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Abstract 

 

     LiDAR and camera have complementary data characteristics. Their combined usage 

allows for achieving better accuracy and enhanced inference about the environment than 

through the isolated use of the data of one sensor only. Co-registration is the process of 

spatial alignment of data from different types of sensors. It enables cross-aided sensor- and 

data calibration and the combined usage of the data. Automatic co-registration of airborne 

optical imagery and LiDAR data from large-area surveys has not been addressed, unless 

the datasets come with metadata or some prior knowledge about the scenery or have been 

pre-processed and converted into data with similar density and structure.   

     In this dissertation, an innovative co-registration concept that uses image tie points, 

projected into object space, and Lidar points, is proposed and researched. Since 3D tie 

points are generated automatically with centimeter-level precision within the 

photogrammetric block adjustment, this approach has the potential of providing high 

accuracy and full automation. However, it must address that large area photogrammetric 

tie points provide extremely low point density compared to laser point clouds, and they 

describe different aspects of the scanned surface, since tie points coincide with radiometric 

corner locations on the visual surface whereas laser points locate anywhere on surface 

objects and on the ground. 

     This research provides the following contributions: Firstly, the use of 3D 

photogrammetric tie points for co-registration of large-format sensor data is proposed and 

analyzed. Secondly, new methods for coarse- and fine registration in space domain are 

presented and evaluated. Thirdly, five methods for co-registration in frequency domain are 

researched. Lastly, the novel Quasi Log-Polar Fourier Mellin Transform (QAFMT) method 

is suggested as tool for automatic coarse co-registration of large area datasets. The 

learnings and potential use for other applications are discussed in the end. The performance 

of the QAFMT and its competing methods is analyzed using one simulated and two real-

world datasets. While existing algorithms estimated 45 of 144 co-registration parameter 

pairs correctly (31% success), the QAFMT yielded a 7% improvement (50/144 accurate 

pairs, 38% success).  
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1.0  Introduction  

 

1.1 Motivation  

 

     Accurate co-registration of optical images and LiDAR data is important in many remote sensing 

applications such as (Al-Ruzouq, 2004; Huang et al., 2021; Mishra and Zhang, 2012): Building 

extraction, image classification, 3D City modelling, canopy modelling, and object reconstruction 

in street side-, indoor mapping-, and UAV applications. Registration of imagery and surface scans 

is also important in automotive vision applications.  

     Over the past decade, new sensors emerged in the geo-spatial market that made data acquisition 

more user friendly and cheaper than ever before. The market of high-end airborne and street-side 

sensors has been augmented by a segment of low-cost UAV-, backpack-, and cell phone devices. 

At the same time, the market segment of fast response applications and change detection, e.g., 

impact of flooding, hurricanes, and forest fires has become stronger than ever before (Armenakis 

and Nirupama, 2014; Dilley, 2005). There is also a growing tendency to overlay and compare data 

from different sources and epochs for map revision (Armenakis, 2000) and to monitor and interpret 

effects of climate change and natural disasters (Bszukalski, 2017; Ip et al., 2004). These are just a 

few examples as to why there is a strong need for methods that allow for fast, robust, and fully 

automated coarse co-registration, so that un-trained operators can quickly conduct overlap checks 

and overlay and evaluate large amounts of data from different sources. 

 

 

1.2 Problem Definition 

 

     Airborne imagery offers high-density and visually clear information content whilst LiDAR data 

provides irregular, accurate 3-D geometric surface information which helps the interpretation and 

classification of features on the ground. Combining LiDAR and camera data is desirable since the 

combined information allows for better quality surface information than each data source can 

provide by itself. An example is the color coding of LiDAR data which makes classification for 

the human operator easier. Another example is the high-density surface information in 
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homogenous areas and low-density surface information elsewhere provided by LiDAR whilst 

detailed information is provided along object boundaries everywhere by optical imagery. The 

prerequisite of using both data sources together is the precise alignment in a common reference 

frame.  

     The process of geometrically aligning two or more datasets from different sensors with respect 

to each other is referred to as co-registration. Often, the term ñco-registrationò or ñcross-source 

registrationò (Huang et al., 2021) is used to emphasize that datasets from different sources are 

superimposed whilst the term ñregistrationò is used to stress that data from the same type of sensor 

is spatially aligned. In most cases, it is desirable to align the datasets with high precision. This 

process is referred to as fine co-registration. To work successfully, most fine co-registration 

algorithms require an initial estimate of relative pose, referred to as global- or coarse co-

registration.  

     According to Al -Durgham (2014) and Al -Ruzouq (2004), the process of co-registration needs 

to address four matters: 

 

(1) Selection of the registration elements 

(2) The matching strategy 

(3) The transformation parameters for relating the reference frames  

(4) The similarity measure describing the coincidence of conjugate elements after registration 

 

RE (1): Typical registration elements are points, lines, planes, higher order primitives, certain 

objects of interest within the scene, point clusters, or a mixture of these. RE (2): In terrestrial 

applications, typically a 7-parameter Helmert conformal transformation (three rotations, three 

translations, and one scale) or a rigid body transformation (three rotations and three translations) 

are used to relate the coordinate systems. When registering elevation imagery and 2.5D digital 

surface models, 4 parameters (two translations, one rotation, and one scale) are a popular choice 

for the transformation model. RE (3): The similarity measure is the mathematical constraint that 

describes the coincidence of conjugate elements after registration. Typical measures are the spatial 

discrepancy between tie elements, the differential volume between registered surfaces, the 

magnitude of a correlation peak, or the mean of the square sum of the residuals of all tie elements. 
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RE (2):  The matching strategy represents the framework (Al-Durgham, 2014) for the automatic 

co-registration process. 

     The large volume of research activities in the field of co-registration demonstrates how relevant 

this topic is. The challenges of creating a matching strategy capable of establishing correspondence 

between datasets with a high reliability and without the input of an operator, yet also without 

inferring restrictions or pre-conditions for the datasets, can be summarized in two categories:    

¶ The scenery is acquired at different times, from different viewpoints, and/or with different 

sensor equipment. Thus, the data sets can differ in alignment/overlap and/or scale but come 

with different geometric and/or radiometric resolution and/or with different levels of 

residuals.  

