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Creating Digital Twins of an indoor environment from an operator’s perspective
Indoor 3D Virtual Map Generation with hand-held Solid-State LiDAR

KARTHIK NAGARAJAN SUNDAR

Department of Electrical Engineering

Chalmers University of Technology

Abstract

In recent times, Virtual Commissioning (VC) has flourished in developing new manufacturing
systems while ensuring high-quality, and flexible systems with reduced time and cost requirements.
One application of VC is Virtual Reality, a technology that can enhance the process with more
realistic visualization and validation. The highest level of VC can be achieved by utilizing a Digital
Twin in the form of a 3D virtual map of an environment, however gathering a high-resolution,
reliable, and accurate virtual map is crucial. Amongst various sensors, range sensors like LiDARs
are advantageous in providing depth information of the surroundings, and further, the solid-state
LiDARs produce high-frequency, high-resolution frames of depth information. With the help of the
new Intel RealSense 1515 LiDAR camera, data is collected from a point of view that corresponds
to the human or operator, and a SLAM (Simultaneous Localization and Mapping) algorithm is
implemented to generate 3D virtual maps of the environment. From experiments, it has been
verified that the generated virtual maps are reliable and fairly accurate that they can be utilized
as a Digital Twin in Virtual Commissioning for an indoor environment. For future work, a further
investigation of the algorithm in terms of robustness toward various environments is suggested.

Keywords: Virtual Commissioning, digital twins, virtual mapping, solid-state LiDAR, point cloud,
registration, SLAM, pose estimation.
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Introduction

In this chapter, the concept of Virtual Commissioning along with its importance and hurdles are
introduced. Further, the motivation of the project, expected outcome, limitations, and outline of
the report are discussed.

1.1 Background

Virtual Commissioning (VC) is a process that enables virtual testing, verification, and validation
of software or a machine by utilizing a model of an environment. In recent times, the concept of VC
has become a crucial part of developing new manufacturing systems. Drath et al. [1] investigated
the evolution of industries using the concepts of Virtual Commissioning for testing the manufac-
turing systems from an economic point of view. Lee et al. [2] conducted a survey to identify issues
in the implementation of VC for automated production systems by utilizing a virtual plant model
and a real controller. The workflow of a Virtual Commissioning system begins with generating
simulations of the model and establishing an interaction between the environment, application
software, and the technology or a machine performed in a virtual environment. This interaction is
used to test and detect any failures, optimize the system, and verify it in different scenarios before
actually implementing the technology in action. According to Shahim et al. [3] the concept of
VC helps in ensuring high-quality production systems, with lower time and cost requirements for
testing the system, and also speed up the time requirements for a real commissioning process.

One interesting field to be considered is Virtual Reality (VR). As concluded by Dahl et al. [5] using
VR technology enhances the process of Virtual Commissioning with more realistic visualization
and validation. Virtual Reality refers to the application of computer tools for creating a model of
an environment and providing the user with an opportunity to interact with it. Zheng et al. [4]
provides the latest developments in VR considering applications in engineering and medical fields.
According to various articles [6, 7, 8], VR technology is applicable over a wide range of fields such
as military, sport, healthcare, education, and automotive industry.

Falkman et al. [9] investigate the different levels of Virtual Commissioning. The highest level of
Virtual Commissioning can be achieved by utilizing a Digital Twin in the form of a 3D virtual
map representing the information of an environment as a replica. A 3D map provides a realistic
view of a location that can be utilized by engineers, local authorities, and planners. From an in-
dustrial point of view, through mapping techniques and a 3D scanner, a virtual world of the whole
production unit can be constructed. Apart from the discussed advantages of implementing VC,
this virtual map also helps increase the flexibility of the production to adapt the future changes
much faster, without interrupting the current process. According to Lee et al. [2], although there
is a significant reduction of debugging and correction costs in implementing VC techniques, high
expertise in modeling and simulation is required. The highest level of VC implementation requires
a reliable, and accurate 3D virtual map of the environment.

The process of gathering high-resolution information about the surroundings can improve the
immersiveness of the generated 3D map but requires high computational power and better sensors.
Range sensors such as 3D LiDARs (Light Detection and Ranging) 3D laser scanners, and vision
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sensors such as monocular, stereo, and RGB-D cameras can be used to perform this task. Even
though the cameras are cost-effective, the produced images suffer from scale uncertainty due to the
loss of depth information. This can be solved by using LiDARs, specifically solid-state LiDARs
which help in providing high-frequency, high-resolution frames of depth information. One such
sensor is the new Intel RealSense L515 LiDAR Camera which is lightweight and easy to carry
around by an operator instead of mounting on any AGV or mobile robot and aids in acquiring
data from a human’s perspective. Further through the report, relevant theories, and methods of
implementing a mapping technique to generate the virtual map, followed by evaluation methods
of the constructed map will be discussed.

1.2 Previous Work

Multiple surveys of virtual maps currently in use for Virtual Commissioning in diverse environments
are presented by various authors. These articles [1, 2, 3] focus on implementing the concepts of
VC and advancing the development of manufacturing systems from an industrial point of view. To
et al. [10] investigates the 3D reconstruction of an environment using RBG-D cameras mounted
on a drone and incorporates a real-time combination of Artificial Intelligence and Digital Twin
augmentation. Zhang et al. [17] explores the fusion techniques of optical images and LiDAR
point clouds to generate 3D maps using the photogrammetry approach. This work [13] proposes a
SLAM system for reconstruction using monocular, stereo, and RGB-D cameras, and implements
the algorithm in real-time on standard CPUs. The authors also claim that the proposed algorithm
is suitable for a variety of environments from indoors to industrial environments and autonomous
driving. Remondino et al. [15] reviews an automated approach of photogrammetry techniques on
large datasets for 3D reconstruction purposes. The results were also verified for replicability and
redundancy in sequences of complex environments. The article by Zlot et al. [11] explores the use
of spinning 2D LiDAR combined with industrial-grade IMU to construct a large-scale 3D map of
an underground mine and verify if the required equipment can fit the pathway using the virtual
commissioning technique.

1.3 Purpose

The purpose of this thesis work is to evaluate the Intel RealSense L515 LiDAR Camera’s perfor-
mance in collecting data for Virtual Commissioning from a user’s perspective in a low-cost system.

