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The large-scale multimodal sensor fusion and moving object detection for visualization, 

assessment and automation of industrial processes were studied in this thesis. The 

overview and analysis of the commonly-used calibration approaches, the existing 

registration methods suitable for large-scale 2D-to-2D and 2D-to-3D registration, and the 

segmentation methods suitable for point cloud data were made. Based on the analysis 

results the fusion of three imaging modalities of different nature such as a point cloud 

obtained from LiDAR, a set of RGB images, and a set of thermal images was performed. A 

large-scale calibration target was developed that is visible in all modalities for calibration 

purposes. The moving object detection task from sequential point cloud data was solved 

using the plane-based segmentation, clustering, VFH cluster descriptors, and estimation of 

the clusters proximal shifts with a distance metric. In the experiments, all moving objects 

were detected. 
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1 INTRODUCTION 

 

1.1 Background 
 

One of the main tasks of the machine vision is to estimate geometrical (e.g., objects shape, 

position) or/and dynamical (e.g. objects velocities, displacements) properties of the tree-

dimensional (3D) real world based on the data provided by the optical sensors which are 

needed for solving of a certain task [1]. The common optical sensors for machine vision 

applications are digital cameras. These cameras capture visible light and produce the gray-

scale or RGB images. The color and quality of the objects on the captured images are 

highly dependent on the objects illumination intensity with an external source. Thermal 

cameras does not depend on lightening conditions as they capture the infrared radiation 

emitted by the objects which temperatures are above the zero. The thermal images are 

often represented in a gray-scale range where the brightest pixels relates to the hottest 

objects. Thus, humans are easily detectable in these kind of images. [2] 

 

The RGB and thermal cameras project 3D world points on the 2D plane of their sensitive 

elements. However, the inclusion of the 3D structure of the world could be also beneficial 

in many machine vision applications, for example, for solving robotics tasks, object 

recognition tasks, or for environment mapping [3].  

 

A range sensor is a device that is able to capture 3D environment structure by means of 

measuring distance to the nearest surfaces relative to their point of view. According to 

measurement process, such sensors can be divided into two general groups. The first group 

performs point-by-point measurement in a scanning plane(s) and the second one provides 

an image (or matrix) with depth information at each grid point [4]. Range data provided by 

these sensors are often called an unorganized and an organized point cloud respectively 

[5]. Although such sensors produce range data that include x-, y-, z-coordinates of the 

world points they are often referred to as 2.5D data as they include points that are visible 

only from the point of view of the sensor and thus do not include full 3D models of the 

objects [4]. In order to obtain full 3D models of the objects/environment the combining of 

several scans made from different viewpoints is applied [6, 7]. 
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As shown in [4] range data can be obtained with different optical sensors and approaches. 

Some of them, such as stereo vision systems and laser-based sensors provide more reliable 

and dense data. Some of them are less accurate, for example, those based on capturing 

images with different focus distances of the same scene, based on structure from motion of 

a single moving camera, based on estimating surfaces’ orientation using pattern shading 

and varying texture. Moreover, the stereo range systems show better results with the closer 

scenes as their accuracy decreases with increasing distance to the target objects due to the 

fact that the disparity between a pair of stereo images vanishes, whereas laser-based 

systems are more suitable for large-distance measurements. RGB-Depth (RGB-D) cameras 

are nowadays very popular because of their commercial availability. They capture RGB 

together with the range information using either active stereo or time of flight principals. 

Similar to range sensors they have number of drawbacks such as low resolution 

(~640x480), a sparse depth field, limited ranges (typically less than 5 m), noisy depth 

estimate, and limited field of view (~60 degrees) [8]. 

 

Among laser-based range sensors mainly time of flight, phase modulation-based, and 

triangulation sensors are commercially available. The main advantage of these laser-based 

sensors is that they also can measure the reflectivity of the scanned surfaces that is 

dependent on the surface material and structure. Among the common drawbacks of this 

type of sensors should be noted the inaccuracies introduced when the laser beam meets 

specular surfaces (specular reflections) or objects’ edges (‘footprint’). [4] 

 

In this work the time of flight range sensor, in particular LiDAR is chosen due to its 

characteristics and also practical reasons. LiDAR originates from linguistic blend of the 

words “light” and “radar”, later referred as acronyms Light Detection and Ranging. It is an 

active optical sensor that is able to determine distances to the objects by means of emitting 

impulses of laser light at or near the visible spectrum and recording the time of their return 

due to reflection [9]. These sensors can generate range data or point clouds of the wide 

range of objects, materials, and surfaces with high resolution and cover different scales, 

from mountains, clouds, buildings, vegetation, and humans to the molecular-scale level. 

These abilities allow the sensor to be used in wide range of applications of the modern 
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world, especially since the development in laser technology and data storage has made it 

more technically advanced and commercially available [10]. 

 

There exists many applications for LiDAR. Starting from meteorology measurements in 

the early 1960s and government space applications for terrain mapping in the 1970s [9] 

nowadays it is used for mapping, transport and infrastructure planning, agriculture 

purposes, environmental assessment, mining, architecture purposes, accident and crime 

scene modeling, astronomy, oceanography, vehicle automation, imaging, and gaming [11].  

 

Despite such a broad range of LiDAR applications, in the tasks of the visualization and 

automatization of the industrial processes the main role is still played by usual passive 

optical sensors such as various cameras that make use of already well developed machine 

vision approaches [12]. They perform only 2D mapping of the world scenes, but can 

provide color or other spectral information about the objects that are in their field of view. 

On the other hand, point clouds produced by the LiDAR scanner often lack such 

information. Thus, it is important to study the possible ways to combine the information 

provided by mentioned sensors to obtain multimodal point clouds. Further, it can be used 

for visualization of an industrial environment and automation of the stages of the industrial 

processes. The research carried out in the work follows the structure shown in Fig. 1. 

 

This thesis work is a part of DIMECC S-STEP program and its subproject Machine Level 

intelligence, sensing, control and actuation (MASCA) [13]. MASCA was a collaborative 

work between the Machine Vision and Pattern Recognition Laboratory (MVPR) [14] of 

Lappeenranta University of Technology and leading industrial companies. 
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Fig. 1. The research structure. 

 

1.2 Objectives and delimitations 
 

The objective of this work is to study large-scale multimodal texture mapping and moving 

object detection. In particular the goal is to study the possibilities for the fusion of three 

imaging modalities of different nature an unorganized point cloud obtained from LiDAR, a 

set of the RGB images and a set of the thermal images. The possibilities for solving the 

task of moving object detection from a point cloud also fall in the scope of the research. It 

is not the objective of this work to develop new methods for these problems but to study 

and to analyze those that are currently available, and to see whether it is possible to 

combine these methods in order solve the tasks shown in Fig. 1.   

 

The research is focused on the studying the information provided by the set of the optical 

sensors that were chosen in the way to complement each other from the viewpoint of 

informational content. Other limiting factors in selecting of the registration, segmentation 

and feature detection methods are operating environment and setup of sensors. 
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1.3 Structure of the thesis 
 

The structure of the thesis is organized as follows. Chapter 2 is dedicated to the description 

of the peculiarities related to process of acquisition and preprocessing of LiDAR data. In 

addition an overview of the commonly-used calibration approaches and the existing 

registration methods suitable for large-scale 2D-to-2D and 2D-to-3D registration are 

presented.   

 

Chapter 3 deals with the review of segmentation methods with the focus on the RANSAC 

plane-base segmentation method and Density-based spatial clustering of applications with 

noise algorithm. The possible algorithm for the moving object detection using point cloud 

data is proposed in Chapter 3.  

 

Chapter 4 includes the results and justifications for the carried out experiments. The 

chapter starts from experimental setup and the description of the environments. Then the 

chapter proceeds to the performed large-scale multimodal calibration procedures for RGB 

and thermal images. Next the process of the point cloud formation is described. The results 

for registration and mosaicing of the RGB and thermal images and point cloud fusion are 

also presented here. At the end of the chapter the results obtained for stages of the 

segmentation and moving object detection problem are shown.  