¶ Variances in the data may also be caused by occlusion, moving objects, or partial coverage 

ï some scenery may be visible in one dataset yet not in the other because the view was 

obstructed, or because one sensor did not collect data over the exact same areas, and the 

areas of interest may have changed due to urban development or deformations over time.  

 

 

      Figure 1.1: Challenges of co-registration methods. Drawing after Huang et al. (2021) 

 

     Lastly, overcoming these limitations will increase the computation cost, however a matching 

algorithm must be efficient numerically (Kim and De Araújo, 2007; Huang et al., 2021). 

Although many methodologies have been presented that deal with the problem of automated coarse 

and fine registration, ñautomatic and accurate registration of airborne LiDAR and camera data 

remains an open problem. No techniques have been found that can register optical images and 

LiDAR data automatically with the required accuracy and efficiency for practical applicationsò 

(Mishra and Zhang, 2012; Zitova and Flusser, 2003; Wodzinski and Skalski, 2021). While the 

class of ICP algorithms can be considered a good solution for automatic fine registration in many 
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applications, there are situations ï as for example cross-aided sensor calibration ï where ICP is 

not the optimal tool (Akca, 2007; Gruen and Akca, 2005; Makadia et al., 2006). In case of coarse 

registration, there is still no efficient method available that can automatically coarse-align datasets 

or deliver a quick overlap check for large amounts of airborne survey data: Current algorithms 

require either input from an operator, application of metadata, non-generic assumptions, or they 

involve computationally intense processes. Furthermore, most existing registration algorithms 

consider datasets of similar point density only (Huang et al., 2021; Maiseli et al., 2017; Zhu et al., 

2019). These circumstances call for more research of co-registration of airborne survey data with 

the focus on full automation. 

     Addressing these challenges, this research will propose, systematically research, and develop a 

fully automatic and numerically efficient registration paradigm. The topic of this research lunged 

out from discussions with Dr. Peter Friess, chief of the LMS LiDAR software team at Teledyne 

Optech (Friess, 2006; Lindenthal et al., 2011; Lindenthal et al., 2015). While looking at a plot of 

3D tie points, Dr. Friess realized that they could potentially be used for co-registration, and the 

idea for the topic of this dissertation was born.  

    While it is common knowledge that photogrammetric software generates 2D tie points to stitch 

a collection of images together to one coherent image block, the 2D tie points are also projected 

from image space on the ground, as illustrated conceptually in Figure 1.2, and the respective 3D 

coordinates are calculated automatically during the block adjustment (Grafarend and Krumm, 

2001). These 3D points ï often many thousands of points ï are mostly sub-pixel accurate and are 

traditionally only used as temporary figure and have historically not been used for anything other 

than blunder detection and generation of a coarse surface model.  

 

 

Figure 1.2: Spatial forward intersection of 2D tie points into object space 



5 

 

      If 3D photogrammetric tie points could be used for automatic co-registration of camera and 

LiDAR data, it would imply a drastic reduction in computational efforts that are typically 

associated with existing co-registration methods. For example, existing methods either convert the 

camera data into a dense point cloud, so that they can match two point clouds with similar 

characteristics, or they convert the LiDAR data into intensity- or elevation imagery, so that they 

can conduct image matching. Contrary, 3D photogrammetric tie points are created automatically 

per default. 

      For these two point-data sets, however, we cannot define the correspondence of anchor points 

for performing the co-registration transformation. If we use each point cloud separately most likely 

we end up with two different surface representations of the same topographic surface: One surface 

representation, the one derived from lidar based on the high density and quality approximates the 

topographic surface very well. The other one, the one based on the photogrammetric tie points due 

to their sparsity is a more generalised (down sampled) representation of the same topographic 

surface. Further the photogrammetric tie points give a digital surface representation while the lidar 

points give a mix of surface and terrain (ground) surface representation. If for example, we had 

bold earth the problem would be simpler as both type of points would lie on the same surface (both 

surfaces would have the same trend). 

 

 

1.3 Thesis Objectives 

 

     The objective of this study is to analyze how photogrammetric tie points can be used for 

automated co-registration of airborne imagery and LiDAR data from traditional large-area 

mapping. The initial phase of this research proposes new matching strategies in space domain, first 

for coarse registration of optical and laser point clouds, and then for fine registration and respective 

cross-aided sensor calibration using photogrammetric tie points and LiDAR extracted planes as tie 

primitives. The second phase of this thesis analyzes what frequency domain-based algorithms can 

be used for robust automatic coregistration. While exploring these avenues, this study provides a 

detailed description of the mathematical components of the proposed photo-LiDAR registration 

methodologies, including generation and selection of the tie elements, transformation function, 

similarity measure, and matching strategy.  
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1.4 Research Contributions 

 

     The main contribution of this dissertation is the proposal of a new co-registration paradigm 

where photogrammetric tie points are used as registration features with Lidar data, and the 

systematic research how these elements can be used best for co-registration. Through analyzing 

existing methodologies and through deploying new algorithms, this research generates a better 

understanding of how the different characteristics of photogrammetric tie points and airborne 

LiDAR data come to play in the context of co-registration.  

      Summarized, this dissertation provides the following major contributions: (A) Proposal and 

systematic research of a new and powerful concept for co-registration of airborne LiDAR and 

camera data ï to the best knowledge of the author this is the first time ever someone has considered 

extremely sparse tie points as tie features for co-registration, (B) Systematic research of space-

domain based concepts typically not used for coarse registration, (C) Proposal and study of four 

novel space-domain based fine registration and integration algorithms, (D) Isolation of 

fundamental criteria which limit the use of tie points for fine registration and cross-aided sensor 

calibration, providing a new and deeper understanding of tie points in the context of coregistration, 

(E) Application of the Phase Only Matched Filter (POMF) and Fourier Mellin Transform (FMT) 

to unclassified airborne point clouds, (F) Detailed description of the Analytical Fourier Mellin 

Transform (AFMT) and its application for co-registration of airborne LiDAR and camera data, 

and (G) introduction of the new Quasi Log-Polar Analytical Fourier Mellin Transform (QAFMT) 

as optimal method to coarsely co-register large area airborne photogrammetric tie point clouds and 

LiDAR data. 

