply the covariance matrix) of the measurements is given 

by: 
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╒○  

„ „ ȣ „
ể ể ể ể
„ „ ȣ „

 (2.23)  

 

Where the „  is the covariance of two random variables (two measurements) Ὥ and ὮȢ The 

covariance matrix of the estimated states ╟ is related to the matrix ╒○ by the equation: 

 

╟ ╗╣╒○ ╗   (2.24)  

  

where ╗ is the design matrix. This design matrix is simply the Jacobean matrix of the 

measurements with respect to the states. It is given as: 
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The matrix ╗  is an indication of the geometry at which the measurements are taken. From 

Equation (2.19), it can be concluded that the covariance of the estimated states is dependent on 

both the accuracy of the measurements and the geometry at which the measurements were taken. 

The smaller the values are of the entries of the matrix ╟, the more accurate (reliable) is the obtained 

solution. 

The solution of the nonlinear LS problem is given by the two following equations: 
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●‏ ╗░
╣╒○ ╗░   (2.26)  ◑‏○╒╗

● ●   (2.27)  ●‏

 

Where the vector ♯◑ is the misclosure vector; it is defined as the difference between the theoretical 

value of the model █ and the observation ◑ (i.e. ♯◑ █● ◑. The hat on the state vector ● 

denotes that this vector is the estimated state vector.  

In the case of registration parameters estimation, the state vector ● is: 

 

● ὼȟὼȟὼȟὼȟὼȟὼ ḳ ‫ȟ‰ȟ‖ȟὼȟώȟᾀ   (2.28)  

 

and the model is given by: 
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  (2.29)  

 

The observations of the model are matching points (tie points) in the two scansô local coordinate 

systems. Each tie point has coordinates in scan Ὥḳ ὢȟὣȟὤ  and coordinates in scan Ὦḳ

ὢȟὣȟὤ .  

Since six states are estimated, at least six observation equations are needed. To obtain this number 

of equations, at least three tie points in the two scans must be determined. The geometry constraint 

is that the points must be non-collinear. Otherwise, a singularity will appear in the matrix ╗. The 

more matching points observed and the more geometrically distributed they are, the more accurate 

is the solution.  
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The design matrix ╗ is given by: 
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  (2.30)  

where ὲ is the number of matching points.  

For simplicity, the measurements of the matching points are considered to be uncorrelated. Hence, 

the covariance matrix of the measurements is: 

 

╒○ „╘▪ ▪ (2.31)  

where „ is the  apriori variance factor to be set manually at the start of the LS solution and ╘ is 

the identity matrix. 

 

2.6.2  K-D Tree  

 

The k-D tree is a data structure that can store k-dimensional data. The kD-tree is a generalization 

of the binary tree in which 1-D points are stored. kD-tree is one of many space partitioning trees 

such as R-Tree, Octree, BSP (Binary Space partitioning), etc.  

kD-tree is chosen, over other data structures, for laser scanner data processing because it is more 

efficient in terms of the search speed, such as range search and k nearest neighbourhood (knn) 

search, and the simplicity of implementation. Of course, each type of data structures has its pros 

and cons, but the choice depends on the nature of the data being processed. 



 

34 

Comparison of  k-D tree with R-tree for example, shows that k-D tree partitions the whole space  

into regions while in R-tree only the subset of the points of interest are being partitioned. kD-tree 

is much simpler to implement than R-tree. R-tree is preferred when performing operations other 

than searching, such as insertion or changing of the data, because it is a balanced tree. These 

operations are not usually performed when working with laser scanner data.  

To summarize; the main benefits of kD tree when working with laser scanner data, are: a) 

simplicity of implementation, b) the speed of range search and knn search when working with low 

dimensions (two or three dimensions in case of laser scanner data) and c) the whole data are being 

partitioned.  

It is tempting to store data in a k-D tree because the nodes are reached rapidly in this type of data 

structure, and it can hold the data of any number of dimensions. Of course, the search algorithms 

are slower with the increasing number of dimensions, but as mentioned earlier, in case of LiDAR 

data, 2D or 3D trees are the only ones of interest.  

A brief description of the k-D tree follows; for further information about k-D trees, the reader is 

referred to (Bentley, 1975) ,(Bentley, 1980), (Moore, 1990) and (Vosselman and Maas, 2010). 
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In 1-D trees, the data are divided at a middle point, called the root, to the right and left partitions, 

with the condition that the data on the right are larger values than the root, and the data on the left 

are smaller values than the root. This pattern is repeated until the leaves are reached. This is 

illustrated in the 1-D tree example in Figure 2-6. 

It can be seen that in the case of the 1-D tree, the middle point divides the number line. The case 

of the 2-D tree construction is similar but instead of having a point dividing the number line the 

data are spread in a plane, and a vertical line passing by the root point divides the plane of data to 

left and right partitions. Again, the pattern is repeated, and the tree is subdivided with two 

horizontal lines normal to the vertical line passing by the root point, and so on until reaching the 

leaf points which are represented by ordered pairs. This is shown in Figure 2-7 below. Where the 

orange point is the root point, the nodes are colored blue, and the leaves are in green.  

 

Figure 2-6: One dimensional tree. The circle with the number 2 is the root 

and the rectangles are the leaves. 
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Figure 2-7: Two dimensional tree. The root point is in orange color, the blue points are in 

the middle of each partition, and the green points are the leaves. 

 

In 3D space, the data points are spread in the three dimensions. A plane passing through the root 

point divides the points into left and right partitions.  Similar to the case of 2D trees, two other 

planes are perpendicular to the first plane, each partition is divided.  This sequence continues until 

the leaf points are obtained. This process is illustrated in Figure 2-8 below. 
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Figure 2-8: 3D tree; red plane is passing through the root point and dividing the points into 

two partitions. 

 

2.6.3 Principle Component Analysis (PCA) 

 

The PCA technique is a common tool that is used with LiDAR data to extract planar, linear, or 

scattered features from the point cloud. The PCA concept is utilization of the geometry in which 

the data points are spread in space to retain the features. This geometry can be described through 

the covariance matrix of the data points, which is constructed from the spatial information of the 

data points and hence provides information about the data points in space. 

In 3D space, data points can have linear features (e.g., edges of buildings, poles, tree branches, 

etc.), planar features (e.g., walls or roofs of buildings), or scattered features (e.g., tree leaves and 

glassy objects). Associated with each set of neighbouring points is a covariance matrix that can 

provide information about the geometry in which the data points are spread in space. The 
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covariance matrix is a square matrix ὲ ὲ, where ὲ is the number of dimensions of the data 

points. In the case of 3D space, the matrix ╒○ has the form: 

 

╒○  

„ „ „
„ „ „
„ „ „

 (2.32)  

 

The associated eigenvector and the eigenvalues associated with this matrix are obtained from the 

following equation: 

╒○ ╘‗╧ π  (2.33)  

where ‗ is the eigenvalue associated with the eigenvector ╧. ╘ is the identity matrix. 

The solution of the eigenvalue problem yields three eigenvectors, and three eigenvalues. The 

eigenvalues are ordered such that ‗ ‗ ‗. Then, these three values are compared and three 

possibilities for the geometry of the points are determined: 

a) The points are spread along a plane (having planar features) if ‗ ‗ḻ‗. 

b) The points are spread randomly in three dimensions (having scattered features) if ‗

‗ ‗. 

c) The points are spread along a line (having linear features) if ‗ḻ‗ ‗. 

In Chapter 4 PCA is used to classify objects in LiDAR data. More details for the PCA algorithm 

can be found in (Carlberg et al., 2009) and (Shi and Zakhor, 2011). 
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2.6.4 Iterative Closest Point Approach 

 

The ICP algorithm refines registration parameters and is based on minimization of the square 

distance between neighbouring points in the two previously roughly aligned Point Clouds (PCs). 

Suppose the 3D points in PC1 are Ⱪ░ Ὥ ρȟςȣȟὲ and the points in PC2 are Ɫ Ὥ ρȟςȟȣȟά , 

where each point is described by three coordinates in its PCôs local coordinate system, and each 

point in PC1 has a corresponding point in PC2. The correspondence between the two sets of points 

is obtained by organizing the data using the k-D tree algorithm, then for each point in PC1 a search 

is performed to obtain its closest point in PC2. It is obvious now that the two point clouds must be 

pre-aligned (at least roughly) before applying the ICP. The transformation equation of each point 

ὖ in PC2 to its corresponding point in PC1 is given by: 

  

Ⱪ ╡‫ȟ‰ȟ‖Ɫ ● ▄  (2.34)  

 

Where ● the translation vector between the two PCsô coordinates systems, ╡  is the rotation matrix 

between the two PCs, and ▄ is the error originating from the registration process.  The objective 

of the ICP is to minimize the square of ▄, that is: 

 

▄ ╡᷆ Ɫ░ ●▫ Ⱪ░᷆

 

░

άὭὲ  (2.35)  

 

The ICP algorithm that is used here is the standard ICP algorithm discussed in (Vosselman and 

Maas, 2010). This algorithm was first proposed by (Besl and McKay 1992) for shape registration 
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of two PCs and is based on Hornôs method for the estimation of the transformation parameters 

(Horn 1987).  