 

Chapter 5 provides a discussion about the results of the work obtained during the research 

and describes the possibilities for further researches. In addition the limitations of the 

developed approach are described. Finally, Chapter 6 summarizes the thesis.  
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2 MULTIMODAL IMAGE ACQUISITION AND REGISTRATION 

 

2.1 Data acquisition and pre-processing 

 

Data acquisition is the process of sampling and quantization of a real world phenomena 

and writing it in a digital format that is relevant for further computer processing [15]. In a 

terms of machine vision theory the typical result of the data acquisition process is a 2D 

digital image or 3D point cloud generated by an optical imaging device or system [16], 

such as an RGB camera, thermal camera, microscopes, multispectral scanners, RGB-D 

camera, or LiDAR. All these sensors produce data that contain large amount of 

information about real world environment [17]. The information can be extracted by means 

of nowadays extremely popular and highly developed machine vision approaches and 

methods. Often they require data to be presented in a certain view and format that is not 

provided by the optical sensor. Thus, the step of pre-processing that converts the raw data 

into a suitable form for the further processing is very important [17]. 

 

2.1.1 LiDAR point cloud 

 

Let us consider the operational principle of a LiDAR device [18]. The LiDAR scans 

environment by sending light impulses radially in one plane in sector of 190 degrees and 

produces range measurements in two-dimensional radial coordinates: distance and angle 

(Fig. 2). The distance is measured by calculating the time of sent light impulse to be 

reflected as shown in Fig. 3. Radial scanning is performed by deflecting ray of laser source 

by a rotating mirror. The measurements can be carried out at different frequencies and 

consequently with different angular resolution varying from 0.1667 to 1 deg. In addition, 

each returned laser impulse carry an information about backscattered intensity of the 

returning light impulse, that is the reflectivity of the surface from which it was reflected. 

The reflectivity depends on structure, material, and color of the surface. This kind of 

sensor can provide measurements with a range up to 80 m. [18] 

 

Thus, the output of the LiDAR sensor basically contains a list of sequential points with 

three measured values: the distance to the scanned surface, scanning angle in sensor 
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coordinate system and surface reflectivity [15]. Point cloud is a more common and 

convenient form for representation of LiDAR data. It has a great potential due to the 

available open source libraries such as Point Cloud Library (PCL) for processing [10]. In a 

point cloud, each scanned point is represented by X-, Y-, Z- coordinates in a certain task 

dependent coordinate system. The Cartesian world coordinate system is often used in 

Geographic Information System (GIS) applications [9]. One important advantage of the 

point clouds is that each point can contain more information than just positioning 

coordinates. For example, it can contain surface reflectivity, surface color, surface spectral 

characteristic, and the point classification label if such was carried out [9].  

 

 

Fig. 2. Measuring principle of the LMS5xx LiDAR. [18] 

 

In order to obtain a 3D point cloud, the laser beam is swept by additional mirrors across 

other dimensions [4]. In cheaper sensor models [18] which lack such a sophisticated 

system of mirrors the same effect can be achieved by moving the sensor itself in 

perpendicular to the scanning plane direction and measuring the sensor position with an 

external system. Such approach can be often found in airborne or mobile LiDAR 

applications where the additional Inertial Measurement Unit, IMU (for sensor’s angular 

position determination) and Global Positioning System, GPS (for sensor’s global 

coordinates determination) are used [1, 19, 20].  
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Fig. 3. Principle of operation for time of flight measurement. [18] 

 

2.1.2 Geometry of a 2D image formation 

 

In general, the process of the image formation in a RGB camera as well as in a thermal 

camera can be approximated with a simple pinhole camera model [21] that is shown in Fig. 

4. In contrast to the real cameras, this simple camera model does not contain any lenses, 

thus it does not account for any lens distortions. In some cases of severe distortions or 

when the high precision is very important the more complex camera models can be used. 

However, in most cases a simple camera model can provide the results of sufficient 

accuracy.  

 

The basic pinhole model is described by the following parameters: the optical center (also 

called the camera center), the image plane, the focal length f (the distance from image 

plane to the optical center), and the principal axis (the line perpendicular to the image 

plane that passes through the optical center). The principal point presents the optical center 

mapped onto the image plane. It should be noted that from a geometric point of view there 

is no difference if the image plane is placed as the virtual image plane. Let us introduce the 

Euclidean coordinate system with X-, Y-, Z-axes and the origin at the optical center and 

the image plane coordinate system with u- ,v-axes. The world point M(X, Y, Z) is mapped 

to the point m(u, v) on the image plane which lays on the line that connects the point M 

with the optical center. Thus, the following relationships are valid: 
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(1) 

 

The coordinates of a point on the image plane in homogeneous coordinates can be 

computed as 

  
 
 
 
   

      
      

    

  

 
 
 
 

  (2) 

 

where    and     are the focal lengths expressed in terms of camera pixel dimensions in u-

and v- directions respectively in the case of non-square pixels of the camera sensor, 

          are the principal point coordinates, and   is the skew parameter that accounts for 

a skewing of the sensor’s pixel elements. Instead of Cartesian coordinates the 

homogeneous coordinates are used here due to the fact that they can represent the 

coordinates of any point, including points at infinity using finite coordinates. 

 

 

Fig. 4. Geometry of image formation in the pinhole camera model. 

 

Elements of the matrix in Eq. 2 are called the intrinsic camera parameters as they depend 

only on camera characteristics. Intrinsic parameters provide the connection between the 2D 

point position in pixel representation in the image plane and the corresponding 3D 

coordinates in the camera reference frame. In order to obtain the full camera model the 

extrinsic parameters should also be taken into account. The extrinsic parameters connect 
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the point position in the camera reference frame with the position of the 3D point in world 

coordinates as  

 

 
 
 
 
   

     

     

   

  

           
           
           

  

 
 
 
 

  (3) 

 

where     represents the rotations and   ,   ,    translations of the camera relative to the 

position of the 3D object. 

 

2.1.3 Camera calibration 

 

All the optical sensors can introduce noise in their measurements due to imperfection of 

their structural elements or the nature of the measurement principal. For the optical 

cameras the most typical shortcomings that affect the imaging process are optical lens 

distortion and imperfections of its sensitive element. The image obtained from such a 

camera cannot provide an accurate information about a real world scene structure as it is 

distorted, i.e., the straight lines of the world scene are not straight any more after their 

mapping on the image plane.  

 

In general, radial distortion, tangential distortion, the shift of the optical center, and the 

skewing of the image sensor pixel have a significant impact on the image distortion. Radial 

distortion occurs due to imperfection of the camera lens whereas tangential distortion 

occurs due to nonparallel alignment of the camera lens and the image sensor. All these 

camera parameters are included in the intrinsic parameters of the full camera model and 

can be estimated using different camera calibration approaches [22, 23, 24]. These 

approaches are based on the assumption that the location of the image points (in the image 

frame) as well as the 3D point (in the world frame) are known. The latter is provided by 

using various calibration patterns and targets of a known structure that are perceived with 

the certain type of sensor. A calibration pattern is a usual reference for estimating the RGB 

camera parameters [23]. For the thermal cameras approaches have been developed in order 

to adapt the common calibration patterns to be visible in thermal spectrum [25]. In LiDAR 

applications typically the real world features are used for calibration purposed [26, 27].  
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According to [22] the camera parameters can be estimated observing a planar pattern from 

different angles. The calibration is done in two steps. The first step is parameter 

initialization using a close-form solution for two basic constraints on the intrinsic 

parameters written for n calibration images. Since the obtained solution is not physically 

meaningful the second step is its refinement using nonlinear optimization with the 

maximum likelihood criterion. 

 

The estimated distortions can be accounted using the following models for radial and 

tangential distortions respectively [28]: 

 

      
         

     
     

    

     
         

     
     

    
(4) 

      
              

        

     
        

              
(5) 

 

where       
       

   are the coordinates of distorted point,       are the coordinates of 

corresponding undistorted point in normalized image coordinates,         ,          

are the radial distortions coefficients of the lens, and       are the tangential distortion 

coefficients. The estimated intrinsic parameters of the camera include the focal length, 

optical center location, skew coefficient, and coefficients of radial and tangential 

distortions. These parameters are then used for obtaining an undistorted image, by 

calculating the new locations in the image plane for all pixels.  

