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ABSTRACT

State-of-the-art indoor mobile laser scanners allow the user to map challenging environments
such as multi-story buildings and staircases while continuously walking through the environment.
The trajectory of the laser scanner gives insights about indoor spaces and topological relations be-
tween them. Thus, analyzing the point cloud and the trajectory can automate the process of label-
ing them with information about the spaces such as floors, staircases, and rooms. In this research,
the point cloud is analyzed with the help of the scanner trajectory to automate the labeling pro-
cess. Analyzing the scanner trajectory as a standalone dataset is used to identify the staircases and
to separate the floors. Also, it is used to infer the indoor spaces by analyzing the operator behavior
during the scanning process. By processing the point cloud with the trajectory, the doors which
are traversed by the trajectory are identified, and the spaces are labeled by transferring the labels
from the annotated trajectory to the point cloud. The labels include floors, staircases, doorways,
and rooms.
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1. Introduction

1.1 MOTIVATION AND PROBLEM STATEMENT

During the past few years, the demand for indoor modeling has increased. Up-to-date interior
models are involved in many domains such as robotics, remote tourism, building information
modeling (BIM), indoor mapping, gaming, and disaster management (Sirmacek et al., 2016).

Laser scanning sensors have many advantages and disadvantages which depend on the tech-
nology and sensor design as well as the purpose of use. For instance, the terrestrial laser scanner
(TLS) can produce high-quality point clouds. The scanning system needs to be moved to multi-
ple positions to minimize the occlusions, as it captures the data on its line of sight. Later, the tie
points and the station data need to be post-processed to achieve optimal results. This approach is
costly and time-consuming especially in complex environments with many occlusions (Jung et al.,
2015; Thomson et al., 2013). On the other hand, state-of-the-art mobile 3D mapping systems are
lightweight and portable enough that human can carry them (Bosse et al., 2012; Lauterbach et al.,
2015; Lehtola et al., 2017; Niichter et al., 2015; Wen et al., 2016; Chen et al., 2016). These mobile
devices allow the user to map challenging environments such as multi-story buildings, tunnels,
and caves while continuously walking through the environment (Moghadam et al., 2016; Zlot et
al., 2015).

The indoor mobile laser scanners usually provide 3D point cloud beside the trajectory at which
data were collected (Toschi et al., 2015). The point cloud represents different elements in the en-
vironment with accurate geometrical information. Although the visualization of 3D point cloud
data enables humans to summarize the scene, further processing needs to be performed to extract
information. Manual data processing is done by experienced users to assign semantic information.
While this process makes the data meaningful and easier to interpret, this manual process is labor
intensive and time-consuming for complex buildings (Moghadam et al., 2016). Therefore, there
is a body of research which focuses on automating the information extraction process from the
point clouds to overcome the problems of manual processing. Many approaches solved this prob-
lem by processing the data of the terrestrial laser scanners or RGB-Depth data either by assigning
semantic information to the raw point cloud (Koppula et al., 2011; Lai et al., 2012; Moghadam et
al., 2016; Armeni et al., 2016) or reconstructing the indoor scenes (Babacan et al., 2017; Mura et
al., 2014; Ochmann et al., 2015).

Recently, system trajectory started to get more attention in joint analysis with the mobile
laser scanning data either for indoor reconstruction (Diaz-Vilarifio et al., 2017; Nikoohemat et
al., 2017; Xie & Wang, 2017) or identifying the navigable spaces (Staats et al., 2017; Fichtner et
al., 2018). On the other hand, human trajectory as a standalone dataset can contain a wealth of
information. It has been used to get information about the indoor spaces such as constructing
floor plans (Grzonka et al., 2012; Alzantot & Youssef, 2012) or enriching navigational maps (Guo
et al., 2017; Prentow et al., 2015).

In this research, the information extraction from the point cloud is under the semantic enrich-
ment category. This research aims to enrich the raw point cloud and the trajectory with semantic
information about the indoor spaces such as floors, rooms, doors, and staircases. As will be shown,
this can be done by analyzing the point cloud dataset and its corresponding trajectory. The tra-
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jectory data can provide information for labeling different components in the point cloud. Move-
ment patterns can be recognized by analyzing the system trajectory and subdividing the trajectory
into sub-trajectories. Interesting patterns could be identified such as climbing stairs or identifying
the turning points and directions along the trajectory (Grzonka et al., 2012; Prentow et al., 2015).
This is utilized to label different parts of interior components such as rooms, hallways, and stair-
cases. Also, it is used to detect secondary elements like doors.

1.2 RESEARCH IDENTIFICATION

The research will focus on the analysis of trajectory data in conjunction with the full point
cloud to extract information about the indoor spaces. First, the trajectory of the mobile laser
scanner is analyzed independently to understand its characteristics and to check how it can be
used to extract semantic information about the indoor spaces. Then, it is used as a secondary
dataset to enrich the point cloud and the trajectory with the semantic information by utilizing the
key findings from the first step. The process include labeling both datasets with information such
as floors, staircases, doorways, and rooms.

1.2.1 Research objectives

The main objective of this study is to apply semantic labeling of indoor point cloud data based
on the shape of the system trajectory in conjunction with the point cloud dataset.
The specific objectives are:

1. To annotate the trajectory dataset with semantic information about the indoor spaces by
analyzing the trajectory data only.

2. To classity the point cloud based on semantic information from both trajectory and point
cloud.

1.2.2 Research questions

The research questions were reformulated during the implementation phase as part of the orig-
inal questions focused on minor steps.
Specific objective 1

What is the optimal method for trajectory simplification?

What are the parameters that describe the critical points?

What are the classes that could be identified from the trajectory data only?

How can these classes be described based on the semantic rules?

Specific objective 2

How can the point cloud be prepared for joint analysis process?

How can the spaces be partitioned?

How to detect the doors with the help of the trajectory?

How to assign the trajectory classes to the corresponding point cloud?

What are the methods for refining the labeling results?
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1.2.3 Innovation aimed at

The trajectory of the indoor mobile laser scanners is not fully utilized in the literature. It was
used to refine the data (Turner & Zakhor, 2015), or to classify single location (Mozos, 2010) of a
mobile robot with range sensor. Recently!, more methods started to make use of this dataset for
indoor reconstruction (Diaz-Vilarifio et al., 2017; Nikoohemat et al., 2017; Staats et al., 2017; Xie
& Wang, 2017) and extracting navigable spaces (Staats et al., 2017; Fichtner et al., 2018). In this
research, the classification of indoor point clouds into semantic spaces is introduced. Moreover,
a detailed study of the trajectory datasets is applied to make use of the trajectory analysis tech-
niques for the point cloud processing. The aim of this research is to make use of trajectory data
as a primary input to classify the point cloud, as the trajectory is considered a valuable source of
information about scanning system movement and the operator behavior. Joint analysis between
point cloud and trajectory is performed to label both datasets with semantic information such as
rooms, doors, and staircases.

1.3 PROJECT SETUP

1.3.1 Datasets

Two datasets were used for the experiments as shown in Figure 1.1. First dataset (TUB2), is part
of the ISPRS benchmark for indoor modeling (Khoshelham, Vilarifio, Peter, Kang, & Acharya,
2017). It is a two-story building which consists of a basement and a ground floor connected by a
staircase. It was acquired in a building in the Technische Universitit Braunschweig, Germany, us-
ing ZEB-REVO sensor. The point cloud and the corresponding system trajectory were provided,
and the level of clutter is low.

The second one was captured in Firebrigade office of Lansingerland, The Netherlands, and was
introduced in related research by Sirmacek et al. (2016). It includes three-story building and it
was captured using ZEB1 sensor. Both point cloud and the corresponding system trajectory were
provided. The level of clutter is high, and it contains glass walls which make it a challenging envi-
ronment for data acquisition with laser scanners and point cloud analysis.

We will refer to the first dataset as ZEB-REVO dataset and the second one as ZEB1 dataset through
the analysis steps.

@) (b)

Figure 1.1: Overview of the testing datasets. (a) Technische Universitat Braunschweig building dataset (ZEB-
REVO). (b) Fire bridge dataset (ZEB1).

1.3.2 Project workflow

Figure 1.2 shows the process workflow. This research consists of two main blocks. The first
one is concerned with analyzing the trajectory dataset to achieve the first objective. The trajec-

"The methods were published while working on the thesis.
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tory dataset is processed based on the trajectory analysis techniques from the literature. The im-
plemented methods aim to annotate the trajectory with semantic labels about the indoor spaces
and to be reusable in the joint analysis process. In the second block, the raw point cloud dataset is
analyzed in conjunction with the segmented trajectory from the first step. It started with separat-
ing each floor in the point cloud dataset based on the segmented trajectory. Then, for each floor,
a door detection method is implemented to identify the transitions between the different spaces.
After that, the trajectory dataset is annotated based on the analysis of the point cloud. Finally, the
point cloud data is labeled with the semantic classes which represent the floors, the staircases, and
the rooms. The accuracy assessment is done by visual interpretation on a digitized floor plan and
explained during the discussion of the results.

1.3.3 Thesis structure

This thesis is organized into five chapters. The first chapter gives a brief introduction about
the motivation for this research, research questions, and the project setup. Then, the theoretical
background and the related work are introduced in the second chapter. In the third chapter, the
tull trajectory analysis process is discussed with its results, and the joint analysis process between
the point cloud and the trajectory is discussed in the fourth chapter with the same structure of the
third one. Finally, the conclusions and the recommendations are presented in the fifth chapter.
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2. Theoretical Background

The first part of this chapter will address related work which used trajectory for indoor re-
construction. That can be summarized into three main points: (i) reconstructing indoor environ-
ments based on human activities; (i¢) categorizing indoor environments using mobile robots; (ii7)
modeling indoor environments using mobile laser scanning data. Also, there is a short overview
for the laser scanning systems which were used to capture the test datasets.

2.1 RECONSTRUCTING INDOOR ENVIRONMENTS BASED ON HUMAN ACTIVITIES

Grzonka et al. (2012) proposed an approach to recover 3D human trajectory based on actions
extracted from wearable motion capture suit. The actions represent activities such as walking,
door opening, and stairs climbing. The constructed trajectory and human activities were used to
derive approximate geometrical and topological maps for the environment as shown in figure 2.1.

(a) (b)

Figure 2.1: (a)Human trajectory. (b)Detected doors in yellow dots. (c)Approximated map with the distance
between a wall and the nearest trajectory 1.5 m at maximum. (d)Actual floor plan. Image courtesy of Grzonka et
al. (2012).

Human trajectory data by itself can provide valuable information which can be used to derive
approximated floor plan. By analyzing the laser scanner trajectory, this can be used for detecting
staircases and labeling the point cloud. Then, the labeled point cloud can be used to generate 2D
floor plans and 3D models. Also, identifying point of interests like doors can be used as key ele-
ment for constructing topological floor planes and navigational maps. The door acts as a connector
between different spaces in the indoor environment.

2.2 CATEGORIZING INDOOR ENVIRONMENTS USING MOBILE ROBOTS

In the area of robotics, Mozos (2010, pp.15-34) classified indoor places into semantic categories
based on a single observation of the range sensor along the robot’s trajectory. A supervised classi-
fication approach using AdaBoost algorithm was implemented to learn a strong classifier. Then,
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different places in the environment were classified based on a decision list of multiple binary classi-
fiers. Laser range data for a single observation was used as each indoor class has a different structure
as shown in Figure 2.2. Intermediate training data was simulated and trained along the trajectory
based on each pose as shown in Figure 2.3.