 

 

1.5 Thesis Outline 

 

     This dissertation consists of six chapters, which are briefly explained below:  

Chapter Two reviews previous works relevant to co-registration of optical and laser data, primarily 

for the case of traditional large-format airborne applications but also for a few selected close-range 
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terrestrial- and UAV cases. The methodologies are grouped primarily by the components of their 

registration model.   

Chapter Three describes the datasets, how they compare against data from the OEEPE test site, 

and what mathematical models were chosen to support coarse- and fine registration. 

Chapter Four presents seven space domain-based methodologies that did not surface during 

literature review but could be used for coarse co-registration and overlap check. It also proposed 

novel methods for fine registration and cross-aided sensor calibration in space domain, using 

photogrammetric tie points as tie elements.  

Chapter Five presents seven methods of coarse registration in frequency domain and yields the 

QAMFT as a novel method for co-registration of extremely sparse tie points with large format 

airborne laser data. It also discusses why fine registration cannot occur in frequency domain. 

Chapter Six provides the conclusions and recommendations for future work. 

The following appendices include tables, graphs, and more information, supporting the claims 

made in the main body: Appendix A reviews the existing AI-related co-registration methods and 

their relation and contrast to the proposed registration primitives; Appendix B covers the use, 

generation, and characteristics of photogrammetric tie points and airborne Lidar data, including 

their respective advantages and disadvantages; Appendix C provides a detailed description of the 

test data; Appendix D presents the results of the fine registration using unclassified tie points and 

unclassified laser points using ICP; Appendix E describes the design of experiments, reduction of 

design space, and refined experiments with simulated data; Appendix F describes the interpretation 

of FMT experiments with real-world data; Appendix G describes the precise alignment of point 

clouds to establish the reference data; and Appendix H explains the change of data footprint and 

entropy when estimating data shifts using POMF. 
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2.0  Literature Review 

 

2.1 Introduction   

 

     This chapter reviews the literature on the co-registration of laser and camera data. First, the 

elements of a registration paradigm will be described. Then, different co-registration methods are 

reviewed. Finally, an analysis of a few studies that showed similarity to the proposed co-

registration approach will be provided at the end of this chapter. 

 

 

2.2 Registration Paradigm and Categorization of Registration 

Algorithms 

 

     The efficient registration of geospatial data has been an active field of research over the past 

few decades and many methodologies have been presented. These methods can be categorized 

based on what tie elements they use, what optimization strategy they implement, the domain in 

which they work ï as for example computer vision and pattern recognition, medical image 

analysis, or remotely sensed data processing (Brown, 1992) ï, the type of data which they register 

ï imagery and/or point clouds ï, the geometric transformation function which they implement, 

whether they consider statistical data or meta data or only geometric elements during the 

registration process, or whether they align datasets coarsely or with high accuracy.  

      How to categorize registration approaches also depends on the scientific domain, the type of 

applications, and the academic surroundings in which the authors dwell. Prof. Ayman Habib and 

his team for example showed a strong focus on the registration and segmentation of static and 

mobile LiDAR and camera data over the past decade (Al -Durgham et al., 2011; Al -Durgham, 

2014; Al-Ruzouq, 2004; Bang, 2010; Canaz, 2012; Habib et al., 2006; Habib et al., 2007a; Habib 

et al., 2010a; Habib, 2013; Kwak, 2013; Kwak and Habib, 2014, Renaudin et al., 2011). Their 

work postulated the following four-problem-oriented (co-)registration paradigm ï or ñstepsò as 

referred to by Fonseca and Manjunath (1996) and Wyawahare et al. (2009), or ñchoices for 
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componentsò as referred to by Brown (1992), or ñmatching strategyò (Al-Ruzouq, 2004; Canaz, 

2012; Al-Durgham, 2014) ï which the process of co-registration must address: 

 

(1) Selection of co-registration primitives: After data acquisition and data preprocessing, it is 

necessary to decide which types of primitives will be used for the alignment. This can be 

identified manually or automatically with high certainty. With airborne data, common tie 

features are salient points or distinctive geometric features such as photogrammetric tie 

points, lines, line intersection points, planar patches, homogenous regions, curved edges, 

contours, object boundaries, etc. which are manually or automatically detected from optical 

images and LiDAR data. 

 

(2) Feature matching (Zitova and Flusser, 2003; Mishra and Zhang, 2012), also referred as 

matching strategy (Habib et al., 2006): Establishing the correspondence between conjugate 

tie features, as for example detected in optical imagery and laser point clouds (Al-Ruzouq, 

2004). Various feature descriptors and similarity measures along with spatial relationships 

are used for matching the features (Mishra and Zhang, 2012).  

 

(3) A transformation function: Once the correspondence between the matched features has 

been established, the transformation parameters can be computed. The mathematical 

transformation model must accurately reflect the geometric relationship of reference and 

moving data. Examples of frequently used mapping functions are the 7-parameter Helmert 

transformation (3 rotations, 3 translations, 1 scale) for overlay of 3D point clouds and the 

2D rigid body transformation (1 rotation, 2 translations, 1 scale) for registration of airborne 

imagery or elevation maps. 

 

(4) A similarity measure: After a decision is made on the type of registration primitives and 

the transformation function, a mathematical constraint, which is necessary to ensure the 

correspondence of the conjugate primitives (Al-Ruzouq, 2004) must be selected. The 

formulation of the similarity merit depends on the type of registration elements and the 

mathematical representation of the respective optimization function (Canaz, 2012; 
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Renaudin et al., 2011). In some cases, this component could be expressed through a certain 

expectancy level of the magnitude of correlation peaks.  

