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Abstract 

  Safe exploration and remote visualization for dangerous and unknown environments have been 

of growing demand for several applications. Exploration of dangerous environments can be life 

threating if it directly involves a human being. Several approaches have been proposed and 

developed to allow human operators to explore unknown environments in a safe and efficient 

manner. 3D reconstruction utilizing vision systems is commonly used for object and environment 

reconstruction and visualization. Different single or multi-sensor vision systems can be utilized for 

object and environment 3D reconstruction. Single vision sensor systems are the most prone to 

failure due to environmental factors, that can cause reconstruction failure or degradation. The 

nature of the reconstructed scene also contributes to the success of the reconstruction process. On 

one side, Image-based reconstruction is widely utilized for 3D reconstruction which depends on 

RGB image footage. Despite the high accessibility of the technology and its relatively less 

expensive cost, it suffers from different failure scenarios. Low illumination and low textured scenes 

are among the factors that can lead to reconstruction failure. On the other side, point cloud-based 

reconstruction is another approach that can be utilized using range sensors such as LiDARs. This 

method is relativity less accessible and more expensive. However, it offers a robust performance 

in different scenarios. Similar to the image-based approach, point cloud-based methods have their 

limitations that mostly appear in highly reflective environments. This thesis presents a 

multiplatform 3D reconstruction method operating from unmanned ground vehicles to increase 

system robustness and to introduce a safer reconstruction in unknown environments. The proposed 

system integrates low-cost RGB imaging camera with a 3D LiDAR for enhanced reconstruction. 
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A novel toolchain is developed to reduce the processing time of the reconstruction operation. The 

robustness of the proposed method was examined over several test scenarios, which involves both 

indoor and outdoor reconstruction. The proposed methods have increased the reconstruction 

system robustness and reduced the computational complexity, resulting in increasing the overall 

system reliability. 
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Chapter 1 

Introduction 

1.1 Background 

   3D reconstruction systems had been deployed in several engineering and science fields 

[1]. Space exploration [2], manufacturing quality assurance [3], medical analysis [4] and 

crime scene reconstruction [5] are diverse fields that utilize 3D reconstruction in critical 

applications. Remote visualization and 3D reconstruction for objects and environments 

have been an active area of research for decades. Most of the research work focused on 

quality enhancement and generalization of the techniques deployed. 

   Environments and areas with relatively high risk to human being present a hard 

exploration challenge. An example of these environments can be a sloped terrain with 

nonuniform surface structure as mountains. Space exploration is another tedious 

exploration application which mainly depends on remote visualization for inhabitant 

environments. Until recently, human exploration of such environments is not feasible in 

all cases.   

      Indoor or outdoor environment exploration tends to require mobile and flexible 

systems. These systems should be able to navigate and maneuver in the environment 

without the direct presence of the human operator inside these environments. Remote 

visualization using teleoperated unmanned ground vehicles leverage the utilization of the 

vision sensor data and enhance data acquisition quality. Multi-platform unmanned ground 

vehicles (UGVs) utilization in some of the previously mentioned scenarios can decrease the 
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amount of effort and time needed for a 3D reconstruction process. In addition, multi-sensor 

systems which depend on different vision sensors increase the exploration potential as it 

provides higher quality visualization, more robust performance, and better data quality.   

1.2 Problem statement  

    Different approaches and systems have been developed for 3D reconstruction for 

unknown and harsh environments. However, many of these developed systems have their 

own limitations in terms of operating conditions and data quality. These conditions depend 

on environmental effects, sensor and algorithm failure scenarios. RGB cameras and 3D 

LiDARs are two different sensing technologies that can be used to have a representation 

of an object or an environment. Different systems had utilized only one of these sensors in 

various reconstruction tasks. Some other systems had deployed more than vision sensor. 

However, most of these methods require a coupled configuration between the vision sensors.  

Multiplatform utilization in reconstruction utilizing uncoupled sensors reduces the time 

needed for reconstruction and reduce system complexity compared to coupled solutions. 

   Different optimizations can be introduced to the generated sensor data form RGB 

cameras and 3D LiDARs. Several sources of noise can be detected and eliminated which 

in turns serves to enhance the output quality. In addition, the computation complexity of 

the operation, especially for image-based reconstruction, can be enhanced by removing 

image data which have artifacts. 
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1.3 Thesis objectives 

   This research targets the development of multi-platform UGVs to facilities 3D 

reconstruction in unknown and harsh environments. The proposed system integrates low-

cost RGB imaging camera with a 3D LiDAR for enhanced reconstruction. It is also among 

the objectives of this research to reduce the computation time in image-based 

reconstructions. This research also aims at studying and analyzing the advantages and 

limitations of the 3D reconstruction based on standalone system, either EGB cameras or 

3D LiDAR. 

1.4 Thesis contributions 

   This thesis demonstrates the ability of multi-platform UGVs for efficient 3D 

reconstruction in unknown and harsh environments. The system focuses on image and 

point cloud data uncoupled alignment along with several enhancements in both the data 

preprocessing and post-processing stages. The contributions of this research include: 

1. Design and implementation of a new reconstruction system architecture which can 

be implemented on multiplatform UGV fleet for cooperative reconstruction. 

2. Investigation and analysis of different approaches for LiDAR-based reconstruction 

and quality assessment for different point cloud registration approaches.   

3. Design and development of both image-based and LiDAR-based real-time 

reconstruction pipeline. 

4. Development of a novel toolchain which reduces the computation time in image-

based reconstructions. 
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1.5 Thesis outline 

       The thesis is organized into six chapters, followed by a bibliography and an appendix. 

Chapter One provides a simple introduction for the thesis along with the 3D reconstruction 

problem discussion. It also presents the thesis contributions, which define the novel 

methodologies presented in this work. Chapter Two provides a comprehensive literature 

review about the 3D reconstruction methods and discusses point-cloud based methods 

developed in several research projects. In addition, image-based reconstruction methods 

were reviewed with both multiple and single image approaches along with the discussion 

of reconstruction robotic platforms such as UGVs and UAVs and the impact of each 

platform. Chapter Three introduces the system overview which facilities having a 

macroscopic understanding for the system components. It also introduces the architecture 

of the proposed system along with a high-level pipeline illustration. Point-cloud based 

model generation pipeline is then discussed in detail. The discussion includes data 

acquisition procedure, sensor configuration, and data delivery. Point cloud registration and 

processing is also discussed in Chapter Three and provides, in detail, the algorithmic 

procedure followed to acquire a sparse 3D model using 3D LiDAR. Chapter Four presents 

the proposed image-based reconstruction system. The chapter discusses the data 

acquisition stages and 3D model generation using structure from motion algorithm (SFM). 

The camera model is defined along with the coordinate system utilized and the image 

reconstruction problem definition. A novel optimization toolchain is introduced and 

discussed in detail. Chapter Five discusses the experimental results for each of the 
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developed module. Chapter Six concludes with a summary of the work and 

recommendation for potential future enhancements. 
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Chapter 2 

Literature review 

    Different reconstruction approaches have been under research and development over 

the years. The rich reconstruction literature makes it a necessity to have a good 

understanding of the best deployment scenarios for each technique. LiDAR and Image-

based reconstructions aim to provide a 3D model for a given scene, however, each sensor 

data requires a different scheme of computation. Many researchers and companies had 

developed reconstruction robotic platforms that are equipped with different vision sensors 

for acquiring 3D and 2D representations for a scene. This chapter introduces an overview 

of the reconstruction methods utilizing LiDAR point clouds and RGB camera images. 

Reconstruction robotic platforms in the literature will be also reviewed. 

2.1 Point cloud-based reconstruction  

  Point cloud is a set of points which are distributed in 2D or 3D space, the point cloud is 

a representation of surrounding points distance distribution. LiDARs (Light Detection and 

Ranging) are a typical sensor that can generate point clouds directly from the surrounding 

environment. This distance ranging technique allow recovering 3D or 2D geometry of an 

object and its physical features. Reconstruction using LiDAR data have been used in 

different projects. Stanford’s “Digital Michelangelo Project” [6] and building facades 

modeling [7] are examples of reconstruction projects that depended on laser scanning data. 

In this section, LiDAR data will be explored, along with the review of different LiDAR-

based reconstruction techniques. 
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2.1.1 LiDAR data 

    LiDAR data have been studied and analyzed in several previous works in the literature. 

The data are categorized in most research work according to the perspective of LiDAR 

during data acquisition. Airborne LiDAR data are acquired from air and are usually used 

for 2.5D models and to produce buildings footprints [8]. Terrestrial LiDAR data are 

acquired using a ground vehicle and are usually used for reconstructing building facades 

[9]. Some approaches introduced the fusion of images and LiDAR data [9] [10], ], resulting 

in a colored point cloud data. Terrestrial and airborne LiDAR data have been combined  

[11] [12]  in order to increase the number of perspectives of the acquired data. Several 

libraries and tools have been developed and introduced to manipulate point cloud data. 

Point Cloud Library (PCL)  [13]  is the most remarkable community supported point cloud 

can be also manipulated using other libraries and software such as MATLAB [14]. 

 

Figure 2.1 PCL modules  

data manipulation library and its offered modules are shown in Figure 2.1. PCL is diverse 

library includes filtration, feature estimation and visualization modules Point cloud data 
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2.1.2 LiDAR-based reconstruction 

      3D reconstruction for objects and buildings using LiDARs has attracted researchers 

from the computer vision community due to its enormous and diverse applications [15]. 

Different algorithms have been proposed using aerial LiDARs for building reconstructions, 

most notably the algorithms presented by [16] which analyzed invariant moments of the 

point clouds for building model extraction. Also, in their work they have proposed a second 

algorithm utilizing plane intersection to determine roof structures in case of building 3D 

reconstruction. Employment of 3D Hough transform for plane detection and merging was 

introduced by Vosselman et al. [17]. The presented method depends on planar surface and 

ground plane segmentation. An interactive method for building reconstruction was 

proposed by You et al. [15], in which aerial LiDAR data were applied using predefined 

primitive libraries. A point reconstruction method proposed by You introduced a higher 

level of reconstruction automation. The method introduced an automatic pipeline for 3D 

building models reconstruction. This method also focused on rooftop modeling  

 

     For instance, graph-based approaches were presented for aerial LiDAR data [8], which 

facilitated the relationship representation between various planar patches. Another work 

[18] created simple 3D models by simplifying boundaries of fitted planes. Ground-based 

LiDAR data had been also researched due to its ability to reconstruct the building facades 

and ground level objects. Positioning constraints are found in ground-level reconstruction 

due to the presence of different non required obstacles. Objects with relatively large scale 

introduce difficulties to reconstruct its top as rooftops in case of buildings, as typically 
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these spots usually cannot be scanned by a mobile LiDAR reconstruction system. The 

LiDAR scans are sparser near to the height points in an object or a building compared to 

points with lower elevation. A combination of top-down with bottom-up approach [19] was 

presented to detect windows from mobile LiDAR since glass can introduce point cloud 

noise that can affect the 3D reconstruction.  

 

   Processing multiple LiDAR scans, registration is required to acquire a full point cloud 

with all the acquired scans coincided. The Iterative Closest Point (ICP) algorithm [20] is 

a commonly used 3D-to-3D registration method. The purpose of the point cloud 

registration is to find a 3D rigid body transformation that allows overlapping between 

different point clouds. The registration process is highly dependant on the nature of the 

object to be reconstructed. It is not possible to obtain a 3D model without moving around 

the object point clouds representing different perspectives of the reconstructed object [21].    

Traditional ICP suffers from different problems [3], as it prone to misregistration in case 

the initial alignment was not accurate. The misregistration has a direct impact on the final 

3D model. Many improved algorithms based on ICP were introduced to fix theses 

drawbacks. The four main steps in traditional ICP are the main key points that are tackled 

by each work to enhance the registration performance. 

 

     Geometric features-based registration [22] was beneficial in utilizing corner points and 

lines in a semi-automatic registration process. Fully automatic geometric feature-based 

registration was proposed by Hansen [23], the method automatically identified 
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correspondences between lines. Translation was computed by a generate-and-test scheme 

while rotation was computed by using orientation histograms. The main advantage of 

Hansen’s method was that it does not require any prior knowledge of the task. The ICP 

algorithm depends on finding nearest corresponding points between two different point 

clouds. The correspondence iterative search time can be reduced by down sampling the 

point clouds [24] [25]. KD-tree based approaches were utilized to enhance the point 

correspondences procedure [26], which speed up the search process and introduced 

enhancements to correspondence precision. The error metric function choice is crucial as 

it affects the accuracy of point cloud registration. Several approaches have introduced 

enhancements to the registration process by improving error metric [27] [28]. Spherical 

harmonics which is known also as second-order momentum are utilized by Sharp [29], in 

order to minimize error during correspondence point search. 

 

  Surface color information proposed by Hao [30] introduced a different version of Gaussian 

image-based registration for point clouds. 4-Point Congruent Sets (4PCS) algorithm 

proposed by Aiger [31] introduced a different registration approach based on four congruent 

points on a plane affine invariant ratio. Several experiments had shown that the 4PCS 

algorithm improved the point cloud data surface registration and increased the robustness 

of the surface stitching process. Geometric Primitive ICP (GP-ICP) is a proposed method 

[32] that depends on the normal rate of change and curvature. The method proved to 

increase the convergence region for the registration. 3D building modeling utilizing ICP 

can be performed using different platforms. Ground-based LiDAR system was proposed 
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[33] for the reconstruction of 3D objects and buildings. The algorithm depended on 

pointwise normal computation and classification using principal component analysis 

(PCA) in addition to boundary extraction. Top-down approaches were proposed [34] [35], 

planes, spheres and tori in unorganized environments were detected by a sequential 

RANSAC scheme [36]. LiDAR-based building model reconstruction from the ground 

vehicle [37] was introduced using an interactive tool with the ability to model fine details 

in the buildings as balconies.  

2.2 Image-based reconstruction  

   Image-based 3D reconstruction, which is known also as Photogrammetry, has been an 

active area of research for decades. The low cost and accessibility of cameras motivated 

the research community to investigate this problem deeply. Photogrammetry according to 

[38] is a non-contact imaging technique that obtains reliable and accurate object 

measurements. In this section types of input image data used in image-based 3D 

reconstruction will be discussed, also different previous image-based reconstruction works 

will be reviewed. 

2.2.1 Multiple images reconstruction 

    Images are 2D representation for a scene or an environment, each image contains a 

specific amount of visual data. In the literature, input images for 3D reconstruction are 

divided into single image input [39] and multiple images input, both types have been 

utilized in several research works [40]. 3D image-based reconstruction depends mainly on 

the recovery of camera poses along with the observed 3D points. The relative orientation 

between the two cameras is used to recover their relative poses. Five-point approach was 
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one of the initial approaches for determining the orientation was proposed by [41] by using 

five pairs of corresponding points. Several variants based on five-point algorithm were 

introduced [42] [43]. Early research work had presented novel methods generating high-

quality 3D models using a large number of images [44] [45], these methods automatically 

generated these 3D model. For each image interest points or points that are visually 

distinctive are extracted, tracked and matched between multiple views.  

 

     Epipolar geometry described the properties and geometric relations between a 3D scene 

and its projection onto two or more 2D images [46]. Visible and distinctive features should 

present in the multiple images acquired with no or low level of occlusions. Several factors 

can impact the visibility of features as occlusions, non-textured surfaces or illumination 

variation. Feature detection algorithms usually fail in these scenarios which decrease the 

visibility of the feature. Ground-level images acquired from the street level have been 

utilized to generate high-quality 3D models in Xiao et al. work [47]. However, the method 

suffered from various limitations as perspective limitations due to the lack of top view 

images. This problem had its effect in image-based reconstruction similarly to effect 

occurred in LiDAR-based ground-level acquired scans. However, the method is able to 

generate a sparse scene reconstruction, which is a 3D point cloud representation for the 

acquired scene.  

 

     Multiple images-based approaches were introduced [48] [49] utilizing unorganized photo 

groups. This method depended primarily on Structure from Motion (SFM) algorithm for 
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the 3D reconstruction of the scenes. Snavely [48] presented a multiple step algorithm, 

which starts by feature extraction using SIFT keypoint detector [50] and feature matching 

finds the corresponding visual features between images. The previously mentioned 

approach utilizes the 8-point algorithm for estimating the relative pose of the cameras. 

Several SFM-based algorithms were presented to be used and tested by the research 

community. Bundler [51] is an open-source software which was developed at the University 

of Washington featuring SFM using unordered images. Photosynth was a web-based 

service by Microsoft that enabled building 3D image-based models from 2D images. 

Microsoft’s Photosynth was presented to be used by the public users before its shut down 

in 2017 [52].  

    Levenberg-Marquardt non-linear optimization was introduced [53] to optimize the 

bundle adjustment process, 3D positions of the cameras along with the camera parameters 

are optimized. The output of the SFM algorithm is sparse 3D model hence SFM is also 

called sparse model reconstruction. The main challenge in multiple image reconstruction 

is the amount of image data utilized is the amount of image data utilized. As shown in 

Figure 2.2, a typical reconstruction can consist of thousands of images. Several approaches 

enhanced the speed and efficiency of SFM, especially in the correspondence search or 

matching step [54]. Another approach presented enhancements on the hardware in order 

to increase the efficiency of the correspondence search [55]. 
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    Dense reconstructions had its research share since 2007, Goesele et al. [56] introduced 

Multiview stereo method (MVS) which was applied to Internet photo collections. 

Furukawa et al. [57] enabled the existing MVS methods to deal with large unstructured 

photo collections. MVS is a subsequent process after the SFM, as mentioned previously 

SFM provides a sparse 3D model. It generates a dense reconstruction from the images 

registered in the SFM procedure. MVS establishes a 3D representation for each pixel in 

the image, this output is usually a point cloud or a triangular mesh. Several benchmarking 

datasets are available for assessment of multi-view stereo algorithms as the Middlebury 

data set [58] and CVlab data set [59]. Voxel-based methods divide the 3D space into a 3D 

grid of voxels, the voxel which is found to be not photo-consistent are removed. The photo-

consistency means the consistency of color appearance in all images. Volumetric graph cuts 

Figure 2.2 A large set of input images has been used for sparse reconstruction by a 

structure from-motion algorithm [48] 
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[60] divided the 3D space into inside or outside areas generating a surface out of this 

process.  

 

    The patch-based multi-view stereo algorithm (PMVS), proposed and developed by 

Furukawa et al. [57] is a dense reconstruction algorithm. It has been embedded as a 

subsequent multi-view stereo stage in many other algorithms and software as VisualSFM 

[61]. The input of PMVS is the sparse model generation from SFM, the method depends 

on oriented rectangular patches for forming a dense model. Corresponding points in the 

sparse model are expanded to the neighboring pixels. Hiep et al. [62] utilized normalized 

cross-correlation for interest point detection and matching to acquire a dense model. 

Delaunay triangulation and graph cuts are used to covert the sparse model into a consistent 

mesh. Depth map computation is another interesting approach for generating dense 

reconstructions.  

       The approach depends on computing a depth map for each image and then fuse the 

resulting depth maps [56]. Urban scenes specific algorithm was presented by Pollefeyset al. 

[45] proposed a novel system which had several sensory inputs as Video input, GPS signal, 

and inertial measurements. These sensors were fused to achieve robust registration which 

can be utilized for high-quality dense reconstruction. 

2.2.2 Single image reconstruction 

     3D reconstruction from single images is another reconstruction approach which has 

been investigated in several research papers in the literature [63] [64]. Single-view 

reconstruction methods are divided into two different categories which are metric and non-
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metric methods. Non-metric reconstruction methods focus on recovering the visual 

appearance for an object, while its main drawback is the shortage to recover an accurate 

geometry [39]. Alternatively, Metric methods can recover accurate geometry from a single 

image. The main issue in obtaining an accurate 3D geometry from a single image is the 

number of possible 3D interpretations for a given 2D image. In Figure 2.3, it can be observed 

that for a given 2D image for a cube there are several 3D interpretations. Consequently, 

3D metric reconstructions were categorized [65] as “model-based” and “constraint-based” 

approaches. The model-based approach was based on the rectilinear nature of urban area 

structures [66]. The approach depends on reconstruction which is based on a set of 

“primitives”, the best fitting primitive help to reconstruct the image [65]. 

 

2.3 Reconstruction robotic platforms 

    Reconstruction systems can be categorized into fixed and mobile systems. The fixed 

systems are stationary platforms [67] that can scan an object or a scene within a fixed 

Figure 2.3 Different 3D interpretations for 2D [75] 

image 
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range. These systems do not have any locomotion abilities, as a consequence these systems 

cannot reconstruct large objects which cannot be moved. Mobile systems or robots have 

been used extensively for 3D reconstruction. Mobile robots with 3D vision sensors were 

developed in different research projects [68] [69]. Mobile robots as Unmanned Ground 

Vehicles (UGVs) or Unmanned Aerial Vehicles (UAVs) provide a high level of flexibility 

in a 3D reconstruction process. The Smarter team [70] developed an autonomous vehicle 

equipped with different vision sensors for 3D reconstruction of outdoor environments. 

