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ABSTRACT

ROBOTIC EXPLORATION AND NAVIGATION ON
HIERARCHICAL SPATIAL MAPS

This thesis is concerned with topological map building and navigation using
these maps. Topological maps are compact spatial representations in which i) the con-
tinuous world is modeled as a discrete set of places and their spatial relations; and
ii) what is meant by places ranges from particular locations to large spatial regions.
This thesis proposes a series of approaches that altogether enable a mobile robot to
evolve its knowledge of topological maps and use them in navigating among places.
First, navigating reliably between two locations is considered. A reactive strategy that
allows the robot to arrive at the goal location with the desired heading is proposed.
Next, exploration of unknown environments is addressed and an approach in which
the robot determines the nodes of the map through discovering canonical appearances
is presented. As such, the robot can build a topological map of its surroundings au-
tonomously. Following, the integration of this knowledge with the existing knowledge
in the robot’s map memory is considered. As knowledge accumulates, state-of-the-art
approaches face real-time applicability issues. This is addressed by proposing an ap-
proach based on hierarchical topological maps. The proposed approach assumes that
the robot is capable of topological spatial cognition as presented previously. As such,
the hierarchical map is constructed so that the level preceding the terminal nodes
corresponds to places - where the concept of a place, is defined as a collection of ap-
pearances or locations sharing common perceptual signatures or physical boundaries.
Finally, navigation using the hierarchical map is considered and a novel algorithm that
enables the robot to generate a plan of the route between any given two nodes in the
hierarchical map is developed. The proposed approaches are implemented on a mobile

robot and extensive experimental results are reported.



OZET

SIRADUZENSEL HARITALARDA ROBOTIK KESIF VE
HAREKET

Bu tezde topolojik harita olusturma ve olusturulan haritalar tizerinde hareket
incelenmektedir. Uzamsal iligkileri verimli bicimde gostermeyi amaglayan bu harita-
larda; i) siirekli olan fiziksel diinya ayrik bir yer kiimesi ve yerler arasindaki uzam-
sal iligkiler geklinde modellenir; ii) yerlerin tanimi belli bagh konumlardan biiyiik
olcekli uzamsal bolgelere kadar degiskenlik gosterebilir. Bu tezde gezgin bir robo-
tun i¢inde bulundugu topolojik harita bilgisini gelistirmesi ve bu bilgiyi kullanarak
ortamdaki hareketi saglamasi ile ilgili cesitli yaklagimlar onerilmektedir. Caligmada
oncelikle iki nokta arasinda giivenilir hareket etme problemine odaklanilmigtir. Robo-
tun verilen hedef konum ve dogrultuya ulagabilmesini saglayan tepkin bir yaklagim
onerilmistir. Sonrasinda bilinmeyen ortamlarin kegfine deginilmis ve ortamdaki 6zgiin
gortintiglerin tespiti ile gerceklestirilen bir haritalama yontemi onerilmistir. Bir son-
raki adimda ise olusturulan yeni haritalar robotun daha onceden sahip oldugu bilgi
ile tiimlestirilmektedir. Islenen bilgi miktar1 biriktik¢e giincel yontemlerin gercek za-
manh olarak uygulanabilmesi zorlasmaktadir. Bu durum siradiizensel topolojik ha-
ritalarm kullamlmasi ile iyilistirilebilmektedir. Onerilen yaklasimda gezgin robotun
daha 6nceden sunulmus olan topolojik uzamsal hafiza olugturabilme yetenegine sahip
oldugu varsayihr. Oyle ki, siradiizensel haritalar olusturulurken en alt seviyedeki
diigiimler topolojik uzamsal hafiza modelinden gelen yerlere karsilik gelir. Burada yer,
ortak algisal simgeler ya da fiziksel sinirlara sahip goriiniig veya konumlar kiimesi olarak
tamimlanir. Son boliimde ise siradiizensel haritalar kullanarak hareketin saglanmasina
odaklanilmig ve robotun harita tizerinde verilen iki diigiim arasindaki rotayi planla-
masii saglayan bir algoritma gelistirilmistir. Onerilen yaklagimlar gezgin bir robot

iizerinde pek ¢ok sayida deney yapilarak gerceklenmistir.
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1. INTRODUCTION

This thesis is concerned with topological mapping and navigation using these
maps. With topological mapping, the continuous world is represented compactly by a
discrete set of places and their spatial relations. Interestingly, what is meant by a place
varies from a particular location to a spatial area to a possibly very large region. Thus,
the robot is able to have efficient spatial characterization. If mobile robots are ever to
become autonomous, it is crucial for them to be capable of building these maps on their
own and using them to navigate as required. Both have proven to be complex tasks
as they require the robot to be capable of i) navigating reliably between two points,
ii) exploring unknown environments, iii) self-localizing using these maps iii) organizing
the acquired knowledge in an efficient manner and iv) using the stored map knowledge
in deciding how to navigate between learned places. This thesis proposes a series of
approaches that altogether enable a mobile robot to evolve its knowledge of topological

maps and use them in navigating among places.

1.1. General Approach

Consider a mobile robot. Assume that the robot is endowed with a camera and
laser sensor. Each incoming appearance (image) is encoded internally using bubble
space representation [1]. We also assume that the robot’s spatial reasoning is based on
the topological spatial cognition (TSC) model [2]. The TSC model consists of two parts:
spatial memory and processing modules. In the long-term spatial memory, knowledge
of places and their spatial relations are retained separately in place and map memories
respectively. Both are based on the concept of a place that refers to a specific spatial
unit or area that encapsulates observations within one’s sensory horizon - similar to
human’s concept [3] or a region [4]. In order to decrease the dependency on odometric
data, each place is defined by the collection of appearances sharing common perceptual
signatures. The processing part enables each robot to detect places, recognize them
or learn them as necessary in a completely unsupervised, incremental and organized

manner. Throughout this processing, it continually builds up and uses its long-term
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Figure 1.1. General approach.

spatial memory simultaneously. Topological map building and navigation problem is

addressed in five stages as shown in Figure 1.1:

e First, navigating to a point in unknown environments is considered. The goal is
to reach the given goal location with the desired heading. A reactive navigation
method is proposed.

e Next, exploration of unknown environments is addressed. The goal is to have
the robot build the topological map of its surroundings. A novel approach in
which the robot determines the nodes of the map through discovering canonical
appearances is proposed.

e Third, navigating along topological map is considered. This requires localization
with respect to the nodes of the map. An approach in which provides both
position and heading estimations is developed.

e Following, the robot needs to have an accumulated knowledge base of topological
maps that it can refer to and update throughout its operation. One major issue
is to handle the scalability problem that the robot would face when operating in
real world. A hierarchical mapping strategy is proposed in order to address this
issue.

e Finally, route planning using the knowledge in the hierarchical maps is studied.

A hierarchical route planning method is proposed.



1.1.1. Navigation

The necessary waypoints are determined by continually imagining the furthest,
yet visible location towards its goal node from its current location through simulating
its motion in the background. These controllers are parametrized with not only the
waypoint location, but also consider its orientation as well. The controllers track both
the current obstacles and the ones which the robot lost visibility recently. The advan-
tage of this approach is that it enables the robot to navigate with sparse topological

maps and move through its nodes with headings as necessary.

1.1.2. Exploration

In the proposed approach, the exploration directions are chosen based on the
openness and discontinuities on the data from a laser range-finder sensor. There are
various criteria such as distance to previously visited locations, visibility, visual similar-
ity in order to determine the most representative appearances in a place. As such, the

collected canonical views represent the place in a compact and comprehensive manner.

1.1.3. Localization

The position estimation part is based on a previous work given in [5] with a
critical improvement namely, local interpolation in the neighborhood of closest node.
It is especially important in the case of visual similarity between a number of physically
distant nodes in the map. The heading estimation is another contribution to [5]. It uses
the closest node in the map and utilizes the phase difference between the DFC of the
sensory information obtained at closest node and current location. As a second source
of localization the laser sensor readings. Initialized by the camera based first-stage
estimation, the reference and current readings are matched by using an ICP variant
similar to [6]. Finally these two sensor based estimations together with odometry and
IMU data are fused via an Extended Kalman Filter (EKF) [7] and a high-frequency

drift-free location estimation is obtained.



1.1.4. Hierarchical Mapping

The proposed approach builds a hierarchical map in which i) the first level of
hierarchy is constructed based on the TSC model; and ii) the ground level encodes the
topological maps with the nodes of each map linked to the respective place node in
the first level; and iii) the remaining levels of the hierarchy are determined using the
SLINK algorithm [8] based on spatial and connectivity relations between nodes as well
as a level criteria. The resulting algorithm is incremental and thus is able to achieve

real-time performance in large scale environments.

1.1.5. Navigation Using Hierarchical Maps

The hierarchical maps are used to in route planning performance on graphs with
extensive number of nodes and edges. The planning starts from the top level and
refined recursively though the lowest level via some special map representation similar
to the ones given in [9]. A significant performance improvement in processing time
with respect to single plain graph search is shown by numerous experiments using a

real-world dataset given in [10].

1.2. Contributions

The contributions of this thesis can be summarized as follows:

e A reactive navigation approach which considers not only the target position, but
also target heading as well. The new method also utilize a short term memory
in order to handle sensor limitation in complex environment, even for distant
targets.

e Local interpolation based pose and heading location estimation on topological
maps. In addition to the approach given in [11], here a method in order to
estimate the robot heading is proposed. Moreover, the localization performance
further improve by filtering misleading similarities stem from perceptual aliasing.

Finally, the camera based estimated is fused with faster estimations coming from



different sensor modalities such as lidar, wheel odometry and IMU via an extended
kalman filter (EKF) [7].

e A novel and efficient exploration approach based on the place awereness of the
robot. It enables a robot be able to construct a more compact and comprehensive
map of a specific place with respect to the work given in [12].

e A multi-level hierarchical mapping scheme with bases the place information at
the first hierarchy level and some practical methods to find the shortest paths on

this structure in an efficient manner.

1.3. Outline

The organization of the thesis is as the following: In Chapter 2 the navigation
approach is detailed. The exploration approach is presented in Chapter 3. In the
next chapter a method for estimation of both position and heading the robots is ex-
plained. The construction and use of multi-level hierarchical structures are presented
in Chapter 5. The thesis concludes with a brief summary of results and possible future

directions.



2. NAVIGATION

This chapter studies the problem of reliable navigation to a given goal location in

an unknown environment. Consider a differential drive robot with radius p. Suppose
T

that is located at ¢ € R? with heading o € S*. Define 2 = [ o } as being its

state and note that z € X C R? x S'. Its dynamics are defined by:
& = D(x, p) with c(0) = co, 2(0) = {o 0 o} (2.1)

where p = [ vow }T is the velocity control input consisting of linear velocity v € R
and angular velocity w € R. The robot is endowed with a laser sensor so that at
each location and heading, it is able to sense the surrounding obstacles ¢, (f,t) where
¢e : F x R — R* and Here, F C S? denotes all possible sensing pan and tilt directions
and f = [ fi fo ]T € F denotes the pan and tilt directions. Note that if the laser is
one-dimensional, then f5 is constant. The navigation problem is formulated as follows:
The robot needs to move to g without any collisions along the way and arrive at this

location with the heading c.