The first step is to compute the centroids of each point cloud ‚  and – : 

 

Ⱪ□
ρ

ὲ
Ⱪ░  (2.36)  

Ɫ□
ρ

ὲ
Ɫ░

 

 

  

(2.37)  

Then the coordinates of each point in the two point clouds are shifted such that the centroids are 

at the origins.  

 

Ⱪ░ Ⱪ░ Ⱪ□  (2.38)  

Ɫ░ Ɫ░ Ɫ□  (2.39)  

 

This allows separate estimation of rotation and translation. The square error is then written as: 

 

▄ ╡᷆ Ɫ░ Ⱪ░᷆

 

░

 ᷆Ⱪ░
╣
Ⱪ░ Ɫ░

╣
Ɫ░ Ⱪ░

╣
╡Ɫ░᷆

 

 

░

  (2.40)  

 

The first and second term do not depend on the registration parameters. Only the third term is 

dependent on the rotation parameters appearing in the rotation matrix. So, minimizing ▄ implies 

the maximization of the last term as in Equation (2.40). 
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Ⱪ░
╣
╡Ɫ░

░

ὓὥὼ  (2.41)  

 

The rotation matrix is defined in terms of the quaternions to simplify the manipulation of the 

equations.  

The elements of the rotation matrix in terms of the quaternions is given as: 

 

╡

ή ή ή ή ςήή ήή ςήή ήή

ςήή ήή ή ή ή ή ςήή ήή

ςήή ήή ςήή ήή ή ή ή ή

  (2.42)  

 

Where the unit quaternion is defined as: 

 

▲ ή    ή     ή    ή   (2.43)  

 

with the property that its norm is unity 

ή ή ή ή ρ  (2.44)  

 

Using the quaternions, the term   ВⱩ
░

ᴂ╣
╡Ɫ
░

ᴂ
░  is simplified to be in the form (Horn, 1987): 

 

Ⱪ░
╣
╡Ɫ░

░

▲╣
╣╝▲╣ 

   (2.45)  
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where the matrix ╝ is constructed from the elements of the cross covariance matrix of the two 

point clouds.  The cross covariance matrix is given by: 

 

╒○ Ⱪ
░

ᴂ╣
╡Ɫ
░

ᴂ

░

„ „ „
„ „ „
„ „ „

  (2.46)  

 

╝ is symmetric and is given by: 

 

╝

„ „ „ „ „ „ „ „ „

„ „ „ „ „ „ „ „ „
„ „ „ „ „ „ „ „ „

„ „ „ „ „ „ „ „ „

  (2.47)  

 

The quaternion vector ▲╣ that maximizes the term ▲╣
╣╝▲╣ 

  is the eigenvector associated with the 

largest eigenvalue of the matrix ╝.  

 After estimating the quaternion, the rotation matrix ╡ is constructed from Equation (2.42), and 

the equation below is used to estimate the translation vector. 

 

Ⱪ Ⱪ□ ╡Ɫ□  (2.48)  
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Chapter 3: Heterogeneous LIDAR Data Fusion  

 

 

 

The first and most important process after the removal of outliers in the LIDAR data is registration 

of the scans, which combines all the LIDAR data to one specific coordinate system.  The focus of 

this chapter is on the fusion of heterogeneous LIDAR data via automatic/manual registration. This 

chapter discusses the registration of homogenous and heterogeneous LiDAR data. More 

specifically, the following types of LIDAR data are used as part of the registration process:  

1. Airborne LIDAR data 

2. Long-range TLS data (for outdoor scans) 

3. Short-range TLS data (for indoor scans) 

 

Airborne LIDAR strip data are usually integrated into one point, and they typically have relatively 

large spatial error compared to TLS data. On the other hand, each TLS scan needs to be registered 

to a common coordinate system. Homogenous data are registered automatically, while 

heterogeneous TLS data are registered manually. TLS data are then georeferenced and fused 

automatically with airborne data using the ICP algorithm discussed earlier. 

 

3.1 Homogenous LIDAR data registration methods 

 

The process of registration of one PC to another is simply the process of transforming the 

coordinate of the first PC to the second one. The transformation parameters (also known as 
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registration parameters) consist of three components of a translation vector and three rotation 

angles. To estimate these registration parameters, at least three non-collinear matching points ( 

Vosselman and Maas 2010) and the application of LS for parameters estimation are needed. 

The registration process is called manual registration if the matching points are selected manually 

and is automatic registration if the matching points are selected automatically or if the registration 

parameters are estimated via a different (automatic) method. In both cases the estimation of the 

registration parameters might be inaccurate if:  

1. The matching pointsô selection procedure produces inaccurate matching points. 

2.  The number of matching points is small compared to the number of point cloud data points.  

In order to enhance the registration process, the standard ICP algorithm (discussed earlier in 

Chapter 2) is used to decrease the relative distance between the corresponding points in the two 

clouds.  

In the following subsections the manual registration and automatic registration algorithms are 

discussed in more detail. The ICP algorithm was discussed earlier in Chapter 2. 

 

3.2 Manual Registration 

 

The manual registration of two scans is based on the choice of at least three non-collinear matching 

points in the two scans. From the three points, nine measurement equations are generated, from 

which the LS problem to estimate the transformation parameters (three rotation angles and three 

translations) can be solved. 

Let the first point cloud be named PC1 and the second be named PC2. A matching point ὖ  will 

have the coordinates ὢȟὣȟὤ  in PC1ôs local coordinate system and will  have the coordinates   
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ὢȟὣȟὤ  in PC2ôs local coordinate system, where the subscript Ὥ ρȟȢȢὲ  refers to the first 

matching point, the second matching point, etc. and ὲ is the number of matching points. 

 The measurement equations in a matrix form for each point are: 

  

ὢ
ὣ
ὤ

Ὑ‖‫ȟ‰ȟ
ὢ
ὣ
ὤ

ὼ
ώ
ᾀ

 

(3.1)  

 

where ╡‫ȟ‰ȟ‖ is the rotation matrix which defines the orientation of PC2 with respect to PC1 

and is given by: 

╡‖‫ȟ‰ȟ

Ã‖Ã‰ Ã‖‫Ó Ã‖Ó‰‫Ó Ó‖Ó‫ Ã‖Ã‰‫Ó
Ã‰Ó‖ Ã‖Ã‫ Ó‖Ó‰‫Ó Ã‖Ó‫ Ã‰‫Ó‖Ó
Ó‰ Ã‰Ó‫ Ã‰‫Ã

 

(3.2)  

 

The vector  ὼȟώȟᾀ  is the translation vector between the two PCsô coordinate systems (which is 

simply the coordinate of the origin of the PC2 coordinate system described in the PC1 coordinate 

system).  

The above transformation equations can be written for as many matching points as needed (at least 

three) with the known coordinates in the PC1 and PC2 coordinate systems. Then, the LS equations 

are used to solve for the transformation parameters using: 

 

♯●░ ╗░
╣╒■╗░

 
╗░
╣╒■♯◑░ 

(3.3)  

 

● ● ♯●░ (3.4)  
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where  

●░ is the vector of the unknowns (registration parameters) from iteration Ὥ. 

♯● is the estimated correction to ●░. 

 ╒■ is the covariance matrix of the measurements.  

The measurements are considered to be uncorrelated, therefore, ╒■ can be written as: 

 

╒■ „╘▪ ▪ (3.5)  

 

where „ is an a priori variance factor. Suppose in the procedure of manual selection of matching 

points, thee wrong point is chosen instead of the correct one. The radius of all the neighbouring 

points surrounding the correct matching point from all directions is considered to be the error 

radius of the measurement. The numerical value of this radius is the same as the average point 

spacing of the point cloud. Hence, the average point spacing can be considered as the most 

probable error value in the measurement. Hence, the a priori variance factor can be chosen as the 

value of the point spacing of the point cloud.   

The matrix ╗ is the design matrix, which is the Jacobean resulting from differentiating the 

measurements with respect to the estimated states.  
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(3.6)  

In the Jacobean matrix derivatives of the rotation matrix elements, the rotation angles are non-

linear.  Table 3-1 lists the elements of the rotation matrix with respect to the rotation parameters:  

 

Table 3-1: Derivatives of the rotation matrix with respect to the rotation angles 
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‬ὶ

‬‫
ὶ  
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‬‰
ÃÏÓ‰‫ÓÉÎ 

 

The elements in Table 3-1 can be used in establishing the elements of the design matrix Ὄ as 

shown in Appendix 1.  