 

There are two more components that may appear self-evident but are worthwhile defining: 

 

¶ Transforming and resampling: This component is mentioned as an explicit step only by 

Fonseca and Manjunath (1996) and Zitova and Flusser (2003). These authors simply 

assumed that source data were transformed onto the target data after the transformation 

parameters had been determined. For example, to co-register LiDAR and camera data, the 

imagery is projected onto the LiDAR elevation map by means of the mapping function, 

and positions in non-integer coordinates are computed by means of interpolation. 

 

¶ The search space: This component was highlighted by (Brown, 1992): A decision on the 

spatial extent of the comparative data analysis must be made. The assumptions of the 

underlying transformation model determine whether all data are considered (global 

registration approach) or if the search for correspondence should occur only within a local 

proximity (fine registration approach). 

 

     The next chapter will discuss how these six components have been addressed by the current co-

registration techniques.  

 

 

2.3 Registration Primitives and Matching Strategies 

 

     The matching strategy comprises the overall scheme of the solution of the matching problem 

(Al -Durgham, 2014). It comprises the selected primitives, transformation functions and similarity 

measures for automatically solving the registration problem (Al-Ruzoq, 2004; Schenk, 1999). 

Matching strategies for coarse co-registration do not require approximate values for the 

transformation parameters and fully automated approaches can derive an estimate of initial pose 

without any geometric pre-conditions. However, fine co-registration approaches require an initial 
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estimate of the transformation parameters to successfully superimpose datasets with high 

precision.   

 

2.3.1 Existing Co-Registration Methods 

     As mentioned in the previous chapter, there are many attributes that can be used to classify 

registration algorithms. The classification schemes can be grouped as follows (Al -Durgham, M., 

2014; Fonseca and Manjunath, 1996; and (Mishra and Zhang, 2012): (1) direct geo-referencing 

(DG), (2) the target-based, (3) the point-based, (4) the feature-based ï which can be categorized 

further into methods that use (4a) lines, planes, and intersection points, and methods that use (4b) 

freeform primitives ï , (5) the mutual information (MI) -based, (6) salient point -based, (7) the 

frequency-based, and the Artificial Intelligence (AI) -based methods. The last category of co-

registering overlapping multi-sensor data is described in detail in APPENDIX A; the following 

sections summarize their limitations: 

 

1) Direct Georeferencing: DG is a well-established method to coarsely position the raw camera 

and LiDAR data, as it infers geodetic projection to the data. However, as outlined in the thesis 

statement, coarse co-registration should be able to register datasets without knowledge about the 

map projection and units in which the data have been referenced. Furthermore, most UAV and 

low- cost airborne mobile mapping systems operate with a lower grade navigation device. These 

factors create the need for algorithms that can achieve coarse level accuracies without specific DG. 

 

2) Target-based methods: They rely on measuring targets in the survey site. Whilst ground targets 

provide a means to achieve high registration accuracy, they may not always be available in every 

data set. Since identifying and measuring ground targets typically requires a human operator, 

target-based approaches do not lend themselves for automatic co-registration. 

 

3) Point-based methods: They have been proven to be accurate in many applications. However, 

information about the initial position of the datasets must be available. Furthermore, for the fine 

registration and optional cross-aided sensor calibration to occur with high precision, point-to-point 
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and point-to-plane algorithms require point clouds with strong elevation contrast and similar point 

density, or some sort of classification and pre-processing, which goes against the thesis statement. 

 

4) Feature-based methods: In this dissertation, co-registration algorithms that use lines, planes, 

line intersection points, 3D shapes, and free forms as tie primitives are considered ñfeature basedò 

algorithms. The feature-based methods that use lines, planes, and line intersection points rely on 

the existence of human made structures in the scenery. They also require ample depth in object 

space and similar point densities. In the proposed airborne application, these conditions are not 

met. The feature-based methods that involve that use 3D shapes, and free forms are suited to 

function with both natural scenes and built areas, however they require feature extraction and/or 

classification with visual interpretation of an operator and do therefore not fall within the category 

of fully automated, robust registration approaches.  

 

5) Mutual Information-based methods: MI methodologies are area-based and tend to perform 

better with low resolution geodetic elevation data than feature-based methods, since they consider 

not only one type of geometric element during the co-registration process, but statistical 

information of all common surface data. Unfortunately, when the images have signiýcant rotation 

and/or scale differences, MI methods either fail or become extremely time expensive. Also, they 

are ineffective for non-urban scenery since information-theoretic methods require well-

pronounced structures, and some sort of prior knowledge about the datasets and their relation and 

cannot be applied to natural scenery. 

 

6) Salient point-based methods: Salient point algorithms that use a combination of multiscale 

image analysis can be helpful to improve overall registration accuracy, especially in suburban 

areas and natural scenery. Here, salient point matching will fail since it cannot find the feature 

footprints of human made structures implemented in its feature map data base. However, ñsalient 

point-based methods do not address the problem of relief displacementò; also, ñits complexity and 

high computational requirements make it problematic for real-world applicationsò (Mishra and 

Zhang, 2012).  
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7) Frequency analysis-based methods: Frequency methods promise to be the most effective 

approach for coarse registration since they consider all information of the data input at once. 

Existing frequency analysis methods proved unable to produce accurate registration results. Thus, 

in this dissertation, co-registration algorithms will be applied to elevation maps only, and not to 

intensity images. As will be shown in Chapter 5.0, the FMT and AFMT and thereof derived 

frequency algorithms will be used to correlate the elevation maps. To date, the performance of 

FMT and AFMT with low-resolution airborne point clouds is still unknown since the numerical 

examples in existing publications used image- and laser data of same resolution.  

 

8) Artificial  Intelligence (AI) -based methods: APPENDIX A provides an overview of the most 

recent AI-based methods for registration and co-registration of point clouds and shows how these 

methods relate to the use of traditional airborne laser- and photogrammetric tie points as tie 

features.  