The organization of the chapter is as follows. Related literature is discussed in
Section 2.1. Reactive controllers are constructed as explained in Section 2.2. Extensive
experimental results with a mobile robot demonstrate that the robot is able to navigate
without any a priori generation of waypoints or in arbitrary cluttered settings without

any assumptions regarding the geometry of obstacles as discussed in Section 2.5.
2.1. Related Literature

There has been extensive work done in navigation. The proposed methods can
be grouped as search-based methods or reactive approaches. The distance of the goal
location is an important consideration. As this distance increases, more advanced local

navigation approaches need to be used as it requires the generation of extra waypoints



between the nodes and then following them.

Search-based methods formulate the problem as an optimization problem in which
the environment is modeled as a grid. One of the most popular approaches is the dy-
namic window averaging method [13]. The DWA method has been extensively used
after being available in ROS [14]. Tt is generally used together with a sampling based
global planner such as A* or RRT* [15]. While these algorithms tend to have op-
timality guarantees, their performance is affected by grid resolution. Unfortunately,
as grid resolution increases, the computational complexity increases as well. Reactive
approaches are based on formulating closed-loop feedback policies [16-18]. They are
affected by grid resolution. On the other hand, optimality may not be attained or

simplistic assumptions are made regarding the obstacles in the environment.

Most methods focus only on reaching the target location without considering its
heading. A simple solution is to rotate the robot around itself at the target location.
However, this may not be possible due to several factors such as limited sensor field
or motion limitations. The target orientation is also studied in [19], but it is not clear
how it can be utilized in arbitrary environments since an obstacle-free environment is

assumed.

2.2. Reactive Controllers

Navigation is done by using an approach that is based on the sequential compo-
sition of reactive controllers. The idea of sequential composition has been previously
proposed. The proposed method differs in how the reactive controllers are constructed.
In particular, there is no assumption about the geometry of the environment. The flow

of processing is based on a loop of three stages:

e Determining the goal waypoint
e Tracking obstacles

e Computation of linear and angular speeds



Integral to all is the construction of a function that encodes the goal location as well as

the obstacles. The robot uses the gradient of this function to determine how it moves.

The controllers are constructed considering the gradient vector fields of analytic

functions @, 00 : X — R=%. They are defined as follows:

%;,9,0(90) =04000 ¢w,e,o(9€) (2-2)

The function o : [0,00) — [0,1) is defined as o(z) = 5 and o4 : [0,1) — [0,1) is

defined as oy4(z) = 2'/*.

The functions ¢, 90 are parametrized by i) waypoints w € R? and associated
headings 6 that need to be reached; and ii) the so-far encountered obstacles O. Their
constructions are defined by the ratio of two terms similar to [20]:

N Yw g(l‘)
Pupo(r) = 27~ (2.3)

N Bo(x)
Here, k € Z* is the relative weighting parameter of the numerator term with respect
to the denominator term. The numerator term v, : X — R encodes the distance to

the waypoint w as well as deviation from the goal heading 6:
Ywo(x) = (c = w) (e — w) (m + n2 (atan2 (e3 (w —c) ,ef (w—c)) —0)) (2.4)

The parameters ny,m72 € R weigh the distances to goal position and heading. Here,
both are taken to be equal to 1. As the waypoint w and associated heading 6 change

as the robot is navigating, so does 7, 4.

The denominator term fo(x) encodes the distance to all the so-far detected ob-

stacles.

Bo(z) =TT (le = ol*= (0 + po)?) (2.5)

0O



where p, is the radius of obstacle 0. Both the waypoints and obstacles are updated as

the robot navigates.

The resulting controllers i corresponding to the the linear and angular velocity

inputs are as follows:

Umae Min(1, |c — g|) cos (o, — @)

Winae SN (@, — @)

Here, U400 V€ Wiae are linear and angular speed limits. The linear speed of the robot
is also scaled according to the distance to the target location. In the second term,
the variable o, denotes the bearing of gradient —V. ¢, 00(2). As the magnitude of
difference o, —a becomes smaller, the robot will have only linear velocity. Alternatively,
as it reaches 90°, there will be only rotational motion. As the the waypoints and the

obstacles are updated, the resulting controllers are changed accordingly.

Navigation continues until goal location ¢ is reached - namely:

e |c—g|< T and

o |a— oyl< T,

The parameters 7, and 7, denote proximity thresholds for position and heading respec-

tively.

We do not have at present the desired analytical proof for the correctness of this
hybrid approach. However, the prior examples of correct algorithms along with the
success of our experimental evaluation provide a very strong motivation for generalizing

the previous theoretical results to the present setting.
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(a) First waypoint (b) Second waypoint (c) Last waypoint is the goal

node.
Figure 2.1. Determining waypoints. The robot continually imagines its path and

updates its waypoints as it is navigating from node (blue) to next (green).

2.3. Updating Waypoints

The robot continually checks the waypoint w and associated heading as it is
navigating and updates it as necessary until it reaches its goal. The update of the
waypoint is done as follows: First, it checks for visibility and accessibility of the goal
g. If it is found to be both visible and accessible, then the waypoint is set as w = g¢.
Otherwise, it imagines where it would move given its knowledge of the current goal g
and obstacles O. This is achieved in simulation with the reactive controller, but this
time the gradient —Vcpgq, 0(z) is used in constructing the linear and angular speed

inputs.

The way point location w is set to be the first location that is not visible or
accessible in the simulated movement while the waypoint heading 6 is defined by the
heading that is obtained at this way point. The visibility v(p;z) of a location p € R?
with bearing f? is determined by simply comparing the respective laser reading g, (f?)

to the distance |c — p|:

1 if g.(f?) > [lp— ||
v(p; ) = (2.7)
0 otherwise

As an example, consider Figure 2.3. Here, the point p is not visible while the point p/

is visible from robot’s location c.
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The accessibility of this point is determined through checking whether the sepa-
ration between the vector p — ¢ and the obstacle would allow the robot to go through
or not. This is checked by determining if there exists an obstacle o € O with relative

bearing f, such that

1 if g (fo)sin(of)|> p+ 6
0 otherwise

where ¢ f] is the relative bearing of p — ¢ with respect to the obstacle o and ¢, is the
safety threshold. In Figure 2.3, point p’ is visible, but not accessible while the point

p” is both visible and accessible.

Figure 2.2. Visibility and accessibility with respect to location c¢: Here, location p is

not visible, p’ is visible, but not accessible and p” is visible and accessible.

Thus, each waypoint maintains visibility with the previous way point. In this
aspect, the definition of waypoints is conceptually similar to the projected goal [21].
As such, it continually switches its controller to the next depending on the change in
the way point. This is repeated until the way point at which g¢;;; becomes visible.
A sample case is shown in Figure 2.1. The robot needs to navigate from to the goal
g4. Initially, it determines the waypoint as shown in Figure 2.1(a). As it is navigating
towards to this waypoint, the waypoint changes as shown in Figure 2.1(b). It then
starts navigating towards this waypoint. Finally, at some location, the waypoint is

updated to be the goal location.
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Laser Reading Related to the Obstacle

Figure 2.3. Representation of an obstacle as detected from location ¢ by the covering

3 disks.

2.4. Obstacle Representation Using Covering Disks

The robot keeps track of obstacles O it has encountered as it is navigating.
Obstacle knowledge is represented by a set of disks covering laser data. It includes the
currently visible obstacles O, as well as those recently encountered O, even if they are

no longer visible:

0=0,U0, (2.9)

The obstacles are represented by a set of disks that cover the depth data. Visible obsta-
cles are determined after segmenting the depth data ¢, using a connected components

algorithm and obtaining a set of segments A(x,t) = {A,,(z,t) |m=1,...,Na}:

4(fist) = @(fig1, 1)
@ (fist) + @u(fizr,t)

Antei) ={

< 7i= 1,...,Nm} (2.10)

where N, refers to pan extent. The parameter 7, is determined empirically as it changes
depending laser sensor and the environment. This is followed by the approximation
of each segment A,,(x,t) with a set of covering disks with maximal radius parameter
Pmaz 122, 23]. Each disk is associated with a center o, a radius p(0) < ppme and a
timestamp ¢(0). The number disks depends on the length I(A,,(z,t)) of each segment
defined as:

A ) = 3 o (Frns 00(osn) — s () (2.11)
=1
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where v(f) is the unit vector in the direction f. If the length is less than 2p,,,,, then
the result is a single disk. Otherwise, there are n,,(z,t) 4+ 2 covering disks with radius

pm = (A, (x,t))/p where

[(Am (2, 1))

pmax

N (2, 1) = -1

The remaining two disks have smaller radius

(2.12)

p = (A (1) = pruas (M . 1)

pmaa:

All the covering disks are then added to the set O, of currently visible obstacles. An
example of this process is as shown in Figure 2.3. The parameter p,,.. = p is set so

that narrow passages are naturally blocked.

In order to recall previously seen obstacles, the robot tracks recently observed
obstacles O,.. For this it considers all obstacles with timestamps ¢’ € [t — Kdt,t] and
checks whether they continue to be both visible and accessible at time ¢. The parameter
M € N specifies the extent of obstacle recall. As obstacle representation is robocentric,
obstacles are transformed to the robot’s current frame based on relative odometry of
its current state x(t) with respect to x(t — kdt). Consider such an obstacle o with
timestamp t — kot with kK = 1,..., M. Let its transformed position be denoted by ¢ at
time t. Then, the set O, is defined by

O, ={o€ O|tlo) <t,v.(0) =1,a.(06) =1} (2.13)
The set O, is updated with the update period dt.
2.5. Experimental Results

We have conducted an extensive set of experiments with a TurtleBot Kobuki

robot in order to evaluate the applicability of the proposed approach. The robot has
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Table 2.1. Navigation in Place 1: Comparative results for 3 different scenarios using

either a dense or sparse goal sequence.

Time (5) Normalized Arrival Heading
Path Length (%) Error (rad)
Proposed | A*+DWA | Proposed | A¥*+DWA | Proposed | A*+DWA

1 19.87 32.68 1.22 1.11 0.02 0.81

Dense | 2 29.80 35.27 1.10 0.95 0.38 1.06
3 18.58 39.50 1.38 1.00 0.56 0.82
Average 22.75 35.82 1.23 1.02 0.32 0.90
1 20.16 39.41 1.15 1.29 0.57 0.60

Sparse | 2 30.30 47.26 1.07 0.96 0.33 0.99
3 43.42 44.93 1.30 1.09 0.02 0.84
Average 31.29 43.87 1.17 1.11 0.31 0.81

C
&

Figure 2.4. Navigation in Place 1: Left: Three scenarios (red, green, orange) with

dense sequences. Right: Three scenarios (red, green, orange) with sparse sequences.

Sample appearances from sample goal locations are also shown.

radius p = 0.2 m and has maximum linear and angular speeds of 0.2 m/s and % rad/s

respectively. It is endowed with two Hokuyo URG-04LX model laser scanners so that

there is 360° depth sensing. The robot’s processor is an Intel Core i5-4210Y model

processor.

The experiments are repeated in two different places Place 1 (ISL) and Place 2

(EE Student Lounge). In each place, six different scenarios are considered. In each

scenario, the robot is given a sequence of goal locations and headings which it needs

to move to. The scenarios differ in the average distances between consecutive goals,
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Table 2.2. Methods and used parameters for navigation.