1.4 Limitations

The following limitations are set for this thesis project

e Considering the focus on low-cost systems, only the depth information from the L515 solid-
state LIDAR Camera will be used for processing.

e No code optimization for real-time implementation of the method is involved.

1.5 Thesis outline

The thesis work is presented as five chapters starting with a brief introduction and structured
further as follows:

e Chapter 2 Presents all relevant theories used in this thesis
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Chapter 3 Describes the problem formulation and implementation

Chapter 4 Provides the evaluation methodologies used in this thesis

Chapter 5 Presents the results of various experimentation conducted

Chapter 6 Includes various implications drawn from the results and possible future works

Chapter 7 Concludes the thesis
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Theory

In this chapter, all concepts and relevant theories behind the main approach used in this thesis
are presented and discussed here. The structure is broken down into three major sections such as
LiDAR, point cloud registration, and SLAM.

2.1 Light Detection and Ranging

The Light Detection and Ranging (or LiDAR) is an active range measurement sensor that uses
visible light, ultraviolet, or near-infrared light as mentioned in the articles [24, 25]. The basic
principle behind range estimation is that a laser in the form of a pulse or continuous wave is
emitted from a transmitter, gets reflected by an object, and the reflected energy is captured by
the receiver. The Time of flight which represents the total time taken to transmit, and receive
the reflected beam is calculated. Further, the distance between the transmitter and object is
determined using the Eq. (2.1) where the Time of flight is halved to include only the time taken
for the beam to travel in one direction.

light Ti light t
Distance d = (Speed of light) ><2( ime of flight) = C; (2.1)

LiDARs can be classified based on the scanning mechanism. In order to produce a sweeping

scanning effect, a typical spindle-type rotates 360°to provide a full view of the environment whereas
a solid-state LIDAR consists of a fixed Field Of View (FOV) with no moving parts in it.

2.1.1 Rotating LiDAR

A Mechanical or Rotating LiDAR consists of a single beam or a single-dimensional array of laser
emitters and detectors which rotate along the vertical axis at a particular rpm. The rotation
motion helps in covering a wide field of view around the sensor. With this type of LiDARs, the
distance and angle are calculated together to generate a point cloud of the surroundings. However,
the conventional rotating LiDARs are large, quite expensive, have low frame rates, and consist of
moving parts which makes them hard to maintain. Moreover, during the data collection, the process
of obtaining a complete scan is not simultaneous and depends on the rotation of the sensor. This
poses an issue when the sensor is in motion since motion distorts the generated point cloud. Thus
either the sensor should be stationary for each scan or these distortions must be corrected, which
is performed by using external sensors to estimate the motion between each LiDAR measurement.
Zhang et al. [30] describe a distortion removal algorithm for point clouds.

2.1.2 Solid-State LiIDAR

In a solid-state LiDAR, there are no moving parts, instead of the rotation of the setup, this type
consists of an array of detectors placed both horizontally and vertically to cover a particular field
of view at that instant of time. This is greatly advantageous over its rotating counterpart since the
data collection process of the environment happens simultaneously. Even under motion, the area
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within the FOV is captured instantly, hence no distortions occur in the generated point cloud. The
solid-state LiDARs are also beneficial since it is cost-effective, lightweight with no moving parts
involved, have high frame rates, and improved service life. The main downside of the solid-state is
the small Field of View (FoV) compared with the rotational/mechanical LIDARs and thus requires
an algorithm to stitch all the captures together. A typical solid-state LiDAR is made of a silicon
chip and using Microelectromechanical systems (MEMS) based mirrors, a laser beam can then be
directed towards the environment without using motors or gears. Jingye et al. [31] proposed a
study made with various types of solid-state LIDAR other than MEMS technology.

2.2 Point Clouds

2.2.1 Point Clouds

There are various depictions to represent 3D data. A point cloud as explained in the articles [32, 33]
is one of the methods for representing the 3D data produced by either LiDARs, 3D scanners, 3D
cameras, or by photogrammetry software. The point cloud generally consists of a set of data
points in 3D space as cartesian coordinates (x, y, z) which depict a single geometrical feature of an
objects shape. The applications of point clouds include generating 3D CAD models for parts quality
inspection and manufacturing, and virtual visualization of an environment. Normally, the point
clouds generated using LiDARs are unorganized meaning sparse, irregular, and in an arbitrary
fashion, and represented as a single-dimensional array, whereas the organized point clouds are
described in a structured manner and represented by a 2D array.

P = {{Ll € RS}

<N (2.2)

A point cloud can be represented in 3D Euclidean space as defined in the equation (2.2).

Figure 2.1: Point cloud produced by L515 depicting the scene with an arm-chair
and a stool

2.2.2 VoxelGrid Filter

The VoxelGrid Filter is a method of downsampling a point cloud based on a voxelized grid approach.
A voxel grid can be defined as a set of 3D boxes or cubes spread in space. Initially, the points that

6
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lie within the bounds of a voxel are assigned to that voxel and the filter downsamples the 3D point
cloud by taking a spatial average i.e. by the computing centroid of the points and statistically
combining them into one data point for that voxel. The grid step defines the size of each voxel.
Figure 2.2 represents two examples of applying the VoxelGrid filter with various grid steps. When
the grid step is set larger (bottom left), all points are confined within one big voxel and the filter
downsamples all the data points to one centroid, but when the grid step is set smaller (bottom
right) the data points are confined within four voxels and the filter downsamples to four centroids
corresponding to each voxel. A good balance of downsampling the point cloud while preserving
the details of the environment is achieved by experimenting with different grid steps.
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Figure 2.2: FEzample of VozelGrid filter with larger grid step(bottom left) and
smaller grid step(bottom right).

2.3 Point Cloud Registration

Point cloud registration or generally known as scan matching as defined in the article [55] is a pro-
cess of estimating a spatial transformation like rotation, translation, and scaling which aligns two
point clouds. Various applications of point cloud registration include perception-based autonomous
driving, 3D reconstruction, robotic manipulation, SLAM, and Virtual Reality. The main purpose
of estimating the transformation is to continuously merge point sets, map the new measurements
with the previously generated global map, and localize the device by estimating its relative pose.
Various algorithms have been proposed for such estimations as Iterative Closest Point (ICP), and
correspondence-based methods which will be discussed in the following sections.