Nutcher et al. [71] proposed another reconstruction mobile platform which utilizes 

¨concept of simultaneous planning localization and mapping (SPLAM) to outdoor 3D 

mapping and navigation. 

 

   UAVs had been deployed heavily as a reconstruction platform. UAV photogrammetry 

[72] provided new opportunities for high-quality 3D models. UAV is superior in terms of 

movement degrees of freedom compared to ground vehicles which are restricted by the 

environment boundaries. In terms of cost, Stempfhuber et al. [73] presented a low-cost 

open-source UAV platform, the cost factor is important in case of multiplatform form 

reconstruction. Autopilot feature was also utilized using microelectromechanical systems 

(MEMS)-based or C/A code GPS, which can facilitate data acquisition automation. Some 

proposed UAV reconstruction system had a high payload due to its dependency on the 

internal combustion engine (ICE). These systems opened the possibility of multiple sensor 

attached to a single UAV platform  
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Chapter 3 

System architecture and LiDAR-based reconstruction 

    3D reconstruction systems are usually complex in terms of their architecture and 

adaptability to different types of objects and environments. The proposed system utilizes 

different vision sensors hosted on multiple teleoperated unmanned ground vehicles (T-

UGV). The main objective of the system is to acquire a sparse 3D model for the required 

object of interest through 3D reconstruction process. The proposed method also allows 3D 

reconstruction in unknown environments by offering a novel system architecture that 

allows wireless control and data acquisition over the whole system. In this chapter several 

aspects of the proposed system are discussed. System architecture is explored to give a 

macroscopic view of the system, this view is important to understand the system internal 

components high-level interaction. 

  A microscopic explanation for the system’s internal components will be given in order to 

gain in-depth understanding of internal workings of the proposed methods. The internal 

workings discussed are the host system, hardware and software subsystems and algorithms, 

interactions between different system components and algorithmic procedure followed at 

each stage. The reconstruction system consists of 4 main components (1) UGV teleoperated 

host vehicle (2) LiDAR 3D model generation (3) RGB camera 3D model generation (4) 

Toolchain, each subsystem is an important element in the 3D reconstruction chain. For 

chapter 3, the first two subsystems are explored in detail while the latter two subsystems 

will be explored in the next chapter. 
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3.1 System overview  

    The system proposed aims to present a remotely controlled mobile 3D reconstruction 

system that can be utilized for meteorological measurements and visualization of structures 

in unknown environments. The system should able to deal with a variety of objects with 

different scales and to perform 3D reconstruction in unknown environments. 

 

    A typical reconstruction task is shown in Figure 3.1. The main objective is to convert 

the structure shown to a colorized 3D model that reflects the physical properties of the 

original structure using multiple T-UGV. The 3D model can be used for 3D visualization, 

meteorological dimensional and volumetric measurements. The proposed system consists 

of two different 4-wheel drive T-UGV which will be called T-UGV(A) and T-UGV(B). 

Each vehicle equipped with a vision sensor, a monitoring camera, and a laptop. The vision 

sensor on T-UGV(A) is a 3D lidar for LiDAR-based reconstruction while an RGB camera 

Figure 3.1 : High level illustration for the proposed reconstruction system composed of two T-UGVs equipped 

with a different vision sensor 
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is installed on T-UGV(B) for image-based reconstruction. On each vehicle the vision sensor 

represents one of the main inputs to the 3D reconstruction system. Its function is similar 

to the function of the human eyes as these sensors preserve an image or a scan for the 

structure. The output of the sensors is utilized in the reconstruction system in the 

proceeding stages. The monitoring camera is installed on the front side of each T-UGV. 

Its main function is to transmit real-time video stream for the system user, which is 

beneficial to give the user better understanding of the environment around the robot for 

safer teleoperation.  

    During a typical reconstruction task, both T-UGVs must rotate around the desired 

structures to acquire several images/scans. These scans should represent different 

perspectives for the object. Also, if applicable the rotation around the structure should be 

made with various distances to assure the variety of the perspective. It should be taken 

into consideration that 3D model quality and density is directly proportional to the 

variation of perspectives during data acquisition. The T-UGV system and it's onboard 

vision module whether it is a 3D LiDAR or an RGB camera are all wirelessly connected 

to a ground station. The connection is utilized to control the T-UGV speed and orientation, 

configure the vision module settings and to visualize the sensor stream output.  In addition, 

the T-UGV system can send the recorded footage wirelessly to the ground station without 

the need to shut down the whole system. After a successful data acquisition from the vision 

system on both T-UGVs the footage is transferred, wirelessly or via a storage medium, to 

the ground station. The transferred data is used as an input to the reconstruction module. 
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    The system is capable to reconstruct different structures that vary in scale and texture, 

with the capability to reconstruct indoor and outdoor structures. The T-UGV system, 

shown in Figure 3.2, is able to maneuver and navigate through unpaved rough 

environments with a real-time visualization for all the onboard sensors. At the end of each 

reconstruction task the recorded footage can be transferred wirelessly to the ground station. 

 

3.2 System architecture 

    System architecture section will discuss the main interconnections on the physical level 

and introduce the reconstruction subsystem from a high-level prespective. 

3.2.1 System interconnection diagram 

    The system proposed consists of three main hardware components (1) Ground station 

(2) T-UGV(A) (3) T-UGV(B), as shown in Figure 3.3, the ground station has 

multifunctional features as it used as a control hub for each T-UGV and its machine vision 

Figure 3.2 T-UGV equipped with a 3D LIDAR and a monitoring camera 
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module. For each individual T-UGV, the system user can control its speed and orientation 

via analog joystick. The control of both parameters is done from the same analog knob for 

easier control. In addition, the user can control the orientation only using conventional 

non-analog buttons with no control on the speed. The vehicle motion control choice is 

dependent on several factors: the environment where the reconstruction task is operating, 

nature of the reconstructed object and the capacity of the onboard system from data 

storage capacity or power capacity aspects. The T-UGV control unit is linked to the 

teleoperated UGV over a Bluetooth link while the sending end (TX) is the remote 

controller and the receiving end (RX) is the Bluetooth dongle connected to the T-UGV. 

    The vision sensor module can be also configured and monitored wirelessly in real time 

for both T-UGVs. T-UGV(A) is dedicated for LiDAR-based reconstruction, its vision 

module consists of 2 different sensors 3D LiDAR and monitoring camera (A). Both sensors 

are connected wirelessly to the ground station in order to allow real-time configuration 

and sensor output visualization. 

 

Figure 3.3 System interconnect diagram (SID) 
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   The 3D LiDAR is connected to an onboard laptop via Ethernet connection for sensor 

interface and data acquisition. The onboard laptop and a ground station PC are connected 

to a Wi-Fi network (Wi-Fi network 1), using remote control and desktop sharing software 

both devices can interface wirelessly. The onboard laptop can be replaced with a Single 

board computer (SBC) as Raspberry Pi or Beaglebone SBCs. The main two requirements 

in the selected SBC is the support for Ethernet connection and availability of a Wi-Fi 

connection capability embedded inside the SBC or using a Wi-Fi USB dongle. The wireless 

connection allows full remote control over the 3D LiDAR sensor configuration, which is 

beneficial in terms of fine-tuning and selecting the suitable LiDAR configurations. Full 

visualization of the point cloud output of the sensor is available on the same interface, 

which is very useful in terms of assurance of correct object footage scan acquisition using 

the 3D LiDAR. 

 

     On a different Wi-Fi network (Wi-Fi network 2), monitoring camera (A) in the 

teleoperated UGV and an off-board tablet are connected wirelessly. The need of this 

wireless connection is similar to the previous LiDAR case, configurations control and 

visualization. The off-board tablet allows real-time visualization for the monitoring camera 

(A) output which is important in understanding the environment around the vehicle and 

to avoid any obstacle during data acquisition. T-UGV(B) is dedicated for image-based 

reconstruction, its vision module consists of 2 vision sensors, RGB camera and monitoring 

camera (B). RGB camera is the main data acquisition sensor for the image-based 

reconstruction and it is dedicated for collecting images for the main object of interest. The 
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camera configurations i.e. Shutter speed, ISO and Aperture can be modified wirelessly with 

the ability to adjust the focus of the camera using the touch interface in the off-board 

tablet to assure the sharpness of the details for the reconstructed object. Similar to the 

monitoring camera mounted on T-UGV(A), monitoring camera mounted on T-UGV(B) is 

used to visualize the environment and help the system operator to avoid any obstacle.  

 

The power requirements for the onboard system on each T-UGV is supplied using a 

rechargeable battery with an AC outlet, the battery mainly feeds 120V AC power to the 

vision module and the onboard laptop. The battery selection is a very important element 

in the system. The reconstruction tasks duration can varies according to the reconstructed 

object, as scanning a multi-level building will take more time consuming than scanning 

more simple structures. The nature of the environment which contains the object to be 

reconstructed is also vital in the time duration of the scanning process.  

3.2.2 Pipeline   

    High-level pipeline understanding is essential to gain a macroscopic view of the 

operation of the system and its main elements. A high-level pipeline diagram will be used 

to explore the procedures of the proposed system in a organized way. The pipeline, shown 

in Figure 3.4, is a multistage pipeline that illustrates the system operation. It illustrate the 

system operations from start-up instance till acquiring final system outputs, measurements 

and colorized sparse 3D model. The first stage of the pipeline is the launch of T-UGVs and 

Ground station, which represents the two main building units in the proposed system. The 

vision system will start up on both vehicles after launching the T-UGVs and a wireless 
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connection will be established between the ground station and each T-UGV. Once the 

wireless connection is established the user can configure the vision sensors settings 

according to several factors. 

 

  Environment of reconstruction, light conditions and object of interest are some of the 

important factors to consider. Vision sensors streaming can be visualized in real-time from 

the ground station. The 3D LiDAR sensor output can be monitored through desktop 

sharing and remote-control software installed in the ground station PC and T-UGV(A) 

Figure 3.4 System high level pipeline 
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onboard laptop. While the RGB camera sensor output can be visualized using the off-

board RGB camera interface through a smartphone. After configuring sensor settings and 

checking the output of each vision sensor using desktop sharing software, data logging 

should start on the RGB camera and the 3D LiDAR. Both monitoring cameras are used 

for visualization for the road in front of the robot with no data logging.  

 

    During data logging from the vision sensors, the system user should control the T-UGVs 

using the Bluetooth remote controller while moving in a circular path to cover the object 

of interest from the most available perspectives. 2 persons should be able to operate both 

T-UGVs at the same time. After making a full rotation around the structure the user may 

need to take another circular rotation around the object of interest with a different radius. 

guarantee the coverage from different perspective. However, it is highly dependent on the 

nature of the environment where the reconstruction task occurs, the battery capacity for 

the T-UGV and the storage capacity for the onboard vision module. 

 

    Using desktop remote control capability recorded footage will be transferred to the 

ground station for offline processing. Vision module utilizes two different Wi-Fi networks 

(1, 4) to connect the sensors to the ground station. This connection scheme allows parallel 

transfer for the 3D LiDAR and RGB camera footage. The LiDAR data is imported to the 

LiDAR reconstruction module which is responsible for registering and denoising all the 

generated point clouds. The output of this stage is LiDAR-based sparse 3D model which 

This is an optional step that could be made to assure the clarity of the features and to 
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is dependent only on the LiDAR points for reconstruction. Parallelly, the images are 

imported to a toolchain for preprocessing of the recorded data. The output of the toolchain 

is imported to the image-based 3D reconstruction and denoising module. Image-based 

sparse 3D model is acquired at this stage. The model generated is dependent only on the 

image based generated points for reconstruction. Once we have two 3D models, one from 

the LiDAR and the other from the image-based reconstruction modules, 3D model 

alignment is applied while correcting the scale factor in the image-based 3D model. The 

aim of the 3D model alignment stage is to fuse both points by applying 6 degrees of freedom 

rigid geometrical transformation from one model to the other. The output of this stage is 

a high point density sparse 3D point cloud which is combined of a mixture of 3D points 

from LiDAR and RGB camera. 

 

    The fused 3D model will be the final model that will be used as an input for toolchain 

colorization module to acquire a colorized sparse 3D model. The dimensional and 

volumetric measurements for the final 3D model will be also computed. Toolchain 

colorization module converts the mixture of 3D points which consist of non-colored LiDAR 

3D points and colored image-based camera 3D points to a dense colored 3D model using 

proposed Nears Neighbor Colorization (NNC) algorithm. Dimensional measurements are 

calculated using bounding box for the whole 3D point cloud while the volumetric 

measurements are calculated by two methods. The first method is structuring the convex 

hull and bounding of 3D point cloud and calculating its volume. The second method is 

bounding box volume calculation. At the end of the pipeline the user should have 3 main 
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outputs, high point density colorized sparse 3D model, dimensional and volumetric 

measurements for the object of interest. 

3.3 LiDAR 3D sparse model generation  

       3D LiDARs are used in many industries and deployed in several applications as 

meteorology, reconstruction, object recognition and classification. As a result, there is high 

diversity in 3D LiDARs market which leads to large variation in size, accuracy and 

robustness. In the proposed system Velodyne VLP 16 3D LiDAR is utilized for LiDAR 3D 

sparse model generation. This section will discuss VLP 16 sensor specifications, data 

acquisition, and LiDAR reconstruction algorithm.  

3.3.1 Data acquisition 

    Velodyne 3D LiDAR (VLP 16) is the 3D sensor utilized in the proposed system during 

experiments and analysis. The VLP 16 LiDAR, as shown in Figure 3.5, is a lightweight 

3D LiDAR with small physical dimensions of 7.1cm height and radius of 5.1cm. It has its 

own internal processor and network interface, these two features put the VLP 16 into 

intelligent sensors category. The data is provided through an ethernet connection using 

UDP, the settings and configurations of the sensor can be modified using HTTP web 

interface or by sending commands over TCP. The sensor has a rotating platform that 

rotates around its vertical axis and provides 360 degrees of coverage in the horizontal field 

of view with a variable rotation rate from 5 Hz to 20 Hz, horizontal resolution depends on 

the rotation frequency.  
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3.3.1.1 LiDAR parameters 

    VLP 16 consists of 16 vertical firing planes (emitter/receiver), as shown in Figure 3.6, 

with 30 degrees vertical field of view (FOV) which has a range -15° to +15°. Between every 

two adjoining firing planes there is angle of 2 degrees (Angular resolution), also It uses 

proven Class 1 eye-safe 905 nm laser technology. VLP 16 has a range of 100 meters and 

can generate up to ~600,000 points/second in dual return mode and ~300,000 

points/second in the single return mode, in both modes the set of 3D points generated by 

the LiDAR is called 3D point cloud.  

 

     Vertical resolution is given by the following equation: 

 
𝑣𝑟 =

2𝜋

𝑝𝑝𝑟
=

2𝜋. 𝑓

𝑝𝑝𝑠
 (3.1) 

Figure 3.5 VLP 16 LiDAR 
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     Where 𝑣𝑟 represents the vertical resolution in rad/points, 𝑝𝑝𝑟 is the number of points 

per rotation in one firing plane, 𝑓 is the rotation frequency in Hertz and 𝑝𝑝𝑠 is the points 

per second. VLP 16 specifications can be found in Table 3.1 

 

 

Number of beams 16 

Measurement range <100 m 

Typical accuracy 3 cm 

Rotation rate 5-20 Hz 

Field of view (vertical) 30° (+15° to -15°) 

Beam separation (elevation angle) 2° 

Beam elevation angle accuracy ±0.11° 

Field of view (azimuth angle range) 0°-360° 

Azimuth angle accuracy ±0.01° 

Table 3.1 VLP 16 specifications 

 

 

 

 

 

 

Figure 3.6 VLP 16 firing planes 
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3.3.1.2 LiDAR positioning 

    VLP 16 has two different fields of views which are horizontal and vertical FOVs, 

therefore sensor position on a vehicle will have a great impact on the shape of the point 

cloud generated. As shown in Figure 3.7, the LiDAR has two possible mounting 

configurations, horizontal and vertical mounting. Horizontal mounting is the most utilized 

position in autonomous mobile robots. This is due to the need to take the advantage of 

the 360° horizontal field of view which offers a great surveying capability to detect and 

classify different objects and obstacles. The horizontal mounting is also beneficial in terms 

of 3D reconstruction since it facilitates the registration of 3D point clouds which will be 

explored in proceeding sections. It should be taken into consideration that although 

horizontal mounting is highly recommended in perception tasks in unknown environments, 

however, there is a disadvantage which is the lack of ability to scan tall structures due to 

the limited vertical FOV. 

 

Figure 3.7 VLP 16 different mounting modes 
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    Vertical LiDAR mounting has also its own set of applications, UAV or aerial based 

applications mostly utilize LiDARs in a vertical position. The reason behind this utilization 

is the ability to scan large areas taking advantage of the aerial vehicle altitude. Another 

trade-off arises in terms of 3D point cloud quality, which is lowered dramatically with the 

increase of altitude. It becomes scanning area versus accuracy trade-off. This mounting 

method is utilized to generate DTM (Digital Terrain Model), DSM (Digital surface model) 

or both. 

3.3.1.3 Environmental effects 

     Reconstruction and perception in unknown environments require high sensor 

robustness towards environmental effects. VLP 16 is characterized by special physical and 

safety features that serve in continuous sensor operation even in relatively extreme 

environmental conditions. The VLP 16 has an IP67 NEMA rating, so it has full protected 

against solid objects as dust and sand, also it has been tested to work at least 30 minutes 

while under 15cm to 1m of water. In addition, it also has a wide range of operating 

temperature which starts from -10°C to +60°C.  

 

    The NEMA rating combined with the wide range of operating temperature allows the 

sensor to operate normally in several severe environments. However, environments which 

has smoke or particles floating in air can lead to reflection of the laser beams which can 

cause reconstructing false 3D points. The VLP 16 has different return modes which are 

last return, strongest return, and dual return, in environments which has clear and clean 
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air strongest return is always used for reconstruction task, but in environments which 

suffer from smoke or air particles last return is mostly utilized. 

3.3.2 Data acquisition 

    In a conventional reconstruction task, VLP 16 generates a large amount of data at each 

second, which leads to high data throughput. The data acquisition section will address a 

number of aspects in the proposed reconstruction system using VLP 16. Data format will 

be discussed, also the hardware interface that will be capable to process and store the 3D 

point cloud. In addition to discussion of sensor software interface and data delivery to the 

ground station. 

3.3.2.1 VLP 16 interface 

    VLP 16 hardware interface over Ethernet in real-time in the form of UDP packets. As 

shown in Figure 3.8, in the proposed configuration the LiDAR is connected to Velodyne 

interface box. The interface box is the main hub that is responsible for connection and 

power delivery. A laptop is connected via Ethernet connection allowing sensor setting 

Figure 3.8 T-UGV (A) 3D LiDAR vision module physical connections 
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configuration through an HTTP web interface, VLP 16 can be interfaced with several OS 

as Windows, Mac, and Linux.  The interfacing laptop and Velodyne interface box are 

connected to AC to DC adapters, both adapters are power supplied from a portable 

onboard battery with 120 V AC output. 

 

     VLP 16 sensor settings interface is accessed over HTTP web interface generated by 

the VLP 16 which allows feasible and fast control over the sensor configurations. The user 

can control the operation of the laser, control the return type, also it feasible to modify 

the LiDAR motor RPM up to 1200 RPM. PPS and GPS related settings can be also 

configured in case the need of GPS time stamp. The interface also offers to change the 

networking settings as IP Address and MAC address which is beneficial for multiple sensor 

configurations. During modifying the sensor settings, it is applied over the sensor in real 

time. The system user can save the desired configuration even after a sensor reset or apply 

Figure 3.9 VeloView interfacing software 
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a one-time configuration that is erased after LiDAR shutdown. The HTTP interface offers 

other options as system information and diagnostics. One of the most important system 

information reported via HTTP interface is the sensor temperature. It allows real-time 

monitoring which is very beneficial in case of high-temperature environments. The interface 

also provides the capability of downloading a snapshot of the current 3D point cloud 

generated. 

    The on-board computer serves as a multipurpose interfacing device, its first usage is to 

configure the LiDAR system settings over HTTP interface and the second usage is hosting 

VeloView sensor interface software, shown in Figure 3.9. VeloView represents the second 

element in the VLP 16 software sensor interface. The software allows the system user to 

record the 3D point cloud data of different VLP models from a live sensor stream with 

real-time visualization. 3D point cloud data recorded can be saved in several formats 

according to the required task. It can be saved as a single snapshot or even a sequence of 

3D shots in one capture file. Furthermore, 3D dimensional measurements can be performed 

over the real-time point cloud with the ability to toggle between orthogonal and projective 

3D views. VeloView also provides some unique 3D point cloud handling options as point 

cloud cropping with the ability to select a subset of the points for further analysis for the 

selected subset. 