 

3.3 Automatic Registration 

 

As discussed earlier in this chapter, the automation of the registration process can be achieved 

either with automatic selection of the matching points or by using an automatic method to directly 

estimate the registration parameters without matching points selection.   

A great deal of development effort has occurred in the last few years for the sake of automating 

the process of registration. Examples of such development include the work conducted by (Bae 

and Lichti, 2008) ,(Barnea and Filin, 2008), (Forkuo and King, 2004), (Weinmann et al., 2011). 

In this section a new algorithm for fast automatic registration is introduced. The differences 

between the new algorithm and other recent algorithms are presented and why the new algorithm 

is more efficient.  

 

3.3.1 Fast Registration using PC to Pixels Mapping.  

 

The proposed new algorithm (method) is faster than many other methods since it does not require 

PC organization or photogrammetric, collinearity, solutions. In the proposed method, a one-to-one 
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direct mapping from ὼȟώȟᾀ PC coordinates to ὼȟώ  image coordinates is performed. The 

image created could be a RGB image utilizing camera information or an intensity image when a 

camera is not attached to the scanner. The one-to-one direct mapping is very simple in formulation 

and does not require organizing the point cloud as in other algorithms. Contrary to algorithms 

using photogrammetric methods such as collinearity and coplanarity equations that require a large 

overlapping area, the proposed algorithm does not. The algorithm also works well with panoramic 

and non-panoramic scans.  

Contrary to the work done by (Weinmann and Jutzi, 2011) and (Weinmann et al., 2011), the 

proposed algorithm does not require organization of the point cloud. It is known that organizing 

of the point cloud will slow down the algorithm.  (Barnea and Filin, 2008) used a similar method 

but they performed a transformation from the ὼȟώȟᾀ coordinates to ”ȟ‰ȟ— then used ‰ȟ— to 

generate a panoramic range image with intensity as range. Then they used an operator named max-

min operator to detect corner features in the images. The proposed algorithm of creating an image 

from the PC is one-to-one (i.e. ὼȟώȟᾀ are directly mapped to image coordinates and no need to 

use spherical coordinates). Moreover, in the work done  (Barnea and Filin, 2008) the authors used 

the range as pixel values. This is sometimes misleading when applying a general image matching 

algorithm (such as SURF) because points with the same range will have the same pixel values 

even though they are not identical in reality. In the new algorithm, the intensity or the RGB 

information as stated above are used.  

Compared to other methods in which photogrammetric techniques were used, the proposed method 

is simpler. Some authors, such as (Forkuo and King, 2004) and (Moussa et al., 2012) used the 

collinearity equation to back-project the 3D points in the point cloud to their 2D image points. 

(Weinmann et al., 2011) used the Efficient Perspective-n-Point (EPnP) after using the scale-
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invariant feature transform (SIFT) matching algorithm to attain a 3D to 2D correspondence. Other 

authors, such as (AlȤManasir and Fraser, 2006) and (Mohammed et al., 2014) also used 

photogrammetry to estimate the initial relative orientation between point clouds. In general, 

photogrammetric techniques require more complexities of the algorithm and require large 

overlapped area in the images taken by the camera attached to the scanner.  

The proposed algorithm is robust since it works with any type of laser scanner data with short- 

range and long-range laser scanners and indoor and outdoor mapping.  

In order to claim that the algorithm is fast, the average runtime for the coarse registration is 

compared with the average runtime of other algorithms, which are known to be relatively fast. 

 The algorithm was tested on different types of data and showed to work efficiently in a total 

runtime for the coarse registration ranging between 6 seconds and 10 seconds on point clouds 

consisting of hundreds of thousands or millions of points, according to the scale used. In 

(Weinmann et al., 2011) the average runtime for registration is about 18 seconds on data consists 

of 225,000 points. 

 

3.3.2 Registration algorithm 

 

An illustration of the proposed automatic registration algorithm is shown in Figure 3-1. The 

corresponding points in the two PCs are chosen using the PC to Pixel Mapping algorithm with a 

SURF matching technique. These points are used as matching points for the determination of the 

initial registration parameters and the initial alignment between the two PCs. The last step is to 

apply the ICP algorithm to the two pre-aligned PCs to enhance the registration.  
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Figure 3-1: Automatic registration algorithm.  

 

3.3.2.1 Creation of 2D Images From 3D Point Clouds. 

 

Depending on the laser scanner used to collect the laser data, the 3D points are either of the form 

ὴὼȟώȟᾀȟὙȟὋȟὄ  or ὴὼȟώȟᾀȟὍ. Where  ὙȟὋȟὄ  stands respectively for the red, green and blue 

values of the colour associated with each point, and Ὅ stands for the intensity of the returned laser 

beam. Both RGB and intensity information are sometimes included in the point cloud.  

The 3D points can be represented in a 2D image by excluding one of the coordinates (flattening). 

In fact, since the point cloud is a mapping of surfaces of real objects in the space, the three 
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coordinate components of point ὴὼȟώȟᾀ are not needed to determine such point. If only two 

coordinate components are known, the third component can be determined easily by utilizing the 

fact that for each two coordinate components of a point on a surface, the third component is unique. 

Figure 3-2 illustrates this concept. 

 

 

Figure 3-2: Uniqueness of the third component on a surface. 

 

Figure 3-2 illustrates that a point on the surface of an object can have only one unique third 

component, if the first and second components are determined. This is true only on the surface of 

the object, while inside the object the third component is changing in 3D space. Since in any 

application including Terrestrial Laser Scanner (TLS) only surfaces are mapped, the constraints 

stated above can be imposed.  

With this concept in mind, any 3D point can be mapped to a 2D point by choosing two of its 

coordinate components and excluding the third one. In the case of non-panoramic scans of TLS, 
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the ὼȟᾀ or ώȟᾀ components can be used in the proposed mapping algorithm in order to show a 

side view of the object instead of a plan view. 

In the case of panoramic scans, it is better to eliminate the ᾀ component and show the plan view 

of the scan as an image. Eliminating the z component is necessary because the scan points in 

panoramic scans are divided into two half spheres in which each two vis-a-vis (points facing one 

another) share the same ὼȟᾀ or ώȟᾀ components pair but never share the same ὼȟώ pair.  

The ὼȟᾀȟώȟᾀ  or ὼȟώ coordinates are mapped to the index of the image matrix and the value 

of the pixel in the image at that index is the RGB or intensity value.  That is, the image pixel with 

indices ὼȟώ is written as: 

 

Ὢὼȟώ ὙὋὄ (3.7)  

More information about image representation can be found in (Gonzalez and Woods, 2006). 

 

3.3.2.2 Scaling the point cloud data 

 

Each ὼȟώ  pair of indices in the image matrix must have a pair of integer values. However, the 

ὼȟώȟᾀ coordinates in the PC are of decimal values. It also can be seen that these coordinates are 

measured in meters so the values are in the range of tens or at most few hundreds of meters, 

whereas an image of 1 MP resolution has a ὼȟώ  coordinate (indices) up to a value of 1,024. 

Hence, the PC coordinates are scaled to fit into an image with integer image coordinates that have 

higher values than the PC coordinates. The points in the PC are multiplied by a scale factor and 
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the result is rounded so that the mapped pixels have integer values; the rounding error then is 

within the order of the point spacing (i.e., will not be effective).  

The scale factor value is chosen depending on the point density of the point cloud and the accuracy 

required. For example, if a point is considered with one of its components =1.149 m. If the scale 

factor is chosen as 10, then the value of that component after rounding is 11m. This value is 

mapped to the pixelsô coordinates. Suppose that that point was selected by the matching pointôs 

selection algorithm (SURF). This pointôs pixel coordinates are then reverse- mapped to its real 

space coordinates. The value of its component mentioned above (1.49 m) is ρȢρά after reverse-

mapping, which means that τȢωὧά were lost during the rounding process. Similarly, the value of 

one of the component equal to 1.151m is mapped in an image to a coordinate of 12 and is 1.2 m 

after reverse mapping. In other words, a scale factor of 10 will lead to inaccuracy due to the 

rounding error up to ~5cm, a scale factor of 100 will lead to inaccuracy due to rounding error up 

to ~5mm, etc. Maximizing the scale factor therefore will minimize the rounding errors.  

The problem with increasing the scale factor is that although it minimizes the rounding error, it 

creates empty space (pixels with white values) between the pixels corresponding to the 3D points. 