Following research combined the laser range data with vision features of specific pose Mozos
(2010, pp.57-69). Vision features were used to add more classes such as kitchen and office. Also,
the combination improved the total accuracy of the classifier compared to using range data only.
The training process for this approach done by manual data preparation and data from the sim-
ulated trajectory. Similar studies addressed the same problem using the Voronoi random field to
classify the places (Friedman, Pasula, & Fox, 2007), and a comparison between different AdaBoost
algorithms based on laser range data (Soares & Aratjo, 2014).

(a) Scan obtained in a corridor

(b) Different scans obtained in an indoor environment

Figure 2.2: (a) Scan with 360° field of view for a corridor. (b) Different scans for indoor environment. Image
courtesy of Mozos (2010, pp.16).

ﬁ 11T
T T

I Corridor I Room Doorway

Figure 2.3: An example of training process along the trajectory of the robot. Image courtesy of Mozos (2010,
pp.32).

Semantic information of the indoor environment can be used to label the point cloud or extract
information such as rooms and hallways. The information is used to generate geometrical and
topological floor plans and 3D models. Also, combining multiple sources of information such as
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range data and vision features can improve the accuracy of the detected features and can increase
the number of classes.

2.3 MODELING INDOOR ENVIRONMENTS USING MOBILE LASER SCANNING DATA

Xie and Wang (2017) proposed a method for reconstructing 3D indoor building model from
mobile laser scanning data. The pipeline included generating 2D floor plan, detecting doors, and
individual room segmentation. System trajectory was used in floor plan generation process and
for door detection as well. For generating floor plan, first linear primitives were extracted using
RANSAC line fitting algorithm; then, it was used to define the outline for each room using a
graph-cut technique. The trajectory was used to define the data term by utilizing the scanner po-
sition along the trajectory to construct virtual rays. These rays were used to identify the interior
cells from exterior ones. Then, the cells were used to extract the inner and the outer walls to
extract the floor plan. For detecting the doors, the projected system trajectory or the simulated
rays were used to detect the candidate doors using the properties of Delaunay triangulation and
alpha-shape. Finally, the generated floor plan was used to segment the rooms, and then they were
extruded to generate a 3D model based on the heights from calculated elevation histograms. In
the same context of indoor modeling, Diaz-Vilarifio et al. (2017) proposed another scene recon-
struction approach. System trajectory was used to detect the doors by profiling the ceiling along
the scanning path. Then, the corresponding point cloud was partitioned into sub-spaces by using
the timestamp from both datasets. After that, the sub-spaces were labeled with semantic informa-
tion using ray tracing in 2D as energy minimization problem. After applying semantic labels to
different spaces, the building model is reconstructed by analyzing the individual rooms first, then
using the adjacency information to reconstruct the entire scene and the door locations.

Navigable spaces can be identified by utilizing the trajectory as it represents the scanning path.
Staats et al. (2017) proposed a method to identify the navigable spaces in indoor environments. The
walkable surfaces are identified through joint analysis between the point cloud and the trajectory
of a mobile laser scanner. The trajectory was used to identify flat, sloped, and stairs surfaces based
on the difference in slope angles between successive trajectory points. For identifying the surfaces,
the classified trajectory was used as seed voxels for a region growing technique. Doors are detected
by using proximity between trajectory voxels and the surrounding point cloud voxels. Then, it was
used as one of the stopping criteria of the region growing process to identify the surface region per
each room; in order to construct the final navigable space model. In the same context Fichtner et
al. (2018) identified the navigable spaces inside the indoor environments by processing the points
clouds within an octree-based data structure. Building elements such as floors, stairs, walls and
obstacles were identified to extract the navigable space. A trajectory-focused research done by
Nikoohemat et al. (2017) to extract semantic information from indoor scenes. They used the time
attribute of the trajectory to detect the reflected points (ghost walls). The detection criterion was
based on a lag parameter between the points of the constructed surface and the nearest trajectory
points. Also, they proposed an approach to detect the openings, which included the door traversed
during the scanning, by utilizing the trajectory dataset beside the point cloud and voxelated wall
surfaces.

Finally, Turner and Zakhor (2015) proposed an approach to produce 2.5D extruded watertight
models. Their approach used the shared boundaries between triangulated interiors to generate a
2d floor plan through a graph-cut based technique. The resulting room labels were used to produce
2.5D extruded watertight model. The approach classified the interior environment into rooms and
proposed the openings for doorways. However, elements with a variety of levels such as split-levels
and stairs are not handled by this method.
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The geometric shape of the trajectory can be used to detect the door openings. Then, doorways
can be utilized to identify different spaces in the indoor environment. Also, time attribute can be
used related to the point cloud dataset, and extract information like detecting the reflections. The
scanning position of the laser scanner on the trajectory can be used to construct line of sight, and
it can be used for floor plan generation.

Working with IMLS trajectory as a spatiotemporal dataset can have more investigation by means
of analyzing the behavior of the scanning system. This information can be integrated with the
point cloud dataset to interpret the indoor scenes.

2.4 HANDHELD MOBILE LASER SCANNERS

GeoSLAM ZEB1 and ZEB-REVO 3D laser scanning systems were used to capture the test
datasets. The systems have a 2D time of flight laser rangefinder, and they can record more than
40,000 measurement points/second. The scanning range is up to 30 meters indoor. The ZEB1
scanner was used to capture the Fire bridge office dataset. The scanner is mounted with the in-
ertial measurement unit (IMU) on one or more spring. This makes the scanner head oscillates
freely to get a 3D field of view. On the other hand, the ZEBREVO sensor was used to obtain
the Technical University of Braunschweig building dataset. The scanner is coupled with the IMU
and mounted on a motor. ZEB-REVO can be used as a used as a handheld scanner, or it can be
mounted on mobile platforms such as UAV or a vehicle. Simultaneous localization and mapping
(SLAM) algorithm are used to generate a 3D point clouds by combining the 2d laser data with the
IMU data. It estimates the location of the deceive and a map for the environment. The main ad-
vantage of the SLAM algorithm is that the scanning system can operate through a complex indoor
environment without the need for GPS (GeoSlam, 2016). Figure 2.5 shows the difference between
the shape of the ZEB1 trajectory and ZEB-REVO trajectory due to the difference in the scanning
mechanism. More detailed comparison between state-of-the-art scanning systems was provided by
Lehtola et al. (2017); Maboudi, Banhidi, and Gerke (2017).

@) (®)

Figure 2.4: Left; ZEB-REVO laser scanner. Right; ZEB1 laser scanner.
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Figure 2.5: Left; a subset of ZEB-REVO trajectory. Right; a subset of ZEB1 trajectory.

2.5 LINE SIMPLIFICATION METHODS

The line simplification algorithms aims to eliminate the redundant points and maintain the
shape information as the trajectory consists of points which are denser than necessary to perform
the trajectory analysis. This simplification can help to deliver the trajectory of ZEB1 and ZEB-
REVO to the same simplified geometric shape. Several methods were introduced in literature,
but we focus on point-selection/rejection simplification methods which preserve the direction
of the trajectory without loss of attributes or position of the original points. The choice of the
suitable method is based on the experiments in section 3.3. The algorithms can be grouped into
five categories defined by McMaster (1987) and described by Shi and Cheung (2006) and Regnauld
and McMaster (2007) which include:

1. Independent point algorithms.

Independent point algorithms do not consider the relationship between neighboring points
within the simplification process. For example, the Nth Point Elimination removes anumber
of successive points N and only keeps one along the trajectory. Also, it can be extended to
be an iterative process with a minimum number of points to keep.

2. Local processing routines.

Unlike independent points algorithms, local processing routines consider the relationship
between direct neighboring points. An example of these routines is the Perpendicular Dis-
tance algorithm which eliminates an intermediate point between two consecutive points if
it is within a distance threshold from a line connecting these two points. Another example
is the routine of distance between points or the Radial Distance algorithm. This algorithm
walks through the line and eliminates the points near a key point if they are within a dis-
tance threshold, then, the first point after this threshold is picked up as a new key point. The
local processing routines are influenced by points density more than the shape complexity.
Figure 2.6 illustrates the concept of both routines.

11
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3. Unconstrained extended local processing routines.

The algorithms which belong to this category consider more than one neighbor during the
process. An example is Reumann-Witkam algorithm (Reumann & P. M. Witkam, 1974). It
is a perpendicular distance-based algorithm. It constructs a strip with threshold distance
parallel to a line segment which is built from two neighboring points. Then, it eliminates
the following points within the strip. After that, it constructs a new strip from the next
points after the previous strip. It walks through the trajectory starting from the first point
until the end.

. Constrained extended local processing routines.

Constrained extended local processing routines apply the same criteria like the previous
category but it is constrained to a search region around the line segment. Example of these
routines is Opheim algorithm (Opheim, 1981). It is similar to Reumann-Witkam algorithm,
but it has a constraint over the search area using radial distance and perpendicular distance

thresholds.

. Global routines.

The algorithms in previous categories walk through the line from the beginning till the end,
but in global routines, the entire line geometry is considered during processing. Examples of
this categories are Douglas-Peucker algorithm (Douglas & Peucker, 1973) and Visvalingam-
Whyatt algorithm (Visvalingam & Whyatt, 1993).

The Douglas-Peucker algorithm is commonly used for global simplification and for detecting
the geometric critical points along a line. Also, it is influenced most by line complexity
rather than points density.

The line simplification process is also known as trajectory compression in the literature which

is concerned more about moving objects (Sun, Xia, Yuan, & Li, 2016). In this study, the trajectory
compression is divided into two steps of trajectory simplification and critical points detection.

Perpendicular distance tolerance
=

Tolerance

Original Line

Simplified Line

Figure 2.6: Radial distance routine (left) and perpendicular distance routine (right).
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3. Trajectory Analysis

3.1 OVERVIEW

The main focus of this chapter was to add additional labels to the raw trajectory to enrich it
with semantic information. The analysis was conducted based on the trajectory data only without
the help of the point cloud dataset. A Trajectory T of the indoor mobile laser scanner is composed
ofaset of points (p1, p2 . - ., pn)- Each point P along the trajectory holds information about system
translation and rotation as a function of time relative to the outer world (Bosse et al., 2012). For
the testing datasets, a point comes in the form (time, z, y, 2,90, q1, ¢2, ¢3), where time is the
timestamp in millisecond, (x,y,z) are 3D coordinates and (q0, ¢1, ¢2, ¢3) are system quaternion.
Considering the trajectory as a spatiotemporal dataset, valuable information has been revealed by
segmenting the points into meaningful parts according to specific criteria. These criteria included
the change in height, moving direction, speed, and system rotation or a combination of different
attributes. Figure 3.1 shows the pipeline of the trajectory analysis process. In the first step, the raw
trajectory was segmented into floors and staircases. The raw trajectory was used as an input as the
implemented methods can work on any trajectory dataset regarding the scanning system. After
that, each floor sub-trajectory was simplified to eliminate the redundant points without losing the
trajectory trend and data. Also, the simplification process unifies the level of complexity of the
geometric shape of the trajectory from the different scanning systems. The simplification process
focus only on the geometric shape of the trajectory without considering the semantic meaning of
the data. To detect the semantic patterns of the trajectory, the simplified dataset was processed to
detect the critical points which can describe the operator behavior in terms of movement direction,
change in speed, and scanning system attitude. Finally, the trajectory was annotated with classes
of room, corridor, doorway, and staircase based on the critical points distribution and predefined
semantic rules.