3.3.2.2 VLP 16 data format 

    3D point cloud is the main data output from the LiDAR, point cloud is a set of 3D 

points. VLP 16 generates the 3D points in spherical coordinates (R,ω,∝) and then convert 

it internally to cartesian coordinates (X,Y,Z). The captured data is saved in packet capture 
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format which is called (PCAP). VLP 16 data are transferred in the form of packets, there 

are two types of packets generated by the sensor: Data packets and Position packets. 

Position packets are also referred to as telemetry or GPS packets.  Data packets contain 

3D data measured by the LiDAR along with the calibrated reflectivity of the surface which 

the light pulse fall on. The data packet also contains a set of azimuths and 4-byte 

timestamp. Furthermore, there is two factory bytes inside the data packet identifying: the 

model of the sensor and the laser return mode. The model and laser return mode 

information are important to allow the interfacing software to make an automatic 

adjustment to various data formats from different VLP sensors. Position packets contain 

a copy of the last NMEA messaged received if the sensor is configured to synchronize with 

a GPS time source. The position packets also provide a byte identifying the state of the 

Pulse Per Second (PPS) signal for synchronizing with a time source.  

3.3.2.3 Data delivery to ground station 

     3D model reconstruction in unknown environments requires the ability to control, 

visualize and record sensor data wirelessly without the need of wired connection. The on 

board laptop and ground station are connected to a dedicated Wi-Fi network (1). 

TeamViewer desktop sharing and remote-control software is installed on both sides to 

allow the system user to visualize and configure the LiDAR. In addition, TeamViewer 

allow remote file transfer of captured PCAP file from the on-board computer to the ground 

station. 
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3.3.3 Point cloud registration and processing 

    The process of 3D reconstruction using 3D LiDAR has several stages which should be 

applied sequentially for a successful 3D point cloud sparse model generation. The previous 

sections discussed the data acquisition system in the proposed system in order to acquire 

correct and representative 3D raw data. Point cloud registration and processing is the 

proceeding step which responsible for the core operations for acquiring a sparse 3D point 

cloud model. In this section coordinate systems for several elements will be defined, point 

cloud registration will be discussed along with the applied data postprocessing operations 

and the effect of dynamic objects on the 3D reconstruction results will be examined.  

3.3.3.1 Coordinates and definitions 

    Several coordinates and definitions should be defined in order to facilitate the following 

up during each operation applied over the point cloud data and to have more 

understanding of the inputs and outputs of each step. As a convention, we will use right 

subscript 𝑐, 𝑐 ∈ ℤ+ to identify the scan number of arbitrary point cloud and 𝑃𝑐 to indicate 

𝑡𝑐+1 𝑡1 

𝑻𝒄+𝟏
𝑳  

Figure 3.10 LiDAR and World coordinates in the proposed system. 
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the point cloud acquired during a arbitrary scan 𝑐, right uppercase superscription will be 

used to indicate the coordinate systems. 

 

  Let identify coordinate systems and system variables according to the defined convention: 

• LiDAR coordinate system {𝐿} is a 3D cartesian coordinate system, shown in 

Figure 3.10, and its origin is the geometric center of the VLP 16 sensor. The 𝑥-

axis is pointing to the right, the 𝑦-axis is pointing forward and 𝑧-axis is pointing 

upward. The coordinates of point 𝑟𝑖 , 𝑟𝑖  ∈ 𝑃𝑐, in {𝐿𝑐} are denoted as 𝐻(𝑐,𝑟𝑖)
𝐿 , 

where 𝑖 is the point order, 𝑖 ∈ ℤ+. 

• World coordinate system {𝑊} is a 3D cartesian coordinate system coinciding 

with {𝐿} at the initial position. The coordinates of point 𝑟𝑖 , 𝑟𝑖  ∈ 𝑃𝑐, in {𝑊𝑐} 

are denoted as 𝐻(𝑐,𝑟𝑖)
𝑊 . 

• Timestamp 𝑡 is the time stamp in seconds for every point cloud 𝑃  at each 

arbitrary scan 𝑐. Initial time stamp is denoted as 𝑡1 while the time stamp of 

point cloud 𝑃𝑐 is denoted as 𝑡𝑐. 

• Object of interest 𝑄 is a sett of 3D points which represents the object of 

interest, shown in gray in Figure 3.10, where at scan 𝑐, 𝑄𝑐 ⊂ 𝑃𝑐 at time stamp 

𝑡𝑐. 

• Point cloud transformation 𝑇  is the 6 Degree of freedom rigid transformation. 

A rigid transformation between the point cloud 𝑃𝑐 and the next point cloud 

𝑃𝑐+1 will be denoted as  𝑇𝑐+1
𝐿  
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3.3.3.2 Point cloud registration  

    Point cloud registration and processing is the core process of the LiDAR-based 3D 

reconstruction, in the proposed system the point cloud registration process can be 

defined as: 

• Given a sequence of point clouds 𝑃  where 𝑃𝑐 is an arbitrary point cloud in this 

sequence , 𝑐 ∈ ℤ+, minimize 𝑑𝑖𝑠𝑡(𝑇𝑐+1
𝐿 (𝑃𝑐+1), 𝑃𝑐) where 𝑇𝑐+1

𝐿  is the 6 degrees of 

freedom spatial rigid transformation in 𝑆𝐸(3) between the most recent point cloud 

𝑃𝑐+1 at scan c+1 and the previous point cloud 𝑃𝑐 at scan c, and 𝑑𝑖𝑠𝑡 is a distance 

metric, also 𝑇𝑐+1
𝐿 (𝑃𝑐+1) can be denoted as 𝑃𝑐+1

′ . 

 

    Local point set registration which depends on proximity of neighboring points is utilized 

in the proposed system, which mainly depends on Iterative Closest Point (ICP) algorithm. 

The ICP algorithm rely on an iterative paradigm for finding the least squares rigid 

transformation which minimize the distance between two-point cloud sets. Traditional 

implementations of ICP suffers from several drawbacks as its tendency to diverge if the 

initial alignment is not good. This makes it prone to stuck in a local optimum, also it is 

highly sensitive to noise and outliers. Several ICP implementations were tested to verify 

its accuracy and convergence, most ICP implementations had a common workflow which 

is shown in Algorithm 1. 
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    Although ICP has many variants, most of these variants share the same fundamental 

iterative fashion which should converge to a minimum, hopefully, a global minimum. The 

registration processing time using ICP is dependent on several factors as the number of 

points, initial alignment, and nature of the scene acquired using the LiDAR. Robotic arm 

shown in Figure 3.11, was used to test different ICP algorithms in order to select the most 

robust implementation to embedded in our proposed system for point cloud registration. 

Total number of 100 scans were acquired for the robotic arm. However Global ICP, Glira 

et al. [75], failed completely to register any point clouds generated. Taking into 

consideration that point clouds were acquired from a teleoperated ground vehicle which 

rotated in a circular path around the robotic arm. It was required to calculate both 

translational and rotational transformations between different scans which Global ICP 

didn’t compute correctly. Chen et al [76]. ICP implementation was also tested. It can be 

observed from Figure 3.11, that the registration was satisfactory as long as we are 

reconstructing a sequence of point clouds which are less than 10-point clouds. A 15 point 

Algorithm 1:  Iterative Closest Point (ICP) 

1 Input: Point cloud 𝑃𝑐 and 𝑃𝑐+1  

2 Output: Transformed point cloud 𝑇𝑐+1
𝐿 (𝑃𝑐+1) or 𝑃𝑐+1

′  

3 Begin 

4   for a number of iterations do 

5   for point 𝑟𝑖 in 𝑃𝑐+1 do 

6         

Estimate the combination of rotation and translation using a distance metric minimization 

(i.e. root mean square) in order to converge reaching to align 𝑃𝑐+1 with 𝑃𝑐. This step may 

involve weighting points and rejecting outliers prior to alignment. 

7   end 

8   Transform 𝑃𝑐+1 using the obtained transformation to obtain 𝑃𝑐+1
′  

9         end  

10   end  
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cloud the robotic arm shape was deformed showing a complete misleading 3D 

representation due to the incorrect registration.  

 

     To overcome the different drawbacks of ICP discussed earlier, several key-points 

enhancements which can be introduced to every step of the ICP were investigated in order 

to increase its robustness: 

1. Selecting and weighting 𝑃𝑐+1 points 

2. Find corresponding points based on features  

3. Rejecting certain correspondences 

4. Error metrics  

5. Minimization 

    Feature-based point registration with nonlinear optimization was selected to be 

embedded in the proposed system. The approach enhances multiple aspects of the key-

points mentioned. LiDAR Odometry and Mapping (LOAM) is a registration and odometry 

technique developed by Zhang et al [77]. The algorithm can estimate odometry and 

construct a map simultaneously. Previous methods tested faced the same misregistration 

issue as it was based only on iterative registration technique which tries to reduce the 

Figure 3.11 Illustration for mis-registration occurred to robotic arm point cloud 

N = 2 N=7 N=11 N=15 
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distance between two surfaces according to a specific distance metric. LOAM technique 

achieves accurate registration with low-drift and low computational complexity without 

the need accurate LiDAR measurements due to its dependency on feature-based 

registration. 

 

    The LOAM registration algorithm is composed of two algorithms which operate 

simultaneously, one algorithm performs odometry at a high frequency and the other 

algorithm runs at a lower frequency to apply for matching and registration. According to 

Figure 3.12, LOAM algorithm is divided into 4 stages:  

1. Feature extraction: where distinctive features in the incoming point clouds 

are computed, planes and edges are the main features of interest where for 

each point a value e is computed, which is a term proposed by Zhang to be 

able to have a distinction between a plane and an edge: 

 

 
𝑒 =

1

|𝑆|. |𝐻(𝑐,𝑟𝑖)
𝐿 |

  ‖ ∑ (𝐻(𝑐,𝑟𝑖)
𝐿 − 𝐻(𝑐,𝑗𝑖)

𝐿 )
𝑗∈𝑆,𝑗≠𝑟

 ‖ (3.2) 

Figure 3.12 Block diagram for LOAM algorithm [77] 
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Where subset point cloud S is ⊂ 𝑃𝑐+1 and 𝑗 is the closed neighbor for point 

𝑟 in 𝑃𝑐, a threshold value of 𝑒 is predetermined according to the sensor 

type, if 𝑟𝑖 > 𝑒 then 𝑟𝑖 ∈ edge or line and if 𝑟𝑖 < 𝑒 then 𝑟𝑖 ∈ plane. 

2. Laser odometry (~10 Hz): scan-to-scan odometry is estimated using strong 

features computed in (1) 

3. Laser mapping (~1 Hz) and transform integration is the main step of 

interest that provides robust alignment to the 3D point clouds, all 

features extracted are registered with the latest odometry estimate and 

the registration is performed.  

 

Figure 3.13 VLP 16 point cloud output 
Figure 3.14 Feature extraction 

in a 3D scan 
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    In the proposed system the registration module utilizing LOAM was used for VLP 16 

point cloud registration. It must be noted that the non-uniformly distributed point cloud 

produced from the sensor increase the probability of misregistration. As shown in Figure 

3.13, we can observe the circular pattern of point clouds around the vehicle on the ground, 

in case the movement happened between 𝑃𝑐+1 and 𝑃𝑐 is smaller than the VLP 16 resolution 

(3 cm) then the circular pattern can cause a bias in ICP algorithm. The bias leads to 

registration of the circular patterns instead of registering the whole surrounding 3D point 

cloud. As shown in Figure 3.14, registration base on features, lines and planes, as applied 

in our system using LOAM algorithm, is very beneficial in terms of reducing the complexity 

of the registration process. As it lowers the number of points per point cloud and removes 

the tendency of bias over circular patterns in VLP 16 in case of small movements. 

 

     

    Distance metrics can be based on 3 different methods in ICP, point-to-point distance 

metric, point-to-plane distance metric, and point-to-line distance metric. Registration 

Figure 3.15 Comparison between different optimization techniques 
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module in our system utilize LOAM algorithm for computing the distance metric according 

to the latter two methods. The choice of a certain distance metric influences our least 

square minimization method. As only point-to-point base methods have a closed form 

solution while other methods require non-linear optimization methods. Several non-linear 

optimization methods could be used as Gradient descent, Gauss-Newton (GNA) or 

Levenberg-Marquardt (LM) method for optimization. The latter was used in our proposed 

system using LOAM. The LM algorithm combines different features of the other two 

methods. Gauss-Newton method converges very quickly unless the initial solution is far 

off, while Gradient descent (with line search) never diverges. The LM algorithm 

interpolates between GNA and the method of gradient descent. Hence LM can find a 

solution even if it starts very far off the final minimum. As shown in Figure 3.15, it can 

be observed that gradient descent-based methods are the most memory efficient but the 

slowest compared to all other optimization techniques. LM algorithm is the fastest in terms 

of speed but it the most memory consuming optimization algorithm. 

     The outcome of the registration process is a set 𝑃̅  where: 

 

 𝑃̅ =  {{𝑃1
′}, {𝑃2

′}, {𝑃3
′}… {𝑃𝑁

′ }} (3.3) 

 

Where: 

• 𝑃1
′ is the same as 𝑃1 which is  the set containing 3D points of the initial or reference 

point cloud, where each 3D point 𝑟𝑖 coordinates expressed as 𝐻(𝑐,𝑟𝑖)
𝑊  which coincide 

with 𝐻(𝑐,𝑟𝑖)
𝐿 , and c is an arbitrary scan which has a range from 1 to 𝑁 . 
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• 𝑃2
′ …𝑃𝑁

′  are subsets 𝑃̅ , each containing aligned 3D points of the point clouds 

processed by the registration module where the coordinate of each point can be 

expressed as 𝐻(𝑐,𝑟𝑖)
𝑊  after the registration process. 

• 𝑁 is the order of the last acquired aligned point cloud set 𝑃𝑁
′  

3.3.3.3 Point cloud postprocessing  

    Several post processing steps are needed in order to denoise and crop the object of 

interest. The point cloud post-processing module consists of 3 main procedures: 

1. Denoise all point clouds contained in the set 𝑃̅  to obtain set 𝐸, where 𝑃̅  is 

the set of aligned point clouds which contain noise obtained in the previous 

section  

2. Merge all subset point clouds in 𝐸 to obtain single representative point 

cloud 𝐸′ 

3. Crop the object of interest from 𝐸′ to get a point cloud 𝑄 which is a set 

containing a group of 3D points representing a single object of interest 

 

    LiDAR point clouds can suffer from noisy measurements due to different factors. 

Environmental factors can play a role as in rainy environments where water droplets can 

cause reflection of the light. Environments that can contain heavy smoke can also cause 

different level of smoke reflectance according to the smoke density. Also, the presence of 

LiDAR in an environment which contain surfaces with high reflectivity, as mirrors, can 

cause a considerable amount of false measurements. The false measurements can appear 

in the form of noisy 3D points. The presence of LiDAR in an environment which contains 



48 

 

large glass structures can cause false reflectance that leads to the same noisy measurements 

issue. The motion of the vehicle hosting the LiDAR can lead also to some noise due to the 

rolling shutter effect of the 3D LiDAR, however, this issue can be avoided by reducing the 

speed of the vehicle during 3D scanning. As shown in Figure 3.16, 3D points can be 

observed floating in the scene without belonging to a specific structure, these points can 

be considered as point cloud noise or outliers. 

 

    Point cloud outliers form a set 𝑀 , where 𝑀 ⊂ 𝑃̅ , hence we can define 𝑀 as the set 

that contains outlier point cloud subsets from scan 1 to N: 

 𝑀 = {{𝑀1}, {𝑀2}, {𝑀3}… , {𝑀𝑁}}  (3.4) 

 

     Where 𝑀𝑁  , which is the last subset in 𝑀 , contains 3D points which have coordinates 

𝐻(𝑐,𝑟1)
𝑊  to 𝐻(𝑐,𝑟𝑞)

𝑊 , hence for any arbitrary point cloud 𝑐 

 𝑀𝑐= {𝐻(𝑐,𝑟1)
𝑊 , 𝐻(𝑐,𝑟2)

𝑊 ….𝐻(𝑐,𝑟𝑞)
𝑊 )  (3.5) 

Figure 3.16 Point cloud noise 
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   Where 𝑞 is the order of last outlier point 𝑟𝑞 in set 𝑀𝑐 of scan 𝑐, hence we can conclude 

that set 𝐸 is the difference between set 𝑃̅  and set 𝑀  

         𝐸 = 𝑃̅ − 𝑀  (3.6) 

 

    Statistical Outlier Removal (SOR) filter is applied for each point cloud subset 𝑃̅  to 

exclude the outliers from each point cloud scan. If we have a base point 𝑟𝑖 then SOR filter 

depend on a threshold 𝑇  to determine if 𝑟𝑖 ∈ 𝑀 or not, the threshold is defined as 

 

 𝑇 = 𝜇𝑑+∝.𝜎𝑑  (3.8) 

  
 

    Where 𝜇𝑑 is the mean of distances 𝑑𝑖, which is the average distance between the base  

point 𝑟𝑖 and 𝑘 nearest neighboring points, 𝜎𝑑 is the standard deviation of distances 𝑑𝑖 and 

𝛼 is a standard deviation multiplier, threshold, 𝑑𝑖 is defined as: 

 

 
𝑑𝑖 =

1

𝑘
∑𝐷𝑡

𝑘−1

𝑡=0

 (3.9) 

 

    Where 𝑘 is the total number of points to use for mean distance estimation, 𝐷𝑡 is the 

distance between the base point 𝑟𝑖 and 𝑘 nearest neighbor. SOR filter procedure is 
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explained in Algorithm 2, the algorithm needs 3 inputs point cloud 𝑃𝑐
′ , nearest neighbor 

count 𝑘 and standard deviation multiplier  ∝. For each point in point cloud 𝑃𝑐
′ the average 

distance between the current point 𝑟𝑖 and 𝑘 nearest neighbors are computed and stored. 

After passing all points 𝑟𝑖, we need to compute threshold 𝑇  which is according to equation 

3.8, depend on 𝜇𝑑 and 𝜎𝑑. 

 

   Once 𝑇  is computed, the average distance 𝑑𝑖  for each point 𝑟𝑖 is compared to the 

computed threshold, if 𝑑𝑖 > 𝑇  then the corresponding point 𝑟𝑖 is eliminated from 𝑃𝑐
′ and 

𝑟𝑖 ∈ 𝑀𝑐. The elimination procedure continuous till reaching the last point in the point 

cloud 𝑃𝑐
′, the output of the filter is point cloud 𝐸𝑐, which is a noise free point cloud. 

 

Algorithm 2: Statistical Outlier Removal filter (SOR) 

1 Input: Point cloud set 𝑃𝑐
′, 𝑃𝑐

′ ⊂ 𝑃̅ , nearest neighbor count 𝑘, standard deviation multiplier  ∝ 
2 Output: Outlier-free point cloud set 𝐸𝑐 , 𝐸𝑐 ⊂ 𝐸  

3 begin 

4  Set standard deviation multiplier  ∝ 

5  Set nearest neighbor count 𝑘 

6  for number of points in 𝑃𝑐
′ do 

7   for 𝑘 nearest neighbors of the current point 𝑟𝑖do 

8         Compute the average distance 𝑑𝑖 between 𝑟𝑖 and the 𝑘 nearest neighbors  

9   end 

10         end  

11  Compute the mean 𝜇𝑑 of the distance 𝑑𝑖  

12  Compute the standard deviation 𝜎𝑑 of the distance 𝑑𝑖  

13  Compute the threshold value 𝑇    

14  for number of points in 𝑃𝑐
′ do  

15   if distance 𝑑𝑖 >  𝑇  do  

16    remove point 𝑟𝑖 from 𝑃𝑐
′  

17   end  

18  end  

19  return 𝐸𝑐  

20   end  
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    Obtaining noise-free point clouds is essential for proper measurements and visualization, 

which is performed during Step (1) in the proposed post-processing module. We need to 

have a single point cloud 𝐸′ that represent the whole scene instead of several point cloud 

sets, merged point cloud 𝐸′ is simply generated in step (2) as a result of adding all subset 

point clouds in 𝐸, hence we can define 𝐸′ as 

 
𝐸′ = ∑ 𝐸𝑘

𝑘=𝑁

𝑘=1

= {𝐻(𝑐,𝑟1)
𝑊 ,𝐻(𝑐,𝑟2)

𝑊 …. 𝐻(𝑐,𝑟𝑞′)
𝑊 )} (3.10) 

 

    Where 𝑞′ is the order of the last point 𝑟𝑞′ in point cloud set 𝐸′. Although merging step, 

step (2), in the post processing module is simple and straightforward but it is a very 

important procedure that decrease the time needed to acquire the object of interest 𝑄, 

without step(2) it will be required a laborious amount of time to extract 𝑄 from each 

individual point cloud scan 𝑃𝑐
′, which is not time efficient.  