These pixels are artificial (could be thought of as noise). In turn, these pixels might lead to 

inefficiency in the matching algorithm. Furthermore, using a larger scale would require a larger 

image size and additional time for image creation. On the other hand, lower scale values would 

lead to a rapidly created but coarse image. Figure 3-3 and Figure 3-4 show the difference in images 

created with scale factor=100 and 10, respectively. It can be seen from the two figures that the 

image with scale=100 is of high resolution but has empty white pixels (noise) among the coloured 

pixels. On the other hand, the image with scale factor=10 has no empty pixels but its resolution is 

low. A good technique for selecting the scale factor is to choose it as the reciprocal of the point 
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density (point spacing) of the point cloud in order that the rounding error is less than the point 

spacing. For example, a scale factor ί ρππ corresponds to a PC with point spacingρὧάȢ  As 

discussed above the rounding error resulting from this scale factor is within 5mm. 

  

 

Figure 3-3: 2D image created from the point cloud for a scanned building with  TLS and 

scale factor=100. The image has fine resolution. 

 

Figure 3-4: 2D image created from the point cloud for a scanned building with TL S and 

scale factor=10. The image has coarse resolution. 
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3.3.2.3 Shifting the point cloud data 

 

The origin of the PC is normally the origin of the local coordinates system of the TLS. When 

mapping these points to the image, which usually are located at one of the corners of the image 

with the remainder of the image empty. In order to overcome this issue, the PC is shifted so that 

its origin is at the origin of the image.  

First, the centroids are computed, as shown in ( Vosselman and Maas 2010): 
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(3.8)  
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Then, the coordinates are shifted such that: 

 

ὼ ὼ ὼ  (3.11)  

 

ώ ώ ώ  (3.12)  
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ᾀ ᾀ ᾀ  (3.13)  

 

 Figure 3-5 shows an image created without a shift in the 3D coordinates. It can be compared to 

the one in Figure 3-4 in which the shift in coordinates was applied.  

 

 

Figure 3-5: Mapped 3D points to 2D image without origin correction. 

3.3.2.4 The Mapping Algorithm 

 

The algorithm used to map the 3D point ὖὢȟὣȟὤ  in the point cloud into a pixel in the 2D image 

with a scale ί can be summarized with the following equations: 

 

ὗ ὼȟώȟᾀ ὖὢȟὣȟὤȢί (3.14)  

 

ὼ ὼ ὼ  

(3.15)  

 

ώ ώ ώ  (3.16)  
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ᾀ ᾀ ᾀ  (3.17)  
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(3.19)  

Ὢὼȟώ ὙὋὄ  (3.20)  

 

where ὗ is the scaled 3D point, ὼȟώ  are the pixel coordinates, ὶ is the number of rows in the 

image, and ὧ is the number of columns. Equation (3.20) can be used with intensity values instead 

of RGB colour. 

The reverse-mapping from image pixels to 3D points is straightforward using the above equations. 

Only a 2D point is obtained from these equations. A simple search in the point cloud will retain 

the third coordinate of the 3D point. If multiple third coordinate values arise from this search 

(which may be very close), the average of these values may be taken. 

 

3.3.2.5 Surf Algorithm 

 

After creating two images from two partially overlapped point clouds as discussed above, detecting 

the common features in both images is necessary. The pixel values of the features in the two images 

are used to obtain the matching 3D points in the point clouds. SURF, inspired by the Scale 

Invariant Feature Transform (SIFT) algorithm (Lowe, 1999) and (Lowe, 2004), is the most widely 

used and efficient algorithm for image matching.  SIFT and SURF both provide a scale and rotation 
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invariant detectors for corresponding points in images. However, the SURF algorithm is much 

faster than SIFT.  

The correspondence between images can be obtained through three steps (detection, description, 

and matching). In the SURF algorithm, a detector named ñFast Hessianò relies on the integral 

images to reduce the computation time. Also the number of dimensions used in SURF is 64 instead 

of the 128 used in SIFT, thereby reducing the time while increasing the robustness. More 

information about SURF can be found in  (Bay et al., 2008) and (Bay et al., 2006).  

In this problem, it is obvious that the orientation and the scale are not fixed between the images 

created from the point clouds to be registered, which is why SIFT and SURF are good choices. 

However, since the process of registration is time consuming, a fast algorithm for the 

corresponding points detection is needed, which makes SURF a better choice over SIFT.  

 

3.3.2.6 Estimation of the registration parameters. 

 

For the estimation of the registration parameters from the matching points, the same LS used in 

the problem of manual registration is used now. The only focus is the values of the elements of the 

variance-covariance matrix of measurements. The values selected are very dependent on the scale 

factor used to map 3D points into 2D image coordinates. As discussed above, the scale factor 

determines the rounding error of the point cloud. A scale factor of 10, for example, would lead to 

a rounding error of 5 cm in each of the two dimensions. Therefore, each pixel would have a 

rounding error Ὡ πȢππςυά .  

Another source of errors in the measurements (matching points selection) arises from the image 

matching algorithm. When a pixel in an image is mistakenly matched with another pixel in the 
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neighbourhood of the correct corresponding pixel in the other, extra measurement error can occur. 

If the mistakenly matched pixel is ὔ pixels away from the correct pixel, then the error is ὔ 

multiplied by the square rounding error Ὡ arising from the scale factor because each pixel is 

associated with a rounding error as discussed earlier. 

So if ╒○ is the variance covariance matrix and „ is a priori variance factor such that 

 

╒○ „╘▪ ▪ (3.21)  

 

Then „ Ὡὔ 

Here ὲ is the number of the matching points (observations). 

The estimated parameters will lead to a coarse alignment between the two PCs after applying the 

transformation equation. Refining the registration parameters follows using the ICP algorithm. 

 

3.4 Integration of ALS, Outdoor TLS and Indoor TLS.  

 

In order to obtain a full view of 3D BIM models with less occlusion, it is necessary to fuse all the 

possible data collected by different types of laser systems. Typically, for multi-laser data fusion, 

indoor/outdoor data fusion is first completed, followed by airborne/terrestrial data fusion, which 

is described in the next subsections. 

 

3.4.1 Registration of Indoor and Outdoor TLS data.  

The indoor TLS data were collected with a short-range TLS, while the outdoor data were collected 

with a long-range TLS. The registration of indoor and outdoor PCs is accomplished in two steps: 
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1. Manually select matching points in the overlapping areas in order to have a rough 

estimation of the registration parameters.  

2. Apply the ICP algorithm in order to estimate better registration results.  

The ICP algorithm was discussed in detail in Chapter 2 and manual registration was discussed 

earlier in this chapter. 

 

 

 

3.4.2 Georeferencing of TLS Data 

 

Georeferencing transforms the points in the TLS PC from the local coordinate system to the WGS 

84 coordinate system. To do this, the georeferencing problem can be thought of as a registration 

problem and finding the points in the PC with known WGS 84 coordinates and thereby find the 

transformation parameters to transform the PC to the WGS 84 coordinates system. The WGS 84 

coordinates of the points selected can be determined using surveying techniques (e.g., total station) 

or GPS positioning. The larger the number of points is, the more accurate is the georeferencing. 

Consider the points in the PC having the coordinates ὼȟώȟᾀ  in the local frame of the laser 

scanner and having coordinates ὢ ȟὣȟὤ  in the WGS 84 coordinate system. The 

transformation equation is: 
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ὢ

ὣ

ὤ

╡‖‫ȟ‰ȟ

ὢ 

ὣ 

ὤ 
╣ 

(3.22)  

 

As mentioned in the manual registration problem, ╡ is the rotation matrix and ╣ is the translation 

vector. This problem of transformation can be solved in a similar way as the registration process 

by using LS where at least three non-collinear points must be selected.  

 

 

 

3.4.3 ALS and TLS Data Fusion 

 

Since TLS data are georeferenced and ALS data are typically obtained georeferenced, the ideal 

situation is that these two sets of data align perfectly. However, due to errors in the airborne 

LIDAR data arising from the trajectory interpolation, range, and angles errors, which increase with 

large distance, there can be a discrepancy between the sets of data. Therefore, the ICP algorithm 

discussed earlier in Chapter 2 is used to accurately align the TLS PC and the ALS PC. 

 

3.4.3.1 Notes n Divergence in ICP and Singularity in LS. 

 

Since the data are all georeferenced, the (N, E) coordinates have large values (typically on the 

order of ρπ). In general, this is not a problem; but the standard ICP algorithm requires the 

computation of the rotation matrix first and then computation of the translation vector from it and 

the original point cloud as in the equation: 
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Ⱪ Ⱪ□ ╡Ɫ□ (3.23)  

 

The term ╡Ɫ□ is very sensitive since a small error in the rotation matrix ╡ is multiplied by a very 

large value of the vector Ɫ□. This would magnify the error, and the resultant translation vector Ⱪ 

would have an incorrect estimated value. This incorrect translation vector can cause the error to 

propagate with iterations such that the ICP algorithm diverges with time. 