Trajectory Segmentation Trajectory Simplification Critical Points Detection Semantic Annotation

ST

Figure 3.1: The pipeline of the trajectory analysis process: (1) trajectory segmentation; (2) trajectory simplifica-
tion; (3) critical points detection; (4) semantic annotation of the trajectory dataset.

13
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3.2 TRAJECTORY SEGMENTATION

In this step, the trajectory dataset was categorized into floors and staircases based on trajectory
attributes. Such categories were a base for the following trajectory analysis steps and the joint
analysis process. Three approaches were tested during the experiments to achieve the goal of this
step. In the first approach, the dataset was segmented based on the height histogram. The second
one was a combination of height histogram and Fisher’s Natural Breaks Classification (Fisher,
1958). The final approach used a line growing technique based on height and time attributes. The
raw trajectory was used during this process because adopted methods depend on the original points
count in case of the histogram-based methods or the average points height within a sliding window
in the line growing method. Also, these methods can work on any trajectory regarding the point
density or the geometric shape complexity.

3.2.1 Segmentation based on height attribute

Height histogram can be used to split floors and ceilings from a point cloud dataset by detect-
ing peaks in the histogram that represent dominant horizontal planes (Okorn, Xiong, Akinci, &
Huber, 2010; Adan & Huber, 2011; Oesau, Lafarge, & Alliez, 2014). Similarly, height histogram
was used to split the trajectory dataset as shown in Figure 3.2. A minimum bin size of 20 cm
was used to detect any change in the floor level, and to separate floors from staircases. Bin size
was entered manually as it depends on the trajectory points height variation. Bin size of 30, 40,
50 and 60 cm were also tested as the variation between z values along the trajectory in the same
floor can be around 60 cm for ZEB1 system. The result of the histogram-based classification was

Bin width: 0.20 m Bin width: 0.25 m
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Bin width: 0.30 m Bin width: 0.5 m
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N
Z(m)
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Figure 3.2: Height histogram for ZEB-REVO trajectory with different bin width.

influenced by choosing the proper bin size. Points on the same floor were misclassified if they
were in a different interval as shown in Figure 3.3. A threshold of minimum point count per bin
was specified to detect the histogram peaks and eliminate any local peaks. This threshold varied
according to the scanning system and trajectory length. Also, the break value for each segment
was not necessary the boundary of the larger peak. Thus, this method has been improved to detect
the breaks between floor and staircase classes in an automated way.
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Figure 3.3: Segmented trajectory based on 0.25 m height histogram for ZEB-REVO trajectory, the problem
appears when defining the classes with wrong values from the histogram.

An adopted method combines Fisher’s Natural Breaks Classification (Fisher, 1958) with the
generated height histogram with large bin width (e.g., 50 cm) was used. Fisher’s Natural Breaks
method aims to minimize the heights variance within each class and maximize it between different
classes. This can be used to get breaking height values between floors and staircases. The imple-
mentation of the algorithm by Hilferink (2015) was modified to fit the trajectory dataset. First,
height histogram was applied to detect the peaks. Then, distinct values of trajectory points height
were sorted and processed to get the cluster breaks. Although this approach separated between
floor and staircase classes, there was a clear problem in handling staircase class as there was a large
variance between height values within the class as shown in Figure 3.4. Both approaches did not

[#%]
1
Segment

Y X 2m
1

[

-

Figure 3.4: ZEB-REVO trajectory segmentation using Fisher’s Jenks Natural Breaks.

consider the time attribute in the trajectory dataset. Further processing had to be applied to the
results to differentiate activities based on time (e.g., going up the stairs has different time interval
than going down, although both activities within same space).

15
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3.2.2 Segmentation based on height and time attributes

In this approach, the spatiotemporal aspect was considered for global trajectory classification.

Definition 1 (Activity class). The sub-trajectory label represents specific scanning activity (climb-
ing the stairs or walking on a floor) in certain time interval. It contains one or more sub-trajectory
segments. Merging criteria is based on adjacency and the minimum number of points within the
sub-trajectory.

Definition 2 (Global Class). Final class labels which have one or more activity class. These ac-
tivities have the same height, within a specified tolerance, but in different time intervals.

The algorithm used a line growing technique with three iterative steps.

1. A sliding window with fixed width (number of points or seconds) is walking through the

trajectory dataset The trajectory points are ordered by the time attribute. The average point
height is calculated for each window (sub-trajectory segment), then it is compared with the
average point height of the two preceding neighboring segments. Second neighboring seg-
ment height threshold is used to detect any global change in heights. The height can change
gradually and still below the first threshold. The trajectory segment stops growing when
the difference between neighboring windows is exceeding a certain threshold and is given a
certain identifier. The following segment starts to grow under same stopping criteria. The
output of this step is candidate sub-trajectories with unique identifiers as shown in Figure
3.5.

. Then, the adjacent sub-trajectories segments are merged if they have number of trajectory

points less than minimum point count threshold. This threshold is used to identify hori-
zontal surfaces, which have high point count, from the sloped ones. The merged segments
are labeled with unique activity class identifier shown in Figure 3.6. This activity represents
a continuous movement within a specific time frame for at a certain height level.

. Finally, activity class segments with similar average height are labeled as one global class. A

small tolerance (e.g., 10 cm) was used to group these segments. Each global class is indicated
if it represents a floor or staircase based on the height range as shown in Figure 3.7.

The output of this process was stored in a SQ Lite database. This made the process of attaching

attributes to the trajectory points easier, and the intermediate data can be recalled and used without
the need to reproduce the analysis. Also, all the processing was operated on a single file, which
is the database, using SQL statements and this ensured the data integrity and gave the ability to
execute more complex queries for the following analysis steps.

5m

Figure 3.5: Growing sub-trajectory segments for ZEB1 data.
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Figure 3.6: Activity labels for ZEB1 dataset. It represents a scanning activity based on a change in height for a
specific time interval.
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Figure 3.7: Global labels for ZEB1 dataset. Each global class represents a floor or staircase.

3.3 TRAJECTORY SIMPLIFICATION

The process aimed to simplify the trajectory shape for each floor sub-trajectory while preserv-
ing the directions. This process was applied on the segmented floors from step 3.2.2. Figure 2.5
shows a subset of a trajectory belonging to ZEB-REVO (left), and ZEB1 (right). It was noticeable
that the representation of the trajectory varies from a scanning system to another. This process
helped to make the computations with the trajectory simpler for further steps as the trajectories
of different scanning systems would have the same shape complexity. Also, the trajectory consists
of points which are denser than necessary to perform the trajectory analysis . Both datasets were
processed in this step to remove the redundant points and to make them have the same level of
geometric representation.
As the geometric aspect of the trajectory was considered in this process, the simplification methods
which have been tested were selected based on the literature review. Each category from section
2.5 was represented by one or more algorithm in the tests. The implementation for these algo-
rithms is adopted from geometric libraries (Boost, 2017; de Koning, 2011) and pseudo codes from
SUNY Institute of Technology (2012) web page. It considered the temporal dimension of the data
as trajectory points were ordered by time attribute, and these algorithms walk through the points
from the starting point till the end. Also, a combination of simplification methods was tested to
find the optimal simplification method.
The chosen simplification algorithm was "The routine of distance between points" or Radial dis-
tance routine described in (Long, Wong, & Jagadish, 2013). It belongs to the local processing
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routines category which consider the consecutive neighboring points. Also, this routine is only
influenced by the point density and it was not affected by the geometric shape of the trajectory.
Thus, both trajectory datasets can have the same geometric shape criteria for following processing
steps.

The algorithm starts from the first point as a key point. Then, it eliminates the following
points within a specified tolerance. Then, the first point outside that tolerance becomes the new
key point. The algorithm stops when reaching the last point.

Figure 3.8 shows a subset of the simplified trajectory of the ground floor of ZEB1 dataset compared
to the original one. It preserves the general shape with fewer points. The trajectory had 60684
points and it was reduced to 175 points. Several tolerance values were tested, and tolerance of 0.80
meters was used for both datasets. The equal spacing of 0.80 meters was large enough to reduce
the complex shape of ZEB1 dataset without affecting the general shape. Also, the line segments
between each successive point could be compared along the trajectory. The key difference between
using the simplification algorithms over the point cloud-like downsampling algorithms it that the
simplification algorithms not only consider the spacing between the points, but also it respect the
time order of the points.

The selection of suitable algorithm was based on visual interpretation and suitability for further
analysis steps. Overview of the experiments applied on the trajectory using the simplification
algorithms are illustrated in Figure 3.9.
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Figure 3.8: A subset of ZEB1 trajectory (left), the simplified trajectory using radial distance of 0.80 meters in blue
dots overlaid on original trajectory (right).

3.4 CRITICAL POINTS IDENTIFICATION

The simplification process focused only on the geometric shape of the trajectory without con-
sidering the semantic meaning of it. The aim of the simplification process was to deliver the tra-
jectories which have different geometric complexity to the same level of abstraction. After that,
the simplified trajectory was analyzed to detect the critical points that can reveal the hidden in-
formation. Critical points are points along the trajectory that can divide it to homogeneous parts
in some sense. They describe the important features and transition of the trajectory (Buchin,
Driemel, Van Kreveld, & Sacristan, 2011; Sack & Urrutia, 2000; Jin, Cui, Wang, & Jensen, 2016).
For example, change in movement direction can be described by fewer points, and the redundant
points are removed. This can make the data processing simpler if it is based on direction change.
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Figure 3.9: (a)A subset of ZEB1 trajectory, the simplified trajectory in blue dots overlaid on original trajectory
(b)Nth point elimination, (c)Opheim, (d)Perpendicular distance, (e)Nth point stepping, (f)Reumann-Witkam,
(g)Radial distance, (h)Douglas-Peucker, (¢)Visvalingam-Whyatt.

Each point which belongs to the trajectory dataset holds information about translation and rota-
tion of the scanner as a function in time. Following this fact, the critical points were based on the
geometry, time, and scanner attitude.

3.4.1 Geometry-based critical points

The geometric shape of the trajectory was characterized by the change in movement direction
or the important points that can describe the general shape without affecting the trend. The sim-
plified layer from step 3.3 was used as an input for this step. Two approaches were applied. In the
first approach, the Douglas-Peucker algorithm was applied over the simplified trajectory as shown
in Figure 3.10. This algorithm is widely used to detect the critical points as it preserves the direc-
tion trends using a perpendicular distance-based threshold (Meratnia & de By, 2004). The choice
of this algorithm was based on the experiments while combining multiple simplification methods
at the previous step.

The second approach was based on the change in movement direction between two simplified
segments. A segment is defined as the line connecting between two consecutive points along the
trajectory. The angle of one segment is calculated from the positive x-axis counter-clockwise as
the calculations are in the x-y plane. The change in angles was calculated for each two trajectory
line segments and compared to a threshold. If the angle difference exceeded that threshold, the
connection point flagged as a critical point. A threshold of 25 degrees was applied as shown in
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Figure 3.10: Geometric critical points using Douglas-Peucker with 0.5 m threshold for the simplified ZEB1 floor.
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Figure 3.11: Geometric-based critical points using direction change with 25 degrees threshold for the simplified
ZEB1 floor.