     For the point clouds used in the optimization-based and deep-learning-based registration 

methods, it is typical to have a lot of information about the depth, and to sample the same surface 

elements than their counter part. Also, they differ in point density only by approx.1:100. So, often, 

the research community refers to these point clouds with the lower point density as ñsparse point 

cloudsò. Contrarily, tie point clouds from traditional large- and medium-format airborne 

applications result point densities approx. 5,000-10,000 times lower than their counterpart.  

     As deep learning is a technique to implement machine learning and machine learning is an 

approach to achieve artificial intelligence, the ñsparseò point clouds used in the AI community 

allow for feature extraction and learning of local point cloud characteristics. From the experiments 

given in Chapter 5, the ñextremely sparseò tie point clouds targeted in this framework pick up 

different surface characteristics and describe the surface with insufficient detail to extract features 

that would be compatible to those extracted from the respective Lidar data in resolution and 

information content. Consequently, the current AI methods cannot be used with the proposed 

intake of point clouds. Likewise, the application of AI methods to imagery, for example, the 

application of Convolutional Neural Networks (CNN) to conducting image- or patch matching, 

will not work with the elevation maps targeted in this dissertation, either.  
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     An alternative way to categorize the existing co-registration methods is to group them into 

information theoretic-based methods and probability-based methods (Zhu et al., 2019). 

 

2.3.2 Co-Registration Methods of Special Interest 

     From literature review, five publications surfaced which followed similar strategies as proposed 

in this dissertation. This section pays special attention to these five co-registration methodologies.  

 

(1) As mentioned in Chapter 1.0, the research topic of this dissertation surfaced in 2010. In 

2013, photogrammetric tie points and laser points were used as registration primitives in a 

close-range application (Zheng et al., 2013), in which data from a static terrestrial laser 

scanner and a camera at different exposure locations were used to map a stone statue 

(Figure 2.1).  

 

 

Figure 2.1: Dense tie point cloud from an image pair of a stone statue. Source: 

Zheng et al. (2013) 

 

     This multi-modal arrangement appeared similar at first sight; however, the closer 

examination revealed crucial differences:  
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¶ The sensors sampled the surface approximately from the same location with the 

similar field of view. This a-priori knowledge about the location, scenery, 

coordinate system, and units made the coarse registration unnecessary 

¶ The point densities of the laser and tie point clouds were similar, i.e., their point 

ratio was approx. 1:1-to-1:100, yet specifically approx. 1:10,000 in this dissertation 

¶ The scanned object had a convex surface with large changes in depth resulting in 

point clouds without occlusions  

¶ The statue provided homogenous surface characteristics. Thus, there were only 

single returns in the laser data 

¶ The tie- and laser point clouds were of equal accuracy 

¶ Their co-registration algorithm was based on a least squares adjustment in space 

domain subject to minimizing the sum of the squared distances between the tie 

points and the LiDAR surface. The statue fill ed most of the image space, which 

allowed to additionally estimate the effects of lens distortion using the laser points 

as the ground truth 

¶ The ratio of the surface elevation of the scanned statue and the distance between 

the sensors and the statue was much bigger than in airborne applications, allowing 

for an exceptional depth resolution. The result was a truly 3D point cloud with 

ample depth and strong changes in direction of surface normals rather than a fairly 

flat 2.5D surface point cloud with small changes in elevation 

 

(2) Another similar co-registration strategy was proposed by Choi et al. (2013) which 

suggested using 3D photogrammetric points and automatically LiDAR-extracted planar 

patches as its registration primitives. However, the roof peak points in the images were 

manually measured to, and the roof peak lines were derived from these points. The roof 

peak lines were also extracted from the laser data by intersecting the roof patches, which 

were extracted automatically. Corresponding roof peak line pairs were used for horizontal 

registration. In addition, the tie points were measured manually on planar surface areas and 

the vertical point-to-plane discrepancy was minimized to solve for the vertical registration 

ambiguity. Moreover, the horizontal and vertical discrepancies were minimized 

simultaneously in a LSA. Figurative examples of the registration steps are presented below. 
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(a) 

 

(b) 

 

(c) 

Figure 2.2: Extraction of roof peak lines. Source: Choi et al. (2013) 

 

     In Figure 2.2, (a) shows the roof peak points derived from the stereo photogrammetry 

measurements, (b) displays the overlay of the LiDAR points and the image derived points, 

and (c) displays the roof planes and peak lines before and after the adjustment in green and 

red, respectively. 

     Although this registration methodology uses similar registration primitives as the 

proposed fine registration methods ï 3D photogrammetric points and LiDAR planes ï it 

differs from the fine registration approach presented in section 4.4.2 in the following two 

aspects:  

¶ The image points used for registration were measured manually using stereo 

photogrammetry 
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¶ Rather than utilizing the LiDAR patches themselves, the tie lines were extracted 

from the LiDAR data 

 

(3) Another closely related work was provided by Makadia et al. (2006), which used the 

spherical harmonics and the Extended Gaussian Histograms (EGI) for the coarse 

registration of 3D point clouds of close-range laser scans as shown in Figure 2.3. This 

approach utilized spherical harmonics to fit into the data and to compute the surface 

normals to derive the surface orientations. Instead of correlating the images via the surface 

curvatures, the surface orientations were compounded in the spherical histograms to 

determine the 3D misalignment parameters. It has proved of being more robust with it than 

with the ICP for close range point clouds with little overlap and coarse initial orientation 

parameters.  

 

 

(a) (b) (c) (d) (d) 

Figure 2.3: Registration of a ñHappy Buddhaò statue. Source: Makadia et al. (2006) 

 

     In Figure 2.3, (a) shows the scans in their initial positions and orientations, input to 

Makadiaôs algorithm, color-coded by exposure, (b) shows the crude alignment of ten point-

sets from the front, (c) shows the ýnal alignment of all scans from the side after ICP was 

run, (d) shows a pair of re-projected EGIs from two of the scans, and (e) shows a slice of 

the correlation grid G(R) at the location of the estimated rotation. 