In fact, large numerical data are the source of another problem arising in the LS problem. When 

working with large numerical values (e.g., to register a PC to another georeferenced point cloud), 

a singularity (or near singularity condition) will normally appear in the LS estimation and a 

divergence will occur in the ICP method. The singularity appearance in the LS method is important 

because the design matrix otherwise would be either sparse or include close to zero entries in the 

diagonal and thus would have a determinant equal or close to zero.  

In order to overcome the above two problems, all the data are shifted such that the values of the 

coordinates are on the order of 10m or 100m. After solving for the registration parameters, the 

earlier translation can be subtracted. 
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Chapter 4: LIDAR DATA PROCESSING FOR 3D MODELING  

 

 

This chapter is dedicated to the processing of registered fused LiDAR data for the sake of 

generating a 3D building model. This process starts with the classification of LiDAR data to 

identify ground, buildings, trees, and vehicles. A Digital Terrain Model (DTM) is first generated 

in order to isolate the ground from other objects above it, such as buildings, trees, or vehicles. 

Then, the PCA is used to discriminate planar features (e.g., building facades) from linear features 

(e.g., edges) and scattered features (e.g., trees). Since attaining a 3D model of buildings is the goal, 

the plane equation is applied to identify each plane in the buildings. The last task is to remove 

occlusion in the generated planes.  

 

4.1 Framework of LIDAR Data Classification 

 

In this section the framework for LIDAR data classification follows (Badawy et al., 2014) and is 

shown in Figure 4-1. In this framework, DTM generation starts the process to isolate the ground 

points from the off-ground points. The off-DTM points are processed with the PCA algorithm 

described in Chapter 2. As discussed earlier, the algorithm is able to discriminate between planar 

data, linear data, and scattered data. Planes define the buildingsô facades with linear features at 

their edges, while the trees are identified by the scattered data.  
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Figure 4-1: Classification framework. 

 

4.2 DTM Generation 

 

There are many filtering methods to obtain the DTM from a point cloud, which include 

morphological filters, surface-based filters, and segment-based filters ( Vosselman and Maas 

2010). In this thesis, moropological filters were implemented according to the work of 

(Vosselman, 2000)  and  (Sithole, 2001).  (Vosselman, 2000) used the difference in height ɝὬ over 

the euclidian distance Ὠ to filter data. In order to compare the points within a specified distance, 

the points had to be organized in a Delaunay triangulation. In (Vosselman, 2000)  A height 

threshold was chosen so that the difference in height between two points with a distance Ὠ should 
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not exceed πȢσὨ to show that the slope changes gently with distance. (Sithole, 2001) made some 

modificaions to this filter in order to overcome its inefficiency with no gentle slopes. He modified 

the filter such that the threshold varied with respect to the slope of the terrain. His work was 

efficient in the detection of DTM with a steep terrain. However, in urban areas, terrain areas have 

gentle slopes between points and therefore his method, with its computational complexities, is not 

needed in urban areas where gentle slopes occur.  

In this thesis, the work of (Vosselman, 2000) is modified. The DTM is generated based on the 

minimum height in the neighborhood. The point cloud in a 3D k-D tree is organized first. Then, a 

search is conducted for the local minima in each neighborhood. The minimum height of each 

neighborhood is found and compared to all the points in the neighborhood. If the difference 

ɝ Ὤ between the minimum height and the height of a point in the neighborhood is lower than a 

certain threshold, then the point is considered a ground point (DTM point); otherwise, the point is 

an off-terrain point. This can be written mathematically as: 

 

ὴ ὴᶰὔṒὅȠᶅὴᶰὔȡὬ Ὤ   (4.1)  

ὈὝὓ ὴᶰὔṒὅȡὬ Ὤ ɝὬὨὴȟὴ  (4.2)  

 

Where ὴ  is the point with a minimum height in the neighborhood ὔ. ὔ is a subset of the point 

cloud ὅȟ and the threshold height ɝ Ὤ is chosen to be πȢςυ Ὠ. It was found that threshold values 

larger than πȢςυ Ὠ can misclassify some of the vehicles, outer buildings, stairs, and other small 

objects as DTM. In order to obtain robust results, the radius of the k-D tree search was chosen as 

wide as possible so as to combine the ground points with the neighborhood of wide area roofs. 
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4.3 Classification of Off-DTM Data. 

 

Using the PCA algorithm introduced in Chapter 2, the points in the point cloud are classified 

depending on their geometrical behaviour. As discussed in Chapter 3, the ALS and TLS data are 

fused, which leads to a difference in the density from one location to another. At the end of this 

section, a solution for this problem is discussed. 

The problem with variable density from one location to another is that it may lead to confusion in 

the classification process if the neighbourhood search radius is not suitably chosen. The size of the 

neighbourhood radius is chosen depending on the geometry of the data as well as their numbers. 

For example, in the case of the roofs of buildings, where data are solely from ALS (with relatively 

low density), choosing a small radius may lead to misclassified points in planes as if they belong 

to lines. Conversely, if the radius of the neighbourhood is very large, edge points may be 

mistakenly entered into the same group of planar points close to them. Hence, a large enough 

(suitable) radius should be chosen. The problem with choosing a suitable radius is illustrated below 

in Figure 4-2.  

The neighbourhood is determined with the same method used in the DTM filter (i.e., using the k-

D tree data structures).  

As shown earlier, the eigenvalues ‗ôs determines the geometry of each group of points. Auxiliary 

variables ‌ ὥὲὨ ‌ are introduced and are defined as: 

‌
‗

‗
 ȟ‌

‗

‗
  

(4.3)  
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Two threshold values, ‌ and ‌  are defined (where the subscripts indicate the line and plane) for 

which: 

1. If ‌ ὥ the points have linear features. 

2. If ὥ ὥ Ǫ ‌ ὥ, the points have planar features. 

3. The points have scattering features otherwise.  

 

 

Figure 4-2: The consequences of choosing different sizes for the neighborhood radius. 

The following should be kept in mind while working with PCA:  

1. PCA cannot be considered as a fully automatic algorithm for classifying LiDAR point 

clouds. It depends on the parameters ‌ and ‌ and their thresholds; but if the same devices 

and the same characteristics (e.g., point density and working range) are used for their point 

clouds, then the thresholds would be the same because these threshold values are dependent 

on the covariance matrix of the point cloud in a certain neighbourhood. The number of 

points in a covariance matrix and their geometry decide what values of the threshold are 
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used, but the number of points in the covariance matrix is dependent on the point density 

and other characteristics (e.g., sparsity of the points) of the laser scanner device. In other 

words, the threshold values of classification using PCA are dependent on the device and 

the data generated for the same objects can be the same if the devices are identical.  

2. PCA will not have a 100 % correct classification result because the neighbourhood radius 

contributes to the error in classification as shown in Figure 4-2. 

 

To correct the incorrectly classified points, a neighbourhood similarity filter (similar to the region 

growing filter) can be introduced. In this filter the linear and scatter points and their neighbouring 

points are checked, and a decision for a point is made according to the following rules: 

1. A point misclassified as scattered is considered linear if the majority of neighboring points 

are planar (i.e., the point is an edge of a building). 

2. If the number of planar points surrounding a scattered point is ψπ Ϸ, then the point is an 

edge point.  

3. If the number of scattered points  ψπ Ϸ  and the rest of the points are planar, then the 

point is a window point.  

4. If the point is a scattered point and surrounded only with linear points, then the points are 

tree leaves with the linear points being the branches of the tree.  

 

4.4 Building Modeling Using Plane Equations.  

 

Modeling the indoors and outdoors of a building starts with determining the planes of the building. 

After using PCA to distinguish the planar points from the linear and scattered points, it is necessary 
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to form the plane equations for each plane (walls or roofs) of the building. The plane equation is 

given by: 

 

ὲὢ ὲὣ ὲὤ ὅ  (4.4)  

 

This equation actually defines the normal to the plane, where the unit vector ▪► ὲȟὲȟὲ  is 

the normal vector on the plane, the parameter ὅ defines the shift of the plane from the origin. The 

parameter ὅ is the scalar product of the normal vector ▪► with the translation vector  ὼȟώȟᾀ   

from the origin of the coordinates system to the plane. This is shown in Figure 4-3 below.  

 

 

Figure 4-3: Plane equation and relation to the normal to the plane. 
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The parameters ὲȟὲȟὲ  define the parallel planes with different centers, and the parameters 

ὲȟὲȟὲȟὅ define a unique exact plane. To determine a plane, at least three nonlinear points 

are needed to determine the normal vector ὲȟὲȟὲ . The parameter ὅ is then determined from 

the following equation: 

 

ὲὢ ὲὣ ὲὤ ὅ  (4.5)  

 

Where the point ὢȟὣȟὤ  is any point in the plane, possibly chosen from the points selected, but 

it is recommended to be chosen as the center of a mass point.  