Umaz | Wmaz | Path_bias | goal bias | 7. | 7, | vx_samples | vth_samples | sim_time | kpqq | 0, ot K | Twp |m|m| 7
Proposed | 0.2 1.0 - - 0.2 0.2 - - 3.0 50 10.2]003[300]05(1]|1]0.5
A*+DWA | 0.2 | 1.0 72.0 24.0 0.21]0.2 10 20 3.0 - - - - 105

the number of goal locations in this sequence and the obstacles encountered along the
way. Performance is evaluated considering three measures: elapsed time, normalized
path length (the resulting path length divided by the shortest path to the set of goal
locations) and goal heading error ( absolute difference between the goal heading and

the heading in which robot arrives the goal location).

The parameter values used in these experiments are given in Table 2.2. For
comparison purposes, we consider DWA method combined with A* method. As ROS
implementation of A* does not consider heading restrictions, a modified version of A* is
used as explained in Appendix A. Furthermore, the linear velocity input in the DWA
method is limited to positive values in order to avoid oscillations. The parameters

values used in the experiments are given in Table 2.2.

The first set of experiments are performed in a 5 x 5m? sized place. In the
first three scenarios, dense sequences are considered. Here, average distance between
consecutive goals is around 0.5 m. The first scenario is shown by the red path in
Figure 2.4. It consists of 6 goal locations with a corresponding heading. The robot
encounters a simple obstacle (red circle along the way as seen in Figure 2.6(a). The
resulting paths are also seen in these figures. The second scenario as shown by the
green path in Figure 2.4 consists 7 goal locations. In this case, the robot encounters two
simple obstacles as seen in Figure 2.6(b). The resulting navigation behaviors are also
shown in these figures. The third scenario is shown by the orange path in Figure 2.4.
The given sequence consists of 6 goal locations. In this case, the robot encouters a
V-shaped obstacle. As this is not a convex shape, there is a possibility of robot getting
trapped. In all, the robot is observed to reach the target location without colliding any

obstacles. However, especially in the first scenario, the A*+DWA method is observed
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Table 2.3. Navigation in Place 2: Comparative results for 3 different scenarios using

either a dense or sparse goal sequence.

Time (5) Normalized Arrival Heading
Path Length (%) Error (rad)
Proposed | A*+DWA | Proposed | A*+DWA | Proposed | A*+DWA

1 41.43 44.93 1.42 1.00 0.08 0.51

Dense | 2 73.44 43.94 1.33 1.03 0.23 0.69
3 53.02 45.68 1.68 1.18 0.88 0.91
Average 55.96 44.85 1.47 1.07 0.40 0.70
1 44.52 55.61 1.43 1.00 0.24 0.62

Sparse | 2 45.18 46.59 1.66 1.28 0.93 0.45
3 50.30 72.65 1.67 1.16 0.16 0.71
Average 46.66 58.28 1.58 1.14 0.44 0.59

to oscillate frequently in regions close to the obstacles. The numerical results can be
seen from Table 2.1. It is observed that with both of the methods, the robot aims
for the target heading. With the proposed method, the goal headings are attained
simultaneously with the goal location. With the A*+DWA method, the robot tends
to reach the target location with a small goal heading error which it then corrects by
rotating. It is observed that achieving the goal heading comes with an increased total

path length.

Figure 2.5. Navigation in Place 2: Left: Three scenarios (red, green, orange) with
dense sequences. Right: Three scenarios (red, green, orange) with sparse sequences.

Sample appearances from sample goal locations are also shown.

In Place 2, the experiments are repeated in a similar manner. The first scenario is
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shown by the red path in Figure 2.5. It consists of 4 goal locations with a corresponding
heading. The robot encounters a simple obstacle (red circle along the way as seen in
Figure 2.7(a). The resulting paths are also seen in these figures. The second scenario as
shown by the green path in Figure 2.5 consists 5 goal locations. In this case, the robot
encounters two simple obstacles as seen in Figure 2.7(b). The resulting navigation
behaviors are also shown in these figures. The third scenario is shown by the orange
path in Figure 2.5. The given sequence consists of 5 goal locations. In this case,
the robot encouters a V-shaped obstacle. As this is not a convex shape, there is a
possibility of robot getting trapped. In all, the robot is observed to reach the target

location without colliding any obstacles.

A close examination indicates that the robot navigates along the sequence of goal
poses in a manner similar to the previous set of experiments. Again, when it uses a
dense map, the robot reaches the target location without colliding any of obstacles in
the environment. On the other hand, especially for the second and third scenarios, with
the A*+DWA approach, the robot’s trajectory tends to have oscillations in regions close
to the obstacles. The proposed approach is also observed to have some difficulty in the
second and third scenario. However, this behavior can be attributed to the partially
observable nature of the environment so that whenever the robot obtains some new

information from the environment, it can change its path if it finds a better route.
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Figure 2.6. Resulting paths in Place 1: Initially, the robot is at (0,0) with heading 0

radian. The resulting path (in blue), a set of the goal points (blue circles), new

obstacles (red circles), goal location and heading (green arrow) are as seen.
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Figure 2.7. Resulting paths in Place 2: Initially, the robot is at (0,0) with heading 0

radian. The resulting path (in blue), a set of goal locations (blue circles), new

obstacles (red circles), goal location and heading (green arrow) are as seen.
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3. EXPLORATION

In this chapter, the exploration of an unknown place is explained. By a place,
we refer to a specific spatial unit or area that encapsulates observations within one’s

sensory horizon - similar to human’s concept [3] or a region [4].

The outline of the chapter is as follows: First, related literature is discussed. Next,
an overview of the proposed approach is presented in Section 3.3. Tracking obstructed
views is explained in Section 3.4. Local decision-making is presented in Section 3.5.
This is followed by global decision-making in Section 3.6. Experimental results from
outdoor settings demonstrate that the robot is able discover the canonical appearances
efficiently - including a comparative study with a previous method in Section 3.7. The

paper concludes with a brief summary and future directions.

3.1. Related Literature

Extensive work has been done in mapping. Firstly, the map building can be
done with a metric approach [24]. Topological maps are preferred for their superior
efficiency in the representation of the environment with respect to the metric ones.
Topological maps consist of canonical appearances which aims at encoding as sufficient
and necessary information about a specific place. Appearances are chosen as the main
mapping element as they are free from some adverse effects such as drift as in the case

of odometry based mapping.

There are two main issues about the collection of canonical appearances: the
exploration direction and frequency of which the appearances are taken. In most
applications, the exploration trajectory is chosen by the human operator [2,25-27].
An alternative is autonomously selected directions such as random walk [28], greedy

mapping [29-31], frontier-based approaches [32-37] or topological approaches [12].
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Figure 3.1. Exploration: General Approach.

In all these methods, the appearances are not collected efficiently such as pre-
determined constant step-size. This can be solved via post-processing as in [38, 39)].
The node density obviously affects the knowledge available for localization. When
the spatial density of the nodes is very dense, the quality of localization becomes
higher [40-44], but it also increases required computational resources due to cost of
matching processes. Therefore, it is more desirable to have a sufficiently sparse map

representation from a computation oriented point of view.

3.2. Exploration: General Approach

In the proposed approach, the exploration is performed by autonomously choosing
vantage points of the current place represented by a topological map. The strategy
consists of concurrent local and global decision making as in work [12]. Differing
from that the proposed approach also considers the compactness and coverage of the
resulting representation. Rather than post-processing of densely sampled information,
the appearances are chosen simultaneously using a number of criteria-namely: visibility,
blockedness, exploredness and appearance similarity. The process continues until the
current place is completely covered. In that way, the robot also avoid from unnecessarily

traveling in a place which is already covered.

The possible exploration directions are determined at the local decision-making,
stage. In the global decision-making, stage, the robot determines whether the move-

ment should continue in this direction, the robot enters a new place and the current
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appearance should be added to the topological map as a new node. This procedure is
in way similar to [45], but uses only the so far constructed topological map Gy in its
reasoning. This cycle is repeated until the current place is completely covered which
is determined by existence of obstructed regions. The overall flow and reasoning is

visualized in 3.1.
3.3. Vantage Points & Exploration

Canonical appearances are collected from vantage points which are connected to
each other and have significant contribution to the coverage of the place. The vantage
points and their relative odometry define a topometric map G°(k) = (X*(0), E¥(0), ¢, 0,C)
of the place where £ € K indicates the index of the last node added to the graph.
Each node z € X°k) = {xo,..., 21} corresponds to one different vantage point
r = [ I a }T where ¢ € R? is the planar position and o € S! is the heading.
The map «° specifies the type (internal or transition) of each edge. The map ¢ assigns
a cost to each edge as defined by the set C of intervals as explained in Chapter 5. We
assume that while global odometric data is not available, the robot has access to local
(relative) odometric data within each place. As such, the coordinates of the base point
2 in a place is known only relative to the first base point in the respective place. Thus,

the cost between two nodes is computed based on the relative distance between them.

Vantage points are determined by autonomous exploration. In each newly de-
tected place, the exploration strategy consists of a continuous cycle of local and global
decision-making - similar to previous work [12]. Potential movement directions are de-
termined during local decision-making while the robot actually moves along one of these
directions during global decision-making. Differing from previous work, the robot aims
for a compact, yet comprehensive set of canonical appearances. This requires the robot
to be selective in choosing the respective vantage points while ensuring that the place
is completely covered. Both are achieved through incorporating continuous checking
for place coverage and place change into overall reasoning as seen in the Figure 3.1.
As such, the mission is terminated if and only if there is no obstructed region left and

the robot back-traces in case of it detects transition to a new place. Let us consider a
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sample scenario as shown in Figure 5.2. The robot start exploring the unknown envi-
ronment. It continues with the exploration considering visibility. If it detects transition
to a new place, it stops and returns to the previous place as shown in Figure 3.2(b).

The exploration ends when the place is fully covered as seen in Figure 3.2(c).

At each vantage point xj, the robot looks around and collects appearance data
including three-dimensional laser data. Each viewing direction f € F is defined as
f = 1fi1 fo]" where f; is the pan angle, f, is the tilt angle and F C S? is the space
of viewing directions. The appearance data is then internally represented by a set of
bubble surfaces. Bubble surfaces encode different visual features in bubble space in
a manner that is implicitly dependent on robot pose while preserving the local S?—
geometry of the sensory data [1]. The bubble space B = R? x S x F is an abstract
representation of the robot’s base along with its viewing directions. Each point b € B
is defined as b = [z, f]T The bubble surface is a robot-centric hypothetical spherical
surface B;(xg,t)) defined as:

Blag, t) = d IVfeF andb=| " (3.1)

pz(bv t) f

Each bubble surface is initialized to be a S? sphere with radius py € R2% — namely
pi(b,0) = pg. The map p; : B x R2® — R=2° is a Riemannian metric encoding the
response to the 7" sensory feature. As the robot looks around, for each viewing di-
rection f € F, an observation ¢;(b,t) is made, each bubble surface is deformed at the
corresponding bubble point b as p;(b,t1) = p;(b,t7) + ¢;(b, t) where the superscript ¢*
denotes time just after ¢. For example, the bubble surface B;(xy,t) encodes the depth

readings as obtained from the two-dimensional laser sensor.
3.4. Unexplored Viewing Directions
In each place, the robot keeps track of the unexplored viewing directions U, in its

memory. Viewing behind them is integral to ensure place coverage. At each canonical

base point xy, it evolves the set U, iteratively as follows: U, = (Z/l,f_l U0, U (O)zo) —
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(a) (b) (©)

Figure 3.2. The robot discovers the canonical appearances in a place. (a) Exploration
starts from the current location; (b) Detection of a new place and turning back as the

place is not fully covered; (¢) The current place is now completely covered.