Several thresholds were tested for both approaches. Douglas-Peuker based approach showed
better results in detecting the critical points as it considers the entire line during simplification
process. The direction-based approach detects the local critical points which were not important
to describe the global trend, and it had some failure cases. Moreover, Douglas-Peuker showed
better results when using higher threshold values.

3.4.2 Time-based critical points

Based on the user guide of ZEB-REVO scanner(GeoSlam, 2016), the transition through door-
ways or around tight bends should be scanned slowly to make sure that the scanner can detect all
features properly. As trajectory data is a spatiotemporal dataset, the change in moving speed inside
the environment can be utilized to detect doorways. The distance between every two points can
be considered equal as the simplified layer of the trajectory was based on radial distance. Thus, the
time difference between each neighboring point was calculated and compared to a certain thresh-
old.

For points P, and P, the simplified trajectory T°, Time difference = P, 11 (time)-P,(time)
where time is the time stamp of each point in milliseconds.
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If the time difference exceeded a threshold in N seconds, the two points were marked as time
critical points as shown in Figure 3.12. The threshold of the number of seconds represents the
operator speed during the scanning process as the length of the segment which connects the two
points was equal to the radial distance simplification threshold. The choice of the time threshold
value is influenced by the simplification threshold.

\
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Figure 3.12: Time-based critical points with 2.5 seconds threshold for simplified ZEB-REVO floor.

3.4.3 Scanner attitude-based critical points

System quaternions were converted to Euler angles (roll, pitch, and yaw) in order to make
the visualization process more sensible. The trajectory points was plotted over time to show the
rotations of the scanning system. By analyzing the rotation around the vertical axis (yaw angle),
patterns of the change in the direction of scanning were detected along with the movement direc-
tion. All figures related to the plotting over time is listed in section A.3.1.

3.5 SEMANTIC ANNOTATION

In the last step in trajectory analysis process, initial annotation classes were assigned to the raw
trajectory dataset as labels. These classes were defined based on the identified critical points and
semantic roles of indoor spaces. The classes included rooms, corridors, doorways, and staircases.

Adopted from trajectory based clustering approaches (Rocha, Times, Oliveira, Alvares, & Bo-
gorny, 2010; Xiu-Li & Wei-Xiang, 2009), intersecting patterns can be detected by joining the
change in direction with trajectory points clusters as well as detecting the scanning system be-
havior. Basically, the previous analysis step had three layers of trajectory as shown in Figure 3.13.
The first layer was the raw trajectory which revealed the scanner behavior in terms of changing in
yaw angle. The second layer was based on the time-critical simplified layer. It was used to detect
the stops or the slow down along the trajectory. The top trajectory layer was the geometric ab-
straction of the trajectory. This layer was generated by applying the Douglas-Peuker simplification
algorithm on the simplified layer. It was used to analyze the change in the movement direction
along the trajectory to detect the indoor classes.
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For the raw trajectory layer, it showed that both scanning systems behave in a different way
and it depended on the operator behavior. Critical points from the scanner system attitude were
not used in further analysis steps. The geometric-based and time-based critical points were used as
an input for the next step.

Figure 3.13: A conceptual figure for the three layers of annotation process, geometric-critical points (top), time-
critical points (middle), and raw trajectory with scanner attitude (bottom).

The annotation process followed the following steps for each floor:

1. Input layer

Geometric-based critical points was merged with time-critical points and ordered by time
attribute as shown in Figure 3.14. Each critical point was flagged either to be time-critical
or geometric critical, and it contained its trajectory attributes. Every two successive points
form a line segment. This segment holds information like distance and direction. Then, the
procedure started to iterate over the segments to check first for rooms, then corridors, and
finally the doorways.

2. Room identification

Room was identified by searching for the self-intersected trajectory to form a closed loop or
to detect semi-closed one as the operator walks through the door to enter and leave the room.
The check starts when finding a time critical point or detecting a change in the direction of
trajectory segments. At this trajectory point (key point), nearest neighbor search within
a distance threshold was applied to the merged critical points. Then, following rules were
applied between the key point and its nearest neighbor in an iterative process through all
the neighbors:

e Check for scanning time between the two points and it should not exceed maximum
scanning time threshold. The scanning time is identified as the difference in time at-
tribute between the two points. The scanning time indicates how long the operator
was in the space which can indicate the size of it.

e Related check to the scanning time is that the maximum number of critical points
(time-based and geometry-based) between the two points should not exceed a thresh-
old. This can indicate the trajectory length between the two points without the need
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Figure 3.14: Geometric-critical points merged with time critical-points for ZEB-REVO floor, trajectory segments
in black line are connecting the points.

to calculate the actual length. The spacing between any points will not be less than
trajectory simplification threshold as the critical points were identified based on the
simplified trajectory. The maximum distance can be calculated by multiplying the
maximum number of critical points by the simplification distance.

e If the neighboring point met the previous checks, the next rule is to search for self-
intersections or semi-closed loops. For self-intersections, a line constructed from the
key point and the neighboring point including all the intermediate critical points and
the self-intersection was checked by Boost geometry library. For the semi-closed loop,
the minimum distance between the trajectory segment containing the key point and
the segment containing the neighboring point is calculated and compared to the mini-
mum neighboring distance threshold.

e The final check for the point is to check for minimum trajectory length to form a room,
to avoid small bends or self-intersections.

If one of the point from nearest neighbor search satisfies these rules, the trajectory segment
connecting the points between that point and the key point is annotated as a room. If not,
the trajectory segment containing the key point will be checked for the other classes. The
case of a room which has more than one door was not handled by this algorithm to avoid
over fitting.

3. Corridor identification

A corridor trajectory segment was identified by considering it to be parallel to the main
building direction or perpendicular to it with some tolerance (e.g., 10 to 15 degrees) . To
detect the main building direction, the minimum bounding box of floor trajectory was cal-
culated. Then, the main direction was defined to be parallel to the long side of the box.

If the line segment did not satisfy the corridor rule, it was annotated as "unde fined" as
shown in Figure 3.15.
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After iterating over all the critical points and annotating the trajectory segments, the "unde fined"
labels were updated to be corridors.
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Figure 3.15: An intermediate sample of annotation before final processing for ZEB-REVO floor.

Annotation

4. Doorways

Finally, door positions were identified to be the critical point between the annotated sub-
trajectories representing different spaces (end point of one sub-trajectory and starting point
for the other as they are connected) as shown in Figure 3.16.
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Figure 3.16: Example of annotated ZEB-REVO floor.

After annotating the trajectory segments, the annotations were updated in the raw trajectory ta-
ble in the SQ Lite database based on the time interval of each sub-trajectory. Door positions were
updated with a margin of 0.5 seconds around the time attribute of the point. Staircases were an-
notated from step 3.2 of the trajectory segmentation as shown in Figure 3.17.
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Figure 3.17: Example of annotated ZEB-REVO dataset.

3.6 EXPERIMENTAL RESULTS

In this section, the key results of the trajectory analysis process are illustrated. The two datasets
described in section 1.3.1 were used for all experiments for trajectory analysis.

3.6.1 Trajectory segmentation

Trajectory dataset was segmented using the line growing technique described in section 3.2.2.
Table 3.1 lists the parameters used to segment ZEB1 dataset shown in Figure 3.7 and ZEB-REVO
dataset shown in Figure 3.18. Tables A.1 and A.2 show the statistics of different trajectory seg-
mentation stages for ZEB1 dataset and ZEB-REVO dataset respectively.
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Figure 3.18: Global labels for ZEB-REVO dataset. Each global class represents a floor or staircase.
Table 3.1: Line growing segmentation parameters for ZEB1 and ZEB-REVO datasets
Parameter Name Parameter Value
Trajectory point step 400 points (equal to 4 seconds for 100 Hz scanning rate)

First neighbor height difference threshold 0.2 meter
Second neighbor height difference threshold 0.3 meter
Minimum points per global class 1000 points (equal to 10 seconds for 100 Hz scanning rate)
Merging height threshold 0.1 meter
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3.6.2 Critical points identification

Table 3.2 provides the parameters used to simplify the trajectory and to identify the critical
points for the next process. The simplification was based on radial distance algorithm, and the
identified critical points were analyzed on top of the simplified trajectory.

Figure 3.19 shows the critical points for ZEB-REVO basement. The total number of points was
35,910, and it was reduced to 124 critical points. For ZEB1 dataset, Figure 3.20 shows the merged
critical points for the top floor. The floor had a total of 94,416 trajectory points, and It was reduced
to 143 critical points. Also, only 54 points were identified as geometric critical and time critical at
the same time as shown in Figure 3.21. This points can indicate the possible doors position as the
operator tends to slow down near the transitions between the spaces.

During the experiments, several combinations of thresholds were tested. Figure A.4(b) shows
different parameters for time critical points for ZEB1 floor. Time threshold of 6.0 seconds was
used, and Figure A.4(b) shows the critical points which are geometric-based and time-based at the
same time.

The parameters were minimized to get denser critical points for the annotation process.

Table 3.2: Critical points detection parameters.

Dataset Simplification tolerance Time threshold Douglas-Peuker tolerance
ZEB-REVO  0.80 meters 2.5 seconds 0.20 meters
ZEB1 0.80 meters 3.0 seconds 0.50 meters

Geometric Critical

Crifical Point Type

v Time Critical

x o0 5m

Figure 3.19: Critical points for the basement of ZEB-REVO dataset. Total of 124 critical points compared to
35,910 original points.
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Figure 3.20: Merged critical points for the ZEB1 dataset top floor. Total of 143 critical points compared to 94,416
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Figure 3.21: Critical points for ZEB1 dataset top floor. Red points represent critical points that are time-based
and geometric-based at the same time.

3.6.3 Semantic annotation

Based on the results from the previous section, the trajectory was annotated according to the
rules defined in Section 3.5. Table 3.3 lists the parameters values used to annotate both datasets.
The only difference is the maximum scanning time for space parameter which was 45 seconds in
case of ZEB-REVO trajectory and 120 seconds for ZEB1 trajectory. Figure 3.22 shows semantic
annotations for the basement of ZEB-REVO trajectory, the rooms with two doors were misclassi-
fied. For ZEB1 trajectory, Figure 3.23 shows the annotated trajectory of the top floor. One closed
loop was misclassified as a room. For the full annotated trajectory Figure A.7 shows the results
for ZEB1 system while Figure 3.17 shows results for ZEB-REVO system.
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Table 3.3: Parameters used for annotating the trajectory datasets.

Parameter Name Parameter Value

Nearest neighbor distance for closed loop 1.0 meter

Maximum scanning time for space 45 seconds (ZEB-REVO)/120 seconds (ZEB1)
Maximum critical points inside space 20 points
Minimum trajectory length for a room 3.20 meters

Corridor

Room
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Doorway—

Figure 3.22: Semantic annotation for the basement of ZEB-REVO trajectory. Rooms with two doors were mis-

classified (green circle).

Annotation
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Figure 3.23: Semantic annotation for the top floor of ZEB1 trajectory. Closed loops do not necessary represent
a room (green circle). The distribution of the critical points can affect the annotation (black circle).

3.7 DISCUSSION

The aim of trajectory analysis process was to enrich the trajectory of a mobile laser scanner
with semantic information about indoor spaces such as rooms, doorways, corridors, and stair-
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cases. This analysis was conducted based on analyzing the trajectory dataset only without look-
ing at point cloud dataset. The spatiotemporal aspect of the trajectory was considered during
the data processing which helped to detect the patterns of movement during the scanning process.
These patterns included a change in the movement direction, stops/moves along the trajectory and
change of scanning attitude during the scanning process. By combining such patterns, a rule-based
model has been defined to characterize different indoor spaces based on the semantic information.