 

    The final objective of the LiDAR-based reconstruction module is to obtain a 3D point 

cloud where all its points 𝑟𝑄 ∈ 𝑄, this is achieved through multi stage post processing, the 

final stage of this multi stage process is step 3, which is the selection of a subset 𝑄 of point 

cloud 𝐸′, where 𝑄 ⊂ 𝐸′. The selection process is done through manual selection of the 

object of interest, a group of points are specified as the points of interest by the system 

operator, these points are then selected and excluded from the 𝐸′ forming 𝑄′. Usually 𝑄′ 

includes the object of interest in addition to unnecessary ground points, further point 

selection is performed over 𝑄′ to separate the ground points from the object of interest. 
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At the end of step (3) in the post processing module 𝑄 is obtained, which contain 3D 

points which only represent the object of interest. 

 

    The acquirement of 𝑄 represent the final step in the both the postprocessing module 

and the whole 3D reconstruction module, the proposed system can successfully acquire, 

register, reconstruct and post process the point clouds in order to get a 3D model that can 

further be used in measurement and visualization purposes.  

3.3.3.4 Effect of dynamic objects 

    One of the tedious challenges in a reconstruction process in an unknown environment 

is the effect of the dynamic objects in the scene. These objects represent a challenge for 

most vision sensors not only LiDARs. In the scope of LiDAR-based reconstruction the 

effect of dynamic objects can affect the accuracy of the point cloud registration which can 

lead to false registration. Consequences of false registration were discussed in section 3.3.3.2 

and it was obvious that conventional implementations of the ICP is very sensitive to noise 

and prone to misalignment. This is due to its total dependency on reducing distance 

between nearest points based only on the assumption of nearest point correspondence.  It 

is not an inefficient approach in a dynamic environment where we have several objects 

moving around and in front of the teleoperated ground vehicl  hosting the LiDAR, in 

addition to dynamic objects moving in front of the object itself. 

 

    Feature-based registration was the solution to this problem. As described in section 

3.3.3.2, lines and planes are extracted in each point cloud and registration is then applied 
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taking into consideration the corresponding features for registration instead of depending 

on the nearest corresponding point. The dependency on features instead of points reduced 

the misregistration dramatically showing the low effect of dynamic objects that appear in 

the scene for a specific period. On the other hand, static objects that represent an occlusion 

can be handled with the system operator control over the vehicle to achieve a suitable 

point of view. 
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Chapter 4 

Image-based reconstruction and reconstruction toolchain   

        The objective of reconstruction is to acquire a 3D digital representation for a physical 

object (the 3D point cloud). The quality of reconstruction is assessed by measuring the 

error in physical properties between the reconstructed object and the real physical object. 

Different vision systems can produce a 3D or 2D point cloud and the choice of which vision 

system to use depends on the application and required accuracy. The nature of the 

reconstruction environment is an important factor in 3D reconstruction successfulness. As 

mentioned before, using LiDAR-based approach in environments with glass or mirror-like 

structures can lead to a failure in the registration process. While depending on the image-

based reconstruction can be not efficient in other environments as in low light 

environments.  The dependency on multiple sensor vision system is one of the possible 

solutions to increase the system robustness leading to more accurate 3D representations. 

To enhance the reconstruction process and reduce the possible environmental effects on 

the 3D reconstruction process, the proposed system utilizes two different vision systems. 

The 3D LiDAR and RGB camera, in the 3D reconstruction process.  

     

    In this chapter, different aspects related to image-based reconstruction are covered. 

Also, the mathematical camera model is explored along with the environmental effects 

that can occur to RGB cameras during data acquisition, followed by a more in-depth 

discussion of the RGB camera interface and data delivery to the ground station used in 
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this thesis. The basis of Structure from Motion (SFM), which is the core of image-based 

reconstruction we use, is reviewed with the main focus on the VisualSFM algorithm and 

post-processing toolchain developed. The last section of the chapter discusses the 

reconstruction toolchain that optimizes and enhance the output of LiDAR-based and 

imaged-based reconstruction methods. It also explains how both vision systems can be 

used for applying uncoupled point could alignment 

4.1 RGB Camera 3D model generation 

       RGB cameras are very popular imaging sensors and are embedded in most of today’s 

electronic devices. They are deployed in a variety of applications from simple snap and 

shoot imaging to complex image-based reconstruction. Although LiDARs can overlap in 

terms of deployment with RGB cameras in several applications, RGB cameras still have 

their own distinctive features: their size and cost efficiency. In this section several aspects 

are tackled starting with RGB camera parameters and configurations, data handling in 

terms of acquisition and delivery to the ground station, and finally, image-based 

reconstruction and Structure from motion. 

4.1.1 Camera parameters and configurations 

    Digital cameras have different parameters and configurations, which directly affect the 

appearance of an object in an image. In image-based reconstruction, good understanding 

of the camera parameters and suitable configurations enhances the image detail clarity. In 

this section camera parameters and configurations is discussed. 
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4.1.1.1 Camera specifications and parameters 

     The Canon T6 Digital Single-Lens Reflex (DSLR) camera is the RGB imaging camera 

used in the proposed system for experiments and analysis. An example of a DSLR used in 

this work is shown in Figure 4.1(a). This camera is generally considered relatively 

intermediate in terms of its physical properties with a weight of 1 Kg. However, when 

compare to other cameras under the DSLR category, it is considered relatively a light 

weight camera with physical dimensions of 129 x 101 x 78 mm. 

       

      It has an 18 Megapixel chromatic CMOS (APS-C) image sensor, as shown in Figure 

4.1(b). The sensor size determines the how much of the observed scene could be acquired 

in an image format. The Canon’s T6 APS-C sensor size has a 1.5x crop factor compared 

to the full frame sensor format. APS-C featured cameras are always characterized by their 

relatively light weight and cost efficiency compared to full frame cameras. The Canon T6’s 

sensor is a Complementary Metal Oxide Semiconductor (CMOS) sensor. This sensor type 

has a faster performance with less noise if compared to Charge-Coupled Device (CCD) 

Figure 4.1 (a) DSLR camera (b) Different sensor types corresponding crop factor 
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sensors. Also, CMOS sensors are usually smaller in size, increasing the DSLR camera 

portability. The other camera specifications are listed in Table 4.1. The choice of using a 

DSLR in the image-based reconstruction module was due to the powerful control over all 

exposure parameters, these parameters can be explained visually through the exposure 

triangle.  

 

 

 

 

 

 

 

 

Resolution 18 MP 

Sensor size APS-C 

Sensor type CMOS 

ISO 100 - 6400 

Aperture (18-55mm lens) 𝑓/2.5 𝑡𝑜 𝑓/22 
Autofocus system 9 points AF 

Image stabilization Available 

Field of view (Horizontal) 64° (18-55mm lens) 

Field of view (Vertical) 45° (18-55mm lens) 

Connectivity Wi-Fi and NFC 

Table 4.1 Canon T6 specifications 

Figure 4.2 Exposure triangle 
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    The exposure triangle, shown in Figure 4.2, consists of 3 main elements ISO, aperture 

and shutter speed. The ISO is a measure that describes the level of the sensor sensitivity, 

the T6 DSLR has an ISO range 100-6400. Low ISO leads to lower frame brightness and 

lower level of noise while higher ISO leads to higher frame brightness and a higher noise 

level. Balancing the ISO value is very important in case of 3D reconstruction as both dim 

and extremely bright images are not suitable for feature extraction which will be later 

discussed. Aperture is the second element in the exposure triangle. The aperture value 

describes how wide is the opening of the lens, the aperture value is described by an F-stop 

number which is inversely proportional to the lens opening size, i.e. 𝑓/1.4 is very wide 

aperture while 𝑓/22 is a narrow opening aperture. 

 

    Controlling the aperture value is vital during image data acquisition as the aperture 

has two significant effects on the image frame. An aperture with F-stop 𝑓/1.4 can lead to 

increased frame brightness but at the same time it results in a shallow depth of field which 

makes it hard to focus on the object of interest while the T-UGV is moving. On the other 

hand, high F-stops 𝑓/22 increases the depth of field which increases the assurance of 

sharpness in the image footage, but it will reduce image brightness significantly. The T6 

DSLR has a standard kit lens which has an aperture range of 𝑓/3.5 to 𝑓/22. During the 

experiments, the aperture value was selected to maximize the sharpness of the scene, 

facilitate focusing on the object of interest, and finally control the brightness level in the 

scene to an intermediate level. It was concluded that balancing the aperture value was 

important to gain both sharp details with a reasonable amount of brightness. 
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    Shutter speed represents the last element of the exposure triangle. The shutter speed is 

measured in seconds or fractions of seconds, and it represents the time taken to expose the 

image sensor to the light. The shutter acts as a blocking element that blocks the light from 

the sensor for most of the time and opens for a specific amount of time, the shutter time.  

 

    The shutter speed has its own significance over the frame appearance. Similar to the 

other two exposure triangle parameters, varying the shutter speed value affects the level 

of brightness in the image: High shutter speeds imply small time of sensor exposure, leading 

to low amount of input light and also preventing the occurrence of motion blur. On the 

other hand, low shutter speeds imply big time of sensor exposure, leading to an increase 

in the amount of input light, and also increasing the probability of having motion blur in 

the image. This, in turn, leads to a decrease in sharpness of the image details. The Canon 

T6 has a wide range for shutter speed, 1/4000 seconds to 30 seconds.  

 

     While most 3D reconstruction tasks are made in daylight, the shutter speed range in 

T6 allows acquisition even in low light situations. It can be concluded that each element 

of the exposure triangle contributes to the image brightness level, but each of them has a 

different side effect. The Canon T6 shows on screen the value of each exposure parameter 

to facilitate their adjustment.  In this section, each parameter is discussed in order to 

provide a good understanding of the camera parameters and the significance of each 

parameter on the acquired image.  
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4.1.1.2 DSLR camera positioning 

 The Canon T6 has two fields of views (FOV), horizontal and vertical. The choice of the 

FOV must be taken into consideration during image data acquisition as the impact of the 

DSLR camera positioning has an effect on the visual features that appear in the image 

frame and also likelihood of full coverage for the object of interest in each scene. Landscape 

and portrait modes are the standard modes for capturing a scene in photography and they 

correspond to horizontal and vertical image acquirement respectively. Two images taken 

from the same location and perspective are shown in Figure 4.3 to show the difference in 

the scene for both modes. 

 

   The shooting mode selection depends on the nature of the object of interest, but it is 

always beneficial in image-based reconstruction to include as many objects of interest 

Figure 4.3 Two different image capturing modes: Portrait mode (left) and Landscape mode (right) 
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visual features as possible for better 3D shape estimation. In the proposed system, both 

shooting modes can be used according to the shape and height of the object of interest. It 

should be noted that horizontal mounting in case of LiDAR is recommended due to various 

factors, one of the most impacting is the high probability of correct point cloud registration 

in horizontal mode compared to vertical mounting mode. In image-based reconstruction, 

the process of obtaining a 3D sparse model does not depend on registration and geometric 

transformation between point clouds. However, the SFM algorithm uses visual features in 

the scene to acquire a sparse 3D model. DSLR cameras are also used for monitoring the 

environment for safer navigation, hence for each T-UGV, a T6 DSLR was fixed in the 

front of the vehicle in order to give the system operator in the ground station a live feed 

via Wi-Fi for the surrounding environment. 

4.1.1.3 Environmental effects 

       Vision sensors are prone to several environmental effects that can affect the acquired 

data. These effects can change the way an object is represented in an image or even disturb 

the normal camera operation during data acquisition. The Canon T6 has intermediate 

durability in extreme environmental conditions, its range for operating temperature is 0°C 

to +40°C, which is quite acceptable in several different reconstruction environments but 

puts a restriction in other environments characterized by extreme hot or cold conditions. 

Also, the Canon T6, similar to most DSLR, is not dust or waterproof, which also can 

represent another constraint during data acquisition in rainy or deserted environments. 

However, the operating temperature problem can be solved by using external cooling or 

heating units according to the environment. Also several commercial products are available 



 

62 

 

that can be installed on top of the DSLR to give it complete protection from dust or to 

make it water resistant. 

 

     Other conditions as high humidity can cause fogged lens which has a similar effect to 

the scene as static blur. That in turn reduces the sharpness of the image details leading to 

poor 3D reconstruction. Humidity effect also can lead to the presence of moisture inside 

the camera itself that could be destructive to the camera internal hardware. The Canon 

T6 can withstand humidity levels up to 85%, taking into consideration that the camera 

will not operate normally in higher humidity levels.  

 

    Environments with dense smoke were considered as a problem during data acquisition 

using LiDAR, however, the use of the last return mode was an acceptable solution for this 

kind of problem. The LiDAR is an active sensor that applies a light pattern to the 

surrounding environment for acquiring a point cloud. However, when tackling the same 

issue from an RGB camera perspective it must be understood that the RGB camera is a 

passive sensor that preserves an image for the scene by receiving the light beams reflected 

from external light sources. For the dense smoke environment, the object of interest is 

occluded resulting in the failure of 3D reconstruction. Use of different vision sensors 

enhances the system robustness since each sensor has its failure cases which can be 

compensated using the other vision system. 
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4.1.2 Data acquisition 

    Canon T6 acquire chromatic images up to 18 MP resolution, while 3D image 

reconstruction usually requires more than 2 images to produce a 3D sparse model with 

high point density, the number of images to be acquired is mainly dependent on the 

physical characteristics of the object of interest. In data acquisition section, a number of 

aspects are discussed in the image-based reconstruction data acquisition system using 

Canon T6, DSLR camera interface and supported data formats will be explored in addition 

to discussion of data delivery to the ground station. 

 

4.1.2.1 DSLR camera interface and data format 

          The sensor interface is one of the aspects that can enhance the user experience 

during the data acquisition stage, when it is user-friendly and gives the system operator 

the required level of control. The Canon T6 has very useful connectivity features with 

built-in Wi-Fi and NFC modules. The T6 can connect and transfer images to smartphones, 

printers or even other digital cameras. In the proposed system, the T6 is connected to a 

smart device using Wi-Fi, which is used for file transfer. The Canon Camera Connect 

application also allows real-time footage visualization and transfer which is beneficial in 

terms of image-based reconstruction to keep track of the required object of interest and 

also in terms of road and environment monitoring using onboard monitoring cameras for 

safe navigation. 
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    The Canon T6 camera provides two methods of interfacing with the camera 

functionalities, the first method is through an LCD display assessed with a set of buttons 

and menus in the camera which provide full control over the exposure parameters, as 

shown in Figure 4.4. In the beginning of an image acquisition task, the interface allows the 

system operator to configure the exposure parameters, white balance, and mode of 

autofocus while observing the changes in real time over the scene.  The Canon Camera 

Connect application is the second interfacing method which features very powerful wireless 

control features over the T6, it provides full control over the exposure parameters and 

real-time footage preview wirelessly using a Wi-Fi network that is generated from the 

camera and any smart device can connect to this Wi-Fi network using a predefined 

password. Wireless control of the camera is beneficial in different situations such as when 

there is the need to refocus the T6 over the object of interest or to reconfigure the camera 

parameters to fit the scene conditions. 

 

Figure 4.4 Canon T6 configurations interface 
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    The T6 offers multiple options for image resolution selection with a maximum resolution 

of 18 MP. It also supports image acquisition in multiple formats such as JPEG, which is 

the format used in the proposed system, and RAW formats. The camera is powered by a 

rechargeable battery pack, the battery pack can last up to 2 hours of DSLR usage which 

is sufficient for most 3D reconstruction tasks. 

 

4.1.2.2 Data delivery to the ground station 

      The ground station is used to monitor and receive the footage data acquired during a 

reconstruction task. The VLP 16 required an onboard laptop to act as an intermediary 

linkage between the sensor and the ground station. The connection scheme between ground 

station smart devices and field cameras can be seen in Figure 4.5 . The field cameras are 2 

monitoring cameras, one camera on each T-UGV and a third camera on the T-UGV(B), 

which is responsible for image data acquisition. A dedicated Wi-Fi network is generated 

from each T6 camera while the live footage is displayed over the smart devices in real time 

in the ground station for monitoring and data acquisition purposes. Image data is saved 

in a chromatic JPEG format in a maximum resolution 18 MP, the images are sent to the 

smart device via Wi-Fi while another copy of the images is preserved as backup in the 

memory card inside the camera. At the end of each reconstruction task all the images are 

received at the ground station for processing. 
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4.1.3 Structure from motion reconstruction and processing 

        3D structures can be obtained from images using different approaches, Structure 

from motion (SFM) is one of the most used reconstruction methods. In the previous 

sections, image acquisition and delivery were discussed. The aim of the current section is 

to use the acquired images in order to obtain a sparse 3D model using SFM and post-

process the model to obtain a colored point cloud for the object of interest. The SFM 

pipeline is divided into several stages: feature extraction, feature matching, and geometry 

estimation. In this section, the main system variables and coordinate systems are defined, 

the SFM pipeline using the VisualSFM algorithm is explored along with the applied data 

post-processing operations. Finally the effect of dynamic objects on the 3D reconstruction 

results is discussed. 

4.1.3.1 Camera model 

    The identification of the camera parameters through a mathematical model used is 

beneficial to restore the 3D position of a point by recovering the effect of the optical lens 

of different kinds. This was not needed in the case of VLP 16 since 3D LiDARs capture 

Figure 4.5 Ground station to field cameras wireless connection scheme 
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the environments without using lens hence no distortion can happen to the object in most 

of the cases. The pinhole model is the simplest camera model, it is used in most computer 

vision applications. The model aids our system to perform camera projection which is the 

mapping from a 3D world to the 2D plane (Image plane), this projection operation is 

defined as follows  

     Where X is a 3D point in the scene represented in homogenous coordinates and ≡ 

means equality up to scale. Point p is the 2D representation for the 3D point on the 2D 

image plane, while λ is a scale factor.  3D and 2D points can be expressed in homogenous 

coordinates as follows 

 

 X = [𝑋 𝑌  𝑍 𝑊 ]𝑇  (4.2) 

 p = [𝑥 𝑦 𝑤]𝑇  (4.3) 

 

    The camera matrix P which allows the transformation from 3D world to the 2D 

image plane can be defined as  

 P =K [ RT  ]  (4.4) 

    

   

 λp   ≡  PX  4.1) 
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   Where K is 3×3 intrinsic parameters matrix/ As shown in Figure 4.6, the intrinsic 

matrix K is responsible for transforming a pixel from the retinal coordinates to the 

image coordinates, while R and T are the rotation and translation which transform 

world 3D points to camera frame. These values are also called the camera extrinsic 

parameters. Intrinsic parameters matrix K can be expressed as 

 

 

Where: 

• 𝑐𝑥, 𝑐𝑦  are the camera projection center coordinates 

 
K = 

[
 
 

𝑓𝑥 𝛼 𝑐𝑥

0 𝑓𝑦 𝑐𝑦

0 0 1 ]
 
  

 

(4.5) 

Figure 4.6 (a) pinhole projection model geometry (b) retinal coordinate to   image 

coordinates transformation utilizing matrix K 
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• 𝛼 is the camera skew parameters which is used to compensate for non-rectangular 

pixels. CMOS sensors which are utilized in the system proposed are characterized 

by rectangular pixels in its image plane, hence 𝛼 = 0. 

• 𝑓𝑥 is the focal length of the CMOS array in the x-direction 

• 𝑓𝑦 is the focal length of the CMOS array in the y-direction 

 

   The camera intrinsic parameters computation is done through a camera calibration 

process. The process consists of a checkerboard pattern with a known square dimension. 

Using the checkerboard pattern all the intrinsic parameters will be computed. An example 

of a checkerboard pattern is shown in Figure 4.7. 

 

 

Figure 4.7 Checkboard camera calibration 
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4.1.3.2 Coordinates and problem definition 

    Coordinates and variables related to image-based reconstruction should be defined in 

order to facilitate the following up during each operation applied over the image data 

acquired and to have more understanding of the inputs and outputs of each step. As a 

convention, we will use right subscript 𝑐, 𝑐 ∈ ℤ+ to identify the number of arbitrary 

acquired image, 𝐼𝑐 indicate the image acquired during an arbitrary shoot 𝑐, right uppercase 

superscription will be used to indicate the coordinate systems. 

 

   

 

 

Coordinate systems and system variables definition according to the defined convention: 

• RGB point cloud 𝑌   is a set of reconstructed 3D points computed from 2D 

features observed from a sequence of acquired images 

Figure 4.8 RGB camera and World coordinates in the proposed system. 
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• Camera coordinate system {𝐶} is a 3D cartesian coordinate system, shown in 

T6 camera imaging sensor. The 𝑥-axis is pointing to backward, the 𝑦-axis is 

pointing downward and 𝑧-axis is pointing to the right. The coordinates of the 

point 𝑋𝑖 , 𝑋𝑖  ∈ 𝑌𝑐, in {𝐶𝑐} are denoted as 𝐻(𝑐,𝑋𝑖)
𝐶 , where 𝑖 is the point order, 

𝑖 ∈ ℤ+. 

• World coordinate system {�̅�    } is a 3D cartesian coordinate system coinciding 

with {𝐶} at the initial position. The coordinates of the point 𝑋𝑖 , 𝑋𝑖  ∈ 𝑌𝑐, in 

{�̅�    } are denoted as 𝐻(𝑐,𝑋𝑖)
�̅�     

, where 𝑖 is the point order, 𝑖 ∈ ℤ+. 