The LS algorithm is used to determine the parameters ὲȟὲȟὲȟὅ. The mathematical model in 

this case can be driven from Equation (4.4) as: 

 

ὤ
ρ

ὲ
ὅ  ὲὢ ὲὣ 

(4.6)  

Or  

ὤ ‍ὢ ‍ὣ ‎   (4.7)  

 

Where the parameters ‍ , ‍  and ‎ . 

The LS linearized form can be expressed as: 

 

ὤ
ể
ὤ

ὢ ὣ ρ
ể ể ể
ὢ ὣ ρ

‍
‍
‎
  

(4.8)  
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Where the design matrix is: 

╗  

ὢ ὣ ρ
ể ể ể
ὢ ὣ ρ

  
(4.9)  

 

After estimating the parameters ‍ȟ‍ȟ‎ , the parameters ὲȟὲȟὲ  can be retrieved from the 

following equations: 

ὲ ὲ ὲ ρ  (4.10)  

In combination with the equations of ‍ and ‍ and ‎. 

 

4.5 Plane Edge Determination 

 

In order to obtain a complete view of a wall or a roof of a building, it is not enough to determine 

the plane equation for that buildingôs wall or roof because the equation of a plane describes an 

unlimited plane. To limit the plane to the real wall or roof, it must be bound with their edges. One 

way to do this is through deriving the linear equations of the edge points surrounding the plane as 

in the case with plane equations. However, there is an easier method. Using the classified data, the 

points can be labeled with the planar, linear, and scattered features. Hence, for each determined 

plane, a search is conducted in its vicinity for points belonging to the very close set of edge points 

(illustrated in Figure 4-4). 
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Figure 4-4: Search for linear points in the vicinity of planar points. 

 

 Since there are linear points in the vicinity of a plane which define the edges of this plane and 

other linear points (also very close) but which belong to the edges of other neighboring planes, 

these points must be excluded from the search results.  So, the condition is imposed on that set of 

neighboring linear points ὴ close to the plane point ὴ by ὔ . The points in the set ὔ  are in a 

radius ‭ from the point ὴ. The set of edge points ὖ consists of the points ὴ that belong to ὔ  

and satisfy the plane equation.  

 

ὔ ὴᶰὒṒὅȡὨὴ ὴ ‭ (4.11)  

 

ὖ ὴᶰὒṒὅȡὴᶰὔ Ƞὲὴὢ ὲὴὣ ὲὴὤ ὅ  (4.12)  
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Figure 4-5: Linear points surrounding the plane. The lines in orange are lines in the 

vicinity of the plane and define its edges while the lines in red are in the vicinity of the 

plane but define the edges of another plane. 

 

Figure 4-5 illustrates an example where the plane in blue is surrounded by orange lines that were 

determined by the equations above. The red lines ὰ and ὰ are inside the neighborhoods of some 

points in the plane, but only points ὴ  and ὴ  satisfy the plane (in blue) equation.  Also, the edges 

of windows or gaps in the plane are surrounded with lines. There are two advantages of this 

algorithm to select the edge points in a certain plane: 
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1. It can detect all types of linear features (edges) surrounding planes, such as circular or even 

curved edges. This could be useful for detecting the bounds of walls that are curve-shaped in 

which straight line equation fitting would fail to determine their curved edges. 

2. It can detect interior and exterior linear features. For example, it can determine the edges of 

windows located inside a wall (interior edges) as well as detect the wallôs outer bounds 

(exterior edges).  

 

4.6 Occlusion Removal 

 

After detecting buildings, it could happen that some significant parts of the building walls are 

occluded by objects such as trees or vehicles. To retrieve these occluded parts, an algorithm similar 

to the one used in the automatic registration process discussed in Chapter 3 is used. The algorithm 

is based on mapping 3D point cloud data to 2D images, then painting the occluded areas in 2D 

images, and finally retrieving the third component of the newly introduced points with the same 

algorithm as before.  

(Salamanca et al., 2008) proposed a similar method for filling holes in complex objects like 

sculptures. His work was an extension of the work done by (Roth and Black, 2005), who proposed 

an algorithm named ñMarkov Random Field Inpaintingò to retrieve occluded parts in images. In 

(Salamanca et al., 2008), this algorithm was extended to include 3D point clouds. The algorithm 

of (Salamanca et al., 2008) was used in occlusion construction in (Xiong et al., 2013). 

The difference between the proposed algorithm and the algorithm of (Salamanca et al., 2008) is 

that the depth information (third coordinate) was used as a numerical value for the pixels in the 

generated 2D image, while in the proposed algorithm the pixel value is obtained from the RGB 
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information or the intensity of the laser beam. The method of (Salamanca et al., 2008) can be 

helpful in the construction of highly geometrically complex shapes (like sculptures) in which the 

differences in depth can show differences in the image from one point to another. In the case of 

planar objects, the depth information is insignificant as it is almost the same along the plane. In 

the proposed algorithm, as shown earlier, the intensity or RGB information are used as pixel 

values, which allow the retrieval of more realistic planar shapes.  

The detection of gaps or occlusion could be done manually or automatically. In fact, these gaps 

will have pixels with the same values as the background image (usually white pixels). Upon 

selecting these gaps, performing pixel insertion in the 2D image follows. These pixels would have 

the same values as their neighboring points. For example, if part of the building is blue in color 

with gaps white in color, the gaps are filled with blue pixels. The 3D point corresponding to these 

points is generated with the inverse map (i.e., from the image pixels to the 3D point cloud). The 

third component can be determined by one of two solutions: 

1. Averaging the third component of the neighboring points. 

2. Applying the plane equation associated with this plane and solve for the third component. 

The overall algorithm is shown below in Figure 4-6. 
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Figure 4-6: Occlusion removal algorithm. 
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Chapter 5: Results and Discussions  

 

In this chapter the results of the laser data registration and processing are described and examined. 

Each section consists of visual and numerical assessment of the obtained results. A description of 

the test data is provided in Section 5.1. Section 5.2 is a discussion of the results of homogenous 

outdoor data registration, homogenous indoor data registration, and the fusion of ALS/TLS data, 

which is then used in the fusion of the outdoor/indoor laser data. Section 5.3 is dedicated to the 

results obtained from the DTM extraction algorithm. In Section 5.4 the segmentation and 

classification results based on the PCA algorithm are presented along with visual assessments. 

Plane models of buildings and occlusion removal are discussed in Section 5.5. 

 

5.1 Test Data 

 

The data used for testing the developed algorithms are of three different types; mainly ALS data, 

long-range ToF TLS data, and short-range PS TLS data. The data were captured over an area of 

about σππά σππά at the University of Calgary, a plan view of which is shown in Figure 5-1, 

and the specifications of each of the data sets are provided in Table 5-1. 
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Figure 5-1: Test site (image taken from Google Earth version: 7.1.2.2041) 

 

Table 5-1: LiDAR data specifications. 

 ALS ToF TLS PS TLS 

Device ----- ILRIS-HD FARO 

Original  Point Density  ~ρπ ὴὸίȾά    ~ ρππππ ὴὸίȾά   ~ ςυππππ ὴὸίȾά  

Range ----- Up to 1250m ~ 80 m (effective 20m) 

Range Accuracy ----- 4mm-7mm  @ 100m ±2mm 

Subsampled Point Density ρπ ὴὸίȾά  ~ τππ ὴὸίȾά  ~ ρππππ ὴὸίȾά  
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5.2 LiDAR Data Fusion  

 

5.2.1 Registration of Long-range TLS (Outdoor) Data. 

 

The SAG data around the buildings on the test site consist of ten scans; only seven of them were 

chosen as the other scans were redundant in the test area. This subsection will include only a test 

of the algorithm of the automatic registration of scans.  Figure 5-2 shows the matching features 

between two images generated from the two point clouds at a scale of s = 50. Figure 5-3 shows the 

actual building (CCIT Building at the University of Calgary). 

 

 

Figure 5-2: SURF algorithm for the RGB images using scale s=50. 
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Figure 5-3: CCIT building at the University of Calgary. 

The number of matching points for the two images was 77. Table 5-2  is a sample of five selected 

matching points in one image and their corresponding matches in the other image, with 

their ὼȟώ .  In Table 5-3 the 3D points in PC1 and PC2 are listed with the estimated second 

coordinate component in red. 
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Table 5-2: Pixel coordinates of matching points in the two test images. 