 

In order to obtain accurate estimates of calibration parameters the procedure of camera 

calibration requires the placement of the calibration pattern approximately at the same 

distance as the objects of interest are located during the operation. In addition, the 

calibration pattern should cover most of the image plane. Thus, the calibration process in a 

large-scale environment can become troublesome. In addition, since the optical sensors, 

used in the work, are rigidly installed relative to each other, it would be beneficial to 

perform calibration of the entire system of the sensors [26].  
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2.2 Registration 

 

Multi-modal image registration is the process of combining two or more visual 

representations (e.g., RGB image, thermal image, point cloud) of the same scene that can 

be captured at different moments, from different points of view, and/or by different 

sensors. Due to the variety of the visual representations to be registered there is not any 

universal registration algorithm as its performance is strongly dependent on the task to be 

solved. However, many of the existing algorithm include similar steps and tasks that 

should be solved. As shown in [29] these steps are: 

 

Step 1. Feature detection. Choose and detect (automatically or manually) appropriate 

features for the given task (points, edges, crones, lines intersections, significant regions, 

color, texture) that are efficiently detectable from one representation to another, stable in 

time, invariant to pose, and ideally evenly spread. Features can be presented explicitly (e.g. 

corners/points’ positions, color, texture) or using descriptors that accumulates some 

characteristics of the image regions together, such as Scale-Invariant Feature Transform 

(SIFT) descriptor [30], Gradient Location-Orientation Histogram (GLOH) [31], Speeded-

Up Robust Features (SURF) detector-descriptor [32], Local Binary Patterns (LBP) [33], 

and Binary Robust Independent Elementary Features (BRIEF) descriptor [34]. Features 

have been developed also for the point clouds that work with sparse information and are 

invariant to the point of view, such as Viewpoint Feature Histogram (VFH) [35], Normal 

Aligned Radial Feature (NARF) [36], Fast Point Feature Histograms (FPFH) [37], and 

Signatures of Histograms of OrienTations (SHOT) descriptors [38]. 

 

Step 2. Feature matching. Find the best correspondence between the detected features 

and their descriptors form different representations based on their similarity and filter the 

outliers. This step is often solved as an optimization problem. For further processing these 

features can also be represented as a points and called control points. [29] 

 

In this step, Random sample consensus (RANSAC) [39] can be applied. RANSAC is an 

iterative method that uses least-squares to estimate the mathematical model parameters 

using a set of observed data (in this case control points) that includes outliers. It randomly 
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selects a minimal set of points needed for the estimation and evaluates their likelihood until 

a good solution or a defined number of iterations are reached. RANSAC is able to handle 

even the data that include 50 % of outliers. 

 

Step 3. Mapping model estimation. Estimate of the mapping model means finding of 

such spatial transformation of one visual representation which aligns with a certain 

accuracy the control points to corresponding control points of another representation. Such 

transformation can be “rigid” transformation, such as translation, rotation, scaling, shearing 

and other affine transformation (global transformation) or “nonrigid” transformations that 

is able to warp the image locally (local transformation). In addition, there exist piecewise 

transformation that is apply different “rigid” transformations to different parts of the visual 

representation. Parameters of all these transformation models can be calculated based on 

known positions of the corresponding control points from two representations. [29] 

 

If it is assumed that P(X, Y) is the point of certain 2D representation and p(x, y) is the point 

of the target 2D representation then the most frequently used transformation similarity 

transformation with 5 parameters to estimate can be written in homogeneous coordinates 

[21] as following: 
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where tx, ty are the translations in x and y directions, θ is the counter-clockwise rotation 

about the origin, and sx, sy are the scaling factors in x and y directions, respectively. The 

affine transformation (6 parameters to estimate) is as follows: 

 

 
 
 
 
   

   
   
   

  
 
 
 
      (7) 

 

and projective transformation (9 parameters to estimate) is as follows: 

 



 

18 

 

 
 
 
 
   

   
   
   

  
 
 
 
       (8) 

 

where a, b, c, d, e, f, g, h, k  are certain parameters that can be calculated based on known 

positions of corresponding control points. 

 

In the case where the 3D point P(X, Y, Z) is mapped to 2D point p(x, y) the similarity 

transformation in homogeneous coordinates can written as: 

 

 
 
 
 
   

    
    
    

                 

     
     
     
    

  

     
     
     
    

  

 
 
 
 

   

 

       

    
           
          
    

   

 

       

          
    

           
    

   

 

       

           
          
    
    

  

(9) 

 

where                   present the counter-clockwise sequential rotations in θ angle 

with respect to x-, y-, z-axis in homogeneous representation. 

 

Step 4. Resampling and transformation. The estimated transformation is applied to one 

of the representation in order to obtain augmented representation. At this step, the 

interpolation methods are often useful, for example in the case of images with different 

resolution. [29] 
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The survey [40] proposes the following classification of the image mosaicing methods that 

can be also applied to the registration methods (Fig .5).  

 

 

Fig. 5. Image registration methods classification. Adapted from [40]. 

 

In general, the algorithm discussed above is also suitable for the registration of visual 

representations with different imaging modalities [29] and thus can be used for multimodal 

registration. 

 

2.2.1 Image mosaicing  

 

The field of view (FOV) of a RGB camera with the common lens is quite narrow compared 

to laser-based range sensors. On the other hand, the RGB camera can easily provide a large 

number of high-resolution images that often contain overlapping views of scene. Based on 

the information from the overlapping areas it is possible to perform frame fusion (or 

mosaicing) in order to extend the field of view outside the FOV limits of a single image. 

[41] 

 

Image mosaicing is used in various computer vision and computer graphics applications 

such as motion detection and tracking, image stabilization, augmented reality, resolution 

enhancement, and video compression [40]. The essential steps required to perform image 

mosaicing are similar to those in image registration. Here they are used for computing the 
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homography between overlapping areas of the images [41]. As shown in [40] often the 

single color channel or grayscale images are used for the aforementioned registration. 

Further reprojection, stitching, and blending steps are needed (see Fig.6).  

  

Fig. 6. Image mosaicing. [40] 

 

Based on the estimated pairwise geometrical transformations the reprojection step is 

carried out. It implies the alignment of the images within the common coordinate frame. 

During the stitching step the pixel values of the overlapping areas are merged whereas all 

other pixel values belonging to non-overlapping areas are retained. In order to reduce the 

inaccuracies due to geometric and photometric misalignments and to enhance the 

homogeneity of the resulting image the blending algorithms are used [40].  

 

The invariant feature-based approach described in [42] can be chosen due to the fact that it 

is fully automatic and is robust to the noise, scale, orientation, and illumination changes of 

the input images. The algorithm extracts the SURF features from the subsequent images 

that are further matched. The matching procedure can be performed either based on 

computing of the pairwise distances (sum of absolute differences or sum of squared 

differences) between features of different images or using the nearest neighborhood 

algorithm [43]. Next, the homography transformation for the matched features is computed 
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for pairs of images. Here the RANSAC algorithm can be utilized which will be described 

in more details in the Section 3.1.1. The homography model can be assigned as similarity, 

affine or projective transformations (Eqs. 6, 7, 8 respectively). Then estimated pairwise 

transformations are arranged into transformations relative to the first image    as: 

 

                (10) 

 

where    is the transformation between nth and n+1th images. Further the images are 

reprojected into common reference frame according to the   . 

 

For certain cases of camera motion, for example, the translational motion parallel to the 

image plane, the accuracy of the described above mosaicing approach can be enhanced 

using an epipolar geometry relationships [21]. The epipolar geometry represent the 

intrinsic projective geometry between the two views of the same scene and depends only 

on the cameras’ intrinsic parameters and relative position [21]. The approach is often used 

in stereo image rectification and 3D scene reconstruction [21, 44]. The idea is that 

correctly matched feature might lie on the epipolar line defined by its corresponding 

feature. For this purpose the fundamental matrices of each image pair are estimated. All 

true feature matches should then satisfy the following condition for the features to 

correspond: 

 

         (11) 

 

where  ,    are the matched features,   is a 3x3 fundamental matrix of rank 2. Here the 

fundamental matrix is represent so called an epipolar constraint. 