     The surfaces of most airborne data are remote from the sensing device and their 

elevation changes are comparatively small. Thus, the respective orientation histograms are 

broad and small in magnitude, making successful cross-correlation difficult. Nevertheless, 

combining the use of spherical harmonics and histograms of surface orientations is an 
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interesting idea that could perhaps be used to characterize datasets to establish a metric that 

allows to distinguish between the mountainous and flat datasets. 

 

(4) An outstanding work in the realm of co-registration is the dissertation of Dr. Devrim Akca 

(2007). Gruen (1996) extended the least squares 2D matching technique of images for 2.5D 

and 3D surfaces. Akca achieved a co-registration accuracy superior to those gained with 

ICP. Like ICP, his ñLeast Squares 3Dò (LS3D) surface matching algorithm evaluated 

Euclidean distances rather than the height differences, which would be sub-optimal for 

terrain surface applications. In his dissertation, Akca applied this co-registration method to 

the close-range 3D point clouds as well as the airborne survey data.  

     As can be seen from Figure 2.4, the LS3D methodology requires only small overlap for 

successful co-registration. He also introduced the least squares matching of free-form 

curves and surface models. Recognizing that some point clouds may not contain sufficient 

surface information, he integrated the intensity and the color information of the object 

surface. Like Friess (2006) and Lindenthal et al. (2011), Akca generated a color-coded map 

of the height differences before and after LSA for quick and intuitive quality analysis of 

the co-registration results. An example of such a height difference plot is given in Figure 

2.4.  

 

 

                     

Figure 2.4: Registered surface models and respective height difference map of the 

overlap area. Source: Akca (2007) 
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     Akca (2007) also used dense photogrammetric DSMs and LiDAR point clouds for co-

registration. Photogrammetric dense point clouds tend to show high noise on flat surface 

areas compared to the LiDAR point cloud. However, LiDAR point clouds have irregular 

and often lower point density than the respective photogrammetric dense point clouds. To 

minimize the impact of these opposing characteristics, he applied a median filter for 

smoothing the LiDAR data prior to matching. 

     Despite these great contributions, Akcaôs work (2007) showed the following significant 

limitations: 

¶ The LS3D method relies on the photogrammetric surface models, which require 

computationally expensive dense point matching (Haala, 2013) and are large in data 

volume. For many airborne photogrammetry applications, generating orthophotos 

as end-product is sufficient and dense point matching is not part of the data 

processing workflow. Thus, a co-registration requiring a photogrammetric DSM 

runs at a high cost, unless the DSM is already available on file.  

¶ The LS3D approach may work with orthophotos. However, depending on the 

application, the deliverable may just be a set of the color-balanced photos plus the 

refined EO parameters from aerial triangulation. The computationally intense 

orthophoto generation ï which typically requires another software module in 

addition to the aerial triangulation module ï is not always part of the deliverable. 

¶ Matching intensities, color information, and surface geometries in a combined LSA 

may work with the dense point surface models but also with orthophotos. However, 

such an estimation process wouldnôt work with the photogrammetric tie point 

clouds since the traditional photogrammetric software does not report the average 

color information of the generated tie points.    

¶ LS3D could be extended and used for 3D sparse points, such as ground control 

points, in combination with a 3D surface. Unfortunately, ground control points may 

not always be available. Moreover, this extension might also work with 

photogrammetric tie points. However, the concept of using LS3D for sparse points 

has only been presented as ñfurther conceptual extensionò (Akca, 2007), has not 

been implemented and tested.  
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¶ With the concept of integrating additional functional constraints in his LSA, such 

constraints typically require some sort of pre-knowledge that is unique to the 

dataset. Although automatic classification of laser point clouds and dense point 

clouds into ground- and air points is possible (Soininen and Burman, 2005; 

Soininen, 2010a; Haala, 2013) and might be a way to introduce such constraints 

automatically, the tie point clouds are too sparse and too random in distribution for 

these algorithms to work reliably. Refer to the next section and Chapter 4.0 for 

more details. 

¶ The stochastic properties of the local surface normals and uncertainty of the points 

due to the incidence angle were neglected in Akcaôs work (Grant et al., 2012).  

¶ Akcaôs method did not address the problem of relief displacement, i.e., the fact that 

LiDAR data is orthometric per default, but optical imagery ï unless converted into 

an orthophoto ï shows effects of perspective geometry (Mishra and Zhang, 2012). 

¶ Although a global matching strategy has been mentioned in (Gruen and Akca, 

2005), it was unclear from their publications how accurate the initial 

approximations need to be for the LS3D adjustment to converge to the correct 

maximum. As Akca compared his LS3D results primarily against ICP results, the 

LS3D is seemingly a method intended primarily for fine registration.  

 

     In summary, even though Akcaôs work introduced a powerful new co-registration 

algorithm, it is unclear how well this method would work when used for coarse co-

registration with extremely sparse, unclassified photogrammetric tie points without color 

information.   

 

(5) Two years later after we started this research, Gneeniss et al. (2014) presented a 

methodology for fine registration and cross-aided sensor calibration of airborne LiDAR 

and camera data using the LiDAR point clouds as the ground truth. Their research 

methodology showed parallels to the fine-registration and cross-aided sensor calibration 

method (summarized in Chapter 4.4.2), which I proposed in 2012. Their approach used 3D 

photogrammetric tie points for co-registration and cross-aided sensor calibration, and also 

considered the LiDAR as reference against which camera calibration and validation can be 
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performed. They also used a 3D surface matching method utilizing the tie-point-to-laser-

plane matches. A high-level overview of Gneenissô co-registration methodology is 

illustrated in Figure 2.5. 