●▬-coordinate of first 

image (pixels) 

◐▬-coordinate of first 

image (pixels) 

●▬-coordinate of 

second image (pixels) 

◐▬-coordinate of 

second image (pixels) 

511.64029 280.3762 378.658 260.066 

312.63976 845.5428 226.236 833.6579 

651.555448 269.605367 391.480 249.746 

309.550779 888.4595 221.618 865.462596 

625.66168 269.91819 361.5549 250.22252 

 

 

Table 5-3: 3D PC points corresponding to the two images after reverse-mapping. Red 

columns represents the estimated second coordinate component. 

● of PC1 (m) ◐ of PC1 (m) ◑ of PC1 (m) ● of PC2 (m) ◐ of PC2 (m) ◑ of PC2 (m) 

5.5582 57.955 16.292 25.16258 53.6289 17.154 

2.5097 63.760 4.8203 21.18257 55.40787 5.85084 

5.8146 57.3890 16.4986 27.96088 53.24868 17.36959 

2.4174 63.8561 4.1843 21.120787 54.91823 4.99250 

5.2161 58.6698 16.489 27.44300 53.31944 17.3633 

 

The LS solution for the rough registration parameters yielded the registration parameters listed in 

Table 5-4. These parameters were used to roughly align the registered scan to the reference one. 

Because these are rough registration parameters, misalignment between the two scans is apparent 

in Figure 5-4. 
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Table 5-4: Coarse registration parameters using PC to Pixel mapping algorithm. 

●□  ◐□  ◑  □  ⱷ Ј  ꜚЈ ⱥ Ј 

-54.8409 48.2917 2.4222 2.7671 -1.3969 53.8018 

 

 

 

Figure 5-4: Rough registration results after estimation of the registration parameters. 

 

After applying the ICP algorithm, a fine alignment between the scans was obtained. The 

registration parameters obtained from the ICP are the errors in the estimated registration 

parameters using the automatic registration algorithm (where the registration parameters obtained 

from the ICP were used as a reference solution). The registration parameters of the ICP algorithm 

are shown in Table 5-5. 
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Table 5-5: Errors in the estimated registration parameters of the automation algorithm  

(ICP registration parameters) 

●□  ◐□  ◑  □  ⱷ Ј  ꜚЈ ⱥ Ј 

-3.019 0.963 -0.6745 -0.5649 1.6653 3.61917 

 

 

The final registration results are visually shown in Figure 5-5. The blue color represents the 

reference point cloud, while the red color represents the registered one. It can be shown that the 

data are perfectly aligned to each other.  

 

 

Figure 5-5: Accurate registration after applying ICP algorithm. 
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The same algorithm was applied to the all the scans, leading to the complete modeling of the 

buildings as shown in Figure 5-6. 

  

 

Figure 5-6: Full registration of the long-range outdoor TLS data using the automation 

algorithm. 

5.2.1.1 Notes about ICP Tolerance 

In the standard ICP algorithm, some authors use a value for the Root Mean Square Error (RMSE) 

as a tolerance for the iteration. However, it was found that the RMSE is dependent on both the 

point spacing of the point cloud and the search radius of the k-D tree used. Since a perfect 

alignment is needed, no further translation of the registered point cloud was obtained; therefore, 
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the values of the translation vector entries at each iteration then were compared against a certain 

tolerance value, which was set to be as small as ρπ . 

 

5.2.2 Registration of Short-range TLS (Indoor) 

 

The same PC to pixels mapping algorithm was applied on data collected for the interior of the 

CCIT Building at the University of Calgary using the Faro laser scanner, photos of which are 

shown in Figure 5-7. 

 

    

Figure 5-7: Interior of the third floor of the CCIT building at the University of Calgary. 



 

87 

 Figure 5-8 shows the plan view of the interior of the third floor of the CCIT Building with the 

SURF matching algorithm results.  There were 60 matching points, however; Table 5-6 lists only 

five selected matching points as an example to present the concept.  

 

 

Figure 5-8: SURF result for indoor building (PLAN view). 
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Table 5-6: Pixel coordinates of matching points in the two test images for the interior  scans 

of the CCIT Building . 

●▬-coordinate of first 

image (pixels) 

◐▬-coordinate of first 

image (pixels) 

●▬-coordinate of 

second image (pixels) 

◐▬-coordinate of 

second image (pixels) 

327.34438 347.544446 527.62679 300.028 

278.14986 167.4329298 491.595765 107.930 

387.6917 246.903426 600.30684 196.6397 

342.70289 584.348633 564.268945 535.1477 

319.98664 222.202763 537.3354 162.0192 

 

In Table 5-7  the 3D points of the two point clouds retrieved are shown. The red color indicates 

the estimated third components. 

 

Table 5-7: 3D PC points corresponding to the two images after reverse mapping. Red 

columns represents the estimated third  component. 

● of PC1 (m) ◐ of PC1 (m) ◑ of PC1 (m) ● of PC2 (m) ◐ of PC2 (m) ◑ of PC2 (m) 

-3.743266 10.086045 -1.00058 -2.830758 9.052452 -2.0312 

-4.150516 8.07200 -1.24 -3.551378 12.8944 -1.1091 

-3.862078 9.503 -1.1666 -1.377 11.12022 -1.402 

-0.941867 5.981 -0.884 -2.097915 4.35 -1.77335 

-1.0544 13.17535 -0.8007 -2.63658 11.8126 -1.726 
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Figure 5-9 shows the visual results of the coarse registration using the rough registration 

parameters obtained from the automation algorithm. Figure 5-7 shows a photo of the scan area 

taken with a normal camera. 

In Figure 5-9 the grey color represents the reference point cloud, while the red color represents the 

registered point cloud. 

 

 

Figure 5-9: Coarse registration using rough estimated parameters for indoor scanning. 

 

In Table 5-8 the coarse registration parameters are shown in black, while the fine registration 

parameters after applying the ICP algorithm are in red. The fine registration parameters (in red) 

are the errors in the registration parameters using the automation algorithm compared to the ICP 

result as a reference. The fine registration results using the ICP algorithm can be seen in 

Figure 5-10. 
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Table 5-8: Registration parameters with the automation algorithm and the corresponding 

ones after ICP. 

●□  ◐□  ◑  □  ⱷ Ј  ꜚЈ ⱥ Ј 

1.5466 -8.44 0.028 0.78 1.055 -1.77 

●□  ◐□  ◑  □  ⱷ Ј  ꜚЈ ⱥ Ј 

-0.0036 -0.075 -0.0116 0.23 -1.57 -1.14 

 

 

Figure 5-10: Fine registration using the ICP algorithm. 

 

Comparison of the errors shown in Figure 5-10 and Table 5-8 shows that the errors are larger for 

the exterior of the building than the errors for the interior. The reason is that one scan will align 
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with another at their centers of masses and start diverging when moving away from the centers of 

masses, which means that areas scanned with a long-range laser scanner (larger areas covered) will 

have more divergence in alignment than areas scanned with a short-range laser scanner (smaller 

areas). However, the whole PC to pixel automation algorithm was shown in this thesis to be robust 

and efficient with different types of data. 

 

5.2.3 Limitations of the Registration Algorithm 

Though the algorithm is shown to be fast, efficient and robust, like most of registration algorithm 

it has some limitations and sometime constraints might be needed to obtain best results. The 

limitations of the algorithm are: 

1. Different scale factors affect the created image from the point cloud. For example, large 

scale adds noise to the image, while small scale decreases the resolution of the image. In 

turn these situations will affect the SURF feature matching algorithm. So the scale factor 

should be properly chosen. 

2. For the algorithm to work, a generated RGB or intensity must be attached with the points, 

otherwise the algorithm wonôt work. Nowadays, most of the devices can generated RGB 

or intensity or both.  

3. Outliers in matching points obtained by the SURF algorithm might exist. Therefore, 

Random Sample Census (RANSAC) must be used to remove the outliers.  

 

5.2.4 Alignment of Georeferenced TLS and Airborne Data 

As discussed earlier in Chapter 3, the accuracy of the alignment between the ALS and TLS data 

depended on the georeferencing results of both data (which can reach 1m for the airborne data). 
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Figure 5-11 show the coarse alignment between the ALS and TLS data. The ALS data are shown 

in blue while the TLS data are shown in grey. Red circles highlight the visible misalignment at the 

edges of the building.  

 

Figure 5-11: Coarse alignment of ALS/TLS data (grey color represents TLS data and blue 

color represents ALS data). The red circles highlight the misalignment at the edges. 

Figure 5-12 shows the results after using the ICP algorithm for registration refinement. In Table 5-9 

the ICP registration parameters are listed, which indicate the misalignment error in the 

georeferenced data before ICP. 
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Figure 5-12: Accurate registration of ALS/TLS data using ICP. 

 

Table 5-9: ICP registration parameters for ALS/TLS data. 