 

In the case of the sequential images captured by a single camera the fundamental matrix   

includes the intrinsic parameters of the camera and camera positions. It can be estimated 

using the normalized eight-point algorithm [21], the least median of squares, or the 

RANSAC algorithm [45]. Thus, the described procedure can be beneficial for removing of 

the incorrectly matched features if it is included into the step of the feature matching of the 

mosaicing algorithm.  
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3 SEGMENTATION AND MOVING OBJECT DETECTION IN A 

POINT CLOUD DATA 

 

3.1 Segmentation of 2D and 3D data 

 

Segmentation is a process of partition of an image (or other visual representation) into its 

constituent meaningful from the point of view of the assigned task such as parts, regions, 

or objects. Most segmentation algorithms exploit one of the two properties of a visual 

representation: discontinuity or similarity. In the case of an image, these properties are 

related to pixels’ intensity values in the way that discontinuity refers to a sudden change in 

intensity whereas similarity refers to pixels with similar properties according to some 

predefined criteria. [15] 

 

The following grouping for image segmentation methods is proposed in [46]: 

1) Thresholding methods. Such methods exploit a threshold value that is defined based 

on the intensity values of the image pixels. The threshold can be global (the same and 

constant for whole image), local (depends on certain pixel neighborhood), adaptive (is the 

function of the pixel position) or several thresholds. Often the image histogram is used in 

order to define the thresholds. 

 

2) Edge based segmentation methods. These methods are based on various edge 

detection procedures, such as the Canny operator [47], or Sobel operator [15] in order to 

locate edges which are lately connected into closed boundaries of the object or region. 

 

3) Region based segmentation methods. These methods can be divided into two major 

groups: region growing methods and region splitting and merging methods. The first 

approach grows regions around manually or automatically (often randomly) selected points 

(seeds) based on certain similarity criteria and using pixels connectivity properties [15]. 

The termination of the growing often depends on prior knowledge about the task. The 

second approach calculates iteratively certain homogeneity measure based on which it is 

decided whether to split regions or not. Then the similar adjacent regions are merged. The 

algorithm usually starts from calculation of the homogeneity measure for entire image. 
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4) Clustering based segmentation methods. First an image is described with the help 

of image features, and feature space is created. Then the feature space is divided randomly 

in a number of clusters. Next an iterative technique is applied that checks the similarity of 

the features in the clusters and rearrange the clusters. The segmentation aims to divide 

image into clusters that include similar features in the way that the variance of features 

within cluster should be less than between clusters. Each feature can belong only to one 

cluster (hard clustering) or can be a member of several clusters (soft clustering). Among 

the most popular methods of this group are hierarchical clustering (based on distance 

connectivity), k-means and fuzzy c-means (based on computing of clusters’ centroids) 

[48], and DBSCAN (base on density model) [49].  

 

5) Watershed based methods. The methods are based on topological interpretation of 

the gradient magnitude through image intensity values in order to fine high and low 

intensity segments. Pixels with the highest gradient magnitude intensities are referred to as 

a segment’s border [15]. Usually, the methods are used for the image foreground/ 

background segmentation. 

 

6) Partial differential equation (PDE) based segmentation methods. The methods 

express curves, surfaces, and images by a system of PDEs. Solving the system of PDEs 

allows to extract present on the image boundaries. The most common methods of this 

group are the geometric snake, the gradient vector flow, and the lever set method [50].  

 

7) Artificial neural network (ANN) based segmentation methods. These methods are 

exploit ANNs and machine learning techniques [48] in order to obtain the segmented 

image. Commonly they are used for image background extraction.  

 

The above grouping can be extended with graph-cut based segmentation and the model 

based segmentation methods. The first ones use graph cuts techniques from graph theory 

for the image segmentation purposes. According to this method the image is represented as 

a graph, where pixels are the graph vertices which are connected by edges with the 

weights. The weight the measure of the dissimilarity between the two pixels, for example, 

based on intensity, color, or location. The segmentation aims to form components of the 
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vertices in the way that in the same component the edges between two vertices should have 

lower weights, whereas in different components the edges between vertices should have 

higher weights. [51] 

 

The model based segmentation methods are applicable when there is some priori 

knowledge about the model of the object(s) that should be segmented. The object model 

can be assigned with the simple shapes (lines, circles, planes, cylinders, spheres) as well as 

more complex mesh models (mesh model of the human brain or heart). An optimization 

approach is used in order to match object model to image data. These methods become 

especially useful when it comes to point cloud segmentation. Thus, such algorithms for the 

plane-base segmentation, cylinder detection, and others have been developed [52].  

 

Moreover, many of the above methods have been adapted for the point cloud data but 

along with pixel intensity values, they also exploit geometric properties of scanned objects, 

such as points’ spatial proximity, normals, and curvature [52].  

 

3.1.1 Plane-based segmentation with RANSAC 

 

One of the most widely known and robust algorithm for plane-based segmentation is 

RANSAC that can be also used for the segmentation of the other basic shapes 

segmentation in point clouds [53]. The main goal of the algorithm is to find the best fitting 

plane among 3D points within minimum possible number of iterations. It randomly selects 

three points from the input point cloud and calculates the parameters of the plane that pass 

through these points. Then it counts how many points of the point cloud belong to this 

plane within the certain distance threshold. The process is repeated N times and the results 

are compared at each iteration. If the result is better than the previous best the plane is 

saved at each iteration. As input RANSAC algorithm needs a set of the 3D point 

coordinates (point cloud), threshold value (assign which points are considered as belonging 

to the plane), the probable maximum number of points belonging to the same plane, and 

the minimum probability of finding at least one good fitted set of points in N iterations 

(usually within range 0.90..0.99) [54]. The RANSAC approach is shown in Algorithm 1.  
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Algorithm 1 : RANSAC for plane detection [54] 

Input:  points - 3D point list with X- ,Y- ,Z- coordinates 

           model - model of the plane 

 prob_support - probable maximum number of points belonging to the same plane 

 N - iterations number 

 t - threshold value 

 prob- probability of finding at least one good fitted set of points in N iterations 

Output: best_plane - best fitted plane 

  best_support - number of points in the best fitted plane 

1: best_support= 0; best_plane (3,1) = [0,0,0] 

2: best_std = inf; i = 0 

3: calculate the allowable noise percentage as eps = 1 - prob_support / length(points)   

4: N = round(log(1-prob) / log(1-(1-eps)
3
)) 

5: while (i <= N) do 

6: j = pick randomly 3 points from points 

7: params = calculate plane parameters that passes through j using model 

8: distance = calculate the signed distance between points (points) set and given plane (params) 

9: s = find(abs(distance)<=t)  

10: st = std(s) 

11: if (length(s) > best_support or (length(s) = best_support  and  st < best_std)) then 

12: best_support = length(s) 

13: best_plane = params; best_std = st 

14: endif 

15: i = i + 1 

16: endwhile 

 

However, the RANSAC can be sensitive to the selection of the noise threshold value. With 

a too large assigned threshold it tends to treat all the hypothesis equally whereas with a too 

small threshold the solution became unstable that is sensitive even to the small inlier 

fluctuations. In order to reduce this effect the modification of the RANSAC called M-

estimator SAmple and Consensus (MSAC) [55] has been proposed. The MSAC estimates 

the solution quality by calculating the likelihood of the model fitted data and a determined 

set of parameters. [55]   
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3.1.2 DBSCAN clustering algorithm 

 

As it was shown in Section 3.1, the clustering approaches that originate from the pattern 

recognition theory can also be utilized for image segmentation purposes. DBSCAN is one 

of the data clustering algorithm that can be effective spatially in the case of unorganized 

point clouds [56].  