A line growing segmentation technique was developed to segment the trajectory dataset into
sub-trajectories represent floor and stair classes. Unlike the histogram-based approaches, this tech-
nique considered the time aspect of the trajectory. The activity classes which were segmented in
the second step of this approach can be used to split floors and staircases as it represents different
time clusters (activities) within one floor. The "merging height threshold" illustrated in Table 3.1
is the key criterion to group such activities. It can be adjusted to fit the required process. For ex-
ample, a lower threshold can reveal any change in the ground level within the floor, while higher
threshold can get the whole floor for later processing. Finally, using SQ Lite database to store the
trajectory data gave an advantage for checking the intermediate data and processing all the data
in a single file during the whole process. Also, summary statistics can be generated using simple
SQL queries.

In the next step, a radial distance simplification algorithm was applied to each floor to bring
trajectories from different scanning systems into a similar representation without affecting the
trajectory trend. Also, it made the data processing easier. This helped to eliminate the irregular
shape of ZEB1 trajectory dataset without affecting its trend. The simplification tolerance can
be adjusted according to the processing stage, and the new attributes of the simplified trajectory
(if any) can be transferred to the original trajectory using the time attribute. Finally, the other
simplification algorithms were used on top of the radial distance method to achieve more trajectory
compression and to detect patterns such as geometric-critical points.

In the critical points detection step, different key points were identified based on criteria from
the geometric shape, time attributes, and scanner attitude. The Douglas-Peucker algorithm was
applied to the simplified trajectory to detect the global change in the movement direction along
the trajectory. These key points were used as the main element to identify different rooms. On the
other hand, the time difference between each consecutive point along the trajectory was used to
detect the change in the operator movement speed along the trajectory. The simplified trajectory
helped to make this criterion comparable as the simplified points had an equal distance in between.
The time-critical points introduced candidate positions for doorways and tight bends. Based on
the results in Figures 3.19 and 3.21, doors could be identified near the time-critical points, but this
depends on the operator behavior and the complexity of the indoor environment. If the operator
stopped or slowed down near the doors, they can be identified by using suitable time threshold.
This can be used to partition the spaces as the doors are the key separator between different spaces.
By combing the results from geometric and time based critical points, intersecting patterns about
the indoor spaces start to emerge. After defining rules for characterizing the rooms, corridors,
and doorways from the key points, the trajectory was annotated. While rooms were identified
by closed loops, it was not always a valid case. The indoor environment can be more complex.
The rooms can have more than one door as shown in Figure 3.22, and not all the closed loops
represent a room as shown in Figure 3.23. The operator behavior besides the scanning system
type can influence the annotation process. For example, the scanning time inside a room in the
ZEB1 dataset was greater than the one in ZEB-REVO dataset. Moreover, the different working
mechanism for both sensors appeared in the trajectory shape which affected the scanner attitude
as well. In conclusion, analyzing trajectory data alone was not sufficient to classify the indoor
spaces correctly. It was used to separate different floors and staircases. Also, it could help to detect
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doorways candidate or information about the space, but joint analysis with the primary dataset
of point cloud is required. Therefore, the joint analysis between point cloud and its trajectory is
provided in the next chapter.

30



SEMANTIC ENRICHMENT OF INDOOR MOBILE LASER SCANNER POINT CLOUDS AND TRAJECTORIES

4. Joint Analysis between Point Cloud and Trajectory

4.1 OVERVIEW

In this chapter, the point cloud dataset was processed with the help of its corresponding trajec-
tory. The main objective was to label the different spaces inside the environment with semantic
information. The first step was to separate the floors. Then, for each floor, the doorways were
detected. After that, the trajectory was annotated with the semantic labels. Finally, the trajectory
annotations were transferred to the point cloud dataset. The input for this process is the raw point
cloud and the segmented trajectory from step 3.2.2. Figure 4.1 shows the pipeline of the joint anal-
ysis process. First, the floors were separated based on the segmented trajectory. Then, the doors
which are traversed by the trajectory were detected. After that, the trajectory was annotated with
the room labels based on the trajectory segments between the detected doors. Finally, the trajec-
tory annotations were transfered to the point cloud by using the timestamp in both datasets. The
labeled point cloud was post-processed to refine the labeling results.

Floor Separation Door Detection Trajectory Annotation Point Cloud Labeling

Figure 4.1: The pipeline of the joint analysis between the point cloud and the trajectory: (1) floors separation; (2)
door detection; (3) trajectory annotation; (4) point cloud labeling.

4.2 FLOOR SEPARATION

The segmented trajectory from step 3.2.2 was used to separate different floors. The point cloud
dataset was filtered by time attribute based on the time bounds from the segmented trajectory, as
both point cloud dataset and its corresponding trajectory have the timestamp attribute. Each
segmented sub-trajectory (global class) had one or more activity class which have different time
intervals. These activity classes were used to filter the point cloud into sub-clouds based on the time
attribute; then, the sub-clouds were merged to represent floor or staircase and saved for further
processing. Figure 4.2 shows a cross-section of separated ZEB-REVO dataset. The trajectory was
colored by the global class.
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6.5

Figure 4.2: Cross section for the separated floors of ZEB-REVO dataset. Each floor has unique color while the
segmented trajectory is passing through the environment.

4.3 DOOR DETECTION

The first step was to detect the doorways which represent possible doors. Doors are the key el-
ements for partitioning the indoor spaces as they are the transition between different place. Many
approaches were developed to detect the doors based on the colored point clouds (Quintana, Pri-
eto, Adan, & Bosché, 2018), but only few approaches utilized the trajectory. As examples of using
trajectory to detect the doors, Nikoohemat et al. (2017) utilized the trajectory to detect the door
centers based on proximity rules within voxel space. This approach considered opened and closed
doors. Also, Diaz-Vilarifio et al. (2017) detected the doors by profiling the ceiling and the floor
along the trajectory from the point cloud to get the net height. Then, the doors were identified
at the trajectory points that have a local minimum of vertical distance. Both approaches detected
only the doors traversed during the data acquisition. They may be not efficient in case of low
ceiling such as basements where the ceiling drop is minimum as few occupied voxels are required
in the first approach, and the vertical profile depend on the variation of the floor height along the
trajectory in the second approach.

The proposed method targeted the doorways which represent a possible single leaf door in
the case of opened, semi-opened and closed states. The targeted dimensions of the door width and
height could be parameterized according to the environment. The process started with identifying
the candidate positions for possible doors along the trajectory. This has been done by applying
proximity analysis between trajectory and a slice of point cloud parallel to the x-y plane. Then,
the point cloud was segmented around each candidate door position to detect the planar patches
which represent the walls. After that, the trajectory points were checked against the detected
walls to confirm the door width. Finally, the candidate trajectory points were validated against
door heights and then clustered to represent the door position. The detailed method is described
in the following steps:

a) Input data preprocessing
Trajectory dataset: The floor trajectory was simplified with a small tolerance of 0.2 meters

32



SEMANTIC ENRICHMENT OF INDOOR MOBILE LASER SCANNER POINT CLOUDS AND TRAJECTORIES

to reduce the computation cost.

Point cloud: A horizontal slice of height between 0.50 to 0.60 meters around the average
height of the trajectory was extracted from the floor point cloud. The slice is represented
in purple color in Figure 4.4. The reason behind this was to avoid the clutter which can
affect the processing in the following steps as it is expected to have less clutter near this level.
Also, the height of the slice was sufficient to segment the point cloud and to decrease the
computation time. The slice should be below the door tops to have the door boundary
represented by segments which are to the left and right of the trajectory.

An optional step of outliers removal was applied to the highly cluttered floors in case of
ZEB1 dataset. Point density of the surface varies according to the surface type. Problems
appeared during the proximity and segmentation steps because of sparse points around the
surfaces. Statistical outliers removal (SOR) described by (Rusu et al., 2008) was applied
to ZEB1 ground floor solve the problem. This method calculates the mean and standard
deviation for the distance between each point and its neighbors; then it eliminates the points
that have mean distances falling outside a threshold. This threshold is calculated based on
the global distances mean and standard deviation. Figure 4.3 shows example of applying
SOR on a door sub-cloud in ZEB1 ground floor. The sub-cloud represents a room with
glass walls and a glass door.

@) ()

Figure 4.3: Example for using the statistical outliers removal (SOR) on ZEB1 ground floor top view of a sub-cloud.
The difference is indicated by the black ellipses; (a) before applying SOR, (b)after applying SOR

b) Identifying the door spots

After preparing the input data, nearest neighbor search between each trajectory point and
the laser points within point cloud slice was applied to detect the objects that were nearby
the trajectory. This include door openings that the trajectory passed through during the
scanning. The search process was based on KD-tree data structure, and search radius was
parametrized and varied from 0.80 meters to 1.20 meters according to the environment.
Two constraints were applied during the search process to extract the neighbors of each
trajectory point:
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1) Minimum count of nearby laser points threshold was applied to ensure that the surface
was dense enough to represent a wall and to eliminate any temporary objects. This
threshold varied according to the floor, and the minimum was 500 points.

ii) Time lag parameter adopted from Nikoohemat et al. (2017) method was used to elim-
inate any reflected surfaces and moving objects. The laser point was considered a re-
flected point if the laser point had timestamp more than the timestamp of the trajectory
point within a threshold (e.g., 45 seconds). After eliminating the nearby laser points
that did not satisfy the threshold, the minimum count of nearby laser points check is
reapplied again.

If a trajectory point met the previous criteria, it was flagged as a possible candidate, and the
corresponding point indices were saved.

After identifying all the trajectory candidates, the trajectory points were clustered based on
the Euclidean distance between points. Each clustered trajectory points represents one or
more door candidates which located nearby. Then, the flagged points were transferred to
the full trajectory dataset using their time attribute. The corresponding points were sorted,
then the duplicated indices were removed, and the sub-cloud surrounding each possible door
was retrieved, and saved beside its trajectory. Figure 4.4 shows an overview of the process
on the top floor of the ZEB-REVO dataset. Only the trajectory points shown in red and
the corresponding point clouds with purple colors are saved for further processing. Each
sub-trajectory with its sub-cloud is processed individually in the next process.

i

Figure 4.4: The top floor of ZEB-REVO dataset. Candidate trajectory points (red) over the full trajectory (blue).
The nearby point cloud points within the slice (purple). The ceiling of the shaded point cloud was removed for
visualization purposes.

¢) Sub-cloud segmentation
Each sub-cloud was processed to identify the walls that surround the door and to eliminate
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d)

the clutter. Also, this process helped to distinguish the semi-opened door leaves from the
surrounding walls by analyzing the segments within the sub-cloud. The door plane was as-
sumed to be a part of a wall surface in case of a closed door, and a gap in an existing wall
segment in case of opened and semi-opened doors.