2.3.1 Estimation of optimal Rigid Transformations

A rigid transformation is a geometric transform for mapping the 3d points from one frame of
reference to another frame of reference in the Euclidean space. In order to preserve length, the

7
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transformation includes combinations of rotations, translations, and reflections. Let us consider,
two corresponding sets of point clouds A and B where A = {a;} and B = {b;}, ¢ = 1...N points,
which represents the environment as captured by the laser scanner at two subsequent time stamps.
One major condition is that a minimum of 3 unique points is necessary for computing the trans-
formation as explained in the article [54].

For every successive frame, there exists a region common to both the frames which overlap when
plotted as pairs. Hence with this overlapping region, the set B must be transformed to align
perfectly with the set A, for which the rigid transformation is represented as

B=RA+t (2.3)

where R and t represent the 3 x 3 rotation matrix and 1 x N translation vector for the points
respectively. An optimal solution is reached once the rotation matrix R and translation vector t is
found to minimize the least-square criterion.

N
err =Y |Ra; +t - b (24)

i=1

Eggert et al. [54] compares major algorithms for estimating 3D rigid transformations. Amongst
various methods of finding the optimal transformation between points the Singular Value Decom-
position (or SVD in short) is likely the simplest way to calculate the matrix R and vector t.

The algorithm to find the optimal rigid transformation as follows:

e Firstly, the centroids of each sets of points are calculated by

1
centroid 4 = N ZAz
=1
N (2.5)
troid p = — ) B’
centroid g N;

e A common origin is fixed such the centroids of both sets are at the origin and hence the
points are shifted accordingly

e Then the optimal 3 x 3 rotation matrix R is calculated by

H = (A— centroid 4) (B — centroid 5)"
[U,S,V] = SVD(H) (2.6)
R=VvU"

where,

— H = USVT is the covariance matrix, and the function of SVD is to factorize the
covariance matrix into U, S, and V matrices

— U represents an orthogonal matrix composed of columns of the left singular vectors
of H

— S represents a diagonal matrix composed of the singular values of H

— V represents an orthogonal matrix composed of columns of the right singular vectors
of H

e Finally, after calculating R, the translation vector can be computed as

centroid p = R x centroid 4 +¢

t = centroid g — R X centroid 4
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2.3.2 Iterative Closest Point

Tterative Closest Point (or ICP in short) is an algorithm that aims at estimating a rigid transfor-
mation between point clouds by minimizing the difference between two point clouds as described
by Zhang et al. [56]. The ICP algorithm achieves this by iteratively associating points (finding cor-
respondences) between any two successive sets of points. The algorithm requires two point clouds,
to begin with, known as source and target. The source is the point cloud that needs transformation
to align with the target which is a fixed point cloud. For every iteration, a search algorithm is
implemented in the source to find the closest neighbour of each point with respect to the target.
With this established correspondence, the rigid transformation between the source and target can
be estimated using the optimal estimation method described in section 2.3.1.

With this estimated rigid transformation, the source point cloud is transformed to match with
the target point cloud and then the Root Mean Squared Error (RMSE) is calculated between the
point clouds. This RMSE evaluation metric helps in identifying the best solution. The end goal of
the ICP algorithm is to minimize the RMSE value through the iterations and the final best rigid
transformation matrix is extracted corresponding to that minimum value of RMSE. In an ICP
algorithm, initially, there is no data association involved, and occurs simultaneously during pose
estimations. Generally, the point clouds are downsampled significantly to improve computational
efficiency. The algorithm 1 represents the point-to-point variant of the ICP method.

Algorithm 1: Iterative Closest Point [57]

Inputs: Point clouds TargetA = {a;}, SourceB = {b;} and initital
transformation matrix My

Initialize M.y, = My or M,,,, = identity matrix if My not provided, threshold
to any value

while converged == Fulse do

Mp'rev - Mcurr
for 1 =1,2,...N, where N is the number of associated points between source
and target frames do
cP; = closest point in A to My, - b;
if ||cP;i — Mprey - bi|| < threshold then
else
‘ Set w; =1
end
end
compute Mcurr = al]"wgmin {Zz W HCR - Mprev : szQ}
end
Return transformation matrix M
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2.3.3 Correspondence-based Registration

Generally, when there is no correspondence established before the pose estimation step, the associ-
ation process can happen simultaneously within the algorithm like the ICP (2.3.2). In case, if there
is a method of extracting and matching unique features from the point clouds between two frames,
a correspondence between the frames of point clouds can be established as per the author Radu
Rasu in the article [59] and the scans can be registered. Based on the established correspondences,
the initial approximate pose is estimated by computing the optimal Rigid transformations 2.3.1
and then further refined by using ICP. Using the features-based approach is advantageous since
instead of using the entire point clouds which are prone to noisy measurements, unique low-level
features can help increase the computational efficiency and reduce storage requirements.

In terms of computer vision, a feature contains a piece of information regarding an image or a point
cloud. The information possessed by a feature often represents certain properties that are unique
about a region of interest. Features may include points, edges of an object, surface, and objects. In
subsequent frames of images or point clouds, there exists a certain region that overlaps and is very
helpful in matching the extracted features. In this thesis work, the point clouds are highly focused.
Within point clouds, at the overlapping regions, a complete point-to-point correspondence cannot
be guaranteed, hence in order to tackle this issue, a feature extraction algorithm is necessary.

In order to establish a features-based correspondence, the algorithm is broken down into two steps,
detection and description following the article [65]. The detection step involves finding features or
unique key points like intersections of an object’s edges, and corners, specially termed as low-level
features. Various algorithms have been proposed from the articles [60, 61, 62] like Harris corner
detection, SIFT, and FAST key points in the case of 2D images. Feature extraction algorithms for
3D point clouds include 3D-SIFT, and Fast Point Feature Histogram (FPFH) from the authors of
[63, 64].