 

The basic idea of the DBSCAN [49] algorithm is that if some point belongs to the cluster it 

should be located near the set of the points of the cluster. Let us assume there exist a set of 

the points to be clustered. Point p is called a core point if at least certain minimum number 

of points are located within predefined distance   from it. These points are called as 

directly density-reachable points from p. A point p is density-reachable from a point q if 

there is a chain of the density-reachable points. A point p is density-connected to a point q 

if there is a point o such that both, p and q are density-reachable from o. Thus, the cluster is 

the set of density-connected points. Points that are not density-connected to any of clusters 

are considered as outliers or noise points. In Fig. 7 a minimum number of points assigned 

as 3. Blue points are core points as they include more than or exactly 3 points within radius 

 , orange points are density-reachable points from p. Gray point is considered as a noise 

point. Based on the above definitions the blue and orange points represent one cluster and 

the gray point is an outlier. 

 

 

Fig. 7. DBSCAN definitions.  
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3.2 Moving objects detection from two sequential point clouds 

 

For many point cloud applications it is useful to detect moving objects. For example, in 

works [57, 58] for the task of Simultaneous Localization and Mapping (SLAM) the map of 

static environment is created. The presence of the dynamic objects during this process can 

lead to the inconsistency of maps and failures during their registration stage. In order to 

avoid this problem the dynamic object should be detected and removed beforehand. For the 

other tasks, such as environment and infrastructure safety assessment for improvement of 

the road safety with a help of mobile laser scanning [59] the problem of detection and 

removing static and dynamic temporal objects is also important [60].  

 

Most of the existing methods for moving object detection in point clouds follow a similar 

procedure: ground/floor segmentation, segmentation/clustering, feature extraction and 

classification [60]. The first two steps can be performed based on the approaches described 

in Section 3.1. For the third step, some of the features described in Section 2.2 can be 

applied. In order to perform further processing the normal vectors in every point of the 

input point cloud should be calculated. The normals are calculated based on the estimation 

of the local surface represented by a point and its neighborhood. For the last two steps of 

the moving detection procedure, in work [61] the following solution for the case of an 

organized point cloud was proposed. For each detected cluster of the point cloud, the VFH 

object descriptors [35] are calculated. The VFH descriptors are the extended version of the 

FPFH descriptors [37]. The choice of VFH descriptors was dictated by their good 

classification performance also for the rotated objects as well as availability of their 

implementation in the PCL library.  

 

One of the advantages of the VFH object descriptors is that they are invariant to object 

scale and object pose. VFH accounts for the relationships of pairwise pan ( ), tilt ( ), and 

yaw ( ) angles between each pair of normals in a cluster and the relationships between the 

viewpoint direction and clusters’ centroid normals [35, 61]. For this purpose the following 

set of parameters are calculated for the pair of 3D points from the same cluster   ,    and 

their normals   ,    (see Fig. 8) as 
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(12) 

 

where     ,            ,        are a Darboux coordinate axis at   . This set 

of parameters is calculated for each pair of the point in k-neighborhood in cluster. In 

addition, the parameter that represents relationship between the viewpoint direction    and 

centroid normal is calculated as (see Fig. 9): 

 

          (13) 

 

The result set of calculated parameters is represented as a histogram as shown in Fig. 10. 

 

Fig. 8.       parameters formation. [35]  

 

 

 

Fig. 9.   parameter formation. [35]  
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Fig. 10. An example of the resulting VFH. [35]  

 

As it is proposed in [61] in order to find moving objects the calculated VFH features of the 

clusters of two sequential point clouds are checked for correspondence. For this purpose, 

the sum of absolute differences between two clusters’ VFH descriptors is calculated. Then 

from two point clouds the closest pair of the clusters is iteratively found and arranged in 

the list. All the remaining clusters that did not get any pair are removed. Next, the 

Euclidean distance in world coordinates between clusters in pairs is calculated to obtain 

information how the position of each cluster has changed between two sequential point 

clouds. Based on the information, that can be considered as the cluster’s displacement, we 

iteratively select all the pairs of clusters with the displacement greater than some threshold 

value. Thus, all the clusters that represents moving objects are selected (see Algorithm 2). 

  



 

30 

 

Algorithm 2 : Moving object detection from two sequential point clouds 

Input:  point_cloud_1, point_cloud_2 - two sequential point clouds with calculated normals 

 threshold – minimal distance between the centroids of the same cluster in the sequential 

 point clouds which is considered as a movement   

Output: moving_objects - highlighted moving objects 

1: for (all point clouds) do 

2: point_cloud_segments = Major planes segmentation with RANSAC of point_cloud 

3: set_of_clusters = DBSCAN clustering of point_cloud_segments  

4: for (all clusters in set_of_clusters) do 

5: descriptors_set = calculate VFH descriptors (set_of_clusters) 

6: endfor 

7: endfor 

8: similarity = Compare (descriptors_set_1, descriptors_set_2) 

9: cluster_coresp_list = Form a list of pairs of corresponding clusters from (set_of_clusters_1, 

 set_of_clusters_2)  based on similarity 

10: if (a cluster does not have a pair) do  

11: Highlight the cluster in corresponding point cloud 

12: endif 

13: distance = Calculate the spatial distance between centroids of corresponding clusters in 

 cluster_coresp_list 

14: if (distance > threshold) do 

15: Highlight the corresponding cluster in the second point cloud 

16: endif  
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4 EXPERIMENTS AND RESULTS 

 

4.1 Experimental setup description 

 

The experiments were carried out within two environments named “Warehouse” and “Bulk 

material storage”. The optical system that was used during the research included several 

optical sensors.  The composition of the optical system was chosen not only for practical 

reasons but also based on the fact that all the sensors can provide the information of 

different nature. In particular the system comprised the following sensors: 

 RGB camera: FLIR Blackfly 5.0 MP Color GigE PoE (Sony IMX264) [62] with 

 the lens Fujifilm HF12.5SA-1[63], 

 Thermal camera: FLIR A35 [64], 

 LiDAR: SICK LMS511 [65]. 

 

The RGB camera produces color images with the resolution of 2448x2048 pixels with 

FOV of 38°47′ × 29°35′ whereas output resolution of the thermal camera is 320x256 pixels 

with FOV of 63° × 50° with 7.5 mm lens.  

 

All the sensors in the optical system were rigidly mounted relative to each other. The 

system of the sensors was attached to a structure that is able to move in two perpendicular 

horizontal directions. Hereafter the structure is referred to as the positioning system. The 

LiDAR was installed in the way that its scanning plane was perpendicular to the one of the 

movement direction. The current location of the point where the optical system is attached 

is logged by a computer of the positioning system as well as corresponding timestamp. The 

time was measured up to milliseconds and the position coordinates was measured up to 

millimeters.  

 

Outputs of all optical sensors was also provided with timestamps labels. The corresponding 

RGB and thermal images had the same timestamp. As it can be seen all systems in the 

setup had their timestamps. Further, these timestamps were used for the point cloud 

formation and the different imaging modalities fusion. 
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4.2 Large-scale multimodal calibration 

 

Since the considered optical system is not ready-made the calibration procedures should be 

carried out in order to estimate the intrinsic parameters of the optical sensors as well as 

their relative position. Due to the large scales of the Warehouse and Bulk material storage 

environments the standard calibration approaches can be troublesome and inaccurate due 

to the requirement violation, such as the calibration pattern should be located 

approximately at the distance of operation.  In order to provide multimodal calibration of 

the RGB camera, thermal camera, and LiDAR sensor in large-scale environment the 

calibration targets that can be visible by all the sensors were developed. The proposed 

calibration target was a paper cone with printed black and white pattern on the top of 

which an incandescent lamp is placed (see Fig. 11). The lamp is powered by batteries. 

  

 

Fig. 11. Calibration target structure 

 

For the calibration purposes 20 of calibration targets were made. They were arranged in a 

large-scale calibration pattern 5x4 with 1 meter distance between targets as shown in Fig. 

12.  

 

The pattern was captured by the system of the optical sensors from the distance of 

approximately 10 m. As a result the calibration targets appear with different modalities as 

shown in Fig. 13. From the figure it can be seen that the developed calibration targets are 

clearly visible in all three considered modalities. 
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Fig. 12. Arranged large-scale calibration pattern. 