First, surface growing described by Vosselman, Gorte, Sithole, and Rabbani (2004) was ap-
plied on the sub-cloud to segment the surfaces. During this step, some issued showed up
during selecting the segmentation parameters because the surface was not smooth enough
in most cases. The sub-cloud was downsampled to 0.05 meters voxels to optimize the seg-
mentation process. After the segmentation step, the walls were identified according to the
following constraints:

1) The surface should be parallel to the vertical direction with some tolerance (e.g., 10

degrees).

ii) The surface should be parallel or perpendicular to the local dominant wall direction.
The dominant wall direction was estimated for each sub-cloud as it is not necessary that
all the doors be related to the main building direction. The dominant wall direction
was assumed to be the direction of the largest vertical plane which has another plane
parallel or perpendicular to it within a tolerance of 10 degrees. The normal vector of
each plane was estimated, and the dot product was calculated to get the angle between
different planes. The output of this step was the vertical walls. The semi-opened door
leaves were eliminated besides the small surfaces and the non-vertical surfaces.

Door width validation

At this stage, we had the walls or any vertical planes and its nearby trajectory. In this step, the
door width was validated using proximity rules between trajectory and the detected walls.
First, the trajectory was simplified with 0.01 meters tolerance to decrease the computation
cost. Then, nearest neighbor search between the trajectory and the walls which are within
a specified distance (e.g., 0.80 meters) were queried. The candidate door trajectory points
were refined as the following:

Closed doors: The point was flagged as a door if the distance between the trajectory point
and the wall is less than a certain threshold (e.g., 0.10 meters). This threshold indicated that
the trajectory passed through the door opening and it was closed before or after passing
through it. Figure 4.5 shows a closed door sub-cloud. The door candidates in red color were
correctly being identified as the segmentation process rules helped to eliminate the small
segments and the semi-opened door leaves.

Opened doors: The main idea was to check the width of the gap between each pair of walls
with the help of the trajectory point.

The nearest point from each wall to the trajectory point was queried. Then, each pair of
walls were compared with each other. The trajectory point should be collinear with the two
points represent the walls with some tolerance (e.g., 10 degrees). In addition, the trajectory
point should be in the middle and the line constructed between the two wall points is within
the door width threshold.

If the trajectory point satisfied these conditions, it was checked for the door height.

Figure 4.6 shows a case of a semi-opened door. The segmentation process was applied to
detect the vertical surfaces, and to eliminate the semi-opened door leaf by checking each
segment against the local dominant wall direction. Also, the door width and height check
were applied to get the final door candidates.

Door height validation
At this step door height for each trajectory points were validated. This helped to eliminate
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Figure 4.5: Example for a case of closed door; sub-trajectory is shown in blue while door points in red.
(a)Represents the 3D perspective, and (b)is a top view.
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Figure 4.6: Example for a case of semi-opened door; sub-trajectory is shown in blue while door points in red.
a)represents the 3D perspective, and (b)represents the top view.

the candidate door points that were passing through narrow pathways or between high fur-
niture objects such as bookshelves. In this check, the voxel space of the full point cloud was
used. A voxel size of 0.05 meters was used. Occupied voxels above and below each trajectory
candidate were queried. For the voxels below the trajectory, the last voxel was assumed to be
the floor level. Then, net height between the floor level and the voxels above the trajectory
point was calculated. The trajectory point was identified as final door candidate if there are
occupied voxels at a height within a threshold (e.g., between 1.80 meters and 2.20 meters).
Figure 4.7 shows a subset of ZEB1 door cluster. Trajectory points were marked wrongly as
door candidates as they were passing through a narrow path. The correct door candidates
were marked after checking the door height.

Clustering doors
The final trajectory candidates were clustered based Euclidean distance to get the trajectory
points for each door. The Euclidean distance clustering was used as the door can have trajec-
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Figure 4.7: Top view of using the door height check on ZEB1 dataset a)door candidates based on door width
b)door candidates after applying door height check. Trajectory points in blue while door candidates in red. The
black ellipse shows the results (a)only with door width validation, (b)after applying door height validation.

tory points represent the path of entering and leaving a space. These points are ordered by
time but they can have points of another door in between. Grouping the nearby trajectory
points within a distance threshold (e.g., 0.5 meters) helped to identify the points belong-
ing of each door. Also, a threshold for minimum points inside one cluster was defined to
eliminate small clusters (e.g., contain less that 5 trajectory points). Then, the full trajectory
points belonging to the door were labeled with a unique identifier in the SQ Lite database.

4.4 TRAJECTORY ANNOTATION

This process aimed to annotate the trajectory segments with the semantic information after
getting the door positions. Doors were considered the main element to split the different spaces.
The full trajectory was queried from the SQ) Lite trajectory table without the door parts. Then,
the nearby trajectory points were segmented together based on the Euclidean distance within a
small threshold (e.g., 0.2 meters). The Euclidean distance clustering was used to group the sub-
trajectories within a space like a corridor in one class. Figure 4.8 and Figure 4.9 show the annotated
trajectories of ZEB-REVO and ZEB1 datasets respectively.

L

10

Figure 4.8: The annotated trajectory of ZEB-REVO dataset. Each sub-space has unique color while the detected
doorways are colored in cyan.
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Figure 4.9: The annotated trajectory of ZEB1 dataset. Each sub-space has unique color while the doorways are
colored in purple.

There was an expansion tolerance for each door sub-trajectory to increase its length while saving it
to the database. The length of the trajectory representing a door could be as small as 0.05 meters.
This small segments affected the clustering of the spaces sub-trajectories in the trajectory anno-
tation step as there was not enough separation distance between them. This tolerance helped to
have a clear separation for the trajectory belonging to different spaces. This expansion tolerance
was applied by adding 0.5 seconds at the beginning and the end of each door trajectory in case of
ZEB-REVO dataset and 1.0 seconds in case of ZEB1 dataset.

4.5 POINT CLOUD LABELING

In the previous step, the trajectory was annotated with the semantic classes. Time attribute was
used to transfer the labels from the trajectory to the point cloud. However, there was an overlap
between the classes inside each room as shown in Figure 4.10(a). That is because some parts of the
space were scanned from another space through the opened doors or the glass walls. Also, there
were unlabeled points which were scanned while passing the doorways.

Majority filter was applied to the labeled point cloud of each floor to refine the classification
results. All points inside one space should have one class; therefore, the problem was simplified
using a 2D approach. The process was applied as the following:

e All the points within the 3D point cloud were projected into the x-y plane.

e A quadtree was constructed over the projected points with 0.05 meters cell size.

The occupied cells were labeled with the class of the majority of the laser points inside.

The occupied cells that were within a distance threshold (e.g., 0.3 meters) from a trajectory
point was assigned to the same class as the trajectory point.

e A post-processing check was applied for each cell to consider its direct neighboring cells.
The class of the majority of neighbors was assigned to the cell.

e Finally, the labels were transferred back to the original point cloud.

The post-processing step was applied because there were sparse cells that have a different label
that its neighboring cell. Only one iteration for neighboring cells was applied to the occupied
cells. The kernel size of 8 neighbors and 24 neighbors were tested in this step. An example of the
majority filter process as shown in figure 4.10(b).
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(b)

Figure 4.10: Top view for a floor of ZEB-REVO dataset. (a)Time-based labeling. The gray spots represent the
unclassified points. The ceiling was removed for visualization purpose. (b) The labeled point cloud after applying
the majority filter. Each space has unique color based on the corresponding sub-trajectory clusters.

4.6 EXPERIMENTAL RESULTS

In this section, the key results of the joint analysis process are illustrated. The primary objec-
tive was to label the point cloud dataset with semantic information about the indoor spaces. The
process started with separating the floors; then, detecting the doors on each floor. After that, the
trajectory was annotated to represent the possible spaces. Finally, each floor was labeled with the
semantic information. The two datasets described in section 1.3.1 were used for all experiments.
The floor separation results are illustrated in section 4.6.1. Door detection results are shown in
section 4.6.2, while the point cloud labeling results are illustrated in section 4.6.3.

4.6.1 Floor separation

This section illustrates the results for floor separation using the segmented trajectory. Figure
4.11 shows an overview of the separated ZEB-REVO dataset. Figures 4.12 and 4.13 show one of
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the floors and the staircases respectively. There were points scanned from another separated space
as the separation was based on the timestamp. On the other hand, Figure 4.14 shows the top and
ground floor of the ZEB1 dataset without the intermediate floor and the stairs. The staircases and
one of the intermediate floors are shown separately in Figures 4.15 and 4.16 respectively. There
was an overlap between the separated spaces as the walls in between were made of transparent
material.

Figure 4.11: Separated floors of ZEB-REVO dataset shaded in different colors.

Figure 4.12: Separated top floor of ZEB-REVO dataset

L

6.5

Figure 4.13: Separated staircase of ZEB-REVO dataset
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Figure 4.14: Ground and top floor of ZEB1 dataset shaded in different colors. The intermediate floor and the
staircases were removed to show the separation between the floors.

Figure 4.15: Staircases sub-cloud with the trajectory colored with the global class.

Figure 4.16: The left intermediate floor of ZEB1 dataset shaded in different colors. There is overlap between the
staircase and the floor as there are glass walls.

4.6.2 Door detection

In this section, the door detection results are illustrated for ZEB1 and ZEB-REVO floors.

ZEB-REVO dataset

Figure 4.17 shows the detected doors for the the first floor.All the 11 doors were detected.
Figure 4.18 shows the detected doors of the basement. There were 14 doors crossed by the operator
during the scanning process. All the doors were detected. Only door D6 was represented with
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more trajectory points. This was due to a problem in verifying the door width and height in the
small spaces.

10

Figure 4.17: Correctly detected doors of the ZEB-REVO top floor shown in green circles.

Figure 4.18: Detected doors of ZEB-REVO basement. All traversed doors were detected correctly, but D6 shown
in olive had long trajectory segment.

ZEB1 dataset

Figure 4.19 shows the detected doors for the top floor. In total, there were 17 doors traversed by
the operator during the scanning process. Door D4 was not detected due to incorrect estimation
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for the floor level. The method was identifying the last voxel under the trajectory as the floor level;
but in this case, there was part stairs boundary below the floor. Besides the two undetected doors,
door D1 was correctly detected but not according to the correct rule. This door was a sliding door,
and the boundary was not detected, but the trajectory was near one of the sides with distance less
than 0.10 meters. The door was identified as a closed door which was not correct. Figure 4.20
shows the detected doors for the ground floor. All the 8 doors were detected successtully. Finally,
Figure 4.21 shows the detected doors for the intermediate floors of ZEB1 dataset. There were two
false doors shown in figure 4.21(b) due to the closed doors issue which was previously mentioned.
The trajectory points were near a wall with less than 0.10 meters, and they were identified as closed
doors, but those false doors did not affect the labeling process as the trajectory was clustered as
one space 1n step 4.4.

15

Figure 4.19: The top floor of ZEB1 dataset, the correctly detected doors are shown in green circles. Red circles
represent the undetected doors.
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Figure 4.20: The ground floor of ZEB1 dataset, all traversed doors were detected correctly.
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Figure 4.21: Detected doors of the ZEB1 intermediate floor; (a) the correctly detected doors are shown in green

(®)

circles. Orange circles represent the false detected doors. (b) All the traversed doors were detected correctly.

to detect all the doorways.

Table 4.1 lists the common parameters values used in the door detection process. These pa-
rameters were modified for some floors to adapt the environment as the level of clutter varied from
floor to another and doorways width had variations. The parameter of neighbors search radius for
the ZEB1 top floor was 1.20 meters instead of 0.80 meters to get more point cloud points to en-
hance the wall segmentation process. Also, minimum neighboring points for the ZEB1 dataset was
increased to 5000 points instead of 500 points as the dataset had high level of clutter. Increasing the
minimum number of neighboring points threshold helped to eliminate some reflected surfaces. Fi-
nally, maximum door width threshold for the ZEB-REVO top floor was increased to be 1.2 meters

Table 4.1: Common parameter values used in the door detection process.