The next step after the detection of key points is the description step, where the region around
the extracted features is analyzed and described. The main purpose of the description is to ana-
lyze the region around the key point, extract unique and distinctive information available across
the successive frames, and recognize the gathered information when encountered in other frames.
Various algorithms for the description stage for 3D point clouds, Point Feature Histogram (PFH),
and FPFH have been proposed in [64, 65].

Amongst the partially overlapping scans of the environment, a set of features are extracted and
matched across the frames of the scan. For every pair selected, a rigid transformation is estimated
as explained in the section (2.3.1). An outlier-rejection algorithm is necessary to refine the matched
pairs and the calculation of the transformation matrix. The RANSAC method is commonly used
as an outlier-rejection algorithm.

In this thesis, the FPFH descriptor was implemented to extract features and form correspondences.
The FPFH is an extension work of the Point Feature Histogram (PFH) where the geometric proper-
ties of n nearest neighbours of a point are encoded using the average curvature of multidimensional
histogram around any point. With the help of such high-dimensional space, more unique features
that are invariant to the 6-position can be extracted. Unlike PFH, the algorithm has been simpli-
fied and optimized to speed up the calculations of FPFH. An in-depth explanation of the descriptor
can be found in [64]. This proves that FPFH is computationally efficient and more accurate when
compared to other methods.

2.4 Simultaneous Localization and Mapping

Simultaneous Localization and Mapping, or commonly known as SLAM, is the process of con-
structing a map of an unknown environment while simultaneously determining the location of the

10
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device within the constructed map. This algorithm was mainly developed to tackle the problem of
the famous chicken and egg: where in order to construct a map of an unknown environment, the
location of the device must be determined so that the map can be updated with new landmarks,
but for localizing the device’s current position, a map of the surroundings is necessary to determine
it’s location in that environment.

The idea of SLAM was first proposed by Smith et al. and Leonard et al. [36, 37] and later various
methods have been developed and honed to support each application and type of sensors used.
SLAM has emerged in the robotics industry as a solution for developing robots with the ability
to navigate around the industrial areas without colliding into obstacles and walls. Since then this
algorithm has taken various adaptions to better suit environments like indoor, outdoor, and even
underwater. Now SLAM is being used in unmanned vehicles such as mobile robots, drones, and
Unmanned Aerial Vehicles (UAV), as well as manned vehicles like Autonomous vehicles. Modern
techniques of SLAM are being developed for minimal invasive surgery as described in the articles
[38, 39], and for military applications [40]. Using SLAM for Virtual Commissioning is a relatively
new concept.

SLAM uses perception sensors such as cameras, LIDAR, RADAR, and SONAR to perceive the
surroundings and might also include the sensors like Inertial Measurement Unit (IMU). Sahoo et
al. [41] uses IMU measurements for correcting the pose estimation in the SLAM algorithm. Hence
from the data collected using the combination of sensors, a map is being built and the device is
localized relative to the map based on features extracted such as walls, furniture, etc. The SLAM
pipeline mainly depends on the type of sensor being used. For example, if monocular or stereo
cameras are used then it is Visual SLAM (vSLAM in short), and if LiDARs are used it is known
as LiDAR SLAM.

2.4.1 Visual SLAM

Visual SLAM is a type of SLAM algorithm which leverages the 3D vision for performing local-
ization and mapping functions in an unknown environment with the help of a sequence of images
generated using cameras. There are different types of cameras namely Monocular, Stereo, RGB-D
cameras, and can also be positioned as an array to produce a panoramic effect. Visual SLAM
technology is currently of high interest since it is low-cost that produces a large volume of infor-
mation. The downside of using cameras is that even though they are cost-effective, they suffer
from scale ambiguity due to the loss of depth information. The algorithm of a vSLAM system
can be explained as a step-by-step procedure. Firstly a set of points or low-level features are ex-
tracted as explained in the articles [42, 43, 44] and kept track of each feature through the successive
frames in the sequence of images. Then the 3D position of each feature is triangulated using the
matched features obtained between the two successive frames, in a process known as feature-point
triangulation.
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Figure 2.3: Pictorial representation of feature-point triangulation. P is the recon-
structed point and Py, P, are the feature correspondence extracted from the images

A transformation matrix that helps in calculating the pose is calculated by minimizing the distance
between the two points. Meanwhile, it is to be noted that not all features are inliers. Hence an
outlier rejection algorithm is necessary like Random sample consensus (RANSAC) as demonstrated
by Fischler et al. [46]. The framework constantly works on minimizing the reprojection error (i.e.
the difference between the projected point and actual point) generally using an algorithm known
as bundle adjustment. Finally, at the back-end of the algorithm, every new instance of the scene is
verified if that scene has already been visited previously in a process known as loop closure detection
or landmark detection, and the map is optimized, to tackle the problem of drift that occurs over
the period of travel. Figure (2.4) represents a complete pipeline of the Visual SLAM system which
includes odometry measurements for achieving better results but is not always necessary.

Wheel | Odometry
Encoders

Images

Robot Pose
and Map

Camera

Figure 2.4: Visual SLAM Pipeline

2.4.2 LiDAR SLAM

A LiDAR-based SLAM is a system that uses a laser sensor for constructing a 3D map of the
environment. The working of LiDARs and types can be found in the section (2.1). The data from
LiDARs are generally in the form of unordered point clouds as explained in (2.2.1). The LiDAR
SLAM pipeline begins with collecting scans of the surroundings in the form of point clouds. These
point clouds are prone to noise as the range increases. Thus the raw data is pre-processed to filter
the noisy measurements and down-sampled to help improve computational efficiency as described
by Escolano et al. [47]. The processed point clouds of the current frame and the next subsequent
frame are aligned to determine the spatial transformation (for instance rotation, translation, and
scaling) by minimizing the Euclidean distance between the points through a process called point
cloud registration. Various methods for point cloud registration are introduced by Besl et al.
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and Wang et al. in the articles [48, 49]. Using this transformation matrix, the relative pose of
the sensor is estimated between two frames and repeated throughout the process to track the
trajectory. There are various methods in point cloud registration like Iterative closest point (ICP),
and correspondence-based registration which is explained in the section (2.3). Finally, similar to
vSLAM, the loop closure detection or landmark detection is established with sub-map or local-map
building and combined with graph-based optimization, to tackle the problem of drift that occurs
over the period of travel. The figure (2.5) represents a complete pipeline of the LiDAR-based
SLAM system.