Ule VF. Upon entering a place, Uy = ). Unexplored viewing directions from the
previous vantage point xj_; are transformed to the current vantage point as L[lffl

based on the relative odometric data.

The set Oy, encodes the obstructed viewing directions as observed from the current
base point z,. These directions are computed from the ground slant rectified bubble
surface Bj(zy) as explained in Appendix C. Ground slant rectification of the raw
laser reading is required - since otherwise being on a slanted ground may deceive the
robot in regards to obstacles and open passages [46]. Obstructed viewing directions
are determined considering viewing directions with depth discontinuities on the bubble

surface Bj(xy) along fo = 0. Thus, the set Oy is defined as:

- n Lk
Or = § Okm | p(bpp) 7 P(On)s Ok = (3.2)

fm

Here, for a given bubble space point by, the variables b, ~and b} are defined as

bubble space points with slightly perturbed pan angles as:

T T
bl;m = fml - 5f1 and blj:_m = fml + 5.f1 (33)
me fmZ
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Figure 3.3. Obstructed viewing directions and visibility. Laser bubble surface (black),
obstructed viewing directions (blue dots), obstructed centers (red dots), candidate

movement directions (green lines) are shown.

The perturbation amount Jf; € S! is small and is defined to be positive in the coun-
terclockwise direction. Note that adjacent bubble space points bg,, and by(m41) will
correspond to the two sides of an obstructed viewing direction depending on the rel-
ative proximity with respect to their neighborhood. Finally, this set is added only if
the robot is in the place being explored.

The set OF° encodes the open viewing directions. They are determined by the
bubble space points having with maximum depth readings - considering the sensor’s
technical specifications. Each connected set that is wider than 7, is divided into smaller
segments. FEach segment is represented by the start and end bubble space point. As-

suming that there are altogether NN, such segments, the set OQ}° is defined as:
O = {bwt, beas1) | p(bt) = p(bigie1) = po + Tmaw and | frn — fupn| < 7} (3.4)
Here, the parameter 7,,,, is maximum depth range which can be observed by the robot.

The robot also keeps track of all obstructed views that it later views. The corre-

sponding areas are considered to be explored. Let V, C Oy be the corresponding set.
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The robot evolves it also iteratively:
Ve = V,lj_l U Sk where Sy = {bxm € Ok | v(Cxm; x) = 1} (3.5)

with initialization Vy = @. The set S;, C Oy contains the obstructed views that can
now be viewed from base point x;. The robot constructs this set by considering the

visibility of each obstructed viewing direction.

Visibility is determined by checking whether the center of each obstructed viewing
direction is now or not from the current base point z,. The center of each viewing

direction is defined as:

p(bf) oo, | COS(k + fm)
Com = 1, + ? sin(ag + fon) (3.6)
0

The visibility function v : R? x X — {0, 1} is defined by comparing the proximity of a

location ¢ from a base point x; with the respective laser reading:

Tk
1 pi(b) > |c—ck|st. b=| 0 -«
REPAES o (3.7)

\ 0 otherwise

Here, 6 is the direction from ¢ to c. A location ¢ is deemed to be visible from base
point z if the depth reading along the pan viewing direction € — a4, is greater than
the distance of location c¢. For example, in Figure 3.3, the robot would determine all

locations in the shaded region to be visible.
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3.5. Local Decisions

The goal of local decision-making is to determine the potential movement di-
rections. This is achieved by finding viewing directions that enable the robot to see
more as determined by their associated utility values. Such viewing directions are then
taken as potential movement directions. As such, the robot adds them as edges to the
current node x € X;. Each added edge is initially connected to only one node. The
robot finds the movement directions through two stages. First, candidate movement

directions are determined. Next, the utility of these directions are computed.

3.5.1. Movement Directions

The robot determines the candidate movement directions by considering the un-
explored viewing directions Uy. Recall that these correspond to either obstructed or
open viewing directions. In the former, the robot has to explore behind them while
in the latter, the robot has to move towards them. Thus, for each by,, € U, where
p(bi,) 7 p(bf,), all viewing directions fi € [fom1 + €—, fm1 + €4] when p(by,) < p(bf,,)
and fi € [fm1 — €4, fm1 — €] when p(b, ) > p(b} ) are candidate movement direc-
tions. The boundary parameters e_,+e, > 0 ensure that the robot will not collide
with an obstruction. Note that e, < oL otherwise the robot tends to move away from

the obstructed viewing direction.

All candidate directions are then checked whether they lead to previously explored
areas. Exploredness is decided based on two considerations. First, all viewing direc-
tions with depth p;(b) closer than a threshold distance py + T are considered to
be explored. Second, the robot calculates a series of locations that would be reached
if it moved by multiples of a pre-determined step size 7, > 0 in the candidate di-

rection and then computes the overlap Y(b) of to-be-reached locations with the pre-

coS
viously explored locations Xj_1: T (b) = %minxfe Xy |Ck + 1T h — | where
sin fi
CI
x = and n € {1,2,..., ™|} The robot decides on this without actually
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moving. The parameter 74 is set a priori and depends on the sensor, robot speed and
environment details. The scaling factor 1/n ensures that the check area gets larger as
the to-be-reached location gets more distant. Thus, moving towards previously visited
areas is avoided more strictly. The overlap is checked against a threshold 7, as to
determine any movement direction that leads the robot to the vicinity of a previously

visited location.

The resulting knowledge is then represented by a binarized bubble surface B'(zy).

B'(a) = d IVfeFst b=| " (3.8)

r(b) f

The function k : B — {0, 1} sets all viewing directions towards obstructed or open
viewing directions to 1 - as long as they have not been so-far explored: It is required to
7, < Ts since otherwise x(b) = 0 which implies no feasible direction. Choosing smaller
values for either results in increased computation and smaller 74 — 7, difference results

in a denser map.

Next, the number of potential movement directions is reduced to a much smaller
set by performing connected component analysis on the binarized bubble surface B’(x)
- while checking whether the selected directions allow robot’s passage. Let A, =
{Ak1, ..., Aka} be the set of resulting connected components. Each connected com-
ponent Ay; C F corresponds to one potential search direction u(Ay;) where the map
u: Ay — S is defined as u(Ay) = @ > bea,, J1- When the horizontal extent of a
component Ayg; is too narrow, the search direction needs to be ignored as it won’t allow
passage. Otherwise, it is too wide so that the robot will not be able to cover the corre-
sponding territory sufficiently. This is avoided by dividing the cluster into sub-clusters
with narrower extents. Both are determined by computing the pan extension v(Ay;)
of each component along the horizon as v(Ay;) = |{b € Ak | fo = 0}| and comparing it
with two thresholds 7; and 7, where 7; is the allowable minimum extent and 7, is the

allowable maximum extent size.
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3.5.2. Utility Computation

The second step is to compute the utility {(A) of each potential direction A € Ay.
The utility value determines the relative priority of each movement direction. The
robot adds an unexplored edge e, for each potential direction and labels it with the

movement direction u(A) and its utility value £(A).

The function £ : A, — R encodes expected coverage. Expected coverage is based
on robot estimating the accessibility of the unexplored regions and how much it expects
to see of the unexplored regions Uy, - if it moves by multiples of a minimum step size

T, in the direction u(A).

A = D tulbm) (3.9)

bm€S(A,x)

where

Ts cos(ag + u(A))
S(A,x) =S by |v(E2") =1st. 2’ =24+ | 7,sin(oy + u(A)) (3.10)
u(4)

Here, we should note that 2’ is a hypothetical base point and the bubble surface
B(2',t) is constructed by geometrically transforming B(xy,t) by an amount of dz =

cts cos(ag + u(A)) Tssin(ag +u(A)) u(A) T. This transformation is not exact
and done in an optimistic manner, such that, all depth readings of the points in the
transformed surface B(2',t) are initialized with 7,,4,. Then, the surface is deformed

by utilizing the knowledge coming from each bubble point b € B(xy,t). The final p;(b)

value is the minimum one in case of multiple correspondences.

The accessibility of an unexplored viewing direction b,, € U}, is computed based
on its extent 1 (b,,) - after ensuring that it allows the robot to pass through. Any
discontinuity with an extent that is greater than robot’s physical extent is a potential

passage to possibly unexplored regions in the place. This is checked by comparing
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the extent with the robot’s width as approximated by 2p,. Thus the extent 1y (b,,) is
defined as:

(b)) — () iE (b)) — pu(bi,)[> 2pn
wk(bm) - |pl(bm) - pl(b(m+1)| if p(bm) = Tmaz (311)

0 0.W.

3.6. Global Decisions - Moving in a Place

In the global decision-making mode, the robot decides where to move from its
current node and starts doing so. In any point if U}, = (), which is called as full coverage,
the exploration mission is terminated. If there are no unexplored movement directions,
it goes back to to previous base point x;_;. Otherwise, it chooses the direction u(A*)
having maximal utility among the unexplored search directions that is associated with
its current node: A* € argmaz ac4,&(A) It starts to move in the direction u(A*) and
continues to do so until it reaches a new vantage point. It employs a variety of criteria
for deciding whether its current base point z(t) is a vantage point or not. The first is
visual connectivity - namely if visual connectivity is lost. This occurs if v(c(t); zx) = 0.
The second is blockedness. As such, further movement along u(A*) is not possible.
The third criteria is whether there is any expected coverage from x(¢) or not - namely
if £(u(A*)) = 0. In all the three cases, the next vantage point is set as xy41 = x(t). The
addition of a new canonical appearance is finalized by two additional checks. The first
involves checking whether the associated appearance is sufficiently distinct from any
of the previously determined canonical appearances through comparing their pairwise
distances against a minimum similarity threshold 7;. The second checks whether z(t)
is indeed in the same place. This can be done automatically achieved through place
detection [2]. If the robot determines the detection of another place, it simply returns
back to x;. Otherwise, if both checks are passed, a new canonical appearance is added.
As such, vantage points failing to meet the two checks may not be associated with a

canonical appearance. The robot then cycles back to the local decision-making mode.
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3.7. Experimental Results

In this section, we report results using the outdoors Canadian Planetary data
set [47]. A robot with p, = 0.5m is to discover the canonical views in an unknown
7200 m? place. Its laser has maximum range T,,., = 30 meters. As spatial sampling
is not uniform or dense, spatial interpolation is applied in order to increase spatial
density of the data. During the ground slant rectification, only regions higher than
0.3 m in both lateral directions and with slopes greater than 45° are considered as
obstructions. As such, the robot is assumed to climb over obstructions lower than 0.3
m or having a slope less then 45°. The parameters are set as: 75 = 45° m, 7, = 2
m, 7, = 1.9 m and e = 0, ¢; = 7/2. By having close 7, and 7,, a smaller number
of vantage points is expected. Movement directions on the binarized bubble surface
are determined considering 7; = 5° and 7, = 45°. Appearances are represented in
bubble space using N; = 100-dimensional bubble descriptors with 10 harmonics [1].
The appearance similarity parameter is set as 7; = 1e12, but due to the discrete nature

of the data, appearance similarity turns out to be low.

Table 3.1. Path statistics of previous approach.