Algorithm Parameter Value
Identifying the door spots
Trajectory simplification tolerance ~ 0.20 meters
Neighbors search radius 0.80 meters
Minimum neighboring points 500 points
Time lag for reflected surfaces 45 seconds
Door detection
Search radius between candidate
. . 0.80 meters
trajectory points and a wall surface
Closed door distance threshold 0.1 meters
Maximum Door width 1.1 meters
Minimum door width 0.50 meters
Door height threshold 1.70 to 2.20 meters
Door cluster tolerance 0.50 meters
Minimum trajectory points per door 3 points
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Table 4.2: Common parameter values for segmentation process

Algorithm Parameter Value

Point cloud segmentation

Point cloud downsampling voxel size 0.05 meters

Trajectory simplification tolerance 0.01 meters
Surface growing

Seed neighborhood radius 0.30 meters

Growing search radius 0.15 meters

Maximum distance of point to seed 0.10 meters

Maximum distance of point to surface 0.08 meters

Minimum distance to recompute surface  0.05 meters

4.6.3 Point cloud labeling

In this section, the results of the point cloud labeling is illustrated. These results represent the
final output of this chapter and the main objective of this research.

ZEB-REVO dataset

Figure 4.22 shows the top view of the labeled basement of the ZEB-REVO dataset. There was
a mixed class in a small space due to an incorrect trajectory shape for the detected door. On the
other hand, the top floor which is shown in Figure 4.23 has a clean separation between the spaces
with a small overlap at the doorways. The corridor was partitioned into two spaces with a door in
between. However, one of the corridor spaces was labeled into two classes as it had two different
trajectory clusters. This oversegmenataion was influenced by the operator behavior as the space
was not fully covered by the trajectory which was used to identify the spaces.

ZEB1 dataset

This dataset has high level of clutter and reflected surfaces which affected the results. Figure
4.24 shows a top view of the labeled point cloud of the ground floor. There was a problem of
mixed labels around the doors. Also, the glass walls between different spaces had poor separation
of labels. The top floor which is shown in Figure 4.25 had different labeling problems. The rooms
which were surrounded by one or many glass walls had mixed labels, as there were reflecting sur-
faces within the space and some parts were scanned from the surrounding spaces. Also, there was
one space which was not labeled separately due to the undetected door. This space is surrounded
in the figure by the black ellipse. Also, there were mixed labels near the doorways which was a
common problem between all the floors. Finally, the elongated spaces were oversegmented as they
were not fully covered by trajectory points. The intermediate floor results are illustrated in Figure
4.26.
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Figure 4.22: Top view for the basement ZEB-REVO dataset. The black circle shows mixed labels in one of the
spaces due to door detection problem.

Figure 4.23: Top view for the top floor of ZEB-REVO dataset. The black ellipse shows oversegmentation in one
of the spaces as it was not fully covered by trajectory points.
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Figure 4.24: Top view for the ground floor of ZEB1 dataset. The black ellipses show mixed labels near the

doorways.

s = a T _I

Figure 4.25: Top view for the top floor of ZEB1 dataset. The black ellipses show the misclassified spaces due to
undetected doors. The cyan ellipses show the oversegmented spaces. The red ellipses show mixed labels inside
the spaces due to the glass walls. The purple ellipses show the mixed some overlap between spaces around the

doorways.
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Figure 4.26: Top view for the labeled intermediate floor of ZEB1 dataset. a) Black circles show mixed labels
around the doors. b) Two spaces have only one door in between.

4.7 DISCUSSION

The main aim of the joint analysis process is to enrich the point cloud and its corresponding
trajectory with semantic labels about the indoor spaces such as floors, staircases, doorways, and
rooms. The segmented trajectory is used to split the floors of the point cloud dataset based on
the time attribute. This approach worked well in the environments which have different ceiling
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heights, and when relying on the height histogram-based method of the point cloud is not enough.
Nevertheless, post-processing may be needed after separating the floors, as splitting based on time
attribute can show overlap between another floor as shown in Figure 4.12 and Figure 4.15.

In the following step, the doors are detected as an intermediate step towards labeling the point
cloud and the trajectory. Using the average height of trajectory to slice the point cloud increases the
processing speed as we do not need to calculate the floor level. Also, it helps to avoid the clutter by
having the slice of the point cloud at height just below the beams level. However, this approach will
not work properly if there is a big variation in the floor level or the trajectory height is relatively
low in the case of trolley-based scanning systems. The solution in case of the difference in the floor
levels is to utilize activity classes from step 3.2.2 to have the slice for each average height. On the
other hand, the slice height can be parametrized by adding a fixed value to the trajectory average
height to overcome the low height of the trajectory in some scanning systems. For identifying the
door spots, the choice of the threshold value for the minimum neighboring laser points for each
trajectory point can affect the results in terms of clutter removal. For example, this value is 500
points in case of ZEB-REVO dataset, and it is increased to 5000 points in case of the ZEB1 top floor
which has a high level of clutter and reflected surfaces. The choice of this parameter is based on
running experiments as it takes only one minute to process a floor with around 33.5 million points.
The developed approach detected all the closed doors but relying on the intersection between the
trajectory and the walls is not sufficient. Two false doors are detected as illustrated in Figure 4.21(a),
and this is also due to the complex shape of the ZEB1 trajectory which can be near the surfaces
with distance less than 0.10 meters. To avoid the false doors problem, the trajectory should be
checked to be passing through the surface and not only the intersection. Another limitation for
the door detection method appeared while applying the rules for the door width and height inside
narrow spaces where their dimensions can match a door width and height constraints as illustrated
in Figure 4.22 and Figure B.1. To avoid this problem, the algorithm needs to be optimized to check
the door height locally instead of using a door height range. The last possible failure case for the
door detection algorithm will be while checking the semi-opened doors. All the semi-opened
doors are detected by identifying the dominant wall direction locally for each door cluster. The
check will fail if the opened door leaf is perpendicular to one of the walls and there is an intersection
between the trajectory and the door. The operator behavior can help to avoid all the door detection
problem if all the doors are opened before starting the scanning process. Also, the operator can
avoid getting very close to the walls. Finally, following the scanning guidelines to scan the doors
slowly can increase the point density and enhance the point cloud segmentation results.

The trajectory candidates from step 4.3 can be considered as a new concept of critical points
which is based on the proximity between the trajectory data and the point cloud data. It is more
reliable than the combination of geometric and time-critical points which are explained in the
previous chapter regarding identifying the separation between the different spaces. The doors are
detected first then, the different rooms are labeled, but in the first approach which involved the
trajectory only, the rooms are detected; then, the door positions are inferred. Also, in the first
approach, the operator behavior have more influence on the trajectory annotation results

The annotated trajectory is used to label the point cloud by transferring the trajectory labels to
the point cloud using the time attribute. There are mixed labels inside each space, and this was very
clear in case of the glass walls as shown in Figure B.2. The concept of the majority filtering is used
to refine the labels within each space. However, the labeling method showed poor performance
in case of the glass walls as illustrated in Figure 4.25 relying only on the timestamp attribute is
not sufficient in this case even after applying the majority filter. Constructing the boundary for
each space can be applied to confirm the labels inside each space, but this step was out of the scope
of this study. Also, there is a problem of the over-segmented spaces shown in Figure 4.23 as the

49



SEMANTIC ENRICHMENT OF INDOOR MOBILE LASER SCANNER POINT CLOUDS AND TRAJECTORIES

trajectory did not fully cover them. This problem can be solved in the further post-processing
steps as mentioned by Diaz-Vilarifio et al. (2017) and Mura et al. (2014).One advantage of using
the trajectory is the ability to change to operator behavior to walk in multiple paths during the
scanning process to cover the elongated and big spaces.

In conclusion, the proposed algorithm had better results for ZEB-REVO dataset than the ZEB1
dataset. The results varied due to the low level of clutter for the first dataset, the shape complexity
of the trajectory of the ZEB1 system, the operator behavior during the scanning process, and type
of the surface material inside the environment.
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5. Conclusions and Recommendations

In this research, a method for enriching the mobile laser scanning point clouds and trajectories
with information about the indoor spaces is introduced. The trajectory dataset is used as a source
of information to optimize the point cloud processing. By processing the trajectory first, the
trajectory gives the ability to analyze the point cloud dataset as small parts without the need to
downsample the full point cloud which prevents the loss of information. Also, annotating the
trajectory with information such as the floors and the staircases helps to process the point cloud
for a specific purpose such as detecting the doors or labeling the point cloud without the need to
perform the full analysis every time. The trajectory is used for separating the floors, detecting
the staircases, and detecting the doors which are traversed during the scanning process. Also, the
point cloud is labeled with the rooms and staircases information with the help of the trajectory.
The experiments on the ZEB-REVO and ZEB1 show that the proposed methods can work for
different environments with minimum constraints as both datasets have different levels of clutter
and trajectory shape. The limitation of this method appears in the labeling process within an
environment that has glass walls. Also, the operator behavior can influence the results of the
labeling process.

5.1 RESEARCH QUESTIONS: ANSWERED

Specific objective 1: To annotate the trajectory dataset with semantic information about the
indoor spaces by analyzing the trajectory data only.

e What is the optimal method for trajectory simplification?The radial distance algorithm
is used to simplify the trajectory for both ZEB1 and ZEB-REVO datasets. The trajectory
datasets are represented by dense points as the scanning systems have a scanning rate of
100Hz. Given that both trajectories have different geometric complexity, the radial distance
algorithm is a good choice as it is affected more by point density. It helps to eliminate the
redundant points and simplify the geometric shape without losing the information. More-
over, by simplifying the trajectory by equal distance criterion, the simplified segments can
be compared with each other using the time attribute and also it is used as a base for detecting
the geometric-based critical points.

e What are the parameters that describe the critical points? There are three parameters
which are used to identify the critical points. The first parameter is the radial distance sim-
plification tolerance which is used to get the simplified trajectory dataset. The choice of the
values of the other two parameters depends on the selected simplification tolerance. The
second parameter is the simplification tolerance of the Douglas-Peucker algorithm. The al-
gorithm is applied to the simplified dataset to get the geometrically critical points, which
globally preserve the trend and the geometric shape of the trajectory. The third parameter
is the difference in the timestamp between two consecutive simplified points. It is used to
identify the time-based critical which are used to detect the change in operator speed along
the trajectory which can reveal the bends and door positions in the environment if the op-
erator followed the scanning guidelines.
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e What are the classes that could be identified from the trajectory data only? Floors and

staircases can be separated using the trajectory segmentation algorithm. For each floor, can-
didates of doorways can be detected based on critical points and comparing the neighboring
classes. Also, corridors and rooms can be identified, but the results showed that there are
misclassified segments. Joint analysis with point cloud is necessary for the complex indoor
environments.

How can these classes be described based on the semantic rules? Floor segments are
identified as a group of sub-trajectories that are connected and have the same average height
within a small threshold. The staircases class is identified to be the sub-trajectories that con-
nect the floors and have a large variation of height. Within each floor, corridors are assumed
to be parallel and perpendicular to the main building direction. Rooms are detected by
closed loops within a time threshold. Finally, doorways are the intermediate link between
these classes.