 

   

(a)      (b) 

 

(c) 

Fig. 13. Calibration targets appearance with different modalities:  

(a) RGB; (b) Thermal; (c) Point cloud. 
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Further, for the RGB camera parameter estimation the code was constructed based on the 

tool available at [28]. The calibration procedure includes two steps: 1) initialization of 

camera parameters assuming zero lens distortion and computing close-form solution; 2) 

estimation of all parameters using nonlinear least-squares minimization based on close-

form solution. Due to the use of the nonstandard calibration pattern a manual point 

selection was performed for all modalities. 

 

In the calibration setup the camera was rigidly attached to the positioning system and the 

calibration targets were located on the floor. Since all selected points from calibration 

images were co-planar the initial guess for camera calibration parameters was provided by 

performing additional calibration procedures for the RGB camera. For this purpose, 

another calibration pattern was used. In particular, an A1-sized 8x11 checkerboard pattern 

with the square side size of 70 mm.  The pattern was capture from different angles within 2 

meters in front of the camera. The additional calibration using the tools available at [28] 

was performed. Fig. 14 presents an example image which was used in the additional 

calibration procedure. 

 

 

Fig. 14. Example of the calibration image. 
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The calibration results for both cases are shown in Tables 1 and 2. In the tables the focal 

length         and coordinates of optical center (principal point)         are presented in 

units of horizontal and vertical pixels, e.g.    
 

  
     

 

  
  where F is focal length in 

millimeters,    and    are the size of the pixel in millimeters. The skew is non-zero if the image 

axes are not orthogonal. The mean reprojection error is an estimate of calibration accuracy. 

For each calibration image a reprojection error (or distance) between a selected pattern 

points in calibration image, and corresponding estimated world points projected onto 

image plane is calculated. Due to the technical reasons, such as poor illumination of the 

calibration pattern only 9 calibration images were appropriate for calibration purpose. Due 

to the small number of the calibration images, the calibration results might be inaccurate. 

 

Table 1. Results of the large-scale calibration. 

Parameter Value 

Focal Length        , pixels [7.89e+02  7.89e+02] 

Principal Point        , pixels [1.30e+03  7.16e+02] 

Skew 1.83 

Mean Reprojection Error, pixels 4.911 

Number of images 28 

Radial Distortion Coefficients  (see Eq. 4) [6,44e-05  -5,67e-05 3,32e-05] 

 

Table 2. Results of the additional calibration. 

Parameter Value 

Focal Length [4.17e+03  4.17e+03] 

Principal Point [1.29e+03  7.80e+02] 

Skew 1.92 

Mean Reprojection Error, pixels 2.66 

Number of images 9 

Radial Distortion Coefficients (see Eq. 4) [0.03  -0.26  0.99] 

Tangential Distortion (see Eq. 5) [-0.0075  0.0057] 

 

The results of the calibration were applied for removing RGB images distortions on the 

pre-processing stage (see Fig. 1). In Fig. 15 an example of undistorted image using the 

estimated calibration parameters is presented.  
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(a) (b) 

Fig. 15. Calibration results application: (a) An undistorted image; (b) Left corner of the image. 

 

4.3 Point cloud construction 

 

In order to consider the process of point cloud formation let us introduce two coordinate 

frames denoted as OXYZ and OLxz which are the coordinate frames related to the 

positioning system and LiDAR scanner respectively (Fig. 16). The scanner perform its 

measurements in OLxy-plane, which is parallel to the OXZ-plane.  The movement of the 

scanner in Y direction is provided by the positioning system. 

 

  

Fig. 16. Used coordinate frames in point cloud formation. 
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The raw measurements of LiDAR include the following information [65]: timestamp, start 

angle of scanning (in the sensor reference frame), scanning resolution, number of 

measurement points in a single scanned line, distance to the scanned point, and scanned 

point reflectivity. The parameter values which were used in the experiment are given in 

Table 3. In order to construct an unorganized point cloud from these measurements 

expressed in the OXYZ coordinate frame basic geometrical relationships as well as the 

information about scanner movement in the Y direction are used. Thus, the coordinates of 

the points of the point cloud are calculated as 

 

            

          
(14) 

 

where   is the current scanning angle,   is the measured distance to the current scanned 

point. The Y coordinate is directly taken from the Positioning system based on 

corresponding timestamps. In addition, the Z coordinate is reversed if the level of floor is 

known.  

 

During the experiments it was discovered that the corresponding measurements have 

relative shifts in timestamps. These shifts include constant and varying components. 

During the point clouds construction only the constant component of the shift was 

compensated. 

 

As the result the unorganized point cloud was formed. Each point of the point cloud 

includes location and reflectivity information. Fig. 17 presents examples of obtained point 

clouds in “Warehouse” and “Bulk material storage” environments with and without 

reflectivity information. In Fig. 17 (d) the tools available from [66] are used for the 

visualization purposes. 

 

Table 3. LiDAR parameters' values. 

Parameter Value 

Timestamp format (number of digits) year(4)-month(2)-day(2)_hour(2):minutes(2): 

seconds(2).milliseconds(3) 

Start angel of scanning, degrees 25 

Scanning resolution, degrees 0.1667  

Number of points in a scan line 781 



 

38 

 

 

 

 
(a) (b) 

 
 

(c) (d) 
 

Fig. 17. Example point clouds obtained in “Warehouse” (a, b) and “Bulk material storage” (c, d) 

environments with (b, d) and without (a, c) reflectivity information. 

 

In addition, point clouds can be presented with range data as shown in Fig. 18. Here an 

artificial coloring is used that is based on the height of the objects. 
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Fig. 18. Point cloud with range information in artificial colors. 

 

4.4 Registration and mosaicing of the RGB and thermal images  

 

Using the developed calibration pattern described in Section 4.2 it is possible to perform 

the calibration of the thermal images. But instead of the usual calibration procedure, the 

registration of a single thermal image to the already calibrated RGB image was performed. 

The idea was that the obtained registration matrix is valid also for all other thermal images 

since the RGB and thermal cameras were rigidly attached relative to each other. Moreover 

the registration can be troublesome in the case of the thermal images due to the lack of the 

detectable features. Thus, the calibration pattern was used as a reference in RGB-thermal 

registration that allows to enhance its accuracy and remove the thermal image distortion at 

the same time (Fig. 19). The correspondence of the RGB and thermal images was 

determined by using their timestamps which are in this case identical. 

 

In order to simplify the process of RGB-to-point cloud registration and to reduce the 

amount of time for feature search the set of calibrated RGB images is arranged in mosaic 

using the approach described in Section 2.2.1. The accuracy of the approach is enhanced 

by means of introduction of the fundamental matrix estimation at the feature matching 

step. This was made under the assumption that camera was moving along the straight line. 

For this purpose the tools available in [42, 45] were used. The resulting mosaics (Fig. 20) 
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were prepared from the image set that included 43 calibrated RGB images. For the first 

mosaic all the images from the set were used (Fig. 20 (a)), for the second one every second 

image was used (Fig. 20 (b)), for the third one every fourth image was used (Fig. 20 (c)). 

The visual assessment of the obtained mosaics showed that in the first case mosaic had the 

best matches of the images. However, it should be noted that with increasing amount of 

images to match the time needed for the processing also increases.  

 

 

           (a)              (b) 

 

(c) 

Fig. 19. RGB-thermal image registration: (a) RGB image before registration; (b) Thermal image 

before registration; (c) Result of the registration (green crosses relate to position of the thermal 

image calibration targets). 



 

41 

 

 

(a) 

 

(b) 

 

(c) 

Fig. 20. The resulting mosaics for RGB image set containing 43 images: (a) Every image was used 

from the set; (b) Every 2
nd

 image was used from the set; (c) Every 4
th
 image was used from the set. 

 

Due to the fact that thermal images often contain a small amount of good features to detect 

another approach was developed for the thermal image mosaicing. The mosaic from the 

thermal images was created as follows. First to the each image from the corresponding 

thermal image set the transformation obtained from the RGB-thermal registration is 

applied. Then the same transformations (Eq. 12) obtained earlier for the mosaicing of the 

RGB images are applied to the thermal images. As the obtained mosaic result showed to be 

slightly inaccurate matches of the images the manual corrections were performed. The 

manual corrections include only translational movement of the separate images in X and Y 

directions of the image plane. The resulting thermal image mosaic that is presented in 

artificial colors in order to improve visualization is shown in Fig. 21. The presented 

mosaics were used for further processing. 
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Fig. 21. The resulting mosaic from thermal images. 