Front-end
L, Feature RUII][S Inter-ﬁ"ame Con‘actpn and
extraction matching mapping
1D LiDAR l Back-end
point clouds Graph
Loop-closure . " . i » Trajectory
detection optimization & Map

Figure 2.5: LiDAR SLAM Pipeline

2.4.3 SLAM problem Formulation

The SLAM problem is solved by combining the estimation of device trajectory and constructing
a map of the environment. A basic assumption while solving SLAM is that the environment is
unknown to the algorithm. The device in motion acquires the perception of the environment as a
measurement. Hence with the gathered information and assumptions, the SLAM problem can be
formulated for determining the posterior probability of the trajectory and map as

p(x1.r,m | z1.7,%0) (2.8)
where,
e x1.7 represents the trajectory of the device
e 7.7 represents the frames of perception information about the environment
e m represents the constructed map of the environment
e X represents the initial position of the trajectory which is chosen arbitrarily.

Amongst the various types of implementing the SLAM framework, the GraphSLAM is highly
relevant to this thesis and hence the filter-based algorithms will not be explained in detail.

2.4.4 GraphSLAM framework

The interesting approach of formulating the SLAM problem using a graph that consists of nodes
and edges to represent the attributes of SLAM is known as GraphSLAM according to Grisetti et
al. [53]. Various applications have been developed using this method for optimization according
to the articles [13, 44, 66]. The graph serves as a representation of all poses and measurements
of the device and the associated constraints. These attributes are then reduced to residuals from
which the cost function is derived. The goal of the graphSLAM is to calculate an optimal solution
of pose and measurement configuration such that it minimizes the cost function while satisfying
every constraint. The figure (2.6) represents a visualization of the GraphSLAM system.
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Figure 2.6: A simple GraphSLAM system visualization

From the figure 2.6, the orange circles are the nodes of the graph which correspond to the poses
of the device and are hence termed as pose nodes. Each pose represents the rotation and trans-
lation of the sensor during its trajectory in the environment. The black lines denote the edges
that represent the relative pose constraints between two successive pose nodes. The grey circles
are another set of nodes that correspond to the measurements of the environment and are termed
measurement nodes.

Whenever the graph is updated with a new pose node or a measurement node, a constraint edge is
developed between the new node and the previous relevant node. Such constraints may be contra-
dicting due to the observations being prone to noise. The residual functions are depicted by edges
in the form of green lines from figure 2.6. These residual functions help in calculating the error
between the predicted and the observed measurements. The blue dotted lines connecting other
nodes in the figure represent the places that have already been visited and determined through the
process of loop closure detection. These detections help in optimizing the graph in the later stages
of the framework.

The entire Graph SLAM framework can be split into Front-end and Back-end processing.

Front-End

Sensor Data
Processing

Sensor
Data

P Back-End

f:, P Map
Optimizer Estimate

Data Association

Figure 2.7: Block diagram representing the GraphSLAM framework

2.4.4.1 Front-end

The front end of the framework begins with gathering data as observed measurements directly from
the sensor. With the observed measurements, a data association step is required in associating
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the observed measurements with the predicted measurements. Through the association step, the
constraints are developed between the nodes. Finally, the graph is built by estimating the current
pose and relative pose for every new node added to the system and updating it to the graph. The
overall function of the front-end framework is to create and update the nodes, and edges of the
graph, hence preparing it for the optimization process.

2.4.4.2 Back-end

The back-end of the framework is accountable for optimizing the graph generated from the front-end
of the framework. There are two variants in optimization, namely local and global optimization.
The local optimization optimizes the map for a specified section while in the global optimization,
the entire graph is optimized. The graph optimization is based on least-squares error minimiza-
tion and popular solvers like Gauss-Newton or Levenberg-Marquardt (L-M approach) can be used
to arrive at an optimal solution. The equations used in this section are based on Grisetti et al. [53].

To solve the slam problem formulated as shown in the Eq.(2.8), the log-likelihood function 1;; of
the measurements is obtained by
N T N
Lij o< [zij — 245 (%i, x5)] Qij [235 — 245 (x4, %;)] (2.9)
where,
o x=(x1,... 7XT)T is the vector of pose nodes,

o z;; and £;; are the mean and information matrix of the virtual measurement for transform-
ing the observation at i to overlap with the observation at j.

o Zi; (xi,x;) is the predicted virtual measurements.

For every real observation gathered by the device, there exists a difference with the prediction and
hence this error is given by the function

eij (Xi,Xj) = Zij — Zij (Xi, X;) (2.10)

Finally, the goal of maximum likelihood method is to solve the Eq.(2.11) for esimating the nodes

*

X",

x* = argminF(x) (2.11)
X

where, F(x) is the negative log-likelihood of all observations described as

F(X): Z egﬂijeijFij (212)
(i,5)€C

Approaches to solve the Eq.(2.11) and to estimate the posterior from Eq.(2.8) using the Gauss-
Newton or the L-M method are briefly explained in [53].
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Methods

In this chapter, a brief explanation of the methodology implemented in the thesis work has been
presented. The implementation is broken down into sections and can be followed as a step-by-step

procedure.

3.1 Data collection

The implementation of the LiDAR-based SLAM pipeline begins with collecting scans of the pro-
vided environment using Intel’s RealSense LIDAR Camera L515. The L515 is a solid-state LIDAR
and the working of it has been presented in the section (2.1.2). The L515 LiDAR Camera features
a depth camera, an RGB camera, and an internal Inertial Measurement Unit (IMU). Table 3.1
represents various operating modes of the L515 device and table 3.2 represents the specifications of
the device. The complete data sheet of the L515 sensor is available on Intel’s website for reference.