Starting Point | # Canonical Path Covered area Covered area

c1(0) | ¢2(0) | Appearances | Length (m) | with overlap (%) | without overlap (%)

-17.4 10.5 19 720 313.21 95.17

-19.2 | -70.4 19 720 333.60 95.87

13.4 | -934 19 720 310.27 94.86

-384 | 11.0 17 640 287.63 94.50
Average 18.5 700 311.18 95.10

Comparative performance metrics for varied starting points are given in Table 3.1
and Table 3.2. For comparison, we consider previous work [12] in which the same data
set was used. Performance is evaluated based on the number of canonical appearances,
path length, total area covered with and without overlap. It is observed that the path

length is 624 meters on average which is 76 meters (12%) less than that of the reference
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Table 3.2. Path statistics of proposed approach.

Starting Point | # Canonical Path Covered area Covered area

c1(0) | ¢2(0) | Appearances | Length (m) | with overlap (%) | without overlap (%)

-174 | 10.5 17 656 274.64 96.92

-19.2 | -70.4 15 536 261.69 93.19

13.4 | -934 16 644 275.88 94.56

-384 | 11.0 18 660 274.26 93.57
Average 16.5 624 271.62 94.55

approach. This is partly due to the fact with the proposed approach, exploration is
finished in case of sufficient coverage. The number of canonical appearances is reduced
by 2 on average. Area coverage with overlap is calculated as the arithmetic sum of
disks (each corresponding to the respective field of view) obtained from the laser bubble
surface. Here, instead of using a single tilt angle, the slant rectified disks are used as
described in Appendix. As such, inconsistencies due to readings in slanted regions do
not affect the results. As a lower overlap indicates compactness, it is required to be
as close to 100% as possible. In the area coverage without overlap, the intersecting
regions are removed. It is observed that while in both cases, about 95% of the total
area is covered, there is 18% improvement in the average overlap with the proposed

approach.

Sample results for one starting point are given in Figure 3.4. It is observed that
the robot is able to determine exploration directions around the obstructed regions
for scenarios similar to ones shown in Figure 3.3. This is in contrast to previous
approach that is observed to have difficulties in finding new exploration directions.
The overlaps of the appearances are shown in Figure 3.4 where lighter color indicates
higher overlap. The resulting topological maps are better in mapping the environment.
This is attributed to the visibility criteria as it enables the robot to adapt the node
(appearance) density as needed. For example, nodes 2 and 3 in the topological map of

the proposed approach are relatively closer to each other - possibly due to the small
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hill between them. The higher density of vantage points and thus appearances in that
region will provide more detailed information to the robot as it tries to navigate or
localize itself around that region. In parallel, with open environments, the number of

canonical appearances is expected to decrease accordingly.
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Figure 3.4. Total path lengths for previous (Top) and proposed approach (bottom)
are 720 and 656 meters respectively. The covered regions where lighter color indicates

increased overlap (middle) the resulting topological maps (right) are shown.



34

4. LOCALIZATION

The constructed maps can be used as a guide for a robot to localize itself. In this
chapter, localization using topological maps is considered - since The organization of
this chapter is as follows: Related literature is summarized in Section 4.1. Appearance-
based localization is explained in Section [5]. Next, laser based pose refinement method
is formulated in Section 4.3. In Section 4.4, the fusion of all estimations with odometry

and IMU sensors is explained. The chapter concludes with experimental results.

4.1. Related Literature

In case of metric maps, where very dense information about the environment is
available, probabilistic [24] or Iterative Closest Point (ICP) based [6] approaches can
be used in order to estimate the position and heading of the robot. In topological
mapping feature matching between the current and learned information can be used

for localization [5,48].

Hierarchical structures may further improve localization process via a kind of
place recognition stage which starts from the top level of hierarchy and goes to the
bottom until reaches a sufficiently detailed estimation [49] [50] [2] [51]. Hierarchical
structures can be obtained via various graph clustering approaches [52]. When the
cluster size is not explicitly given, fast agglomerative methods such as [53] can be used.
This approach also allows the map structure evolves iteratively and thus it is very
convenient for dynamically changing large-scale environments. On the other hand,
using this type of clustering in real environment is not straight-forward and requires

some additional processing to apply realistic graph structures.

After localizing itself on a conveniently constructed structure, the robot can use
its pose information to navigate to a target location given in the map. Hierarchical
structures are also useful for the path planning process [9] [54]. Instead of working with

very high number of nodes on topological maps, hierarchical approaches systematically
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reduces the search space and improves both time and space complexity of shortest-path
calculation [55]. In this study we propose an iterative approach for hierarchical map
building and an efficient recursive path planning method which enables a mobile robot

navigates through resulting large-scale maps in real time.
4.2. Camera Sensor Based Estimation
4.2.1. Position Estimation

This part is mostly based on the method given in [5]. There are two major
differences. The first is when there is some perceptual similarity between two distant
nodes in the same place, the interpolation might lead erroneous results due to averaging
effect. To overcome this issue a local interpolation approach is proposed. The second
one is heading estimation which is based on Discrete Fourier Coefficients (DFC) of the

image data taken at this specific point.

The location estimation is done by interpolating around the node with one of
closest invariant distance to the current location. The candidate reference nodes are
determined by normalized distance to the closest one. Let xp, = [ ka e ]T k=
1,...,N be a base point in the place p having N nodes, given that c,, € R? is the
location and «,; € S' is the heading of the robot at base point z,;. Also consider
each base point is encoded with an descriptor Iz,;. Finally, if I(z(t)) is the descriptor
constructed at the time instant ¢, we first find the most similar node k* = ming|I () —

I(x(t))|. Then we obtain the set of candidates as the following:

Ql = {Vl S.t. ‘[<~Tpk*> — [(.T<t))| < T[} (41)

Then the most consistent interpolation will be used in order to estimate the current

location. First we determine interpolation radius:

T4 = max (min|cl- — cj|) (4.2)
i j#



For each candidate, nodes in radius 7, are selected:

Qe — {Vj s.t. e —¢j|< Td}

An estimation is performed for each local interpolation:

2 jeald Wici

Zjefzgi) wj

o —

The estimation with minimum cost is selected:

wi(e; — &N (e; — &)
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(4.3)

(4.4)

(4.5)

(4.6)

The pseudo-code of camera based pose estimation is given in three parts as Fig-

ures F.1-F.3.

4.2.2. Heading Estimation

In the heading estimation part the Discrete Fourier Coefficients (DFC) of the

current image and closest node are calculated as the following [1]

a(m, ) Pl ) cos(22E) cos
) | 33| (i ) sin(2E) cos(
ctmm) |~ 25 25 | i con(2) i
| d(m,n) | | p(i, 5) sin (2% ) sin (

(4.7)
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Assume there is a da heading difference from the reference point. Then the new

coeflicients will become:

a'(m,n) p(i, j) cos(m(Z + dar)) cos(ZLT)
Y (m,n) _ % i p(i, 7) sin(m(53 + o)) cos(Z4r) (4.8)
d(m,n) i=0 5= | pli, J) cos(m(1g5 + dav)) sin(%gy)
| @(m,n)  p(i, ) sin(m( 2 + 8a)) sin(222)
using trigonometric expansions we have the following:
_a’(m, n)_ _Cos(méa)a(m, n) — sin(mda)b(m, n)_
'(m,n)|  [sin(méa)a(m,n) + cos(mda)b(m,n) (4.9)
d(m,n) cos(moa)c(m, n) — sin(mda)d(m, n) .
d'(m,n) sin(mda)c(m, n) + cos(moa)d(m, n)
We can solve for da from this equation:
, a(m,n)b'(m,n) —a’'(m,n)b(m,n)
= 4.1
sin(maa) a(m,n)? + b(m,n)? (4.10)
_a(m,n)a’(m,n) + b(m,n)b'(m,n)
cos(mda)) = a(m. )+ b(m. )2 (4.11)
Ser — atan2(sin(moa), cos(moa)) (4.12)

m

Averaging for multiple harmonics (m,n) one can obtain a more precise heading esti-

mation. The pseudo-code for camera based heading estimation is given in Figure F.4.

4.3. Laser Sensor Based Estimation

~

T
Another sensory source for localization is laser readings. Let T = [ A }

denotes the corrected base point, o;(x(t)) € R? is the j™ obstacle constructed as in
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Section 2.4 with O(x(t)) is the set of all 0;(x(t)). Here, we propose a method in which
the robot uses the obstacles as approximated by the disks and computes z via a pair of
coupled optimization problems. The problems are solved in an iterative manner. The

iterations stop when a certain convergence criteria is satisfied.

The heading correction is based on comparing the current obstacles O(z(t)) with
those associated with a reference O(z,+). The estimated position 6;(x+) of 0;(z(t))

with respect to the base point z,;+ is defined by
0;(Tpr+) = Ra(t)_apk*oj (x(t)) + c(t) — cppr (4.13)

The corrected heading & is determined via maximizing the number of matching disks.

The associated optimization problem is defined as:

& € arg ma?(\{oj € O(z(t)) | Foi € O(zpi+) s.t. [|Ro0;(2pir) — 0i(@pr)
oe(—m,m

| < Tee}]

(4.14)

Here, 7. € R" is a matching threshold. Its value is set depending on the uncer-
tainly in the sensory input. In case of multiple maxima the mean value of the widest
plateau or the value closest to current heading is chosen with a priority in the given

order.

The search can be done in various more efficient ways, but, not to loose generality
of the approach, here we follow a brute force search in the whole angle interval using a
step size Aa = 0.03 rad which is a sufficiently feasible value both in terms of precision
and computational time for our experimental setup. The matching part is given in

Figure F.6 and the pseudo-code related to heading estimation is detailed in Figure F.7.

The location correction is done considering the disks that prevail from pk* to t.
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Let O*(x(t) denote this set as:
O%(z(t)) ={o0; € O(z(t)) | Jo; € O(zpi+) s.t. ||0j(@p=) — 0i]] < 7} (4.15)

and we can also define the transformed form of this set as:

A~

O (2pk-) = {05(wpie) | 0j(2(t)) € O°(x(t))} (4.16)

N

and 7 : O%(zpp+) = O(zp5+) denotes the map that designates the matching disks which

can be formally define as:

m(0;) = ar(g mi? l0; — 0i(Tpr=) || (4.17)
0; xpk*

Note that the respective obstacles can be viewed as being stationary obstacles. The

pseudo-code related to determination of static obstacles is given in Figure F.5.

The optimization problem is defined as:

dc¢* = arg min E llo; + ¢ — m(0))|)? (4.18)
oc N
Ojeos(xpk*)

where ¢ = ¢ + dc*. The solution is solved by:

Ds. Z |oj + dc — 7r(0j)H2 =0 (4.19)

0;€0% (v

where Dy, is the gradient operator with respect to dc. Thus:

de= Y (o)) —0y) (4.20)

0; E@S(xpk*)

The coupled optimization problems are solved iteratively until dc is less than a con-

vergence threshold of 7, or a maximum iteration of N,,.,. After the last iteration the
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final estimation is given as:

co + oc’

=
Il

(4.21)

o

The wrapper for laser based pose correction is given in Figure F.8. Here, some
type of optimization such as ordered sets are used. A further improvement might be
the usage of k-tree data structures in order to find closest obstacles in a much efficient

way.