 

4.5 Fusion of point clouds with RGB and thermal images 

 

The point cloud fusion was first performed for the case of a single image. The RGB image 

was chosen for this purpose as it provides large amount detectable features for selection. 

The image was manually aligned with the point cloud and then pairs of control points from 

the RGB image and the point cloud were manually selected. The main difficulty in control 

point selection was the fact that corners and edges that are usually clearly visible in the 

RGB images were rather hard to locate in the point cloud. Mostly this is due to the noise 

that smoothens edges related to the LiDAR operation principal (Fig. 22).  

 

 

Fig. 22. Edges and corners in a point cloud of portable stairs (height 120 cm) due to LiDAR noise. 

 

The selected control points were used for the estimation of the transformation between the 

image and the point cloud. The projective transformation was used as a transformation 

model P to be estimate from the selected control point pairs. For the estimation 12 pairs of 

the control points were used whereas only 5 is needed for estimation of the 9 unknown 

parameters. All the control points were fed to the input of the tool that fits geometric 
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transformation to control point pairs available in [67] in order to perform the estimation. In 

addition the code was developed which provides fusion of the point cloud points with the 

color of corresponding pixels in the RGB image. The estimated projective transformation 

P was applied to the X and Y coordinates of the point cloud points (Z coordinate was not 

taken into account) in order to obtain the coordinates of the corresponding image pixel. 

This approach is possible to use if we assume that from the certain point of view part of the 

point cloud is projected directly to the RGB image. The results obtained using 

implementation are shown in Fig. 23. 

 

However, the described approach is hard to apply to the thermal images as they have much 

lower resolution and a small number of clear features for even visual detection. For this 

purpose another approach can be applied. It is possible to estimate the thermal-to-point 

cloud registration using already established dependencies for thermal-to-RGB and RGB-

to-point cloud registrations. Nevertheless, due to the technical problems with experimental 

point clouds a simple manual alignment of the thermal images with the point cloud was 

performed.  The results obtained for the case of RGB and thermal mosaics are shown in 

Figs. 24 and 25.  

 

   
(a)                                                             (b) 

Fig. 23. Point cloud fusion: (a) Partly colored point cloud; (b) Image used for coloring. 

 

A point cloud colored with thermal information that represents human body is shown in 

Fig. 26. It was obtained from a single pass of the LiDAR and thus does not cover the full 

human body. The thermal image was manually scaled and aligned to the point cloud in 

order to obtain more precise coloring.  
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Fig. 24. Point cloud fused with RGB mosaic. 

 

 

Fig. 25. Point cloud fused with thermal mosaic. 
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Fig. 26. Point cloud of the human body fused with thermal information. 

  

4.6 Segmentation and moving object detection 

 

The segmentation of the point cloud was performed for the Warehouse environment and 

included two steps: 

1) Plane-base (walls, floor) segmentation. 

2) Clustering using the DBSCAN algorithm. 

 

Let us consider a simple point cloud such as shown in Fig. 17 (a). For the first step, plane 

fitting to a 3-D point cloud function available in [68] was used. It allows to estimate 

multiple planes fitted to the point cloud using the MSAC algorithm that is variation of the 

RANSAC. The parameters of the function were chosen such as to detect the largest plane 

in the point cloud that relates to the floor of the Warehouse. The corresponding value of 

the parameters are presented in Table 4.  

 

Table 4. Plane fitting function parameter values. 

Parameter Value 

Maximum allowable distance from an inlier point to the plane, mm 5 

Maximum number of random trials 4000 

Confidence percentage for finding maximum number of inliers, % 99.9 
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Based on the parameters of the estimated plane a method was developed to perform floor 

and walls segmentation. The result is shown in Fig. 27. As it can be seen most objects are 

clearly separated in space in this kind of the environment. Thus, the second step that 

implies clustering based on the spatial position of the point cloud points is possible to 

apply. For this purpose the DBSCAN algorithm described in Section 3.1.2 and available in 

[69] was adapted for the 3D points. Basically the cluster search were performed in the 

point cloud projected to the XY-plane. The resulting clusters were then assigned to the 

corresponding points of the initial point cloud (Fig. 28). The parameters assigned during 

clustering initialization were as follows: radius     was set to 100 mm, minimum point 

number in one cluster was set to 43. The parameters were chosen experimentally. Thus, 

resulting point cloud comprised in total 95 clusters including the noise cluster for 

unclassified points. 

 

Fig. 27. Plane-base (walls, floor) segmentation. 

 

For the purpose of detecting moving objects, two sequential point cloud with calculated 

normals were used. In order to test the object detection algorithm (Algorithm 2) presented 

in Section 3.2, an artificial sequence of two point clouds was prepared. The first point 

cloud was obtained using the experimental measurements. Then the described two-stage 
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segmentation was applied to it. The second point cloud from the first one was obtained by 

manual relocation and removal of some objects after applying the two-stage segmentation. 

The prepared sequence of the point clouds represented an ideal case without accounting for 

the effect of experimental noise on normals estimation, and thus, on the calculation of the 

VFH descriptors. The artificial point cloud sequence is presented in Fig. 29. 

 

 

Fig. 28. Point cloud clustering with the DBSCAN algorithm:  

94 clusters (color dots) and noise cluster (black dots). 

 

For implementing the steps 4-16 of Algorithm 2 the tools of PCL were used. In particular, 

the surface normals estimation [70] and VFH signature estimation [71]. 

 

The results of moving object detection are presented in the first point cloud in Fig. 30. In 

the figure, all objects that change their place or are absent from the second point cloud are 

shown in magenta. 
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(a) 

 

(b) 

Fig. 29. Point cloud sequence after the two-stage segmentation:  

(a) First point cloud; (b) Second point cloud. 
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Fig. 30. Results of moving objects detection. Moving object are shown in magenta. 
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5 DISCUSSION 

 

In this chapter, the results obtained in the work are discussed. The discussion starts from 

the general observations that were made during the subject studying. Then the analysis of 

the results are presented. Next the limitations of developed approach are discussed. In 

addition the possibilities for further research are proposed. 

 

The range sensors, such as LiDAR can provide a good basis for building 3D models of the 

real world environment for visualization purposes, or for solving different tasks. In order to 

increase the informational content of point cloud data from the other optical sensors, such 

as the RGB camera and thermal camera can be added. For this purpose, the various 

registration methods that provide 2D-to-2D and 2D-to-3D registration of all modalities 

together or pairwise can be applied. In their basis the different global or local 

transformation models such as similarity transform, affine transform, and projective 

transform can be used. As the result, the colored point cloud includes: location 

information, color information, and temperature information can be obtained.  

 

In this work, the optical system that includes several optical sensors was used. In 

particular, the system included rigidly installed: the RGB camera, the thermal camera, and 

LiDAR. Such set of the sensors was chosen not only for practical reasons but also based on 

the fact that all the sensors have different nature of the information that they can provide. 

Thus, it allowed to produce multimodal data by means of combination the information 

from the several sensors.  

 

As the optical system under consideration was not ready-made the estimation of the optical 

sensors’ intrinsic parameters and their calibration were needed. Due to the large scales of 

the environments where the experiments were carried out the standard calibration 

approaches could not be applied directly. For this purpose the special calibration targets 

were developed. The nature of the targets allowed them to be captured by all of the used 

optical sensors.  From the targets the large-scale calibration pattern was made. Next the 

standard calibration procedure with manual point selection were performed. One of the 

main drawbacks of such calibration was that the sensors of the optical system as well as the 
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calibration pattern plane could not be rotated relative to each other due to experimental 

setup arrangement. This can affect the accuracy of the sensor’ parameter estimation. In 

order to provide the initial guess for parameters to be estimated the additional calibration 

experiments with the smaller regular pattern were carried out. The calibration results were 

further applied mostly for distortion correction of the RGB images.  