 

 

Figure 2.5: Main logical components of the co-registration and cross-aided sensor 

calibration method suggested by Gneeniss et al. (2015) 

 

The methodology of Gneeniss et al. (2015) can be broken down into 9 steps: 

(1) Automatically generate 2D tie points 

(2) Project the tie points on the ground using ISO 

(3) Filter the 3D tie points into  

¶ ground model points, describing the bare earth surface, 

¶ points describing vegetation (trees) and buildings, and 

¶ and apply a thematic image mask to isolate points that fall in between 

ground and vegetation and satisfy a certain vertical threshold 

(4) Automatically extract key model ground model points (DTM) from LiDAR.   
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(Component (a) in Figure 2.5 above covers steps 1-4)  

(5) Co-register ground model tie points and LiDAR key point DTM surface using 

a refined version of the LS3D surface matching method (Akca, 2007; Miller et 

al., 2008) and a 3D conformal transformation model, i.e., a Helmert 

transformation (component (b) in Figure 2.5 above) 

(6) Assess the quality of the registration results by evaluating the elevation 

difference between the photogrammetric DTM and the LiDAR terrain model 

(7) If the quality test indicates that the surface matching can be improved further: 

Identify 3D image tie points that meet the following criteria: 

¶ be located over planar areas that 

¶ show little slope 

¶ be defined by more than 3 image rays 

¶ be in areas with low surface roughness 

¶ pass an accuracy- and blunder test, and 

¶ support homogenous spatial distribution across the survey area 

and use them as ñLiDAR Control Pointò (LCP), (block (d) in Figure 2.5). 

(8) Estimate camera calibration parameters by minimizing the 3D distance between 

the LCPs and the local LiDAR surface (block (d) in Figure 2.5). As can be seen 

from Figure 2.6, this will lead to an improved fit of the camera and LiDAR data. 

The process of co-registration and self-calibration can also be conducted 

simultaneously in one combined LSA that estimates the camera calibration 

parameters while synchronously the 3D distance is being minimized between 

the tie points and respective local LiDAR surface. 

(9) Repeat step 6 to 9 and re-assess the vertical difference of the refined alignment 

between the photogrammetric DTM and the LiDAR terrain model. 

      

     To validate this method, the authors used two datasets similar to the test datasets used 

in this dissertation. One of their datasets was captured over the OEEPE test site in 

Vaihingen/Enz and an Optech ALTM 2050 LiDAR and a Applanix DSS camera were used 

for data collection (refer to Section 3.2 and APPENDIX C for details). Figure 2.6 below 

displays some of Gneenissô research outcome.  
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(a1) 

 

(a2) 

 

(b1) 

 

(b2) 

Figure 2.6: Surface matching residuals of Gneenissô British data set using 50 LCPs. 

Source: Gneeniss et al. (2015) 

 

     Rows (a) and (b) in Figure 2.6 present the results from the DSS camera flight before 

and after the self-calibration, respectively. Even after the self-calibration of the DSS data, 

the co-registered datasets showed a remaining vertical offset of about 20cm which the 

authors attributed to the differences in surface characteristics and weak block layout 

leading to limited ability to retrieve the camera calibration parameters reliably.   

 

     Gneenissô procedure showed commonalities with the co-registration and calibration 

methodology presented in Chapter 4.4.2:  
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¶ Both assume the LiDAR to have undergone geometric refinement and provided 

superior geometric quality.  

¶ Both use the photogrammetric tie points as the tie elements in the co-registration 

and minimize the sum of the squared distances from the tie points to the LiDAR 

surface in proximity.  

¶ Both allow for separating the co-registration and the camera calibration or for the 

simultaneous co-registration and camera calibration in a combined bundle block 

adjustment in their workflows.  

¶ The data from the DSS medium format camera benefited significantly from their 

calibration ï as can be seen from Figure 2.6, as the co-registration alone did not 

provide the desired level of decemetric or centimetric registration accuracy. The 

DiMAC camera data used in this dissertation was affected similarly by the 

boresights and camera intrinsic offsets, which will be shown in APPENDIX C and 

G. It is suggested to minimize such effect during the cross-aided sensor calibration.  

¶ Even after the calibration of the DSS camera, the co-registration showed a 

remaining vertical offset of about 20cm. The authors attributed this relatively large 

remaining offset to the poor layout of the flight block, which may or may not be 

true. The magnitude of this offset could be taken to serve as an indicator of what 

accuracies to expect when co-registering optical and laser point clouds in this 

dissertation.  

     

      Despite these similarities, Gneesnissôs work showed some significant differences and 

limitations compared to our methods: 

¶ Gneesnissô algorithms rely on the dense tie point clouds as their datasets possessed 

a point density 10-100 times higher than the tie point clouds used in this 

dissertation.  

¶ Gneesniss developed a sophisticated filter for the tie- and laser points to increase 

the reliability and accuracy of the registration results. As the classification into 

ground-, vegetation-, and roof points was executed automatically, the authors also 

deployed a 2.5m vertical mask to eliminate the chimneys, trees, and unwanted 

effects of a vineyard. The application of this mask allowed to distill a selection of 
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suitable points that yielded the robust registration results. However, this filter was 

data-specific and tuned for the Vaihingen/Enz dataset, which went against the 

principle of generality and full  automation proposed in this dissertation. 

¶ Gneenissô concept did not utilize the roof plane patches as registration primitive, 

which could provide a higher level of redundancy and accuracy than the local 

surface meshes.  

¶ Since the authors used LS3D for co-registration, their method was affected by the 

drawbacks mentioned earlier, too.  

 

     As the above discussion showed, the co-registration methods presented in these five 

publications shared similarities with the proposed co-registration methodology. However, the 

analysis also revealed that these methods had need of either substantial data pre-processing or pre-

knowledge about the datasets. Moreover, the conducted tests were only with point clouds 

associated with similar surface characteristics, which is their most prominent shortcoming. 

 

 

2.4 Summary 

 

     This chapter reviewed the relevant state-of-the-art co-registration techniques in the fusion of 

airborne laser- and camera data. Despite the large diversity of ideas and concepts, many of the 

published co-registration techniques required the coarse EOPs and IOPs which made them not 

practical (Li et al., 2012). Some depended on selecting conjugate pairs interactively, which may 

lead to unreliable and inaccurate results and worked against the principle of full automation. Most 

methods were designed for the computer vision applications and assumed to have the high point 

density, strong variation in elevation, similar footprint, large overlap, same coordinate systems. 