4.4. Sensor Fusion

Sensor fusion is simple combines the odometry for location and IMU information
for heading with previously estimated ¢ and &. The basic steps for discrete version of

extended kalman filtering is as the following.First we update z,, using odometry and

IMU reading:

Vg1 cos(ag_1)At
.T]; = Tp_1+ V-1 Sin(Oékfl)At (422)
wk,lAt

Here, we need ()}_, the covariance estimate of odometry and IMU sensors and its
value determined experimentally. State transition matrix Fj is also needed it can
be calculated by taken the partial derivatives of state transition function D(xy,us)
with respect to the state variables. In our case the state variables are simply the
components of the recent base point x;. Our transition function can be approximated

from Equation 4.22:

e ! o0
— __ _ |oD oD oD _
Fe=2-= % 5 %= 0 1 0 (4.23)

oD oD [22D) ;
(9013 8623 8—043 v Sln(ak_l)At UCOS(ak_l)At 1
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Then we update predicted covariance estimate and calculate the kalman gain by

using covariance matrices:

Y, = RS FE+ QY (4.24)

K= (3, + QS + Q)" (4.25)

And finally we calculate the fused estimation by using Kalman gain:

The final step is estimation covariance for the next iteration:

S = (I — K)S; (4.27)

4.5. Experimental Results

The experiments are conducted by using Kobuki Turtlebot base, V360 omni di-
rectional camera and two URG-04LX laser scanners, in the following order: First, the
performance of camera based localization is tested. Then, the laser matching approach
is validated using real world data and compared with an open-source library given

in [56]. Finally the sensor fusion approach is tested.

4.5.1. Camera Based Estimation

The dataset is constructed via images taken with 0.2 m spatial density. The tests
are performed images taken close, but different locations. For the heading estimation,
results for harmonics m=3 and n=2,..,10 are combined. The detailed results can be

seen from Figure 4.1.
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Figure 4.1. Visual data based estimation results: (a) location estimation for complete

interpolation; (b) heading estimation for complete interpolation; (c) location

estimation for local interpolation; (d) heading estimation for local interpolation.

The average position estimation error for complete interpolation is 0.0854 m,

whereas its decreased to 0.0342 m for the local. This significant decrease is due to re-

moval of averaging effect can be observed from second sharp turn of the robot. Heading

error on the other hand is not affected in this extend. However, we should note that

when the spatial density of sampling decreased, the heading estimation performance

will also be lower as the mismatches with the closest reference will become farther

away.
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(d) e(ty) = [1.5, 1.5)" (e) c(ts) = [2.0, 2.0]" (f) c(te) = [2.5, 2.5]"

Figure 4.2. The evolution of obstacles as approximated by a set of covering disks

from six consecutive locations. Stationary disks (black) prevail while the rest are

either appearing newly (green) or disappearing (red).

4.5.2. Laser Based Estimation

First, we consider the approximation of obstacles based on the laser data from
consecutive six base points along a path of 3.54m are shown in Figure 4.2. The related
obstacle knowledge is given in Table 4.1. Here, at the first base point, the robot
approximates the obstacles with 93 disks shown in green. In the next base point
[0.5, O.5]T, most disks remain as observed. However, the robot also determines some
new disks as seen in the top left corner of Figure 4.2. In the next two base points, 8
disks have disappeared while there are 4 new disks. This is because the visible part
and thus the overall shape of the related obstacle is changed. On the other hand, along
this path, more than 83% of the disks turn out to be stationary between consecutive

frames.

Next, we test the base point correction performance - considering an unstructured
dynamic environment. The parameters are set as 7, = 0.8, Aa = 0.03, N,,4, = 50 and

T. = 0.01. The 7, parameter can be increased if the uncertainty of the environment



Table 4.1. Obstacle knowledge from 6 consecutive locations.
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Figure 4.3. The convergence of base point correction algorithm. The actual location

¢ = [1, —1]. The initial estimation is ¢(0) = [0.70, —0.70] and &(0) = —0.3 while the

corrected estimation is ¢ = [0.93,0.93] and & = —0.04.

is harsher and a lower A« value results in a more precise heading estimation with the

cost of proportionally increasing computational time. Finally, decreasing N,,q, and/or

increasing 7, parameters will cause the iterations stop earlier. For example, with a

0.3 m error in the ¢; and ¢y coordinates and 0.3 rad error in the heading direction «,

localization error is reduced around 19 cm down to 11 cm and heading error is reduced

down to 0.05 rad in less than 120 ms of CPU time. The resulting correction is shown

in Figure 4.4.
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Figure 4.4. Comparison of obstacles before and after base point correction is applied
at ¢ = [1,—1]. Black denotes reference obstacles, green is for static and red is for

missing obstacles in the current obstacle map.

The average time for each iteration is around 15 ms and entire process typically
terminates in less than 300 ms. The bottle-neck in the calculation process is the
optimal heading search which consists of a simple brute force search. Using a better
search policy and/or appropriate data structures for matching, these values might be
improved a lot. However, considering 10 Hz scanning rate of laser range finder and

need for multiple readings the unoptimized version is still suitable practical purposes.

Finally, we should also note that there are various much more efficient and precise
Iterative Closest Point (ICP) based pose estimation algorithms two of which are com-
pared in [56]. Here, we propose a method integrated with our obstacle approximation
approach and it can deal with a significant amount of uncertainty in sensory input. A
comparative study is also included as shown in Figure 4.5. For the comparison pur-

poses, the open source point matcher library [56] is used with default parameters and
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point to point error metric. The experiments are repeated in 4 different points with
1 meter seperation from the reference point in both coordinates and various initial
pertubration rates in an unstructured environment. As the pmicp method frequently
failed for initial heading error rates higher than 0.3 rad and our method has diffuculty
to converge wor position errors near the static obstacle 7. = 0.8 m we calculated the
average for 0 to 0.6 meter and 0 to 0.3 radians only. As a result our method outper-
formed the pmicp by 0.23 vs 0.12 in final mean square error (MSE) and 0.116 s vs
0.997 s in average CPU time. The latter improvement is relatively obviously as we
decrease the number of matching items whereas the former is more subtle and possibly
due to an implicit filtering operation during the obstacle estimation process. Also note
that our method was not affected from the initial heading error as a result of global
brute-force approach.

Table 4.2. Base point correction algorithm for ¢ = [1, —1]".

[teration Static

Number ) Y ’ Obstacles
0 0.70 | -0.70 | -0.30 19
1 1.01 | -0.41 | 0.15 41
2 1.03 | -0.46 | 0.15 46
3 0.99 | -0.61 | 0.09 48
4 0.96 | -0.80 | 0.05 67
5 0.91 | -0.96 | -0.02 70
6 0.89 | -1.02 | -0.04 71
7 0.90 | -1.09 | -0.04 72
8 0.92 | -1.11 | -0.04 73
9 0.93 | -1.12 | -0.04 71
10 0.93 | 0.93 | -0.04 71
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Initial Position Error (m) Initial Position Error (m)
Initial Heading Error (rad) Initial Heading Error (rad)

(a) pmicp (b) our method
Figure 4.5. Comparison of two pose correction methods. Average final error and CPU

time for initial error rates of 0-0.6 m and 0-0.3 rad are (a) 0.23 and 0.997; (b) 0.11
and 0.116 respectively. Note also that the method in (b) converges with the same

final error rate mostly irrespective of initial heading error.

4.5.3. Fused Estimation

In this part, the same experimental setup with Section 4.5.1 is used. The co-
variance matrix is used as Q° = 0.113,3, which is the approximate standard deviation
value for combined odometry and IMU sensors. The raw laser scan estimation values

are compared with the fused one. The detailed results can be seen from Figure 4.6.

The average position estimation error for raw laser estimation is 0.0811 m, whereas
its decreased to 0.0272 m for the local. A similar improvement is also observed in the
heading estimation which decreased to 0.0184 from 0.0526 radians. More importantly,
the output is smoothed significantly after the filtering process.
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Figure 4.6. Sensor fusion results: (a) Location estimation for laser scan; (b) Heading
estimation for laser scan; (c) Location estimation after sensor fusion; (d) Heading

estimation after sensor fusion
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5. HIERARCHICAL TOPOLOGICAL MAPS

This chapter considers hierarchical topological maps - namely their building, evo-

lution and usage.

The organization of this chapter is as the following: Related literature is summa-
rized in Section 5.1. The construction of hierarchical maps are explained in Section 5.2.
This is based on the SLINK hierarchy as explained in Section 5.4. The evolution of the
hierarchical map is formulated in Section 5.5. The proposed route search is presented
in Section 5.6. Navigation using the resulting route is done as explained in Section 5.7.
Experimental results obtained from a large scale environment is presented in Section

0.8.

5.1. Related Literature

In topological mapping, scalability is also a crucial issue. While it is much better
compared to metric methods, nevertheless, as the number of known environments in-
crease, so does the accumulated knowledge and the associated topological maps. This
comes with a computational cost which limited processor units on the robots could not
handle in real-time. Thus, a major consideration in building these maps is that they

should enable efficient route planning.

Various approaches have been proposed in order to solve this scalability issue.
For example [57,58] proposes a hybrid method which generates compact SLAM based
maps in the lowest level and a topological map which determines neighborhood rela-
tion between the maps below. Another study given in [59] introduces a multi-level
hierarchical structure which is created in a supervised manner, but it restricted with
four levels. For autonomous operation, the structure of the the hierarchical map H
needs to be constructed automatically. This is a problem of graph partitioning. Thus,
it is important to have a good partion. Typically, the goodness of a partition depends

on:
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e Similarity among the nodes in a cluster
e Number of nodes grouped in a cluster

e Cost balance between internal and external edges of clusters

The parameters of the partitioning affect:

e They should encode real or commonsense knowledge
e Range of possible partitions that can be obtained

e Redundancy of clusters

In order to obtain these kind of structures more efficiently the graph clustering methods
given in [52] might be utilized. However, for the tasks such as exploration the cluster
size is not given explicitly in the beginning. A generic multi-level hierarchy is given [9],
but the reported complexity values for map construction are not feasible for real-time

applicability.

The efficiency of using the resulting hierarchical map has also been considered.
One approach is to use interval based edge costs instead of single value as in most of
the graph [9]. In that way multiple edges can be merged at an upper level accord-
ingly. Another point again in [9] is at an upper level the traversing through nodes
might also have some interval based cost. Considering all these issues, some significant
modifications to the standard path planning are needed in order to use hierarchical
structures in path planning. Here, we propose methods for both map construction and

path planning utilizing these maps.

5.2. Hierarchical Map

The hierarchical topological map H is defined by a set L of levels as follows:

e The set of levels L = {0,,...,L"}. The value [ = 0,...,r is referred to as the
depth of the map H. The level L° is referred as the ground level and the level L"

is the top level.
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Each level L is associated with a height h(L) > 0.

Each level L; of the hierarchy H is denoted by the set L' = (G' s'). Here,
(N, E' 1,0, 0, C") denotes the graph associated with level L; as follows:

N refers to the set of nodes at level L’. Individual nodes are defined by n; € N
E" refers to the set of edges at level L'. Individual edges are defined by e(n;, n;)
- namely an edge from node n; to node n;.

The function ¢ : E* — {0, 1} maps the edge to their types.