 

The distortion reduction of the thermal images was performed implicitly by the estimation 

of the transformation matrix between a single thermal image and an undistorted RGB 

image based on the developed large-scale pattern view. Latter this matrix was applied to all 

thermal images. This approach became possible due to the assumption that the cameras 

were rigidly installed relative to each over. 

 

During the experiments it was discovered that the timestamps of the LiDAR, the 

positioning system, and the cameras did not coincide due to the fact that they were 

obtained from three different internal clock units. Beside the constant shift in timestamps 

that varied between runs there was also alternating shift which could be caused by 

transmitting and recording large amounts of data on the hard disk. Under these conditions 

the point clouds formed using the proposed approach described in Section 4.3 were 

distorted. Thus, during the point clouds formation the correction factor were applied for 

constant shift removal, but the alternating shift is still hard to eliminate totally. From Fig. 

31 it can be seen from the floor areas that the structure of the formed point cloud is not 

totally homogeneous. 

 

Although such point clouds can be still used independently it is hard to perform the 

accurate registration of the different point clouds as well as the RGB/thermal images to the 

point cloud. Thus, these cases the manual alignment and registration was chosen.  

 

In order to simplify the process of RGB-to-point cloud registration and to reduce the 

amount of time for feature search, a set of the calibrated RGB image set was arranged in 

mosaic. The invariant feature-based mosaicing approach using the SURF features was 

used. Due to the fact that thermal images often contain small amount of good features to 

detect another approach was developed for the thermal image mosaicing. The arrangement 
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in mosaic of the corresponding thermal image set was performed based on the estimated 

RGB-thermal transformation matrix and the sequential transformations obtained for the 

mosaicing of the RGB image set. Visual assessment of the obtained results showed that 

most accurate matching of the images in the mosaic were obtained when the images have 

high level of overlapping. By reducing the size of overlapping area the matching accuracy 

decreases as well as the time needed for processing. For the thermal image mosaic manual 

corrections were performed in order to increase the registration accuracy of the following 

processing stages. 

 

 

Fig. 31. Structure of the constructed point cloud. 

 

If we consider two sequential images shown in Fig. 32 acquired using a moving camera 

and compare, for example, the shape of the orange container when it appears at the left side 

of the image and in the middle of the image it can be seen that the shape differs due to the 

change of the projection angle. The mosaics which were used in the work consisted from 

the side parts of the images. For the further research it could be beneficial to use the middle 

part of the images in mosaic preparation as they initially include less distortions and the 

view point might be more suitable for the projection of the color information to the point 

cloud.  
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(a) 

 

(b) 

Fig. 32. Difference in the shapes of objects due to the different angle of view: 

(a) First image; (b) Second image. 

 

Results obtained in Section 4.5 of the point cloud fusion with the RGB and thermal 

information were promising although an accurate color/thermal data projection onto the 

point cloud corresponding areas was not achieved even with usage of the manual point 

selection and alignments. Anyway these results are a good basis for further research related 

with generation of the colored 3D model of a large environment. In addition, it should be 

noted that corners and edges that are needed for precise control points selection can be 

improves by using the several co-registered point clouds that are captured from the slightly 

different points of view. 

 

By analyzing the resulting point cloud of the human body colored with thermal 

information it can be noted that the human detection can be performed in such point clouds 

based on particular human body shape and thermal coloring.  
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In order to detect moving objects two sequential processed point clouds should be 

considered. For the demonstration purpose, the artificial sequence of the point clouds with 

calculated normals which excludes the effect of measurement noise was developed. For the 

task of moving objects detection in unorganized point clouds the processing includes 

following steps: plane-base segmentation, clustering, calculation of the feature descriptors 

for the detected clusters, clusters correspondence estimation, and moving object 

highlighting. For the purpose, various image segmentation methods can be applied. For the 

task of large planes segmentation in a point cloud, in particular floor and wall planes, the 

RANSAC plane-base segmentation based on the points’ position was found to be useful. 

The clustering step based on the DBSCAN algorithm which takes into account the spatial 

proximity of the points in order to form clusters. The results of two-stage segmentation 

applied to the sequence showed that in the environment with standing along and clearly 

separated objects, such as Warehouse the approach gives good results. Next, object 

descriptors such as VFH descriptor can be applied for clusters’ alikeness estimation in 

sequential point clouds. The VFH cluster descriptors calculation and the estimation of the 

cluster proximal shifts using distance metrics allowed to detect all the objects which either 

changed their place or were absent in the following point cloud.  

 

In addition, it can be noted that the results of the work can be used to solve such tasks as 

environment visualization (colored full 3D model), assessment of the industrial processes 

stages through real-time moving objects detection, and safety enhancing of the industrial 

processes using real-time human detection. 

 

5.1 Further research 

 

In further research the possibilities for other optical sensors calibration of with the 

developed large-scale pattern will be studied. The relative position between the sensors 

should also be taken into account. 

 

Formed point clouds can already be considered as multimodal representations since each 

point comprise beside the 3D coordinates in some global coordinate system also the 

reflectivity characteristics of the scanned surfaces. As the reflectivity depends on structure, 
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material, and color of the surface, it could be beneficial to study how the reflectivity value 

can be used for the object detection, for example, in the environments where other objects 

characteristics such as shape are not available, or visible only partly. 

 

It can be beneficial to develop the estimation procedure for the thermal-to-point cloud 

registration using already established dependencies for thermal-to-RGB and RGB-to-point 

cloud registrations. 

 

Thus, the further research will be focused on applying of the developed in the work 

approaches in order to obtain entirely colored full 3D model of an environment, the 

development of an approach for the objects detection, and classification for the point cloud 

fused with the RGB and thermal images, and studying of the possibilities of the usage of 

the reflectivity information provided by the LiDAR for objects classification purposes. In 

addition, it was planned to continue the studying of the presented moving object detection 

approach in conditions when the experimental noise is present. The usage of the color and 

thermal information should also be studied. 

 

 

 

  



 

56 

 

6 CONCLUSION 

 

In this thesis large-scale multimodal sensor fusion and moving object detection using 

unorganized point cloud obtained from LiDAR were studied. In particular the standing of 

the possibilities for the fusion of three modalities of the different nature such as the point 

cloud, the set of the RGB images, and the set of the thermal images was considered. In the 

work, it was showed that the combination of existing registration, mosaicing, and 

segmentation methods can be applied for this purpose.  

 

In the first stage, the approach for the point cloud formation from raw 2D LiDAR data and 

information from the system that provides movement in third direction based on inherent 

timestamps similarity was proposed. It was shown that the approach is very sensitive to the 

discrepancy in indications of the systems' internal clocks. 

 

Further the special calibration targets were developed for the large-scale calibration 

purpose. It was shown that the nature of the targets allowed them to be captured by such 

optical sensors as the RGB camera, the thermal camera, and LiDAR. The targets were 

arranged in the large-scale calibration pattern which were used for RGB camera 

calibration. The approach for calibration of the thermal images was also proposed. 

 

In order to simplify the further processing, the mosaics from the RGB and thermal image 

sets were prepared. The mosaics were later projected onto the corresponding areas in the 

point cloud based on estimation of the transformation using a control points selection 

approach. As a result, the partly colored point clouds were obtained. Each colored point 

comprised 3D point coordinates, reflectivity value, and RGB color and thermal 

information of the scanned surfaces.  The obtained results were quite promising and are a 

good basis for further research related to the generation of the colored 3D model of an 

environment. Although the accurate color/thermal data projection onto the point cloud 

corresponding areas was not achieved. 

 

The approach for moving object detection from unorganized point cloud was proposed. It 

includes MSAC plane-base segmentation, DBSCAN clustering, VFH clusters' descriptors 
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detection, clusters correspondence estimation, and moving object highlighting. The 

obtained results showed that in the considered environment it could be easily implemented 

since after removing of the floor plane most objects were well separated in space. 

 

The results of the work can be used for the environment visualization tasks, an assessment 

of the industrial processes stages through real-time moving objects detection, and a safety 

enhancement of the industrial processes using real-time human detection. 
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