• Object of interest 𝑄′ is a set of 3D RGB points which represents the object of 

𝑄′
𝑐

⊂  𝑌   

 

The main reconstruction process using images is SFM. In the proposed system the SFM 

algorithm can be defined as: 

• Given a group of RGB images 𝐼 where 𝐼𝑐 is an arbitrary image in this group , 𝑐 ∈

ℤ+,  detect the visual features in each image in 𝐼, match the extracted features 

between images in group 𝐼 then use the previous matched features to extract the 

3D location of the 2D matched point. 

 

Figure 4.8. The origin of the coordinate system is located at the geometric center of the 

interest, shown in gray in Figure 4.8, where at scan 𝑐, 



 

72 

 

VisualSFM is the structure from motion implementation adopted in the proposed system. 

According to the previous problem statement, the image-based reconstruction using SFM 

is divided into 3 sequential steps: 

1. Feature extraction  

2. Feature matching  

3. Geometry estimation 

4.1.3.3 Feature detection and extraction 

    Feature detection or extraction depends on a group of points in an image which are 

visually distinctive. As an example, an image of a blank white paper has low to zero 

features in it. Images acquired for an object interest consist of a group of visual features 

and the detection of the visual features facilitates finding corresponding 2D points from 

at least 2 views which allows the 3D geometry estimation of the corresponding 2D 

points. Increasing the size of the image set provides the VisualSFM algorithm with 

more correspondences for the same point which increase the accuracy of 3D point 

estimation. 

 

   Feature extraction is based on extracting visual information through describing 

image patches, each image patch is mapped into a feature vector which is called 

‘descriptor’. Different descriptors are available that can be used for point extraction 

and description. In the proposed system SIFT descriptor was utilized using SIFT GPU 

proposed by Wu [78]. The SIFT descriptor belongs to the affine invariant feature 

descriptors category, this category is characterized by its great feature matching 
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accuracies. Conventional CPU-based SIFT implementations have a drawback of 

relatively high features extraction processing time especially for large image sets. This 

drawback was eliminated by the use of the GPU-based SIFT implementation in our 

proposed system. 

4.1.3.4 Feature matching 

   3D point location estimation depends on observing the same point from different 

points of view. In the previous section distinctive visual points ‘features’ were extracted 

using SIFT-GPU.  Each image’s corresponding features were extracted and stored. A 

feature matching process is then required to find corresponding features between 

different images. The feature matching process represents a bottleneck for most of SFM 

algorithms as a brute force approach matches each feature 𝑘 in an acquired image 𝐼𝑐 

with all the features in the other acquired images. This approach is called full pairwise 

matching, which normally takes O(𝑛2) time for n input of images, which is extremely 

time consuming. That will increase the total reconstruction time in SFM. Another 

approach was used in our proposed system depending on the Preemptive Feature 

Matching proposed by Wu  [61] .  The proposed approach can reduce the pairs of 

images matching up to 95% while keeping sufficient good matches for 3D 

reconstruction. The proposed feature matching scheme is: 

1. Sort features of each image into a decreasing scale order 

2. Generate a list of pairs that need to be matched, it can be on all pairs or a 

subset of them 

3. For each image pair (parallelly), do the following: 
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(a) Match first ℎ features in both images  

(b) If the number of matches is smaller than 𝑡ℎ, return and skip the next 

step 

(c) Do regular matching and geometry estimation 

    Where ℎ is the parameter for the subset size, 𝑡ℎ is the threshold defined for the 

expected number of matches. Nearest neighbor algorithm with distance ratio is used 

for feature matching at stage (a). 

 

 

     

    The matching process can be further enhanced by a suitable vehicle navigation 

during the data acquisition stage. The camera view during data acquisition can play 

an important role in increasing the likelihood for more robust feature matching. It can 

be observed in Figure 4.9, that the convergent image capturing focuses on a specific 

area which leads to overlapping of features between multiple images. Having several 

correspondences in many scenes increases the robustness of the geometry estimation. 

Figure 4.9 Different methods to acquire images for reconstruction Convergent (left), divergent ( center), and parallel 

(right). 
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The other image capturing methods can be also used in case convergent capturing is 

not possible, but it may lead to less dense point clouds due to the lower overlap between 

views. 

4.1.3.5 Geometry estimation 

     The SFM algorithm enables the recovery of the world captured through images 

and also camera motion from point to point. In this work we will only focus on 3D 

reconstruction of points. 3D geometry estimation can be defined in a formal way as  

  Where X is the 3D location of a world point observed from two views, p and p′ are 

the projections on this 3D point into the image planes in two different views. The 3D 

geometry estimation problem can be defined as recovering P ′ and X. According to 

equation (4.4), the P matrix is composed of K [ RT  ]. The intrinsic parameters matrix 

K is obtained through the checkerboard camera calibration process discussed in section 

 p   ≡  PX (4.6) 

 p′ ≡  P ′X (4.7) 

Figure 4.10 Two-view geometry problem 



 

76 

 

4.1.3.1, hence the objective now is to extract the camera’s extrinsic matrix [ RT  ] 

which can be simplified to a two-view geometry problem. Assuming that we have two 

corresponding points from two different views p and p′, let x  and x′ be the left and 

right rays or vectors that intercept with both points respectively, where  

     

    The multiplication between [𝑡]𝑥 × R in Equation (4.9) is defined as essential matrix 𝐄, 

the equation for the essential matrix can be defined as  

      x ′  =  Rx + T (4.8) 

     T × x′ =   𝐓 × Rx + T × T  

                =   𝐓 × Rx 

 

     𝐱′. (T × x′) =   𝐱′. (𝐓 × Rx) 

                0 =  𝐱′. (𝐓 × Rx) 

                0 =  𝐱′. ([𝑡]𝑥 × Rx) 

 

 

(4.9) 

                0=   𝐱′T𝐄x (4.10) 

Figure 4.11 Illustration for the effect of image acquisition position on the uncertainty level during triangulating 

a 3D point. As the base line is smaller, the uncertainty in triangulation increase. The Epipole in the first case 

(left) is the most certain 
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   Equation (4.10) is called the epipolar constraint. Epipolar geometry is utilized to 

compute the 3D location for a point, which depends on the computation of the Essential 

matrix 𝐄. The computation aids to reconstruct the camera matrix relative to another 

camera. When using a mobile robot many uncertainties appear from using Epipolar 

constraints. This can be illustrated through Figure 4.11., The base line, which is the distance 

between image planes optical center, determines the level of uncertainty, as the base line 

increase, the uncertainty of point estimation decreases.  

 

    VisualSFM is an incremental SFM technique. It is known that incremental SFM 

methods are prone to drift and inaccuracy problems due to accumulated errors, image 

noise and many nonlinearities involved in the camera motion and 3D points estimation. 

Bundle adjustment is an algorithm that deals with this problem as a nonlinear 

minimization problem. The main objective of the bundle adjustment algorithm is the 

refinement of 3D points and camera parameters. The multicore bundle adjustment 

proposed by Wu [61] is used in our proposed system to enhance the speed of the nonlinear 

optimization process. In VisualSFM, the minimization problem is solved by using iterative 

nonlinear minimization least squares Levenberg-Marquardt (LM) algorithm, which was 

previously discussed in section 3.3.3.2. 

Figure 4.12 Bundle adjustment strategy proposed in VisualSFM [61] 
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    Bundle adjustment algorithm introduced in VisualSFM is enhanced in terms of its speed 

as it requires linear time 𝑂(𝑛) for applying the adjustment in most of its procedures. As 

show in Figure 4.12, the algorithm adds a single image at each iteration, then it runs either 

a full BA or a partial BA according to the user’s choice.  The next step is filtering the 

output, then a choice is made between continuing to the next iteration or making a re-

triangulation step based on the criteria proposed by Wu.  

   VisualSFM was used in our proposed system for image-based reconstruction for multiple 

reasons: 

1. The algorithm makes a good balance between speed and accuracy 

2. SIFT-GPU enhances the speed of the feature extraction process 

3. Preemptive feature matching enhances the speed of the matching process 

4. Proposed BA algorithm reduces the time complexity compared to other 

methods 

 

   The output of the VisualSFM is a point cloud 𝑌 , which consists of a group of 3D points 

in cartesian coordinates associated with the RGB value for each point, hence 𝑌  can be 

defined as 

 

 

 

          𝑌  = {𝐻(𝑐,𝑋0)
�̅�     

, 𝐻(𝑐,𝑋1)
�̅�     

, 𝐻(𝑐,𝑋2)
�̅�     

… 𝐻(𝑐,𝑋𝑖)
�̅�     

} (4.11) 



 

79 

 

4.1.3.6 Data post-processing 

     SFM using VisualSFM provides an RGB colored point cloud. Several post-processing 

steps are required to correct the scale of the point cloud, denoise the generated point cloud 

and to crop object of interest 𝑄′, hence the RGB point cloud post processing module has 

3 main procedures 

1. Scale the point cloud 𝑌  to obtain 𝑌̅  which has corrected metric scale 

2. Denoise point cloud 𝑌̅  to obtain denoised point cloud 𝑈 

3. Crop object of interest 𝑄′ from point cloud 𝑈 

 

      

    The proposed system depends on monocular cameras in 3D image-based reconstruction. 

It is known that images taken by monocular cameras suffer from scale ambiguity. The 

scale ambiguity issue leads to recovering of 3D points up to a scale. The problem can be 

illustrated using Figure 4.13. Assuming we have a cube of side length 𝑠 observed by camera 

𝐶 from distance 𝑥, this setup will result in a specific appearance for the cube in the camera 

Figure 4.13 Illustration for scale ambiguity  
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frame. If the setup is changed where the distance between the camera and the cube is 

halved and also the cube shrunk to half its previous volume, where 𝑥 changed to 𝑥/2 and 

𝑠 changed to 𝑠/2, it will be observed that the cube appearance in the new setup is similar 

to the old setup from the camera image plane perspective, although the dimensions of the 

observed object has changed. It can be concluded that the true scale using images cannot 

be recovered using only 1 monocular camera due to scale ambiguity  

 

   In the system proposed, the scale ambiguity problem can be solved by using a reference 

object, the reference object can be defined as an object with a pre-known scale that could 

be present in the environment of reconstruction or it can be induced into the environment. 

 

     

    As shown in Figure 4.14, a reference object, in blue, in the form of a cube with a pre-

known side length can be introduced in the environment to have a reference measure. The 

introduction to the cube can be done through human intervention if possible, by placing 

Figure 4.14 Illustration of reference object 
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the cube next to the object of interest. If human intervention is not possible due to an 

expected danger in the reconstruction environment then other methods could be used as 

using an UAV which place the reference object in the desired location or even install a 

robotic manipulator on the T-UGV that enables placing the reference object correctly. In 

the proposed system we will depend on human intervention in placing the reference object. 

The scale correction process can be defined formally  

 

 𝑌̅ = 𝛼𝑌  (4.12) 

   

    Where 𝑌  is the unscaled point cloud, 𝛼 is the scale correction factor and 𝑌̅  is the scale 

corrected point cloud, where 𝛼 can be defined as the ratio between pre-known cube side 

length 𝑠 over the cube side length 𝑠′ in the point cloud 𝑌  

 

 𝛼 =
𝑠

𝑠′
 

(4.13) 

    

   Image-based reconstruction can produce point clouds which have a considerable amount 

of noise, although the adopted methods in the system proposed tend to increase the 

certainty of 3D point geometry estimation through Bundle Adjustment optimization, a 

considerable amount of point cloud noise can be observed in all the reconstructed models 

similar to Figure 4.15. The Statistical Outlier Removal filter (SOR) is used to remove the 

noise from the RGB point cloud. SOR was introduced in section 3.3.3.3 to filter the LiDAR 

data and it will be reused for the RGB point cloud data as well. It is beneficial to revisit 
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3.3.3.3 for in-depth discussion and formulation. SOR filter is used to obtain a subset of 

point cloud 𝑌̅ , this subset represents point cloud 𝑈 , 𝑈 ⊂ 𝑌̅ ,  which has a reduced level of 

noise 

 𝑈 = 𝑌̅ − 𝐻 (4.14) 

    

    Where 𝐻 is a subset of point cloud 𝑌̅ , 𝐻 ⊂ 𝑌̅ , it contains all the expected outliers 

identified by the SOR filter. Cropping the object of interest 𝑄′ is the third and last step 

in the image-based reconstruction post processing module, the process aims to obtain a 

point cloud 𝑄′. 

 

  

    Which includes all the points relevant to the object of interest only, where 𝑄′ ⊂ 𝑈 . 

Point cloud 𝑈 is usually consisting of the 3D points that represent object of interest in 

addition to ground points and surrounding objects points. The cropping procedure extracts 

Figure 4.15 Illustration of 3D point cloud noise  
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the point cloud 𝑄′ only, which is used in several other processes as dimensional and 

volumetric measurements.  

 

    The acquisition of point cloud 𝑄′ is the last step of the image-based reconstruction and 

post processing modules, the proposed image-based reconstruction module allows the 

system operator to acquire images, generate 3D RGB point clouds, and post process the 

generated point clouds. The final output of the proposed system is an RGB scaled 3D 

model which can be used in various measurement and visualization purposes 

4.1.3.7 Effect of dynamic objects     

     Vision systems depend on various technologies to acquire the physical properties of a 

scene, however, most of these systems are prone to failure in case of occlusion. Dynamic 

and static objects are usually present in various environments and their effects were 

discussed previously in terms of LiDAR-based reconstruction which mainly depends on 

geometric transformation between different point clouds. However, image-based 

reconstruction depends on feature extraction from observed objects. Hence the most 

important aspect is the visibility of features across different images. 

 

      In the proposed system, features visibility was maintained through different 

procedures. The most important procedure is the correct data acquisition scheme. Several 

recommendations were stated to assure correct footage acquisition with the most features 

visibility during acquisition using a T-UGV. Also the VisualSFM preemptive feature 

matching proposed image selection criteria neglect the images with low feature 
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correspondences with the other image set. Low features correspondences can occur due to 

various reasons, and occlusion is one of them.  

4.2 3D Reconstruction toolchain  

        The reconstruction process consists of various procedures to acquire sparse 3D 

models. During the discussion of the proposed system several in-process details were 

explored which yielded several observations which represent some quality drawbacks that 

can occur at each stage. A novel 3D reconstruction toolchain is proposed that aims at 

increasing the quality assurance of the images used in the image-based reconstruction 

through multiple preprocessing procedures. Post-processing enhancements are also 

introduced to the 3D sparse model generated by the RGB camera and the LiDAR. The 

post-processing procedures aim to enhance the model quality by increasing the point 

density using the uncoupled point cloud alignment algorithm. Finally, model visualization 

is enhanced using the proposed Nearest Neighbour Colorization (NNC) algorithm which 

enhances the colored representation for the whole 3D model. In this section, the reader 

will gain a high level understanding of the toolchain through a macroscopic overview, 

which will be followed by a detailed discussion of each aspect of the proposed toolchain. 

4.2.1 Toolchain overview 

    The proposed toolchain is divided into two modules, the first one is the preprocessing 

module and the second is the post-processing module. Both modules are independent of 

each other. The module independency was considered an important feature of the toolchain 

as it allows every system user to use the best fitting modules according to the nature of 
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the reconstruction task. The preprocessing module is the first element in the toolchain. 

The module is completely dedicated to choosing the most candidate images for 3D 

reconstruction. As shown in Figure 4.16 the preprocessing module consists of two main 

algorithms: blur detection, and Structural Variation Assurance (SVA) algorithms. Blurry 

images consume time in feature detection and matching while not presenting enough visual 

features, hence excluding these images  reduces the computation time. The blur detection 

algorithm is used to detect and remove blurry images from the acquired image set. 

   Image replicas, i.e. highly identical images, are another common issue that occurs during 

the image data acquisition stage. These replicas are a good example of unnecessary footage 

that do not represent new visual information while increasing the computation time due 

to their involvement in feature extraction and matching processes. 

Figure 4.16 High level pipeline for the reconstruction tool chain. Toolchain core processes are placed in boxes with 

bold outlines, while possible system outputs are place in boxes with dashed outlines. 
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    The SVA algorithm is used to detect and remove images that do not introduce new 

geometric or visual representation relative to the other images. The algorithm contributes 

in lowering the computational time needed in the reconstruction process as it removes 

several image replicas from the footage.  It can also be controlled using a percentage 

threshold to remove images with high similarity to another image. Using both algorithms 

is an optional procedure depending on the nature of the data acquired and the environment 

of the reconstruction.  Each algorithm can be used independently or sequentially.  

 

    The post-processing module is the second division of the toolchain. This module consists 

of two algorithms which increase the point density in the model by performing an 

uncoupled point cloud alignment which enhances the visualization and the model quality. 

The output of this algorithm is a combined 3D model that can be fed into another 

algorithm , the Nearest Neighbor Colorization (NNC) algorithm. The NNC algorithm takes 

advantage of the colored point cloud generated in the image-based reconstruction and 

colorizes the LiDAR point cloud based on it. The algorithm is used sequentially after the 

uncoupled alignment and it serves to increase the point cloud visualization. 

4.2.2  Preprocessing enhancements  

    The preprocessing enhancements module consists of two main algorithms, blur detection 

algorithm and structural variation assurance algorithm. In this section both algorithms are 

discussed in detail. Also, in each section, performance and accuracy parameters are defined 

in order to be able to do a quantitative assessment. 
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4.2.2.1 Blur detection algorithm  

   The blur detection algorithm block diagram is shown in Figure 4.17. It requires two 

inputs which are raw images 𝐼 acquired for the object of interest and a subset of 𝐼 which 

are selected by the system operator and considered as blurry images. Let us define it as 

subset 𝐵, where 𝐵 ⊂ 𝐼 . Subset B is used to initialize the algorithm  

 

 

   The blur detection algorithm depends on the work of Pecho et al. [79] on measuring 

the variance of Laplacian in each image, where the Laplacian operator is defined as  

 

 
𝐿𝑎𝑝𝑙𝑎𝑐𝑒(𝑓) =

𝜕2𝑓

𝜕𝑥2
+

𝜕2𝑓

𝜕𝑦2
 

(4.15) 

  

   For each image, a Laplacian kernel is computed over each portion, the variance of 

Laplacian 𝒗 is computed for each image sample. As shown in algorithm 3, the blur 

detection algorithm takes two inputs which were previously mentioned, 𝐼 and 𝐵. The 

Figure 4.17 Blur detection algorithm block diagram 
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image subset 𝐵 contains blurry images, in most of the tested cases 10 blurry images were 

sufficient. 

 

 

    For each image in 𝐵, the variance of Laplacian 𝒗 is computed and sorted, after 

computing 𝒗 for each image in 𝐵, a number of sorted variances are stored where the 

number of variances is equal to the number of images in 𝐵. The median of the stored 

variances 𝒕 is used as a threshold, the variance of each image 𝐼 is compared to 𝒕. Only 

images with variance > 𝒕 are considered non blurry images which belong to the non-blurry 

image set ℎ′. 

 

Algorithm 3: Blur detection algorithm 

1 Input: Images acquired 𝐼 and image set  𝐵 

2 Output: Blurred images ℎ and non-blur images  ℎ′ 

3 begin 

4   for number of images 𝐵 do 

5   compute and store variance of Laplacian 𝒗 for each image in 𝐵  

6   sort 𝒗 values in ascending order 

9         end 

10  let threshold 𝒕 equal to the median of variances computed and sorted in step 5 and 6  

11   for number of images 𝐼 do  

12   compute 𝒗 for the current image  

13   if  𝒗 >  𝒕 do   

14    let the current image belong to ℎ′  

15   else do  

16    let the current image belong to ℎ  

17   end  

18  end  

19   end  
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    As discussed, if the blur detection algorithm is applied over 𝑁 number of images, this 

will yield two groups of image subsets ℎ′ and ℎ. The ratio between blurry images ℎ to 

the total number of images 𝑁 is defined as image rejection ratio 𝐼𝑅   

 

 
𝐼𝑅 =

ℎ

𝑁
 

(4.16) 

 

   The value of 𝐼𝑅 can be a great indication of the quality of image acquisition, as the 

wrong camera configurations, i.e. low shutter speed, combined with high speed vehicle 

movements can lead to motion blur which increase the image rejection ratio due to low 

visibility of the scene. Also the wrong choice of aperture can lead to a very narrow depth 

of field which results in difficulty in focusing on the object of interest. In order to obtain 

low 𝐼𝑅 values, the T-UGV should move with moderate speed along with choosing the right 

camera configurations in order to decrease the likelihood of having a blurry image.   

 

  The complexity of the blur detection algorithm is 𝑂(𝑛). The performance analysis for the 

blur detection method is assessed through two parameters. The first one is the total 

computation time 𝐵𝑡𝑜𝑡𝑎𝑙  consisting of several components such as threshold calculation 

time, threshold comparison time, image elimination time, and saving time. The second 

parameter is the accuracy of blur detection 𝐴 assessed through computing the confusion 

matrix 
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𝐴 =

𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

(4.17) 

 

  The parameters used in the blur detection algorithm (𝐼𝑅, 𝐵𝑡𝑜𝑡𝑎𝑙 and 𝐴) are beneficial for 

assessing the data acquisition quality, the computational efficiency, and the accuracy of 

the algorithm. 