Depth Resolution (W x H) | Number of depth points per second | FOV

(320 x 240) 2.3M 70° % 55°
(640 x 480) 9.2M 70° x H5°
(1024 x 768) 23.6M 70° x 55°

Table 3.1: Information about various operating modes of the RealSense LiDAR

Camera L515

Depth frame rate 30 FPS
RGB frame rate 30 FPS
Focal Length 1.88 mm
RGB camera FOV (W x H) | 69° x 42°

Table 3.2: Specifications of the L515 LiDAR camera
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Figure 3.1: Intel RealSense LiDAR Camera L515

For this thesis work, the first operating mode of the device with a depth resolution of (320 x 240)
was considered since through a USB 2.0 port, the performance of the L515 device is reduced. The
challenges of collecting scans for the SLAM pipeline include mounting the sensor to a mobile robot
or vehicle, moving the device in an environment, and gathering various sensor measurements. For
this project, the main focus is to collect data from a point of view that corresponds to a human or
operator, and this L515 LiDAR Camera aids in the process through its advantages like no moving
parts and easy to carry. Hence the device is hand-held throughout the data collection process with
6 DOF movement. Despite the presence of an RGB camera and IMU, only the measurements from
the LiDAR depth camera have been gathered to generate a 3D map in a low-cost system.

The process of capturing data from the device and storing it in the local storage of the computer
is achieved through software called Intel RealSense Viewer. It is a program developed by the
manufacturer as a part of the Intel RealSense Software Development Kit (SDK) latest version 2.0.
Since the sensor is hand-held, the L515 is connected to a Laptop as a setup and the setup is moved
in the environment by a person holding it.

The recorded data from the SDK is stored in files as .bag format. A separate script using the
SDK has been developed for converting the .bag files to Matlab variables (.mat files) containing a
sequence of the LiDAR data in the form of point clouds. This process will be repeated a number
of times throughout the project and the collected scans will be used for verification of reliability
and accuracy.

3.2 Pre-processing

The next step after gathering enough raw data is to pre-process it and ensure that the processed
data is applicable for implementing it in the algorithm. The LiDAR data in the form of raw point
clouds are prone to noise as the range increases. Hence for the provided environment, a limit of
3.5 meters in depth is set as a threshold and any 3D point that lies at a distance of 3.5 meters or
more away from the device is removed. The consequence of filtering with the specified threshold
is that appx. 2% of the 3D points in each scan have been filtered out. Moreover, the point clouds
are down-sampled to make it efficient for the algorithm to proceed further. The algorithm is
implemented on a system consisting of an Intel i5 CPU with 6 GB RAM. With this limitation of
system specifications, the down-sampling is accomplished using the box grid filter as described in
the section 2.2.2 with the step size of the 3D box set at 0.03. The data collected from the device
is usually 30 FPS, and none of the frames has been skipped in between to preserve the accuracy.
Hence after the pre-processing stage, filtered, down-sampled frames of the point cloud are achieved.
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Figure 3.2: Point cloud of the first frame depicting the scene with an armchair
and footstool before pre-processing the LiDAR data.

Figure 3.3: Point cloud of the first frame depicting the same scene after pre-
processing the LiDAR data.
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The main drawbacks of filtering data are that the generated final 3D map becomes less immersive
to the user, and some fine details of the environment like small-sized objects, etc. However, this
stage makes the algorithm light and computationally efficient while preserving the accuracy of the
generated map.

3.3 Pose estimation and Localization

The pre-processed LiDAR data is now available in the form of a sequence of frames of point clouds.
The algorithm begins with extracting unique key points or features from each frame as described
in the section (2.3.3). Then the features from the current frame and the next successive frame are
matched and a correspondence is established between the two frames. The respective 3D points
of the matched features are extracted separately and used for estimating the optimal rigid 3D
transform as explained in the section (2.3.1), followed by refining the transformation matrix using
Tterative Closest Point as described in the section (2.3.2).

Figure 3.4: Point clouds of frames 1 and 60 depicting the scene with an armchair
and stool represented in pairs. Magenta for frame 1 and green for frame 60.
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Figure 3.5: Point cloud of the 2 frames depicting the same scene after applying
the estimated transformation to the frame 60 and represented in pairs. Magenta for
frame 1 and green for transformed frame 60.

Finally, using the estimated transformation matrix, the translation vector, and rotational matrix
are extracted and converted to a relative pose which is then added as a node to pose graph for
further mapping and optimization.

3.4 Sub-map building

Sub-Map building is the process of aligning a small number of frames of a point cloud and merging
them together into one point cloud frame. For this project, a total of 3 frames is set as a threshold,
meaning that for every 3 successive frames, 1 sub-map will be generated. After building the sub-
map, a relative pose is assigned to each sub-map which is usually the pose of the middle frame of
the separate successive frames. The sub-map helps in improving computational efficiency during
the loop closure detection process.
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Figure 3.6: Successive LiDAR frames 1 Figure 3.7: Successive LiDAR frames
(magenta) and 45 (green) represented as 45 (magenta) and 89 (green) repre-
point cloud pairs. sented as point cloud pairs.

Figure 3.8: The generated Sub-map consisting of point clouds aligned from the
frames 1, 45, and 89

3.5 Loop closure detection

Loop closure detection is the process of recognizing whether the device is revisiting a previously
visited location in the sequence. This is achieved by finding the similarities between the current
frame and the previous sub-maps. If similarities are present then the current scan can be included
as a loop closure candidate. Sub-maps are used since the necessity of iterating over each previ-
ous frame can be overcome which reduces memory requirements, and computational cost. The
algorithm of loop closure detection consists of the following:

e Initially, the loop closure candidates are detected by looping through the previously gen-
erated sub-maps and matched with the current scan using the ICP algorithm. With the
RMSE values less than the set threshold, these sub-map IDs are extracted as the possi-
ble candidates. At this stage, all the scans with respect to the sub-map IDs are possible
candidates

22



3. Methods

o From the list of possible candidates (sub-map IDs), loop through the previous scans of each
sub-map ID and estimate the pose using the ICP algorithm. The candidate which has the
least RMSE value is regarded as the best possible match for the current scan. For refining
the process of loop closure detection, the least RMSE value obtained should be less than
the set threshold.

o Finally using the pose estimation of the best candidate, the relative pose is extracted and
the nodes of the pose graph are updated.