C' - The set of interval costs. Here, each interval is a partially ordered set.

o' : E" — C" is the edge cost function - namely ¢ (e(n;, n;)) € C'.

of + N* — (% is the node internal cost function - namely ¢! (n;) € C*. This is
determined using shortest path algorithm applied to all pairs of transition nodes,
determining the least cost paths and then setting up the interval based on the

least and highest resulting costs.
The remaining elements of L are as follows:

The function s* : N7 — A% i < ris a node partition function that maps subsets
of nodes of level Li~! to nodes N of level L. Note that it is not necessarily one-to-

7

one or onto. The node CF

is referred to as the supernode of node n; € N1, The

refining functions (s7)~! : N7 — 2V are inverse functions defined for 0 < i < r-

(s (ny) = {nj e N'71 | s'(ny) = nh} (5.1)

Note that the set S(nj) = (s')'(ns) corresponds to a cell on the partition of
N1 All nodes n; € S%(ny) are referred to as subnodes of node ny,. This set
along with all the associated edges (namely Ve(n;,n;) where n; € S%(ny) or
n; € S'(ny,) ) defines a subgraph of super node nj,. The nodes of this graph are
grouped into two:

(i) Transition (Border) nodes: A node n; € S%(ny) is a transition node iff

Ju(e(n;, nq)) =transition such that ng & S*(ny,).
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(ii) Internal nodes: A node n; € S%(ny) iff 7 t(e(nj, ng)) = transition such that

ng & Si(nh)-

Note that the function s® enables the abstraction of level L’. The composition of
h abstraction functions is defined as follows:
ith o gith=ls 1o si(ny) (5.2)

s"(n;) = s .08

It corresponds to a chain of abstraction to level Li*" starting at level L.

A path P'(ng, n,) specified at level L; is given by sequence of nodes

Pi(ng,ng) = {e(ng,ny), ..., e(ni_a,m1)}

where ng = n,, ni_1 = n, and e(ng, ngq1) € Ei. The set of paths from n, to ng are
denoted by P'(ng,n,). Two paths P(ng,n;) and P(n/,n’) can be concatenated iff

07" 7)

n; = n’;. The resulting path

P(ng,n}) = P(no,n;) + P(n, n}) (5.3)

07°7)

5.3. Relating Topological Maps

The ground (terminal) level contains the topological maps associated with the
places P,,. Let G°(P) = (N°(P), E°(P)) be the topological map associated with place
P € P,. This topological map is obtained either through teleoperation as presented
in [2] or through exploration as presented in Chapter 3. The nodes N°(P) correspond
to selected locations as defined by the respective appearances while the edges E°(P)
represents adjacent nodes. Each time, a new place P is added to the first level, the
respective topological map G°(P) is added to the ground level. Furthermore, the
robot determines whether it is possible to navigate from this place P to any other

place P’ € P, in its vicinity and if so, this is represented by adding a transition edge
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between the respective two nodes of the respective topological maps.

5.4. SLINK Hierarchy

The SLINK hierarchy T, is then used to evolve the hierarchical map H. As such,

e The levels of the hierarchical map are obtained.
e Internal cost of upper level nodes are calculated.

e Transitions among places at different levels of the hierarchy are defined.

The structure of the hierarchy starting with the first level is obtained using the
SLINK method [53]. This is an agglomerative clustering method. We prefer to use this
method since it is also incremental. The similarity measure is based on geometrical
proximity and connectivity. As such, partitioning of all the nodes is based on minimum

distances. That makes sense as the resulting hierarchy encodes spatial knowledge.

The hierarchy 7, has a tree structure that is defined by a nested sequence of
partitions of PP, based on their physical proximities. Thus, each node N in the tree
represents a particular cluster of places P(N) C P,. This is encoded by a partitioning
function ¢ : R=Y — E(P,) where FE(P,) denotes the set of equivalence relations on P,,.

The function ( satisfies the following;:

0<h<Hh—((h)CC(h)
C(h+ 6h) = C(h) ¥6h ~ 0
I st. P, € C(H)

The first constraint states that as h gets progressively larger, so do the clusters in size.
Furthermore, we need to consider a finite number of h values - as specified by the
second constraint. Finally, the last constraint ensures that the top level corresponds

to a single cluster P(N) = P,,.



o4

Given a particular h € RZ°, consider all subtrees whose edges link pairs of places
from the P(N) and P(/N’) having a distance of at most h as measured by a distance
function d : P, x P, — R=Y. Then ((h) is the equivalence relation corresponding to

the partition of P,, defined by the connected components of this graph.

Given two places P, P’ € B, let G°(P) and G°(P’) be the respective topological
maps associated with these places. Then, the distance between d(P,P’) is defined only
if there is at least one transition edge between the nodes of their respective topological

maps - namely:

PP = [P —P'| if IN e NO(P),N' € N°(P') s.t. t(e(N, N’)) = transition

00 otherwise

(5.4)

5.5. Evolving the Hierarchical Map

The hierarchical map H evolves as the robot navigates to different places and
constructs their topological maps. In the first level of the hierarchy, the nodes corre-
spond to distinct places P,, that have been learned so far. Here, each place is defined
by the collection of appearances or locations sharing common perceptual signatures or
physical boundaries [2]. These are obtained using the TSC model [2]. For complete-
ness, a brief summary of the TSC model is presented in Appendix D. Places are added
incrementally to the first level of the hierarchical map H using SLINK algorithm [53].
Suppose a new place P is added. Thus the set of places P, now becomes P, ;. Let

T, 11 be the corresponding SLINK hierarchy.

Each time the SLINK hierarchy is updated, the corresponding levels of the hier-
archical map are determined in a bottom-up manner. Recall that the height h values
can be ordered from 0, ..., h(L"). The first level corresponds to the partition ((0). As
h increases, a new hierarchy level L is assigned if there is significant reduction in the
cardinality of the corresponding partition. This is computed using a function¢ : Z — R

as follows: A level L is at the height h € [h(L*~1), /] in the SLINK hierarchy at which
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S(IZH) = [¢(h)]-

The algorithm used for evolving the hierarchical map is given in Figure F.9.
Here, we initialize the lowest level plain graph consisting of places and apply SLINK
clustering algorithm for each hierarchical level as described in Figure F.9. The addition
of a new level L™ can easily be determined by considering the list 0,...,h(L") and
exploiting the binary nature of SLINK hierarchy. In other words, the cardinality of the

partition ((h) increases or decreased by one when considering adjacent heights.

Next, for each level L, i = 2,...,r, the associated nodes are determined based
on the partitions ((h(L")) in the previous SLINK hierarchy 7;,. This is also done for
the updated hierarchy T),.,;. The resulting nodes are compared and those that are
different are determined based on whether their children nodes have changed or not.
The changed nodes are then updated considering the new hierarchy 7),,;. First, their
internal costs are re-computed. Costs are calculated by using shortest and loop-free
longest paths between children of related nodes in the lower level. Next, edges are
updated. The update can result in both the type or the cost of an edge to change. The
details of the algorithm are given in Figure F.10.

5.6. Hierarchical Path Search

The goal is to use the hierarchy to reduce the computational cost of the search

between two given nodes while being as close to optimality as possible.

There are 4 types of backtracking in refining as seen in Figure 5.1:

e Backtracing between the internal nodes (Figure 5.1(a)).

e Backtracing between a known starting node to the closest node which has a
transition to target node at the upper level (Figure 5.1(b)).

e Backtracing between an arbitrary starting node which has a transition from the
previous upper level node to the closest node which has a transition to target

node at the upper level (Figure 5.1(c)).
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(c) Transition (d) Goal
Figure 5.1. Backtracking at a node may occur through 4 mechanisms.

e Backtracing between an arbitrary starting node which has a transition from the

previous uppler level node to the known goal node (Figure 5.1(d)).
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The algorithm is Recursive Hierarchical Path Search (RHPS) first considers L' -
the highest hierarchical level for the search and finds a path at L. Then it starts to
refine each node in the resulting path until all nodes are extracted. Then the search

recursively repeated for the L1,

The level L' can be found by finding the common ancestor node (a supernode)
of ng and n,. This corresponds to level L. The pseudo code for RHPS is given in
Figure F.14 with an interval cost based shortest path implementation given in Figure
F.13. In this optimistic approach, only the minimum cost is considered during the
calculations which may yield to some loss of optimality in some certain cases. A more
clever implementation might be done by considering both minimum and maximum

values together.

The search starts by refining the first common ancestor node at L"e via applying
Figure F.13 between the ancestors of n, and n, at the level L"~!. This first refinement
does not require any transitions as start and goal nodes have the same parent. The next
refinements, on the other hand, are not necessarily to be between same parents. For
the lower levels, the first node refinement, as the starting node is known, search for the
closest path to an arbitrary node which leads a route to the next parent calculated in
the upper level refinement. The consecutive node refinement starts from the transition
node found in the previous step and search for the closest node for the next parent
known from the path found for the upper level. The level refinement ends with a search
from an arbitrary transition node, from the previous parent, to the known goal not at

this level.

5.7. Navigation With a Topological Map

The robot has a previously learned topological map G = (N, E) where N denotes
the set of nodes and F denotes the set of edges. Let the cardinality of A" be N,. Each
node is associated with depth data. The edges are labeled with relative geometry of

the respective node pairs.
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Figure 5.2. Navigation using a topological map of a 5m x 5 m room . (a) The
topological map of the room; (b) The robot follows a sequence of nodes to the goal

g*; (c) The robot determines the waypoints by imagining the furthest visible location.

The robot should be capable of navigating to any goal location ¢* within the
coverage of the topological map and arrive there with the goal heading o* € S* without
any collisions along the way. The general algorithm is as follows: First, the robot
determines the pair of nodes of the topological map that are closest to its initial and goal
locations respectively. Following, it then determines a topological map path consisting
of a sequence of nodes that leads to the goal position ¢* using graph search algorithm

such as Dijkstra.

Let this path be denoted by P = {g; € RZ}Z-]\LI. Note that in order for the motion
to be graceful, the path dictates that the robot arrives at each node g; with a goal
heading as well [19]:

a; = atan2((gi+1 — i) €2, (gi+1 — i) €1), i < N (5.5)

where e; denote the unit vectors in the local coordinate system. It then navigates from

node g;_1 to the next g; one-by-one until the goal location g* is reached.
5.8. Experimental Results
The experiments are performed by using images and laser scan COLD Freiburg

Indoor Dataset [60]. The plain graph have all the data points as the nodes and assign
an edge between two nodes up 0.2 m as shown in Figure 5.3. The plain graph has 1459
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Figure 5.3. The plain graph structure with 1459 nodes and 21328 edges obtained by

0.2m maximum edge distance.

nodes and 21328 edges. The places are assigned each node manually considering the
place detection results in [2]. Three different criteria ¢; are used for determining a new

level:

(1) «u(d) = [1L']/5]
(i) (i) = [IL']/3]
(i) (i) = /L]

The results are evaluated in terms of processing time of 100 random initial-
destination node pairs and the results are compared with the required computation
time for plain graph search. On average 70% performance increase is observed. The
plain graph search takes 0.16 seconds, whereas all of the other methods complete the
search in 0.05 seconds. The reason of similarity between different hierarchy criteria
might be the high ratio of the number of nodes plain graph level to the place level.
The detailed results can be seen from Figure E.1-E.4
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6. CONCLUSION

Chapter 2 presented a practical sensor-based reactive navigation method. Our
method can be employed even with sparse topological maps and enables the robot
to reach the nodes of the topological map with the desired heading. In this method,
the control inputs are defined by the sequential composition of reactive controllers as
parametrized by waypoints and the associated headings as well as obstacles that have
been so far observed. Differing from related work, the robot computes the waypoints
and the associated headings as it is navigating through continually imagining its motion
and there are no assumptions regarding the geometry of environmental clutter. Our
experimental results conducted in two different places under three scenarios varying in
the number of newly appearing obstacles demonstrate that the robot is able to navigate
successfully among the nodes of a given topological map regardless of its density and
without any collisions along the way. Our ongoing work is focused on using this method

for large-scale navigation.