●□  ◐□  ◑  □  ⱷ Ј  ꜚЈ ⱥ Ј 

-0.194 0.328 -0.0056 0.009 -0.013 0.109 

 

From Table 5-9, the positioning error in the ALS data in the XY-plane is ͯ πȢτ άȟ and the 

positioning error in the elevation error isπȢππυφ ά. The error in orientation is almost zero. 

Hence, the ALS system used for the data acquisition was shown to be efficient with low spatial 

errors.  

Figure 5-13 shows the large BIM project on the University of Calgary campus, mapped using the 

fused TLS and ALS data. Figure 5-14 shows the complete scene obtained by fusing stands for 
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(Portion de Ciel Visible) was applied to the data to enhance the view. This plug-in is available 

with the Cloud Compare software (Version: 2.6.1). This plug-in shows a virtually reflected light 

from the PC for a more realistic view. 

 

  

Figure 5-13:  Large BIM project  mapped with fused LIDAR data (blue color for ALS data 

and grey color for TLS data). 
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Figure 5-14: Large area mapped with fused LIDAR data. 

 

 

5.2.5 Fusion of Indoor / Outdoor LiDAR Data. 

 

In Chapter 3 it was mentioned that the indoor and outdoor TLS data could only be manually 

registered together. To accomplish this manual registration, corresponding points from the 

windows were chosen and used in estimating the registration parameters using LS. Then, the ICP 

algorithm was used to refine the registration.  
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In Figure 5-15 a plan view and a side view are shown for part of the third floor of the CCIT 

Building. Manually selected matching points in the interior of the building are highlighted with 

red dots in Figure 5-16. 

 

Figure 5-15: Plan and side views of the third floor of the CCIT Building (interior). 
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Figure 5-16: Manually selected matching points in the interior of the CCIT Building. 

 

The manually selected points in the exterior of the building are highlighted with red dots in 

Figure 5-17.   

 

 

Figure 5-17: Manually selected matching points in the exterior of the CCIT Building. 
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These manually selected matching points are provided in Table 5-10 below. In order to avoid 

singularity, the center of mass was subtracted from the georeferenced points, registration 

parameters were obtained via LS, and then the center of mass was added again as a translation 

vector to the interior data.  

 

Table 5-10: Manually selected matching points in the exterior of the CCIT Building 

(georeferenced), and the interior of the same building (local frame). 

Matching points of exterior part of CCIT Matching points of interior part of CCIT 

1 700750.1589 5662671.46 1126.477 -2.36 -0.369 -0.48 

2 700750.216 5662669.978 1126.50 -2.299 -1.86 -0.464 

3 700750.28 662668.62 1126.47 -2.299 -3.31 -0.5 

4 700750.39 5662667 1126.34 -2.296 -4.55 -0.5 

5 700750.238 5662670.07 1125.3 -2.29 -1.86 -1.55 

6 700750.288 5662668.56 1125.3 -2.299 -3.347 -1.55 

7 700750.4 5662667.048 1125.2 -2.299 -4.576 -1.65 

 

The rough registration parameters obtained from this manual registration method are shown in 

Table 5-11, and Table 5-12 lists the fine registration parameters using the ICP algorithm. 

Table 5-11: Rough registration parameters using manual registration for indoor/outdoor 

registration. 

●□  ◐□  ◑  □  ⱷ Ј  ꜚЈ ⱥ Ј 

-147.53486+700900 -28.1218+5662700 1126.968 1.1674 -0.126 2.45477 
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Table 5-12: Fine registration parameters using ICP algorithm for indoor/outdoor 

registration. 

●□  ◐□  ◑  □  ⱷ Ј  ꜚЈ ⱥ Ј 

0.008 0.0062 0.0063 -0.06668 0.298569 0.35879 

 

Visual assessment of the result are shown in Figure 5-18 and Figure 5-19, where the outdoor and 

indoor laser data of the CCIT Building were fused together. 

 

 

Figure 5-18: Fusion of indoor/outdoor TLS data (Plan View). 
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Figure 5-19: Fusion of indoor/outdoor TLS data (Bird View ). 

 

5.3 DTM Generation 

  

The DTM algorithm results discussed in Chapter 4 are assessed here both visually and numerically. 

Figure 5-19, Figure 5-20, Figure 5-21, and Figure 5-22 show visually how the algorithm is efficient 

in filtering DTM based on height gradient.  
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Figure 5-20: Off -DTM data generation using the height gradient. 

 

 

Figure 5-21: DTM as generated using the height gradient algorithm. 
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Figure 5-22: Combined DTM (green) data and off-DTM data (grey). 

Another assessment tool that proved the efficiency of the DTM extraction algorithm is the 

confusion (error) matrix and its associated Cohenôs Kappa coefficient. The confusion (error) 

matrix describes the amount of agreement between the ground truth and the classified objects 

(Badawy et al., 2014). In this context, the classified objects are of two classes, namely, DTM and 

Off-DTM.  

 

Table 5-13: The Confusion (Error) Matrix of  Classified Laser Data (DTM and Off-DTM) . 

Classified Ground Truth 

DTM Off-DTM 

DTM (Ground) 317632 1984 

Off-DTM (Buildings, trees, vehicles, etc.) 2744 181731 
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Table 5-13 is the confusion matrix of the DTM and Off-DTM classification. This matrix was based 

on two images. The first image is a capture image for the laser data in two colors, where white 

represents DTM and black represents Off-DTM. The second image is a ground truth image based 

on visual information from Google Earth. The two images are shown in Figure 5-23. 

 

The value of Cohenôs Kappa coefficient associated with the confusion matrix above is ‖

πȢωχωψ, which implies an excellent agreement between the classification and the ground truth. 

More information about the confusion matrix and its associated Cohenôs Kappa coefficient can be 

found in (Badawy et al., 2014), (Monserud and Leemans, 1992) and (Cohen, 1960). 

(A)                                                                               (B) 

Figure 5-23: (A) Image for the LiDAR data showing DTM (White) and Off-DTM  

(Black) classification. (B) ground truth image based on visual information from Google 

Earth. 
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5.4 Classification of Above-ground (Off-DTM) Objects Using PCA 

 

Following the PCA algorithm discussed in Chapter 4, it was possible to discriminate objects above 

the ground and classify them into buildings, trees, vehicles, and poles. The classification results 

using PCA are shown from different view angles in Figure 5-24, Figure 5-25, and Figure 5-26. In 

these figures, the planes are shown in light brown, the tree leaves in green, and all the linear 

features in dark brown. For example, the poles and edges of the buildings are labeled in dark brown 

to indicate linear features. Trees branches are also labeled in dark brown as they were identified 

as linear. Here ñlinearò does not refer to straight line feature only, but may also refer to curved 

lines. 

 

 

Figure 5-24: Full data classification results (scene 1). 
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Figure 5-25: Full data classification results (scene 2). 

 

Figure 5-26: Full data classification results (scene 3). 
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5.5 Building Modeling 

 

5.5.1 Plane models 

 The first step toward building modeling was to isolate the planes and lines from the data, which 

was easily done as they were already classified using the PCA algorithm. In Figure 5-27 the data 

with linear features are shown in dark red. The linear features representing the edges of the building 

are important as they define the edge of each plane in the building, such that each plane was defined 

with an equation and limited by its surrounding edges. 

 

Figure 5-27: Linear features as obtained from PCA. 

 As discussed in Chapter 4, each plane is distinguished by a plane equation with unique plane 

parameters ὥȟὦȟὧȟὨ. For each plane, the first three parameters determine its orientation. In fact 

they are the components of the normal to the plane. The fourth parameter determines the position 

of the plane. For example, in Figure 5-28 the different planes were identified only with the 
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components of their normal vectors (i.e., planes having the same normal (orientation) are labeled 

with the same color). 

 

Figure 5-28: Planes identified by their normal vectors. 

To identify unique walls or roofs, the fourth parameter of the plane equation was used, as 

illustrated in Figure 5-29. 
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Figure 5-29: Planes identified by their normals and their positions. 

5.5.2 Occlusion Removal 

 

Occlusion removal is performed using PC to Pixel mapping algorithm as discussed in Chapter (4). 

The first step is to identify the plane with occluded areas to be artificially removed. Second, using 

the PC to image mapping algorithm, the laser data is mapped into 2D image. Example of a selected 

occluded plane is shown in Figure 5-30.  This 3D plane was mapped into a 2D image to facilitate 

the occlusion removal. In Figure 5-31 a 2D image is drawn for the 3D occluded plane.  
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Figure 5-30: Selected occluded plane characterized by the parameters ▪● Ȣ ȟ▪◐

Ȣȟ▪◑ Ȣ . 

 

 

 

Figure 5-31: 3D Plane Mapped into 2D image. 


