08r

04r

041

-08

Figure 3.9: The trajectory (blue nodes) of the device in the indoor environment
before optimization with Loop closure detections (red lines connecting nodes)

3.6 Global map building

After the pose estimation, and loop closure detection stages, the nodes corresponding to the loop
closure candidates are optimized which in turn updates the pose nodes of the graph as explained
in the section 2.4.4. With the updated nodes (poses) each scan is then transformed and aligned
to generate a complete map of the sequence. Hence a global map is the final output of the SLAM
algorithm which aligns all accepted scans with respect to the pose estimated and optimized. The
figure 3.10 represents the final global map constructed after pose graph optimization of the first
random path followed while collecting LiDAR, point clouds.
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Figure 3.10: Top view of the optimized global map of the indoor environment. The
3D map has been downsampled from the original point clouds to visualize the figure
better.

Similarly, the described methodology is implemented every time a new set of point clouds are
acquired by the user/human with the hand-held L515 LiDAR camera for generating Digital Twins
of the environment. For this project, the user repeats the data collection process six times in the
same environment by taking a random path each time. All necessary evaluation criteria to access
the performance of the L515 sensor are explained in Chapter 4
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This chapter presents the methods of evaluating the results produced by implementing the method
from the previous chapter 3. Various evaluation criteria and metrics are discussed here.

4.1 Accuracy

The term accuracy of measurements can be defined as the closeness of a measurement to its true
value. The test for accuracy is crucial to ensure that the gathered information is correct and
reasonable. In order to achieve this, the percent error that quantifies the amount of error in a
method is calculated as described in the Eq(4.1).

Error
FE =—x1 4.1
AError True value x 100 (1)

where the term error is calculated as the difference between a measured value and its true value.

Figure 4.1: A pictorial representation of the concept of Accuracy

For this thesis work, the test of accuracy is performed on the position of an object in an indoor
environment. The object of interest is initially positioned in the given environment and a 3D
virtual map is generated. The distance from selected points on the object to various references in
the environment such as walls and other objects is measured using the laser distance meter. Hence,
these distance serves as the Ground-truth measurements for reference. Further from the generated
point cloud map, the same pairs of points are selected and the distance between these two 3D
points is estimated. All necessary values of estimated distance, ground-truth distance, errors, and
percent errors are presented in the results section 5.

4.2 Repeatability

The term repeatability of a method is defined as the ability of that method to generate similar
results for successive measurements of the same sample under identical conditions. To establish
the test of repeatability of a method, the following conditions must be met:
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e measurements obtained using the same procedure,

e measurements obtained from the same environment,

e measurements obtained with the same instrument or sensor,
e measurements obtained within short intervals of time,

e measurements processed using the same algorithm with the same conditions.

The test for repeatability is necessary in determining whether the method is reliable when per-
forming the procedure multiple times. This is achieved by calculating the variation that occurs
during each measurement, using the metrics mean distance and Standard Deviation.

Figure 4.2: A pictorial representation of the concept of Repeatability

For this project, the repeatability of generating 3D maps in the point cloud format is to be verified.
Hence, the difference between two point clouds is measured by utilizing the Cloud-to-Cloud Ab-
solute Distance (C2C distance) tool from the software CloudCompare. The documentation of the
software is available on the company’s website [68]. The process begins with importing two point
clouds, aligning them, and computing the C2C distance. This generates a histogram illustrating
the distribution of the absolute distance. It is also possible to extract the overall Mean Distance
and Standard Deviation between the clouds.

A total of six scans of the environment are gathered and processed into 3D virtual maps. Among the
six scans, the first scan is fixed as the reference and the repeatability test is verified by comparing
the remaining five scans with the reference scan. All necessary histograms, values of mean distance,
and standard deviation are presented in the results section 5.
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In this chapter, the results obtained by implementing the evaluation methods on the generated
virtual map are presented. Further, the results are analyzed based on the evaluation metrics
discussed in the previous chapter.

5.1 Accuracy

As described in the evaluation section, the test for accuracy is executed to verify whether the
generated virtual map is accurate so it can be utilized in VC. The results of the test are presented
through the figure 5.1 and the table 5.1.
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Figure 5.1: Plot representing the absolute errors (in mm) of measuring the distance
between two selected points on the virtual map with respect to the ground truth for
each case 1 to 6 as presented in the table 5.1

The figure 5.1 represents the error plot of distance measured between two selected points in 3D
space which follows the order as presented in the table 5.1. It can be observed that the distance
errors vary from a minimum of 4 mm to a maximum of 14mm.
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S.No Case Estimated | Ground Truth | Error | Accuracy

Distance (m) | Distance (m) | (mm) | (%FError)
1 Wall-to-wall 3.0529 3.0390 13.8824 | 0.4568
2 Object-to-Bookshelf 1 2.7081 2.7210 12.8897 | 0.4737
3 | Object-to-Bookshelf 2 2.7024 2.7130 10.5517 | 0.3889
4 Object-to-Wall 1.5623 1.5520 10.3368 | 0.6660
5 Object-to-Wall 1 1.0090 1.0050 3.9945 0.3975
6 Object-to-Wall 2 1.0041 1.0110 6.8912 0.6816

Table 5.1: Tuble representing the percent error of each case of distance measure-
ments of one scan related to ground truth. The ground truth was measured with a
laser distance meter.

The table 5.1 represents six cases with point-to-point estimated distance measurements of one scan
and their respective ground truth distances. The errors and the percent errors are calculated as
explained in the evaluation section. The percent error helps to determine how large the errors are.
The closer the value of % error to 0, the better the accuracy of the method. It is evident from
the table that the maximum value of % error is approximately 0.68% which is still small and close
to 0. On average the % error of the distance measurements is approximately 0.5%. With these
inferences, it can be concluded that the generated map is fairly accurate. The cause of small errors
is further analyzed and explained in Chapter 6.

5.2 Repeatability

As described in the evaluation section, the test for repeatability to verify whether the algorithm
performs similarly every time the procedure is repeated under identical conditions is executed. The
results of the test are presented through the figures 5.2 to 5.3 and the table 5.2.
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Figure 5.2: Histogram illustrating the distribution of the cloud-to-cloud absolute
distances between the reference scan and the first scan.
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The figure 5.2 depicts the histogram of the C2C distance between the reference scan and the
first scan. The histograms of the remaining 4 scans are included in the Appendix section im-
ages A.1 to A.4 respectively. It can be observed that all the histograms are skewed such that a
maximum number of points have a deviation in the range of 0 to 0.01 (m) from the reference scan.