Specific objective 2:To label the point cloud based on semantic information from both trajec-

tory and point cloud.

e How can the point cloud be prepared for joint analysis process? The segmented tra-

jectory is used to split the point cloud dataset into floors and staircases. Then, each floor
is analyzed individually with its corresponding trajectory. The separation process helps to
reduce the computation cost and complexity as each floor can have different analysis param-
eters during the processing. These parameters depend on the level of clutter on the floor
and the trajectory shape.

How can the spaces be partitioned? Identifying the doorways is the key for partitioning
the spaces as the doorway is considered the transition element between different spaces.
Based on the detected doors, the trajectory dataset is annotated with labels about different
spaces and these labels are transferred to the point cloud dataset.

How to detect the doors with the help of the trajectory? The trajectory is utilized to de-
tect the doors that were traversed during the data acquisition. A constrained nearest neigh-
bor search between the simplified trajectory and a slice of the point cloud is applied to detect
the candidate door locations. Then, each sub-cloud is segmented to get the candidate walls.
After that, the candidate trajectory points are analyzed in conjunction with the candidate
walls to check the width of the possible door. Finally, the trajectory points that satisfied the
door width condition are analyzed with the full point cloud to check the door height. This
approach can detect the doors which are opened, semi-opened and closed.

How to assign the trajectory classes to the corresponding point cloud? The time at-
tribute of the trajectory is used to transfer the labels to the point cloud as both datasets are
related together with the timestamp. For each set of sub-trajectories represent one space,
the laser points which have the same timestamp as the trajectory points are labeled with the
same class. Nevertheless, some laser points are within a space and have a different label.
The mixed laser points are scanned from another space like the case of opened doors or glass
walls, and the labeling results need to be refined.

What are the methods for refining the labeling results? A majority filter is applied to
each floor of the point cloud dataset. The filter is applied on a 2D representation of the
point cloud as a quadtree with an assumption of the inner walls are vertical within each floor.
The label that represents the majority of the points within each cell is assigned to the cell
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label. Also, the geometry of the trajectory is used during the process as all the cells within a
certain distance of the trajectory should have the same trajectory label. The geometry of the
trajectory helps to refine the labels that are near the doorways as they are more likely to be
scanned from different spaces. After that, another iteration of the majority filter is applied
to every cell in the quadtree by considering the neighboring cells and take the majority of
the labels. Finally, the labels were transferred back to the original points in the point cloud
dataset.

5.2 RECOMMENDATIONS

The following suggestions are recommended for the operator behavior during the scanning

process:

Following the scanning guidelines by slowing down at the transitions between spaces, e.g.,
doorways and tight bends can help to detect the doorways without the need to analyze the
tull point clouds.

The operator should walk through the elongated spaces like the corridors in multiple paths
to have more trajectory point. The well covered space by trajectory can enhance the labeling
process.

Opening all the doors before starting the scanning process can enhance the door detection
process and detecting the door boundary.

Reflective surfaces such as mirrors should be covered if possible to reduce the reflected sur-
faces in the point cloud dataset.

The following suggestions are recommended for the future work:

The detected critical points from trajectory analysis step can be used to optimize the opera-
tor behavior during the scanning, and to plan for the scanning process in further steps.

The door detection method can be enhanced in case of the closed doors. Also, the door
height can be analyzed locally for each door instead of using a fixed range for the door height.

The analysis of the single scan line along the trajectory can be utilized to detect the opened
doors which are not traversed during the scanning process.

Eliminating the points outside the building boundary by detecting the walls can be a step
towards generating a floor plan and resolving the oversegmented rooms issue.

Testing the workflow on Non-Manhattan World datasets and with trajectories from different
laser scanners can enhance the method performance.
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Appendices
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A. Trajectory Analysis

A1 TRAJECTORY SEGMENTATION

Figure A.1 shows height histogram for the ZEB1 trajectory dataset with different bin width.
It was used during the experiments of segmenting the trajectory. However, this method did not
provide a good segmentation for the trajectory. An optimized method was developed by combin-
ing the histogram with Fisher’s Natural breaks as shown in Figure A.2 but this method need post
processing for the data and it did not consider the time attribute.

Bin width: 0.20 m Bin width: 0.30 m

Point Count x10* Point Count x10*

Bin width: 0.40 m Bin width: 0.50 m

Point count x10* Point count «10*

Figure A.1: Height histogram for ZEB1 trajectory with different bin width.

—
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o

Figure A.2: ZEB1 trajectory segmentation using Fisher’'s Jenks Natural Breaks.
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Table A.1: Trajectory segmentation summary for ZEB1 dataset from S() Lite database describing the different

Global classes, time columns are in Unix timestamp.

Time From  Time To Point Count  Average Height (m) Activity Class  Global Class
1444730711 1444731317 60648 -6 6 1
1444730691 1444730711 1995 4.6 5 2
1444731317 1444731361 4389 -3.9 7 3
1444730332 1444730691 35910 -2.8 4 4
1444731397 1444731521 12369 2.5 9 5
1444731361 1444731397 3591 2.2 8 6
1444730296 1444730332 3591 0.9 3 7
1444731521 1444731544 2394 0.4 10 8
1444731588 1444731592 399 0.9 0 9
1444729717 1444730068 35112 0.8 1 9
1444730068 1444730296 22743 0.8 2 9
1444731544 1444731588 4389 0.9 11 9
1444731592 1444731910 31773 0.9 12 9

Table A.2: Trajectory segmentation summary for ZEB-REVO dataset from S() Lite database describing the
different Global classes, time columns are in Unix timestamp.

Time From Time To Point Count  Average Height (m) Activity Class Global Class
1490287691 1490287696 453 0 7 1
1490287687 1490287691 399 0.4 0 2
1490287037 1490287045 798 0.4 1 2
1490287045 1490287384 33915 0.7 2 3
1490287667 1490287687 1995 0.6 6 3
1490287384 1490287420 3591 1.5 3 4
1490287647 1490287667 1995 1.7 5 5
1490287420 1490287647 22743 3.1 4 6
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A.2 TRAJECTORY SIMPLIFICATION

Table A.3 shows the optimal parameters used to compare the trajectory simplification algo-
rithms which were shown in Figure 3.9.

Table A.3: Optimal parameters used during the trajectory simplification algorithms.

Algorithm Parameter Value
Douglas-Peucker

Maximum distance 0.80 meter
Visvalingam-Whyatt

Points count to keep 80 points

Radial Distance

Tolerance 0.80 meter
Perpendicular Distance

Maximum distance 0.40 meter
Reumann-Witkam

Maximum distance 1.20 meter
Opheim

Perpendicular distance 1.30 meter

Radial distance 0.80 meter
The Nth point stepping

Keep point every N points 400 points

The Nth Point Elimination with

minimum number of points to keep
Point step 10 points
Points count to keep 150 points

A.3 CRITICAL POINTS DETECTION

Figure A.3 shows a comparison between the two methods adopted get identify the geometric-
based critical points for one of the ZEB-REVO floors. Although the choice of the parameters can
show similar results, the Douglas-Peucker algorithm gives better results in case of using higher
threshold for more generalization.

Figure A.4 shows the distribution of the critical points for the trajectory of ZEB1 top floor. Com-
bining the turns in the trajectory with the stops can indicate the possible doors positions as shown
in Figure A.4(b).
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Figure A.3: Geometric-based critical points in red dots for simplified ZEB-REVO floor. (a) Douglas-Peucker with
0.2 m threshold. (b)Direction change with 25 degrees threshold.

60



SEMANTIC ENRICHMENT OF INDOOR MOBILE LASER SCANNER POINT CLOUDS AND TRAJECTORIES

Time Crifical

Critical Paint Type:

Geometric CriTco«I

()

Figure A.4: (a)Critical points for ZEB1 dataset top floor. (b)Only critical points which are geometric-based and
time-based at the same time are retained in red. Critical time threshold is 6.0 seconds.

A.3.1 Scanner attitude-based critical points

Figure A.5 the three rotation angles of the ZEB-REVO scanner along the trajectory. We can no-

tice the repeated pattern in Figure A.5(a) as the scanner head rotates around a horizontal axis.Also,
the scanner has a limited change in pitch angle with the operator movement as shown in Figure
A.5(). On the other hand, the rotation around the vertical axis represented by the yaw angle
shows a change in the pose with respect to the operator movement direction.
For ZEB1 trajectory, Figure A.6 shows the rotation angles change overtime along the trajectory.
The device behaves in different way than the ZEB-REVO system as the scanner head mounted on
a spring. As a result, there is a repeat of a wider rang of values for each rotation angle per unit
distance. In case of yaw angle, this behavior can give totally different value for each trajectory
point.
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Figure A.5: The ZEB-REVO scanning system rotation angles in degrees along the trajectory (a)Roll angle.

(b)Pitch angle with stretched values. (c)Yaw angle
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Figure A.6: The ZEB1 scanning system rotation angles in degrees along the trajectory (a)Roll angle. (b)Pitch
angle. (c)Yaw angle

A.4  SEMANTIC ANNOTATION

Figure A.7 shows the annotated ZEB1 trajectory after applying the semantic rules to identify
the rooms, corridors, and staircases using the trajectory dataset only.
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Figure A.7: The full annotation of ZEB1 trajectory.
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B. Joint Analysis between Point Cloud and Trajectory

B.1 DOOR DETECTION

Figure B.1 shows the lines which are drawn to connect the extracted door boundaries. The
blue circle shows the problem appeared during the door width check in the narrow areas. These
spots have a width less than the door width threshold. In most cases, this issue is avoided by
applying the door height check, but the ceiling level is low it causes a problem during the point
cloud labeling process.

Figure B.1: The intermediate data for detecting the doors for the ZEB-REVO basement.The red points represent
boundary region which affected the door width check. The blue circle shows the problems in the narrow areas
which affect the candidate trajectory points.

B.2 POINT CLOUD LABELING

Figure B.2 shows the top view for the labeled point cloud of ZEB1 to floor before applying the
majority filter.
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Figure B.2: The ZEBH1 top floor with semantic labels transfered based on the time attribute.

B.3 POST-PROCESSING TOWARD A FLOOR PLAN

The candidate walls were extracted as the initial step to solve the over-segmented rooms issue.
The wall extraction method was adapted from (Turner & Zakhor, 2015). The idea was to take
a slice with height H meters for the floor. Then, octree structure with voxel size n was used to
get the occupied voxels. A wall candidate was defined as the number of occupied voxels along the
vertical direction should equal to H/n. The aim of the wall candidates was to generate a floor
plane based on Turner and Zakhor (2015) approach and to solve the over-segmentation issue at the
same time. But the datasets had different characteristics and more advanced approach need to be
developed. Figure B.3 and Figure B.4 show the extracted walls of the ZEB-REVO floors with the
information of the door positions. In case of ZEB1 dataset, the extracted walls were representing
the frame of the curtain walls as shown in Figure B.5 and Figure B.6. The octree voxel size was
0.05 meters and the point cloud slice height was 1.10 meters.
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Figure B.3: The extracted walls of the ZEB-REVO top floor. The door positions are shown in cyan. The extracted
walls are colored in black.
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Figure B.4: The extracted walls of the ZEB-REVO basement. The door positions are shown in cyan. The
extracted walls are colored in black.
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Figure B.5: The extracted walls of the ZEB1 ground floor. The extracted walls are colored in black.

Figure B.6: The extracted walls of the ZEB1 top floor. The extracted walls are colored in black.
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