Besides, they demanded some sort of classification or computationally intense pre-processing. 

Only one machine learning-based co-registration method has been presented so far could work 

directly on the raw ñsparseò (1) point clouds. The most important drawback however is that none 

 
1 The research community concerned with AI-based registration uses the term ñsparse point cloudò for 

point clouds that stem from a close-range scenery and are roughly 100 times less dense than its counterpart. The 

point cloud with the lower (or higher) density often stems from close-range photogrammetry (a laser scanner). 
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of the existing methods was designed for and validated with the ñextremely-sparseò (2) 

photogrammetric point clouds. 

     The ensuing chapters will investigate what can be done outside these boundaries. The focus 

will be directed towards finding innovative methods that can cope with the stark difference in point 

density and establishing a novel framework in which they will deliver reliable results.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 2 Tie point clouds from traditional large- and medium-format airborne mapping applications result a point 

density of approx. 5,000-10,000 times less than the respective LiDAR data. To discern the tie points targeted in this 

framework from ñsparseò close-range point clouds, they will be referred to as ñextremely sparseò whenever their 

difference needs to beo emphasised. 
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3.0  Test Data and Assumptions 

 

3.1 Introduction   

 

     In this framework, two pairs of real-world datasets and two simulated datasets were used for 

testing. To address the question, to what degree these datasets represent ñtypical and universalò 

airborne survey applications, the characteristics of a popular test site are highlighted, for 

comparison, first.  

  

 

3.2 Reference Dataset 

 

     One of the worldôs most flown test sites for evaluating large- and medium format digital 

airborne sensors is the test field in Vaihingen an der Enz, Baden-Württemberg, Germany. While 

no dataset of this area was used in this study, the terrain characteristics of this area can serve as a 

guideline for the simulated dataset and for the comparison against the real-world datasets used in 

this thesis.  

The Vaihingen test site provides the following features: 

¶ High density ground control - almost 200 control points have been spread across the area 

¶ Mostly gently sloped terrain. Few areas with steep slopes 

¶ A mixture of urban scenery and farmland 

¶ Small areas with forest  

¶ Small waterbodies, which typically create a challenge for LiDAR and photogrammetric tie 

point matching 

The test site is enclosed with the red line in Figure 3.1 and Figure 3.2. 
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Figure 3.1: Aerial view of the OEEPE test site in Vaihingen an der Enz, Germany. The 

dark green areas depict forest and water bodies. Source: IFP (2017) 

 

 

Figure 3.2: Digital terrain mod el of the Vaihingen and der Enz test site. The terrain 

variations are exaggerated by factor two. Source: IFP (2017) 

     

      The central area ï enclosed with a purple line in Figure 3.1 ï possesses a dense distribution of 

GCPs and has about 5050m (east-west) by 2750m (north-south) in size. The entire test area ï 

enclosed with a red line in Figure 3.1 ï is about 7400m (east-west) by 4700m (north-south) in size. 

The terrain elevations range between 193m and 356m above sea level. In total, 275 GCPs are 

available.  
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3.3 Real-World Datasets 

 

     This chapter introduces the real-world datasets that will be used for testing. APPENDIX C 

presents how these datasets were generated, and a detailed description of their characteristics. 

 

3.3.1 Oshawa Dataset 

     The Oshawa data was acquired at three flying heights (850m, 600m, 400m above ground level). 

Only the data collected from the flight lines at an altitude of 850m and 600m agl were selected for 

co-registration. The flight lines flown with large overlap result in higher laser and tie point 

densities than the areas with small overlap. The resulting image block comprised 105 photos, 3641 

tie points after the outlier removal, and 51 measured control points.  

     A surface grid was fit into the tie points using MATLAB software (MathWorks, 2019). Figure 

3.3 below displays the tie point cloud overlaid with a natural-fit surface grid. For the average point 

density of 35 tie points per image, MATLAB considered a cell size of 40m by 40m to be optimal. 

Figure 3.4 displays the respective grid, rendered to an image file.  

 

 

Figure 3.3: The Oshawa tie point cloud overlaid with the MATLAB -generated surface 

mesh 
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Figure 3.4: The Oshawa tie point grid with 81x115 40m cells 

      

     The full resolution point cloud had approximately 63 million points and covered an area of 

approximately 4.5-by-4.5km, yielding an average point density of 4 pts/m2. The laser points were 

down sampled to 8775 points (APPENDIX C), i.e., a point density slightly higher than twice that 

of the tie point cloud. Figure 3.5 displays the laser point cloud overlaid with a naturally-fit surface 

grid (MathWorks, 2019). Figure 3.6 displays the respective grid, rendered to an image file.  
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Figure 3.5: The Oshawa laser point cloud overlaid with the surface mesh 

 

 

Figure 3.6: The Oshawa laser point grid with 117x138 40m cells 
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     The Oshawa tie and laser points showed a ratio of 3,700/63,000,000 = 1:17,000, which 

confirmed the approximate ratio of 1/10,000 that one would typically obtain from regular survey 

data. Details on the quality of fit can be found in APPENDIX G. 

 

      Figure 3.7 below displays the co-registered point clouds on top of the surface mesh. The laser 

points covered an area of approx. 4.5km-by-4.5km whereas the tie points covered an area of 

approx. 3.2km-by-3.2km. 

 

 

Figure 3.7: Overlay of the Oshawa laser- and tie point cloud and the surface mesh 

 

3.3.2 Keyworth-Nottingham Dataset 

     The Keyworth-Nottingham (KN) was collected at two flying heights (1250m and 880m agl). 

The resulting image block comprised 64 photos, 2705 tie points before and 1871 tie points after 

blunder removal, and 38 measured control points. 38 ground control points had been measured.  

 


























































































































































































































































































































































































































































































































































































































































































































































