4.2.2.2 Structural Variation Assurance (SVA) algorithm  

    Images replicas are identical images which have very high similarity. These types of 

replicas occur due to acquiring multiple images from the same location. During the image 

acquisition stages, the T-UGV is not continuously moving but it will rather be in standby 

mode for some time. This mode can occur when the system user does not give any control 

instructions to the vehicle. Different cases can prevent the system user from giving a 

control instruction using the remote controller, one of these cases is the reconfiguration of 

the sensor settings or when observing the surrounding environment through a monitoring 

camera in order to give correct control decision. The SVA algorithm aims to detect and 

remove image replica. It also allows to detect and remove images which are similar to other 

acquired images but not identical within a predetermine similarity percentage. The SVA 

algorithm contributes to reducing the computational time needed for feature extraction 

and matching by removing the images that do not add a considerable amount of visual or 

geometric variation. 
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   The algorithm depends mainly on an index proposed by Wang et al.  [80] , which is 

structure similarity index (SSIM). SSIM is a similarity metric that measures contrast, 

luminance, and structure information between two images. The output of SSIM is between 

-1 and 1. The output 1 indicates identical images while -1 indicates totally dissimilar 

images. The SSIM metric equation is defined as 

 

 

Where : 

• 𝜇𝑥 is the average of pixels values in the 𝑥 direction  

• 𝜇𝑦 is the average of pixels values in the 𝑦 direction  

• 𝜎𝑥
2 is the variance of pixels values in the 𝑥 direction  

• 𝜎𝑦
2 is the variance of pixels values in the 𝑦 direction  

• 𝜎𝑥𝑦 is the covariance of pixel values in the 𝑥 and 𝑦 direction 

• 𝑐1 and 𝑐2 is a variable included to avoid instability when the term 𝜇𝑥
2 + 𝜇𝑦

2 is very 

close to zero  

 

    The proposed SVA algorithm, shown in Algorithm 4, used the SSIM metric to 

iteratively detect and remove images with similarity within the specific threshold or image 

replicas. The input to the algorithm is a set of RGB images. These images can be the 

RAW acquired image data 𝐼 or the Blur detection module output images  ℎ′. The images 

 
𝑆𝑆𝐼𝑀 (𝑥, 𝑦) =

(2𝜇𝑥𝜇𝑦 + 𝑐1)(2𝜎𝑥𝑦 + 𝑐2)

(𝜇𝑥
2 + 𝜇𝑦

2 + 𝑐1)(𝜎𝑥
2 + 𝜎𝑦

2 + 𝑐2)
 

                   

(4.18) 
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are imported and sorted using Timsort algorithm according to their names, since the T6 

name the image files in an incremental order which facilitate the sorting process. The 

image 𝑖 in the sorted set is selected as a point of comparison (POC) with next 𝑞 number 

of images in the same set, where 𝑞 is defined as the horizon of comparison. SSIM is 

computed between image number 𝑚 and each proceeding image number 𝑛, with 𝑛 ranging 

from 𝑚 + 1 to 𝑚 + 𝑞. In case the SSIM value between 𝑛 and 𝑚 is more than a 

predetermined threshold tthresh,, the current image 𝑛 is removed from the from main image 

set 𝐼 or ℎ′  and added to the Similarity images set 𝑠. This image is considered a replica or 

very similar within a tthresh range to image 𝑚. The previous algorithm iterates over all 

images 𝐼 or ℎ′. 

 

Algorithm 4: Structural Variation Assurance (SVA) algorithm 

1 Input: Raw images 𝐼 or Blur detection module output images  ℎ′ 

2 Output: Similarity images set 𝑠 and Unique images set  𝑠′ 

3 begin 

4  for a number of images 𝐼 or ℎ′  do 

5   sort using Timsort 

6  end 

5   for a number of images 𝐼 or ℎ′  do 

6   set the current image 𝑚 as a point of comparison (POC) 

7    for a number of images 𝑛  from 𝑚 + 1 to 𝑚 + 𝑞 

8     if SSIM between the current image and 𝑖 > tthresh 

9     remove the current image 𝑛 from main image set 𝐼 or ℎ′   

10     add the current image 𝑛 to the Similarity images set 𝑠 

11    else 

12     add the current image 𝑛 to the Unique images set  𝑠′ 

13                     end 

14   end 

15  end 

16   end  
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The complexity analysis for the SVA algorithm consists of two main parts. The sorting 

part using Timsort is the first element which has a worst-case scenario performance of 

O(nlogn) and a best-case performance of O(n). The second element is the SSIM 

comparison, the number of operations in this section depends on multiple aspects as the 

size of 𝐼 or ℎ′, the size of 𝑞 and the nature of acquired data. To break down the SVA 

algorithm analysis, it will be explained on a simple set of 𝐼 consisting of 5 images with 

horizon 𝑞 of 3. As shown in Figure 4.18, a set of 5 images will be used as a test case, where 

we are assuming a worst-case scenario in terms of the nature of the data where all the 

images are dissimilar. In the first two iterations which use images 1 and 2 as POC, 3 

comparison operations are done, in the third iteration where image 3 is the POC two 

comparisons only are done. In the fourth iteration 1 comparison only is made. It may be 

concluded that the number of comparisons will be fixed at a value equal to 𝑞 at each 

iteration, till reach POC which is at 𝑞 − 1 distance away from the end of the set. 

 

Figure 4.18 Illustration for the applying SVA algorithm on a set of 5 images 
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  In this test case, the number of comparisons was fixed till reaching POC at images 3, 

which is at 2 distance away from the end of the set. Starting from this point the number 

of comparisons are reduced by 1 at each proceeding iteration till reaching the end of the 

set. This total number of iterations 𝐶 can be formally defined as  

 
𝐶 = (𝑛 − 𝑞). 𝑞 +  

𝑞(𝑞 − 1)

2
 

(4.19) 

 

   Equation (4.12) is divided in two parts, the first part (𝑛 − 𝑞). 𝑞, is a simple count for 

the number of full comparisons made till reaching a POC with 𝑞 − 1 distance away from 

the end of the set, starting from this point, the number of comparisons will decrease by 1 

by each iteration which is binomial coefficient that can be expressed as (
𝑞 + 1

2
) or 

alternatively as  
𝑞 ( 𝑞−1 )

2  . Where in the current test case 𝑛 = 5 and 𝑞 = 3, hence 𝐶 = 9 

iterations, which matches correctly to the number of iterations shown in Figure 4.18. As 

mentioned before, the number of iterations depends on several factors which are the 𝐼 or 

ℎ′, the size of 𝑞 and the nature of acquired data. The previous test caseit was a worst case 

scenario in terms of the nature of data which were dissimilar. Another worst case scenario 

can be added in terms of the size of 𝑞 when 𝑞 is equal to 𝑛 -1, equation (4.19) will be 

modified to  

 𝐶 = 𝑛2 − 3𝑛 + 4 (4.20) 

 

          It can be concluded that the worst-case performance of SSIM comparison loop in 

SVA algorithm will be O(𝑛2), while the best case performance when all the images are 
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similar will be O(𝑛).     In practice, for the proposed system, the horizon 𝑞 is equal to 5% 

of the total number of images in the main set, which yields a performance in the proposed 

system for SSIM comparison loop of O(𝑛) according to equation (4.19). Combining the 

complexities of sorting and SSIM comparison loops at q equal 5%, the overall complexity 

of the SVA algorithm in the proposed system will be O(n+nlogn). Measurement metrics 

are used to know the percentage of repetition or similarity in a given image data se. The 

metric similarity ratio (SR) is defined as the ratio between the number of similar or 

replicated images 𝑠 and the total number of images N feed into the SVA algorithm 

 𝑆𝑅 =
𝑠

𝑁
 

(4.21) 

 

   Total computation time for the SVA algorithm 𝑆𝑉𝐴𝑡𝑜𝑡𝑎𝑙, is another metric for 

performance which is beneficial for quantifying the time consumed from the start instant 

of the algorithm till reaching the final image in the set including sorting and SSIM 

comparison time 

4.2.3 Postprocessing enhancements  

    Postprocessing enhancements can be also used in order to increase model visualization 

and quality. In this section, two model enhancement methods are discussed and analyzed. 

Uncoupled point cloud alignment is the first proposed method, which increases the point 

cloud density by combining both 3D sparse models acquired. The second proposed 

enhancement is the Nearest Neighbor Colorization (NNC) algorithm that colorizes the 
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LiDAR sparse 3D model using the color information in the image-based reconstruction 

sparse 3D model for enhanced visualization. 

4.2.3.1 Uncoupled point cloud alignment algorithm 

   3D sparse model generation was discussed and explored throughout Chapter 3 and 4 

and the proposed system was able to successfully generate two 3D sparse models using two 

different reconstruction technologies, one LiDAR-based and the other Image-based. The 

output of the LiDAR-based 3D sparse model is 𝑄 and for Image-based 3D sparse model 

𝑄′. Uncoupled point cloud alignment aligns and combines both models in order to have a 

single 3D sparse model with higher point density. The algorithm, shown in Figure 4.19, 

takes two main inputs, 𝑄 and 𝑄′. These two point clouds are different in terms of point 

density, since LiDAR-based method generally produces more points than Image-based 

methods.  

 

 

Figure 4.19 Uncoupled point cloud alignment algorithm overview 
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     The two point clouds also have different point distribution in the 3D space. These 

different point cloud structures make the alignment or the registration process automation 

not possible using methods as ICP. The corresponding point picking algorithm introduced 

in Cloudcompare [81] was adopted to align both point clouds. For point cloud 𝑄, three 

points could be selected as candidate points 𝑟𝑄(1), 𝑟𝑄(2) and 𝑟𝑄(3), while another 3 

corresponding points selected in point cloud 𝑄′ which are 𝑟𝑄′(1), 𝑟𝑄′(2) and 𝑟𝑄′(3). The 

objective is to compute the geometric transformation that transform 𝑄′ to 𝑄. This 

transformation depends on the manually selected corresponding points. The algorithm 

iterates in order to reduce the distances between each model and to align both of them 

correctly. The algorithm depends on selecting multiple corresponding points in two 

different point clouds and compute the 6 DOF transformation between them. 

 

  The transformation should put both models into the same origin generating point cloud 𝐽 

which is the transformed version of 𝑄′. This process facilitates applying different 

operations that take the advantage of the alignment as the Nearest Neighbour Colorization 

algorithm, discussed in the next section. The model produced can be registered using ICP 

for fine registration. 

4.2.3.2 Nearest Neighbor Colorization (NNC) Algorithm 

    Color information enhances the visualization of the 3D model. Although image-based 

reconstruction generates a colored 3D model, it suffers from low point density, which 

decreases the color visibility of the object of interest. The Nearest Neighbor Colorization 

(NNC) algorithm colorize the 3D LiDAR point cloud using the colored image sparse 3D 
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model 𝐽  generated from the uncoupled point cloud alignment algorithm. The NNC 

algorithm, shown in Algorithm 5, requires two inputs, the non-colored LiDAR sparse 3D 

model 𝑄 and the colored Image sparse 3D model 𝐽 . The algorithm adds a color attribute 

to each 3D point 𝑄, initializing it to zero. The next step is initializing some important 

parameters, the expansion factor 𝜑, the maximum search radius 𝛿 and the expansion 

incremental step ∆.  

 

    For each RGB point 𝑙 in 𝐽 , the nearest LiDAR neighbors to the current point are 

searched and selected. Only the LiDAR points which are inside a cube with side length 2𝜑 

whose center is point 𝑙 are considered for colorization. These LiDAR points are colorized 

Algorithm 5: Nearest Neighbor Colorization (NNC) Algorithm 

1 Input: Non colored LiDAR sparse 3D model 𝑄 and Colored Image sparse 3D model  𝐽 

2 Output:  Colored LiDAR sparse 3D model 𝑄𝑐 

3 begin 

4  for number of points in  𝑄 do 

5   add point cloud color attribute to each 3D point in 𝑄 

6   initialize point cloud color data to 0  

7  end 

8  initialize expansion factor 𝜑  

9  initialize maximum search radius 𝛿 

10  initialize expansion incremental step ∆ 

11   while  𝜑 <  𝛿 do 

13    for number RGB points in 𝐽  

14     compute the LiDAR  𝑄 nearest neighbors to the current RGB point 𝑙 

15     define cube 𝑋 with side length 2𝜑 around the current RGB point 𝑙 

16     colorize the LiDAR points which lies inside cube 𝑋 with the same RGB value of point  𝑙 

17     remove the colorized LiDAR points from search index  

18     increment  𝜑 by ∆ 

20   end 

21  end 

22   end  
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with the same RGB color value of point 𝑙 and then removed from the search index to avoid 

re-colorization. The expansion factor 𝜑 is incremented by ∆, by increasing 𝜑 the farther 

points with be colorized. The expansion factor increases by the value of ∆ at each iteration 

until it reaches the maximum search radius 𝛿. At this step, most of the LiDAR point cloud 

should be colorized with the aid of the RGB point cloud 𝐽 . The NNC algorithm 

performance is assessed using two different metrics, the first metric is the RGB points 

increment in LiDAR point cloud after applying the NNC algorithm. This metric is denoted 

as 𝜅. The total time of the NNC algorithm, 𝑁𝑁𝐶𝑡𝑜𝑡𝑎𝑙, is the second metric used for 

assessing the algorithm performance. The total time consist of both initialization and 

colorization time.. 
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Chapter 5 

Results and analysis 

   Several novel algorithms and pipelines were proposed in this thesis. Results and analysis 

are required to assess the usefulness of the output data. Determining the level of accuracy 

and the percentage error in each method can aid the system operator to deploy the 

proposed methodology in suitable applications. In this chapter, the experimental setup and 

environment will be reviewed. Proposed methods for 3D reconstruction will be analyzed 

and assessed in terms of accuracy, percentage error, and computational complexity. In-

depth analysis and performance, an assessment will be also established for the proposed 

toolchain. 

5.1 Experimental utilities  

    Indoor and outdoor experiments were performed to asses the system functionality. In 

this section, the platform utilized will be reviewed and the experimental setup in each 

experiment. The remote-control ground station will be illustrated and discussed. 

5.1.1 Teleoperated Unmanned Ground Vehicle (T-UGV) 

  The reconstruction experiments were performed using two Husky UGV platforms, both 

platforms are teleoperated from a remote ground station. The T-UGVs had been deployed 

in indoor controlled environments and outdoor environments. In Figure 5.1, the indoor 

experiment setup is shown with one T-UGV, denoted as A, equipped with a VLP 16 3D 

LiDAR. The onboard laptop denoted as B is shown on the left side of the image before 
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installing it on the UGV. The Husky UGV A200 is a robust wheeled mobile robot with 4-

wheel drive mechanism. The Husky was manufactured by Clear path robotics, the 

specifications are detailed in Table 5.1. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Dimensions (L x W x H) 990x670x390 mm 

Weight 50 kg 

Payload 20 kg 

Maximum speed 1.0 m/s 

Minimum speed ~1 cm/s 

Operating time 3 hrs. typical  

 8 hrs. maximum 

Drivers/APIs ROS 

 MOOS-IvP 

 LabVIEW 

 Python 

Table 5.1 Husky UGV A200 specifications 

Figure 5.1 Indoor experiment setup 
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    Each T-UGV is controlled via a Logitech F710 Bluetooth wireless controller. The 

controller allows analog and fixed speed control with orientation control. The controller 

can communicate with the vehicle up to a distance of 10 meters. 

5.1.2 On-board sensors and computer 

    The Husky T-UGV setup is equipped with multiple sensors for cooperative 

reconstruction. The first T-UGV, which is denoted as T-UGV(A), is equipped with a VLP 

16 3D LiDAR, which is responsible for point cloud acquisition. The 3D LiDAR is connected 

to a laptop for data acquisition. The data acquisition laptop specifications are shown in 

Table 5.2. T-UGV(A) is also equipped with a Canon T6 monitoring camera, which is utilized 

for transmitting a live footage of the surrounding environment from the monitoring camera 

perspective. T-UGV(A) used in outdoor experiment is shown in Figure 5.2. 

 

 

 

 

 

 

 

 

Operating System Windows 7 64 bit 

RAM 8 GB 

Processor i7-3630QM  

 @ 2.4 GHz 

Storage 500 GB SSD 

Graphics card Nvidia GT 650m 

Battery 9 cell battery  

Connectivity  Ethernet 

 Wi-Fi 

 Bluetooth 

Table 5.2 On board laptop specifications 
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 The VLP 16 LiDAR and on-board computer on T-UGV(A) are powered by a portable 

battery which provides an 110V (AC) power outlet. The on-board laptop is connected via 

Wi-Fi network to the ground station computer via desktop remote control application 

“Team Viewer”. The ground station computer used the LiDAR output data is shown in 

Figure 5.4. T-UGV(B) is the second platform used in the proposed system. The platform is 

equipped with 2 DSLR cameras, Canon T6. The first camera is used for image data 

acquisition, while the other camera was setup for monitoring purposes. The platform is 

also controller via a Bluetooth controller within a 10-meter range. All the DSLR cameras 

installed on both platforms are connected to corresponding smart devices in the ground 

station. The smart devices are used for controlling the camera configurations and viewing 

the camera output 

Figure 5.2 T-UGV(A) utilized in outdoor reconstruction 

experiment 
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Figure 5.4 Ground station computer connected to the onboard laptop and visualizing the VLP 16 3D LiDAR sensor stream 

Figure 5.3 Canon Camera Connect application interface 
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  The Canon Camera Connect application allows to connect with the on-board cameras 

without any issues. As shown in Figure 5.3, the application interface allows configuring 

different camera parameters with real-time footage display. Different Wi-Fi networks are 

used for sensor output streaming. For instance, all Canon T6 cameras generate its own 

Wi-Fi network which is used to connect to a smart device. While other Wi-Fi network as 

the network used for connecting ground station PC and on-board laptop is generated by 

an external router. 

5.2 Pyramid structure indoor experiment  

   In order to verify the proposed system functionally in 3D reconstruction, an indoor 

experiment setup was made inside the RMC Robotics lab. The indoor setup was made to 

verify the measurements and the system outputs in a controlled environment. 

 

Figure 5.5 The Pyramid structure used in the indoor experiments 
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 The experiment consists of a pyramid shaped structure made up of cardboard boxes. The 

structure is shown in Figure 5.5. The first two levels of the pyramid are used for 

measurements analysis. While the box in the third level of the pyramid is used as a 

reference object for scale correction in image-based reconstruction. In order to have reliable 

reconstructions and measurements, 20 different data acquisition trials were performed 

using the proposed system. The trials are divided evenly, 10 trials were for image data 

controlled and monitored using the previously discussed monitoring system. The movement 

and maneuvering of the vehicle were done precisely to assure the acquisition of enough 

and overlapped visual features.  

 

 

Figure 5.6 Motion scheme followed in the indoor experiments 

acquisition and 10 trials for LiDAR point cloud acquisition. For each trial, the vehicle was 
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   For each experiment a convergent movement scheme was followed as recommended in 

Chapter 4. As shown in Figure 5.6, the vehicle rotates around the object of interest in order 

to acquired object focused footage. The vehicle speed for straight line movement or 

orientation change points were maintained to be as low as possible. The average vehicle 

speed was ~ 3-5 cm/sec. For each experiment LiDAR and camera were remotely operated 

using the ground station PC and the other devices. For a single experiment, the average 

number of LiDAR point cloud scans acquired was 1000 scan per trial. While the average 

number of images acquired was 350 images per trial. 

5.2.1 Image-based reconstruction experiments  

    The image-based reconstruction module was assessed through the 10 indoor trials. This 

section includes several information and metrics about the reconstruction process and 

measurements assessment. 

5.2.1.1 Image Data  

  As discussed before, 10 data acquisition trials were performed in the same environment 

and on the same structure. The images were acquired in JPEG format and RGB color 

space. The resolution of acquisition was 18 MP and then down sampled to 9 MP. Camera 

configurations and image related information are detailed in Table 5.3. 

 

 

 

 

 

Resolution  18 MP 

Color space RGB 

Aperture 𝑓/6.3 
ISO 1600 

Shutter speed 1/50 sec 

Focal length 18 mm 

Table 5.3 Image data information 



 

109 

 

   The image data were transferred via Wi-Fi to the ground station using the Canon 

Camera application. A backup of the images was also saved on the memory card inside 

the Canon DSLR camera. The average number of images acquired in each trial was 350 

image per trial, each trial required 20 minutes of preparation and 7 to 10 minutes for 

acquisition. In the current section, no specific image selection criteria were applied, all the 

raw images were used directly in the reconstruction module. 

5.2.1.2  Performance analysis 

   The performance of the image-based reconstruction module is divided into two parts. 