Scan | Mean Distance(m) | Standard Deviation(m)
1 0.010902 0.012814
2 0.011280 0.013573
3 0.012860 0.013270
4 0.012882 0.014215
5 0.011089 0.013127

Table 5.2: Mean Distance and Standard deviation between the reference scan and
other scans

The table 5.2 provides the values of Mean Distance and Standard deviation between the reference
scan and the other scans. From the table, it can be observed that the mean and standard deviation
lie close to 0 meaning that the scans are fairly accurate relative to each other and the error is within
the expected range. It is also evident from this table that the mean and Standard deviation values
between the scans lie very close to each other which establishes repeatability.
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Figure 5.3: Boxplot representation of the C2C distance between each scan w.r.t the
reference scan.

Comparing multiple histograms at once can be hard, and to resolve this a boxplot can be used.
Each box in the plot denotes the interquartile range (IQR) representing the 25% quartile and 75%
quartile of the distribution. Hence, this box holds the middle 50% of the entire distribution and
the line inside the box is the median of the distribution. The lines extending outside the box are
the whiskers with minimum and maximum values.
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Figure 5.3 represents the box plot of the C2C distance between the reference scan and the other
scans. Analysis can be made by starting with the boxes, it can be observed that in the distribution
of each scan, the middle 50% of the distances overlap in every other scan, meaning that there is
very little difference. Further, by observing the median lines of each scan, it can be seen that it
lies within the IQR, of every other scan. With all these inferences, a conclusion can be drawn that
the camera produces repeatable results.
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Discussion and Future work

In this section, various implications drawn from the results are analyzed and discussed along with
some possible future works are presented.

6.1 Discussion

From Chapter 5, table 5.1 we encountered small errors when executing the test for accuracy. One
reason for the cause of these small errors might have been the effect of downsampling the LiDAR
point clouds at the pre-processing stage of the methodology. The downsampling was implemented
in the first place since the raw point cloud contains around 76000 points and processing such
high resolutions drastically increases the computation cost. Even though the downsampling can
be skipped for generating a high-resolution map by using a high-configuration system, it defies
the scope of this thesis which focuses on creating a digital twin from an operator’s perspective in
a low-cost system. Hence the computer used for evaluating the methodology is a cost-efficient,
low-configuration system. The other reasons that might affect the accuracy of mapping can be
caused by black objects in the environment where the LiDAR rays are absorbed by the object,
semi-transparent objects, and highly reflective surfaces like mirrors where the partially reflected
LiDAR rays are distorted.

The use of a low-configuration computer for fetching the 3D LiDAR data from the L515 sensor also
hinders the highest operating mode of the sensor itself where the L515 device can acquire LiDAR
data with a depth resolution of about 1027 x 768. Out of the three operating modes of the L515
LiDAR Camera as described in Table 3.1 the lowest operating mode is chosen where the depth
resolution is only 320 x 240. Thus by using the lowest operating mode, the computation cost for
processing the LiDAR data is greatly reduced.

The consequence of using the lowest operating mode of the L515 LiDAR Camera and down-
sampling the generated point clouds has a direct effect on small-sized objects and some details in
the larger objects. For example, larger objects like furniture are retained but details of carving in
the furniture and small-sized objects like a USB Stick are missed.

From figure 3.10, it can be observed that there is a slight skew in the virtual map which is a
common error of SLAM. The skewness of the map might have occurred due to sudden motions
while collecting data, and very few points in certain frames of the scans which directly affect the
pose estimation of the LiDAR. It is also possible that the black objects and semi-transparent objects
cause disturbances during the pose estimation stage. In the future, an algorithm for de-skewing
can be implemented by integrating SLAM with IMU measurements that can help initialize the
pose estimations and improve them. It is to be noted that this skew can also affect the accuracy
of the generated map. Further, it is also evident from Chapter 5 that the algorithm is repeatable
and can produce reliable virtual maps when repeating the methodology and hence errors of the
same range are expected to repeat over every generated map of the environment.
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6.2

Future Work

For the future, various possible developments and improvements that can upgrade the performance
of the method have been presented as follows:

32

Further improvements can be made to the algorithm by testing it in various environments
and verifying its robustness towards the environment.

Since the L515 LiDAR camera has an in-built RGB camera, implementing the fusion tech-
niques of the camera and LiDAR can be a possible future work.

The implemented framework is purely a LiDAR-based SLAM, hence in the future, the IMU
measurements can be integrated within the algorithm to initialize and improve the pose
estimations and help de-skewing the generated map.

The same method of implementation except the downsampling stage can be tested in a
system with code optimization and/or GPU integration to evaluate the sensor on smaller
objects.

The process of data collection and execution of the SLAM algorithm with pre-processing
of the data is executed separately at different times but for the future, this algorithm
shall be tried in real-time where every stage of methodology explained in Chapter 3 runs
simultaneously for each frame of data that is being collected in real-time.



Conclusion

This thesis focuses on evaluating the Intel RealSense L515 LiDAR Camera for its usefulness towards
Virtual Commissioning by collecting data from the operator’s perspective and implementing a solid-
state LIDAR SLAM algorithm that can generate a 3D virtual map of the environment. Apart from
the limitations, it has been proven that the algorithm is repeatable in generating a fairly accurate
and reliable virtual map of the environment in a low-cost system. However, before it can be
concluded that can be utilized in Virtual Commissioning, further improvements and investigation
in terms of robustness towards various environments are advised.
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Appendix 1

A.1 Distribution of the cloud-to-cloud absolute
distances

C2C absolute distances (1551464 values) [256 classes]
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Figure A.1: Histogram illustrating the distribution of the cloud-to-cloud absolute
distances between the reference scan and the second scan.
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C2C absolute distances (1738807 values) [256 classes]
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Figure A.2: Histogram illustrating the distribution of the cloud-to-cloud absolute
distances between the reference scan and the third scan.
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Figure A.3: Histogram illustrating the distribution of the cloud-to-cloud absolute
distances between the reference scan and the fourth scan.
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C2C absolute distances (1485399 values) [256 classes]
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Figure A.4: Histogram illustrating the distribution of the cloud-to-cloud absolute
distances between the reference scan and the fifth scan.
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