The first part is related to the computational time consumed during the reconstruction 

process. The total computation time 𝑇𝑡𝑜𝑡𝑎𝑙 is the sum of feature extraction and matching 

time 𝑇𝐸𝑀 and reconstruction time 𝑇𝑅. It can be defined formally as  

 

 

 The second part of the performance analysis is related to the number of matches in each 

trial. The number of matches can be a good indication of the expected model quality. In 

Table 5.4, the total time 𝑇𝑡𝑜𝑡𝑎𝑙 consumed during the feature extraction and matching process  

𝑇𝐸𝑀  along with the reconstruction time were measured and logged for each trial. The total 

time consumed is beneficial for performance analysis. It was observed that for 9 MP 

resolution, each image takes a 𝑇𝑡𝑜𝑡𝑎𝑙 time of 0.24 seconds on average. Also, the number of samples 

to number matches ratio, denoted as 𝑆𝑀𝑅, is another important measure that can indicates the 

 𝑇𝑡𝑜𝑡𝑎𝑙 =  𝑇𝐸𝑀 + 𝑇𝑅 (5.1) 
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quality of the acquisition process. Small SMR values indicates the presences of a lot of matches in 

a small number of samples. SMR can be defined as  

 

 

 

    The reconstruction output for trial 10 is shown in Figure 5.7. The pyramid structure 

introduced in section 5.2 had a challenging issue: the low texture is many areas. This low 

textured area reflected on the reconstruction results shown in Figure 5.7. Although the 

structure outline is visible, many areas were not reconstructed due to the lack of features. 

The low texture in the pyramid structure was used intentionally to show one of the draw 

backs of the image-based reconstruction. 

 
𝑆𝑀𝑅 =  

𝑁𝑠𝑎𝑚𝑝𝑙𝑒𝑠

𝑁𝑚𝑎𝑡𝑐ℎ𝑒𝑠

 
(5.2) 

𝑇𝐸𝑀 𝑇𝑅 𝑇𝑡𝑜𝑡𝑎𝑙 𝑁𝑠𝑎𝑚𝑝𝑙𝑒𝑠 𝑁𝑚𝑎𝑡𝑐ℎ𝑒𝑠  SMR 

          Minutes Seconds Minutes Seconds Minutes Seconds     

1 77 25 28 50 106 15 322 51681  0.0062 

2 123 50 42 36 166 25.8 474 112101  0.0042 

3 91 24 47 24 138 48 365 71342  0.0051 

4 104 48 36 28 141 15.6 400 79800  0.005 

5 167 30 55 42 223 12 619 191271  0.0032 

6 68 27 61 54 130 21 272 37128  0.0073 

7 90 25 29 31 119 56 317 50086  0.0063 

8 87 18 31 42 119 0 342 58311  0.0058 

9 70 30 24 20 94 50 272 36856  0.0073 

10 68 50 27 12 96 2 254 32131  0.0079 

Table 5.4 Total time for matching and reconstruction for each trial 
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5.2.1.3 Dimensional and volumetric measurements  

   The system proposed aims to provide 3D visualization for a physical object. 

Furthermore, the proposed system provides dimensional and volumetric measurements for 

the object of interest. RGB point cloud 𝑌  is the output of the reconstruction process. 

However, for correct dimensional and volumetric measurements the point cloud 𝑌  should 

be scaled to 𝑌̅  which has corrected metric scale. The scene scale is acquired from the 

reference box with dimensions 𝑋3, 𝑋𝐶 and 𝑌3 respectively, which can be observed in Figure 

5.8. For each trial scale factor 𝛼 is calculated, the factor is a ratio of the pre-known cube 

side length (𝑋3 or 𝑋𝐶 or 𝑌3) over the corresponding cube side length in the point cloud 

which will be denoted with as(𝑋3′ or 𝑋𝐶′ or 𝑌3′).  

Figure 5.7 Reconstruction result using image-based reconstruction 
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    For each trial 𝛼 is computed three times for each dimension, the final 𝛼𝑓𝑖𝑛𝑎𝑙 scale factor 

is an average of the three ratios. The reference values for all pyramid structure dimensions 

are shown in Figure 5.8. The dimensional reference values are measured using tape measure 

which has an uncertainty of ±0.05 𝑐𝑚. While the reference volumetric measurements are 

computed using the reference dimensional reference values. 

 

   The next step after point cloud scaling is denoising the point cloud 𝑌̅  in order to obtain 

point cloud 𝑈 , which has a reduced amount of noise. SOR filter introduced in Chapter 3, 

section 3.3.3.2, is used to reduce the noise values in 𝑌̅ . The number of points 𝑘 used for 

mean distance estimation was set to 10. The standard deviation multiplier threshold ∝ 

was set to 1. These values can be modified according to the system operator choice in a 

way that does not affect the original structure of the point cloud. The last step is to crop 

Figure 5.8 Pyramid structure dimensions variables 
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the object of interest 𝑄′ from point cloud 𝑈 . The dimensions of point cloud 𝑄′ are 

calculated by computing the point cloud bounding box dimensions. Utilizing true or 

reference dimensions measured by the instrument, the error between the real dimensions 

of a pyramid side and the measurements obtained from the reconstructed model is 

calculated. The error is measured as follows  

 

 

  The first two pyramid levels are used for measurements assessment, while the third level 

is used as a reference object for scaling. Hence, 𝑖 has a range from 1 to 2, and 𝑔 ranges 

from A to B. The dashed variables (𝑋𝑖
′, 𝑋𝑔

′ , 𝑌𝑖
′) represents the measurements obtained 

from the proposed methodology. The undashed variables (𝑋𝑖, 𝑋𝑔, 𝑌𝑖) are the reference 

values measured with the tape measure. The dimensional measurements obtained from the 

object of interest point cloud along with the corresponding measurement errors are shown 

in Table 5.5.  Using the reconstructed model, it can be observed that the minimum average 

relative error is 3.13% while the maximum average relative error is 10.48%. 

 

 

 
𝑒𝑋𝑖

= 
𝑋𝑖

′ − 𝑋𝑖

𝑋𝑖

. 100 
(5.3) 

 
𝑒𝑋𝑔

= 
𝑋𝑔

′ − 𝑋𝑔

𝑋𝑔

. 100 
(5.4) 

 
𝑒𝑌𝑖

= 
𝑌𝑖

′ − 𝑌𝑖

𝑌𝑖

. 100 
(5.5) 
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   The results generated using the proposed method can measure the object of interest with 

an uncertainty type A of ±3.76% of the measure value [75]. The uncertainty in these 

measurements occurred due to different factors as scene illumination, rolling shutter effect 

of the DSLR camera and inaccuracies in camera calibration process. Volumetric 

measurements for the object of interest are also computed using two different methods. 

The first computation method is the bounding box volume calculation. This method 

depends on the dimensional measurements of the bounding box for volume computation. 

Computations are straight forward by multiplying the 3 sides of the bounding box. 

However, this method is prone to large errors if the object of interest is a complex structure 

as a statue. The pyramid structure utilized in the indoor experiments consists of simple 

cube and cuboids.  

 

      Volume of objects which have similar structure to a cube or a cuboid can be computed 

using the bounding box volume calculation method with minimum error compared to other 

𝑋1′ 𝑒𝑋1
 𝑋𝐴′ 𝑒𝑋𝐴

 𝑌1′ 𝑒𝑌1
 𝑋2′ 𝑒𝑋1

 𝑋𝐵′ 𝑒𝑋𝐵
 𝑌2′ 𝑒𝑌2

 

True value in 

meters 
1.24   1.23  0.41  0.83  0.83  0.42  

1 1.22 1.61 1.19 2.68 0.42 2.43 0.81 2.4 0.82 1.2 0.38 9.52 

2 1.27 2.41 1.32 7.31 0.45 9.75 0.86 3.61 0.87 4.81 0.42 2.38 

3 1.28 3.22 1.31 6.5 0.46 12.19 0.88 6.02 0.91 9.63 0.42 4.76 

4 1.21 2.41 1.21 1.62 0.44 7.31 0.82 1.2 0.82 1.2 0.39 7.14 

5 1.31 5.64 1.35 9.75 0.47 14.63 0.87 4.81 0.91 9.63 0.41 2.38 

6 1.28 3.22 1.33 8.13 0.46 12.19 0.88 6.02 0.89 7.22 0.41 2.38 

7 1.28 3.22 1.36 10.56 0.48 17.07 0.86 3.61 0.9 8.43 0.4 4.76 

8 1.31 5.64 1.34 8.94 0.46 12.19 0.89 7.22 0.92 10.84 0.43 2.38 

9 1.23 0.8 1.32 7.31 0.45 9.75 0.82 1.2 0.85 2.4 0.4 4.76 

10 1.28 3.22 1.25 1.62 0.44 7.31 0.86 3.61 0.81 2.4 0.4 4.76 

Avg. error  3.13  6.44  10.48  3.97  5.77  4.52 

Table 5.5 Dimensional measurements processed from the image-based reconstructed models 
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complex shapes. The second method used for volume computation is the convex hull. The 

pyramid structure, which is the object of interest, will be separated in two parts. The 

lowest and middle layers in the pyramid structure will be used in volume computations 

and comparisons. The simplicity of the structure allowed straightforward volume 

computations. The true values of the lowest and middle layers, represented as 𝑉𝑙𝑜𝑤, and  

𝑉𝑚𝑖𝑑𝑑𝑙𝑒, are computed using the true dimensional measurements obtained before. The 

volume measurements of the lowest and middle layers computed using bounding box 

volume computation denoted as 𝑉𝑙𝑜𝑤
𝐵𝐵 and 𝑉𝑚𝑖𝑑𝑑𝑙𝑒

𝐵𝐵 . While the volume measurements 

computed by the convex hull volume computation will denoted as 𝑉𝑙𝑜𝑤
𝐶𝐻 and 𝑉𝑚𝑖𝑑𝑑𝑙𝑒

𝐶𝐻 .  The 

method error calculation formulas (5.3 to 5.5), will be reused for volume measurement 

error calculation. The measured and true values for volume of the structure are shown in 

Table 5.6. 

 

 

 

 

 

 

 

 

 

 

𝑉𝑙𝑜𝑤
𝐵𝐵 𝑒𝑙𝑜𝑤 𝑉𝑚𝑖𝑑𝑑𝑙𝑒

𝐵𝐵  𝑒𝑚𝑖𝑑𝑑𝑙𝑒 𝑉𝑙𝑜𝑤
𝐶𝐻  𝑒𝑙𝑜𝑤 𝑉𝑚𝑖𝑑𝑑𝑙𝑒

𝐶𝐻    𝑒𝑚𝑖𝑑𝑑𝑙𝑒 

True value in 

𝑚3 
0.64  0.28  0.64  0.28  

1 0.61 4.68 0.25 10.71 0.55 14.06 0.23 20.41 

2 0.75 17.18 0.32 14.28 0.67 4.68 0.28 3.11 

3 0.77 20.31 0.35 25 0.71 10.93 0.3 3.8 

4 0.64 0 0.26 7.14 0.56 12.5 0.25 13.49 

5 0.83 29.68 0.32 14.28 0.76 18.75 0.3 3.8 

6 0.78 21.87 0.32 14.28 0.71 10.93 0.29 0.34 

7 0.83 29.68 0.3 7.14 0.74 15.62 0.28 3.11 

8 0.8 25 0.35 25 0.75 17.18 0.32 10.72 

9 0.73 14.06 0.27 3.57 0.68 6.25 0.27 6.57 

10 0.7 9.37 0.27 3.57 0.65 1.56 0.27 6.57 

Avg. error  17.18  12.49  11.24  7.192 

Table 5.6 Volume measurements utilizing the proposed method 
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   The average error for volume measurements depending on bounding box volume has a 

minimum value of 12.49% and a maximum value of 17.18%. The results generated utilizing 

the bounding box volume method can measure volume of the object of interest with an 

uncertainty type A of ±9.11% of the measured value. The main reason for the uncertainty 

is the misalignment between the cube or cuboid pyramid section with the bounding box. 

Misalignment can happen if the sides of the bounding box are not parallel to the sides of 

the cube or cuboid.  

  The average error for volume measurements depending on convex hull has a minimum 

value of 7.19% and a maximum value of 11.24%. The results generated utilizing the convex 

hull volume method can measure the object of interest volume with an uncertainty type 

A of ±6.04% of the measured value. The uncertainty in the volume when using convex 

hull method occurs due to various reasons. Areas with low point density or not points can 

affect the results of volume computations. When denoising is applied to the point cloud 

the volume measurements can be affected if the parameters of the SOR were high. 

 

5.2.2 LiDAR-based reconstruction experiments  

    The LiDAR-based reconstruction module is assessed through 10 indoor trials. This 

section includes information and metrics of the reconstruction process and measurements 

assessment. 
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5.2.2.1 Point cloud data  

Point cloud data were acquired using VLP 16 3D LiDAR. The point clouds were stored in 

VCAP format. The VCAP file include the 3D information for each point in Cartesian 

coordinate. The LiDAR settings used during the experiment are detailed in Table 5.7 

    

 

 

 

     The LiDAR data were transferred via Wi-Fi to the ground station using the on-board 

laptop. A backup of the LiDAR data is also saved on the laptop hard disk. The average 

number of scans acquired in each trial is 1250 scan per trial, each trial requires 20 minutes 

of preparation and 2 to 5 minutes for acquisition.  

5.2.2.2  Performance analysis 

   Similar to the performance analysis made in the image-based reconstruction section, the 

performance of the LiDAR-based reconstruction module is also divided into two parts. The 

total computation time 𝑇𝑡𝑜𝑡𝑎𝑙 is the total point cloud registration time. LOAM registration 

is done in real-time, hence the total time of registration is equal to the experiment time.      

Table 5.7 LiDAR settings 
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     Timing information are detailed in Table 5.8 for 4 trials. 

The reconstruction output for trial 1 is shown in Figure 5.7 . Compared to the 3D model 

generated from image-based reconstruction, the 3D structure is more visible when usig the 

LiDAR-based reconstruction. The LiDAR-based 3D model is superior in terms of number 

of points which is equal to 38 K points. While the reconstructed model using image-based 

reconstruction for the same trial contained only 7 K points. However, the LiDAR-based 

approach lacks the RGB values which affects the visualization of the structure. 

5.2.2.3 Dimensional and volumetric measurements  

   Dimensional and volumetric measurements for the object of interest using LiDAR-based 

reconstruction will be assessed in this section. As discussed in Chapter 3, simple 

𝑇𝑡𝑜𝑡𝑎𝑙 𝑁𝑠𝑎𝑚𝑝𝑙𝑒𝑠 

          Minutes Seconds  
1 2 47 1674 

2 2 40 1600 

3 1 50 1023 

4 1 38 994 

Table 5.8 Total time for point cloud registration using LOAM 

Figure 5.9 Reconstruction result using LiDAR-based reconstruction 
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postprocessing steps are required for acquiring the object of interest 3D model. Denoising 

all registered point clouds set 𝑃̅  to obtain set 𝐸 is the first post processing stage. SOR 

filter was applied on each point cloud 𝑃̅  with parameters 𝑘 = 50 and ∝= 0.2. These values 

can be modified according to the system operator choice in a way that does not affect the 

original structure of the point cloud. The second postprocessing stage is merging all point 

clouds 𝐸 to obtain a single point cloud 𝐸′. The average time for the merging process is 8-

10 minutes to merge a 900-1100 point cloud.  

 

The last post-processing stage is cropping the object of interest 𝑄 from 𝐸′. The 

measurements assessment procedure followed in previous image-based reconstruction 

approach is reused for the LiDAR-based one. The dimensional measurements obtained 

from the object of interest point cloud along with the corresponding measurement errors 

are shown in Table 5.5.  Utilizing the reconstructed model, it can be observed that the 

minimum average error is 3.93% while the maximum average error is 22.16%. The results 

generated using the proposed method present a measurement uncertainty type A of 

±7.28% of the measured value. The uncertainty in these measurements occurred due to 

different factors as vehicle movement speed and rolling shutter of the 3D LiDAR. Sensor 

resolution also is an important factor as the raw data uncertainty is  ±3 𝑐𝑚.  
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    Similar to image-based reconstruction, volumetric measurements for the object of 

interest are also computed using two different methods, bounding box volume and convex 

hull computation.  The method error calculation formulas (5.3 to 5.5), are reused for 

volume measurement error calculation. The measured and true values for the volume of 

the structure are shown in Table 5.6. 

 

 

 

 

 

 

 

 

    The average error for volume measurements depending on bounding box volume has a 

minimum value of 18.07% and a maximum value of 37.85%.  The results generated using 

𝑋1′ 𝑒𝑋1
 𝑋𝐴′ 𝑒𝑋𝐴

 𝑌1′ 𝑒𝑌1
 𝑋2′ 𝑒𝑋1

 𝑋𝐵′ 𝑒𝑋𝐵
 𝑌2′ 𝑒𝑌2

 

True value in 

meters 
1.24   1.23  0.41  0.83  0.83  0.42  

1 1.29 3.61 1.35 8.95 0.45 8.43 0.89 7.22 0.94 13.25 0.41 2.38 

2 1.32 6.02 1.35 8.95 0.51 22.89 0.91 9.63 0.91 9.63 0.43 2.38 

3 1.33 6.82 1.33 7.34 0.5 20.48 0.91 9.63 0.92 10.84 0.44 4.76 

4 1.3 4.41 1.34 8.15 0.51 22.89 0.92 10.84 0.95 14.45 0.4 4.76 

5 1.3 4.41 1.31 5.73 0.55 32.53 0.89 7.22 0.9 8.43 0.43 2.38 

6 1.31 5.22 1.37 10.57 0.54 30.12 0.85 2.4 0.92 10.84 0.38 9.52 

7 1.32 6.02 1.32 6.53 0.49 18.07 0.89 7.22 0.92 10.84 0.41 2.38 

8 1.26 1.2 1.35 8.95 0.48 15.66 0.85 2.4 0.94 13.25 0.41 2.38 

9 1.25 0.4 1.36 9.76 0.53 27.71 0.87 4.81 0.92 10.84 0.43 2.38 

10 1.26 1.2 1.37 10.57 0.51 22.89 0.83 1.2 0.96 15.66 0.44 4.76 

Avg. error  3.93  8.55  22.16  6.25  11.8  3.8 

Table 5.9 Dimensional measurements processed from the LiDAR-based reconstructed models 

𝑉𝑙𝑜𝑤
𝐵𝐵 𝑒𝑙𝑜𝑤 𝑉𝑚𝑖𝑑𝑑𝑙𝑒

𝐵𝐵  𝑒𝑚𝑖𝑑𝑑𝑙𝑒 𝑉𝑙𝑜𝑤
𝐶𝐻  𝑒𝑙𝑜𝑤 𝑉𝑚𝑖𝑑𝑑𝑙𝑒

𝐶𝐻    𝑒𝑚𝑖𝑑𝑑𝑙𝑒 

True value in 

𝑚3 
0.64  0.28  0.64  0.28  

1 0.78 22.44 0.34 18.68 0.66 3.12 0.31 7.26 

2 0.9 42 0.35 23.21 0.77 20.31 0.33 14.18 

3 0.88 38.19 0.36 27.46 0.77 20.31 0.32 10.72 

4 0.88 38.81 0.34 20.96 0.78 21.87 0.31 7.26 

5 0.93 46.35 0.34 19.17 0.85 32.81 0.29 0.34 

6 0.96 51.42 0.29 2.82 0.78 21.87 0.29 0.34 

7 0.85 33.4 0.33 16.16 0.8 25 0.31 7.26 

8 0.81 27.57 0.32 13.35 0.78 21.87 0.3 3.8 

9 0.9 40.78 0.34 19.09 0.83 29.68 0.3 3.8 

10 0.88 37.55 0.34 19.85 0.79 23.43 0.32 10.72 

Avg. error  37.85  18.07  22.02  6.56 

Table 5.10 Volume measurements utilizing the LiDAR-based reconstructed models 
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the bounding box volume method present an uncertainty type A of ±12.54% of the 

measured value. The misalignment with the bounding box is the probable reason for this 

uncertainty, in addition to the uncertainty of the raw data of the LiDAR itself. The average 

error for volume measurements depending on convex hull volume has a minimum value of 

6.56% and a maximum value of 22.02%. The results generated using the convex hull 

volume method present an uncertainty type A of ±10.08 of the measured value. 

5.2.2.4 Measurements and performance comparison  

    In the system proposed different methods have been used for acquiring a 3D model, 

which are image and LiDAR-based reconstruction methods. This section compares the 

measurements obtained from the generated models. This comparison will serve to 

determine the points of strength and limitations of each method. In Table 5.11, four different 

measurements are detailed: the dimensional measurement error, volumetric measurement 

error using bounding box volume or convex hull volume and points acquired in each 3D 

model. 

 

 

 

𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑎𝑙 𝑚𝑒𝑎𝑠𝑢𝑟𝑚𝑒𝑛𝑡 𝐸𝑟𝑟𝑜𝑟 𝑉𝑜𝑙𝑢𝑚𝑒𝑡𝑟𝑖𝑐 𝑚𝑒𝑎𝑠𝑢𝑟𝑚𝑒𝑛𝑡 𝐸𝑟𝑟𝑜𝑟𝑉𝑜𝑙𝑢𝑚𝑒𝑡𝑟𝑖𝑐 𝑚𝑒𝑎𝑠𝑢𝑟𝑚𝑒𝑛𝑡 𝐸𝑟𝑟𝑜𝑟

 

𝑃𝑜𝑖𝑛𝑡𝑠 

± ± ±  

SFM 3.08%

% 

5.18%

% 

9.75% 3.61%

% 

13.19% 16.43% 7.99% 7.192 11.24 ±9.11% 7k 

LiDAR 4.36% 8.05% 22.89%

% 

7.45% 18.71% 39.89% 14.24% 6.56 22.02 ±10.08%  38k 

Table 5.11 Measurement comparison for image-based and LiDAR-based reconstruction methods 
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   Image-based reconstruction achieved better results according to all error metrics defined. 

However, the image-based method suffers from low point density as it has 81% lower points 

compared to LiDAR-based method. While the LiDAR-based method has a higher point 

density, it is shown to be less accurate than the image-based method. Performance 

assessment is another aspect that can provide a different insight. As shown in Table 5.12, 

each process time of the reconstruction pipeline is measured. The timings in the table are 

the average timings across several trials. The LiDAR-based reconstruction approach was 

found to be 2.9 times faster than the image-based approach. The whole reconstruction 

process using the LiDAR can take up to 64 minutes for acquiring a final 3D model. The 

previous two comparisons set the basis of a quality to speed trade-off. The choice of a 

suitable method is highly dependent on the required level of accuracy and available 

resources. 

 

 

5.3 Toolchain assessment 

    In this section, the toolchain introduced in Chapter 4 is assessed and analyzed. The 

toolchain consists of 4 submodules, most submodules can be used independently of each 

other. The toolchain was developed to satisfy two main objectives. The first objective is 

to align different 3D models generated with different vision sensors and benefit from the 

- Setup preparation 20 minutes 20 minutes 
- Experiment                 5 minutes  10 minutes 

- Feature extraction and 

matching 
86 minutes - 

- Reconstruction/ Registration 53 minutes 10 minutes 

- Post processing 25 minutes 24 minutes 

Total time 189 minutes 64 minutes 

Table 5.12 Performance comparison between image-based reconstruction and LiDAR-based reconstruction 
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alignment process in colorization and measurements. The second objective is to enhance 

the performance of the image-based reconstruction by introducing some enhancements to 

the preprocessing stages.  

5.3.1 Uncoupled point cloud alignment  

   In the system proposed, two 3D sparse models are acquired using two different 

reconstruction techniques. The objective of uncoupled point cloud alignment is to align the 

RGB point cloud 𝑈 with LiDAR-based point cloud 𝑄. The user should select at least 3 

corresponding points in both point clouds to compute the 3D rigid transformation. The 

alignment process had been applied to the indoor pyramid experiment footage and also an 

outdoor footage. 

5.3.1.1 Pyramid structure point cloud alignment 

     Sparse 3D models obtained from both reconstruction methods for the pyramid 

structure were aligned using the uncoupled alignment approach. As shown in Figure 5.1, the 

two-point clouds are aligned and have the same origin after the process. The alignment 

process will be the milestone of the point cloud colorization which will be illustrated later.  

The alignment process introduces new dimensional and volumetric measurements to the 

aligned models. As shown in Table 5.13, the aligned models were measured and assessed 

according to the measuring criteria used before. The dimensional measurements acquired 

has a minimum average error of 3.57% and a maximum average error of 19.75%. The 

measurements have a uncertainty of type A of ±6.45% of the measured value. Volumetric 
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measurements were assessed using the bounding box and convex hull volumes. The 

measured values are shown in Table 5.14 along with the relative and average error. 

 

 

 

 

 

 

 

 

 

 

 

 

    

Figure 5.10 (A) LiDAR-based reconstruction (B) Image-based reconstruction (C) Aligned model 

reconstruction (D) Aligned model two point clouds aligned 

Table 5.13 Dimensional measurements utilizing the aligned reconstructed models 

 𝑋1′ 𝑒𝑋1
 𝑋𝐴′ 𝑒𝑋𝐴

 𝑌1′ 𝑒𝑌1
 𝑋2′ 𝑒𝑋1

 𝑋𝐵′ 𝑒𝑋𝐵
 𝑌2′ 𝑒𝑌2

 

True value in 

meters 
 1.24   1.23  0.41  0.83  0.83  0.42  

1  1.32 6.02 1.33 7.34 0.48 15.66 0.92 10.84 0.92 10.84 0.41 2.38 

2  1.31 5.22 1.35 8.95 0.53 27.71 0.91 9.63 0.9 8.43 0.43 2.38 

3  1.32 6.02 1.32 6.53 0.46 10.84 0.9 8.43 0.91 9.63 0.42 2.38 

4  1.27 2 1.34 8.15 0.51 22.89 0.9 8.43 0.95 14.45 0.4 4.76 

5  1.29 3.61 1.31 5.73 0.54 30.12 0.9 8.43 0.9 8.43 0.41 2.38 

6  1.26 1.2 1.33 7.34 0.48 15.66 0.83 0.84 0.91 9.63 0.45 7.14 

7  1.33 6.82 1.36 9.76 0.49 18.07 0.88 6.02 0.9 8.43 0.42 2.38 

8  1.28 2.81 1.34 8.15 0.48 15.66 0.85 2.4 0.91 9.63 0.39 7.14 

9  1.26 1.2 1.4 12.99 0.52 25.3 0.86 3.61 0.91 9.63 0.43 2.38 

10  1.3 4.41 1.34 8.15 0.48 15.66 0.84 1.2 0.95 14.45 0.43 2.38 

Avg. error   3.93  8.3  19.75  5.98  10.35  3.57 

(A) (B) 

(C) (D) 
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   The volumetric measurements using the bounding box volume method had a minimum 

average relative error of 16.73%, while the maximum average relative error was 34.83%. 

The convex hull volume method presented more accurate results with a minimum average 

relative error of 5.87%, while the maximum average relative error was 21.55%. 

 

 

 

 

 

 

 

 

 

 

 The volumetric measurements had a uncertainty of type A of ±11.15% of th measured 

value in case of bounding box volume, and ±9.56% of th measured value in case of convex 

hull volume.  

5.3.1.2 Measurements comparison 

    The measurements acquired from the 3 models are compared in Table 5.15. The image-

based reconstruction approach proved to have the lowest average relative error in most of 

dimensional and volumetric measurements. The image-based model also has the lowest 

uncertainty in all measured values. The LiDAR-based model presented the highest relative 

dimensional and volumetric errors compared to the other two methods. The uncertainty 

𝑉𝑙𝑜𝑤
𝐵𝐵 𝑒𝑙𝑜𝑤 𝑉𝑚𝑖𝑑𝑑𝑙𝑒

𝐵𝐵  𝑒𝑚𝑖𝑑𝑑𝑙𝑒 𝑉𝑙𝑜𝑤
𝐶𝐻  𝑒𝑙𝑜𝑤 𝑉𝑚𝑖𝑑𝑑𝑙𝑒

𝐶𝐻    𝑒𝑚𝑖𝑑𝑑𝑙𝑒 

True value in 

𝑚3 

0.64  0.28  0.64  0.28  

1 0.84 31.67 0.34 20.07 0.68 6.25 0.3 3.8 

2 0.94 46.45 0.35 21.85 0.78 21.87 0.32 10.72 

3 0.8 25.23 0.33 16.19 0.76 18.75 0.32 10.72 

4 0.86 35.61 0.34 18.33 0.78 21.87 0.31 7.26 

5 0.91 42.58 0.33 14.91 0.82 28.12 0.29 0.34 

6 0.8 25.68 0.34 18.59 0.76 18.75 0.3 3.8 

7 0.88 38.48 0.34 17.84 0.81 26.56 0.31 7.26 

8 0.82 28.64 0.3 4.38 0.78 21.87 0.29 0.34 

9 0.91 43.32 0.33 16.44 0.83 29.68 0.31 7.26 

10 0.83 30.65 0.34 18.73 0.78 21.87 0.31 7.26 

Avg. error  34.83  16.73  21.55  5.87 

Table 5.14 Volume measurements utilizing the aligned reconstructed models 



 

126 

 

in the measured LiDAR-based model values is the highest among the other values. 

Although the image-based model presented better measurements, but it provides poor 

visualization of the object due to the low count of the 3D points. The aligned solution 

presents the highest point density due to its dependency of the points acquired from both 

methods. Also, the method had the lowest minimum average error using Convex hull 

volume method. 

 

 

 According to the previous measurements, the image-based reconstruction approach proved 

to present the most reliable measurements compared to the other two methods. However, 

the aligned model provides the best visualization due to its high point density. 

 

 

 

 

 

 

𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑎𝑙 𝑚𝑒𝑎𝑠𝑢𝑟𝑚𝑒𝑛𝑡 𝐸𝑟𝑟𝑜𝑟 𝑉𝑜𝑙𝑢𝑚𝑒𝑡𝑟𝑖𝑐 𝑚𝑒𝑎𝑠𝑢𝑟𝑚𝑒𝑛𝑡 𝐸𝑟𝑟𝑜𝑟𝑉𝑜𝑙𝑢𝑚𝑒𝑡𝑟𝑖𝑐 𝑚𝑒𝑎𝑠𝑢𝑟𝑚𝑒𝑛𝑡 𝐸𝑟𝑟𝑜𝑟

 

𝑃𝑜𝑖𝑛𝑡𝑠 

± ± ±  

SFM 3.08%

% 

5.18%

% 

9.75% 3.61%

% 

13.19% 16.43% 7.99% 7.192 11.24 ±9.11% 7k 

LiDAR 4.36% 8.05% 22.89%

% 

7.45% 18.71% 39.89% 14.24% 6.56 22.02 ±10.08%  38k 

Aligned 3.57 7.14% 19.75% 6.45% 16.73 34.83 ±11.15% 5.87 21.55 ±9.56% 45k 

Table 5.15 Comparison of the dimensional and volumetric measurements acquired 
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5.3.1.3 Outdoor building model alignment assessment  

   An outdoor experiment was performed to asses the results of the uncoupled alignment 

for an outdoor building. The Husky UGV moved along the yellow path shown in Figure 

5.11. The objective is to reconstruct two 3D sparse models for the building and align the 

generated models.  

 The two generated sparse 3D models are shown in Figure 5.13. The strength of each model 

can be immediately observed. The LiDAR-based model is highly dense in points with 3.5 

Million points, while lacking all the color information for the building. The image-based 

model on the other side present a very good visualization for the building textures and 

colors. However, it suffers from low point density. The alignment between both models 

enhances the visualization quality of the model. In Figure 5.12, the enhancement introduced 

by the alignment can be observed. The alignment did not only increase the point density 

Figure 5.11 Reconstruction path for the outdoor experiment 
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but it also complete missing parts in the LiDAR-based model which could be acquired as 

the clock tower. 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.12 Aligned model 

(A) 

(B) 

Figure 5.13 (A) LiDAR-based sparse 3D model (B) Image-based sparse 3D model 
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5.3.2 Nearest Neighbour colorization (NNC) algorithm assessment  

    The NNC algorithm take the advantage of the colored information provided by the 

RGB sparse 3D model to colorize the whole aligned model. The input of the NNC algorithm 

is the output of the uncoupled alignment stage, which is an aligned 3D sparse model. For 

the indoor and outdoor colorization tasks, the parameters detailed in Table 5.16 are used 

for colorization. As shown in Figure 5., the pyramid structure aligned model was colorized 

using the color information in the RGB sparse model. This is considered a great 

enhancement in the visualization of the object. The accuracy of colorization is enhanced 

in the case of denser RGB point clouds. The total time of colorization 𝑁𝑁𝐶𝑡𝑜𝑡𝑎𝑙 for the 

indoor model was 10 minutes. 

 

 

 

 

 

Increment step ∆ 0.01 meters 

Maximum search radius 𝛿 0.5 meters 

Expansion factor 𝜑 0.05 meters 

Table 5.16 NNC algorithm parameters values 

Figure 5.17 Indoor colorization process output 
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   The NNC algorithm visualization enhancement is more obvious in the outdoor building 

experiment. As shown in Figure 5.18, the NNC algorithm was able to colorize the whole 

aligned model and the visualization of the LiDAR points increased. The enhanced 

visualization can serve to study the physical appearance of an object remotely. The total 

time 𝑁𝑁𝐶𝑡𝑜𝑡𝑎𝑙 for the outdoor model was 45 minutes. 

 

 

 

5.3.3 Blur detection algorithm assessment  

    The blur detection algorithm main objective is the detection and removal of blurry 

images before the feature extraction stage of the SFM. Blurry images do not represent 

reliable visual information; hence the removal of these images is beneficial in terms of 

Figure 5.18 NNC algorithm applied in outdoor experiment 
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computation time. In the current assessment, the blur detection algorithm effect on the 

reconstruction process is discussed from the computational time perspective.   

 

 

 

 

 

The blur detection algorithm parameters are detailed in Table 5.17. The footage of 3 trials 

was utilized for the assessment. The 𝐵𝑡𝑜𝑡𝑎𝑙 time, which is the total time of the detection and 

removal process ranges from 2 to 3 minutes. The threshold 𝒕 is determined as the median value of 

the variance vector calculated during the initialization stage. The variable ℎ is the number of blurry 

images while the variable 𝑁  is the total number of acquired images. The image rejection ratio 𝐼𝑅 

is used as indication of the number of blurry images compared to the acquired images. When this 

ratio increases, this reflects the presence of a higher number of blurry images. Accuracy of the blur 

detection algorithm was assessed through computation of the confusion matrix after labeling all the 

images of the 3 trials manually. The algorithm showed to have a range of accuracy in the range of 

70-81%. 

 

 

 

𝐵𝑡𝑜𝑡𝑎𝑙 𝒕 ℎ 𝑁  𝐼𝑅 𝐴 

Trial 1 2 min. and 24 sec. 102.7 23 322 0.071 73.6% 

Trial 2 3 min. and 36 sec. 122.3 47 474 0.099 81.4% 

Trial 3 2 min. and 42 sec. 108.9 68 365 0.186 81% 

Table 5.17 Blur detection algorithm parameters and accuracy assessment 

𝐵𝑡𝑜𝑡𝑎𝑙  𝑇𝐸𝑀 𝑇𝑅 𝑇𝑡𝑜𝑡𝑎𝑙 𝑡𝑜𝑜𝑙𝑐ℎ𝑎𝑖𝑛 𝑇𝑡𝑜𝑡𝑎𝑙  𝑁𝑠𝑎𝑚𝑝𝑙𝑒𝑠 𝑁𝑚𝑎𝑡𝑐ℎ𝑒𝑠 SMR 

          Minutes Sec. Minutes Sec. Minutes Sec. Minutes Sec. Minutes Sec    

1 2 24 51 16 28 56 82 36 106 15 291 42195 0.006 

2 3 36 111 50 39 15 154 40 166 25 426 90951 0.004 

3 2 42 87 24 32 48 122 52 138 48 297 71342 0.004 

Table 5.18 Blur detection algorithm influence on the feature matching and reconstruction processes 



 

132 

 

    The blur detection algorithm reduced the time required for computation as shown in 

Table 5.18, the reduction made in the first trial is 24 minutes in a set of 322 image. In case 

of more complex reconstructions with more images, the algorithm proposed will 

considerably reduce the computation time.  

 

5.3.3.1 Structural Variation Assurance (SVA) algorithm assessment 

    The SVA algorithm main objective is the detection and removal of images which are 

considered as replicas of other images or with very high similarity. Image replicas do not 

present new visual information and do not serve any purpose for the 3D reconstruction 

process.   

 

 

 

 

 

 

 

 

 

 

The SVA parameters are detailed in Table 5.17, the footage of 3 trials was used for the 

assessment. The 𝑆𝑉𝐴𝑡𝑜𝑡𝑎𝑙 time, which is the total time of the detection and removal process, 

ranges from 33 to 41 minutes. The horizon 𝑞 is equal to 20 images, 𝑞  is the number of images we 

compare at each new Point Of Comparison (POC). The threshold for accepting an image is 60%, if 

an image has 60% or more similarity to another image, it will be removed. The variable 𝑠 is the 

number of rejected replicas or similar images while the variable 𝑁  is the total number of acquired 

images. The similarity ratio 𝑆𝑅 is used to have a measure for the number of replicas compared to 

the original set of images. When this ratio increases, this reflects the presence of a higher number  

𝑆𝑉𝐴𝑡𝑜𝑡𝑎𝑙 𝑞 | 𝑡𝑡ℎ𝑟𝑒𝑠ℎ = 60%  𝑠 𝑁  𝑆𝑅 

Trial 1 33 minutes 20 34 322 0.1 

Trial 2 41 minutes 20 114 474 0.24 

Trial 3 33 minutes and 45 sec. 20 77 365 0.21 

Table 5.19 The SVA algorithm parameters 
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of replica images.  

 

 

 

 

  The SVA algorithm removed the replica images but at the same time it introduced a 

time overhead in the system. The time required for computation as shown in Table 5.18. 

Possible solutions to decrease the computation time is to decrease the comparison 

horizon 𝑞, parallel implementation of SVA can also be one of the possible solutions.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

𝑆𝑉𝐴𝑡𝑜𝑡𝑎𝑙  𝑇𝐸𝑀 𝑇𝑅 𝑇𝑡𝑜𝑡𝑎𝑙 𝑆𝑉𝐴 𝑇𝑡𝑜𝑡𝑎𝑙  𝑁 − 𝑠 𝑁𝑚𝑎𝑡𝑐ℎ𝑒𝑠 SMR SR 

          Minutes Sec. Minutes Sec. Minutes Minutes Sec Sec. Min. Sec     
1 33 0 86 30 31 14 150 44 106 15 288 41328 0.008 0.1 

2 41 0 93 12 32 48 167 0 166 25 360 64620 0.005 0.24 

3 33 45 87 24 25 50 146 1 138 48 288 71342 0.51 0.21 

Table 5.20 The influence of SVA algorithm on the reconstruction time 
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Chapter 6 

Conclusion and future work 

6.1 Summary 

  This work proposed a novel reconstruction system using multiple UGVs and utilizing 

multiple reconstruction algorithms. Different reconstruction algorithms were deployed in 

the proposed system. LiDAR reconstruction system was discussed starting by initial stages 

in the data acquisition phase till acquiring a 3D model. A detailed treatment for the 

LiDAR-based reconstruction was formulated and presented on the hardware and software 

side. On the hardware side, VLP 16 interface and data type was explained along with a 

detailed review for the data delivery scheme to the ground station. On the software side, 

point cloud registration using LOAM and point cloud processing was deeply investigated 

and analyzed. 

 

    Image-based reconstruction module is then discussed with detailed exposure to sensor 

parameters and configurations along with data acquisition stages. Structure from motion 

algorithm is discussed in detail for each step and the influence of data acquisition and 

nature of the scene on the output data is also studied. The two reconstruction systems 

were then tested and compared in both indoor and outdoor environments for a 

comprehensive comparison. The novel developed tool chain is then reviewed with an in-

depth analysis for each submodule. Each submodule was tested and analyzed to verify its 
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performance. Several experiments were made to verify all the subsystems developed 

throughout this research work. 

6.2 Conclusion 

 The system proposed present a full reconstruction solution for both outdoor and indoor 

applications. Throughout this research work we had found several important observations:  

• The movement of the vehicle is a very impacting factor to the results of the 

reconstruction. Some vehicle movements can include lots of vibrations that can 

affect the quality of acquisition significantly   

• The image-based reconstruction performed best in case of highly textured objects, 

which is not feasible in all cases. However, alignment approach presented through 

this work was designed to compensate for this issue. 

• The LiDAR-based reconstruction registration algorithm utilized in this research 

work was robust and efficient. However, it had a major issue of misregistration in 

case of being next to large glass window or glass structure. 

• The SVA algorithm can take a long time for its computation in some cases, which 

reduce its usefulness. 

• The NNC algorithm performs best when the RGB point cloud is dense with enough 

points for accurate colorization. 

• The tool chain submodules improved the visualization of the point clouds and also 

reduced the computations needed in image-based reconstruction in different cases 
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6.3 Future work 

   The research discussed in this thesis can be further improved. The influence of the tool 

chain on the dimensional and volumetric measurements should receive further in-depth 

analysis. This will help to enhance the toolchain for better constructive optimization. Using 

a mixture of coupled and uncoupled sensors is one of the important tasks to investigate in 

order to conclude the benefits that can be obtained from such mixture. The top parts of 

buildings and objects were usually not reconstructed due to the limitation of movement 

for a ground vehicle. As a result, deployment of UAVs in the system for better 

reconstruction will be beneficial and shall be further explored. Furthermore, optimizations 

and parallelization should be introduced to the SVA algorithm for an enhanced 

performance and efficient computation. NNC algorithm should be considered for 

implementation on a GPU for faster computations 
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