Chapter 3 is on the discovery of canonical appearances in an unknown place.
These appearances are integral to appearance-based place learning. In the proposed
approach, the robot determines the vantage points for these appearances completely
on its own through deciding how to explore the place. Differing from previous work, it
does not stop until the place is fully covered - considering all accessible areas. A series
of experiments using an outdoor benchmark data set including a comparative study
demonstrate that resulting canonical appearances are both compact and comprehen-

sive. Our ongoing work is focused on using the resulting knowledge in navigation and

mapping.

In the Chapter 4 local interpolation based location estimation and DFC based
heading methods are introduced. The local interpolation is shown to solve the averaging
problem occurs in complete interpolation. Also an sensor fusion based on EKF provided
some fast and smooth estimation results. As a future work a more clever way to detect

and overcome sensory outliers can be considered.
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Finally, in the Chapter 5 a hierarchical mapping approach is introduced. From
the path search results it is shown that how these kind of structures can be useful for
the scalability problem. An extension to the current study might be a method which

adaptively choses new level assignment criteria.
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APPENDIX A: TARGET ORIENTATION BASED A*

It is quite popular to choose grid based mapping representation for local navi-
gation purposes. Ones the map constructed in this form each grid becomes a node
connected with its specified neighbors with some edge cost depending on the distance
between each grid. Then, the local navigation problem can be solved by some well-
known shortest path algorithms such as [61]. It is actually a special case of A* algo-
rithm [62] with heuristic function h(c) = 0. The heuristic functions are used to add
some bias toward goal node and as long as they do not overestimate the real cost to
the goal node, in other words it is admissible [63]. If we assume a uniform physical
environment which does not have any preferable area for the movement of a mobile
robot, then simply the euclidean distance is an admissible heuristic and converges to

the optimal path much faster than standard Dijkstra’s algorithm.

Heuristic functions can also be used for the purpose adding some goal orientation
bias to the path with the APF modification done in Equation 2.4. The formulation

will be as the following:

T cos(Z(cy — ¢))

(A1)

h(c,cy,0y) = |cg — |+ 1— [cos(ag) sin(ag)]

|cg — ¢ sin(Z(c, — ¢))

Here, ¢, and «, are target position and heading respectively. First additive term
is simply the euclidean heuristic. The second term adds an extra cost for the positions
¢ whose unit vector to ¢, is a smaller dot product with the unit vector defining «,. This
bias is controlled by the parameter 7, and the bias increases as the position ¢ becomes

closer to the target c,.
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APPENDIX B: BUBBLE SPACE

Bubble space representation is briefly summarized for completeness. For details,
interested readers are kindly referred to [1]. The bubble space B = X x F is an abstract
representation of the robot’s base along with its viewing directions with X C R? and
F C SO(2). Each point b € B is defined as b = [z f]" where z € X and f € F. In
bubble space, for each feature ¢ in V, the robot is visualized to be surrounded by an

hypothetical spherical surface B;(xy,t)) - referred to as bubble surface:

Bi(zg, t) = d |VfeF and b= [z f]" (B.1)

pi<b7 t)

where p; : B x RZ% — R=2Y is a Riemannian metric encoding the response to the v
sensory feature. Each bubble surface is initialized to be a S? sphere with radius py €
R=% — namely p;(b,0) = po. As the robot looks around, for each viewing direction f €
F, an observation ¢;(b, t) is made, each bubble surface is deformed at the corresponding

bubble point b as p;(b,t*) = ¢;(b, t) where the superscript ¢* denotes time just after .

As the robot’s sensor moves through a sequence of N, viewing directions, it makes
a sequence of sensory observations. Correspondingly, each bubble surface B;(zy,t) is
deformed exactly at the corresponding N, points. The interested reader is referred

to [1] for details. As such, each node is associated with a set of bubble surfaces.
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APPENDIX C: GROUND SLANT RECTIFICATION

Consider the raw laser data as obtained from the two-dimensional laser sensor.
As explained, being on a slanted ground may deceive the robot in regards to obstacles
and open passages. For example, in case when the robot is at the base of a sloped
terrain, it will detect an obstacle whereas this is not the case at all. The raw laser
data is processed in order to remove such data and rectify the slanted ground effects.

A well-known technique which can be used to solve this problem is given in [64].

First of all the robot is assumed to know the inclination of its current position.
For each laser reading point, a normal direction is calculated through fitting a plane
using the readings from ny viewing directions that are at least 7. (e.g 0.3 m) distant
from the reading point. This 7. condition ensures that the estimated surface is less
affected by noise. Whenever the angle between the estimated normal and the gravity
direction is larger than 45°, the corresponding point needs to be considered an obstacle
and is thus added to the set Z. In the next step, the bubble surface is constructed by
projecting the obstacles p € Z back to the subset of bubble space corresponding to xy
and fo =0. If p= [ A, A, A, ]T, then the resulting bubble surface is:

fi
By(zy,) = 0 |be B b= [z f]" (C.1)
minp(b') cos(f2)

b eB°

where
_1/A
B "o Ipezp and o) e (€2)
= pE an p) = 2 2 .
1) eos 1 (V)
The cases of single tilt projection (f, = —5°) and ground slant rectified laser are given

in Fig. C.1(b) and Fig. C.1(c) respectively. In the latter the spuriously obstructed

regions due to slope effect are cleared in addition to using the full range of 30 meters
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APPENDIX D: TSC MODEL

The TSC model enables a robot to build its knowledge of places and refer to this
knowledge in a completely autonomous manner. The model works in conjunction with
a place memory that is powered by the operations on the consecutive appearances. No
prior information of environment or localization are required. There are two integral
parts: spatial memory and processing modules. In this section, we briefly summarize
the relevant aspects. Due to space restriction, interested readers are kindly referred

to [2] for details.

Place memory enables the robot to store and retrieve the knowledge of learned
places as indexed by the set P [65]. It is organized hierarchically as defined by a
nested sequence of partitions of the set P. The partition at the top level is the whole
set P. All inner nodes correspond to particular subclusters while each of terminal
nodes corresponds to a distinct place p € P. Such an organization allows the robot
to associate with its learned place knowledge efficiently. Furthermore, the memory
is ensured of having both storage and construction efficiency as well as being order-
invariant. Its structure evolves in an unsupervised and incremental manner and is
viewed as encoding the semantic hierarchy among different places. In particular, places
belonging to each cluster can be viewed as sharing certain common attributes. As there
are no externally provided labels expressed in natural language, human users can make

such associations after analyzing the memory contents.

There are three relevant capabilities: place detection, recognition, and learn-
ing. These get activated when necessary as the robot navigates through a sequence
of locations ¢; € R? and headings a;, € S' k € K where K is the index set. The
appearance from each location ¢, is then internally encoded by a d-dimensional de-
scriptor I(cg) € RY. The goal of place detection is to partition the index set K so that
appearances belonging to each distinct place are grouped together as D C K. The
partitioning process enables the robot to know where a place starts and ends. It is

achieved by the iterative clustering of the index set I - considering the informative-
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ness, coherency, and plenitude of the associated visual descriptors that are obtained
from the incoming sequence of appearances. As such, each detected place is associated
with a set of appearances that describe the place. The plenitude check ensures that
the number of locations is large enough as to enable the robot to have a sufficient

knowledge of the place.

Whenever a place D is detected, the robot then attempts to recognize it as one
of the learned places p € P via relating the collected appearances to its place memory
- as detailed in [65]. This is based on associating the current appearances (if possible)
with those retained in the place memory through traversing down the memory hierar-
chy. The traversal proceeds downwards level-by-level and decisions are progressively
combined to hierarchically refine the final decision. Consider a place memory with NV,
levels. At each level [, [ = 1,..., N;, a decision regarding one attribute is made by
choosing a particular node N € S(N'"!) among children S(N'"1) nodes of node N'~1
that has been reached at level [ — 1. The decision-making is based of finding the node
N with the minimum cost function gy(D) while ensuring that the minimum cost is

below a recognition cost threshold 7,.

N € i (D D.1
argN,erg(anH)gN( ) (D.1)

subject to
gn(D) <, (D.2)

This process is repeated either until the condition of Eq. D.2 is not satisfied or terminal
nodes (final level) is reached. In the former case, no decision is made while in the
latter, the place is recognized to be the place associated with the terminal node. Due
to space restrictions, the interested reader is referred to [65] for details. The recognition
threshold 7, is a designating factor in the tradeoff between precision and recall. As its
value is decreased, while precision increases, recall decreases. In case of recognition, the

robot simply updates its memory via incorporating the new knowledge appropriately
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and goes back to the beginning where it waits for new sensory input.

In case of no recognition, it invokes place learning in order to add the detected
place D into its place memory. Place learning enables the robot to add the new
knowledge to its place memory. Whenever a place is learned, the cardinality of the set
P increased by one. This is achieved using the hierarchical single link clustering method
SLINK [65]. The clustering is incremental with both storage and construction efficiency
as well as the resulting hierarchy being order-invariant. Thus, it enables the robot to
evolve its place memory over time as it detects places, but cannot recognize them.
The clustering is done in the appearance space so that each place p is learned based
on appearances from a set of M, = |D| locations associated with the corresponding
detected place D. The number M, of learned locations (while being greater than
the plenitude threshold) actually depends on how much the robot moves in this place

during place detection.
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APPENDIX E: Hierarchical Mapping Results
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APPENDIX F: ALGORITHMS

1: procedure ESTIMATEPOSITION(I;, Ip[Nsampies, L0C[Msamples])
2 dist_-mat = inf

3 for i =1 : nsamples do

4 for j =i+ 1: nsamples do

5: dist-matfi][j] = |L,li] - L1
6 dist-mat[j)[i] = [1,[i] - L,Lj]

7 end for

8 end for

9 T4 = min(dist-mat) + Tam > add some margin for nonzero sets

10: min_dist = |I. — Ip[1]|

11: min_adr =1

12: for i = 2 : nggmples do

13: if |I. — L,[i]|< min_dist then
14: man_dist = |I. — I,[i]|

15: min_tdr =1

16: end if

17: end for

18: Q=10

19: for i =1 : nggmples do

20: if =t < 7/ then
21: Q1 .push_back(7)

22: end if

23: end for

Figure F.1. Estimate Position Algorithm - Part 1.
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24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:
37:
38:
39:
40:
41:
42:
43:
44:
45:
46:
47:
48:
49:
50:

Q=10
for i =1:Q.size() do
tmp =0
for j =1: nsamples do
if dist_-mat[Q4]i]][j] < 74 then
tmp.push_back(j)
end if
end for

Os.push_back(tmp)

end for

c=10

w_list =10

for i =1:Q.size() do > interpolate for each candidate
weight = ()
count = ()
tmp_¢ = {0,0}

weight_sum = 0
Tar =0 > calculate local 74
min_dist 1 = |L,[00][1)] - L1 [i2]
for j =1:Qli].size() do
for k= j+1:Qyli].size() do
if |L,[Q2[¢][5]] — Ip[Qe[d][k]]|< min_dist_l then
min-dist-1 = |I,[Qa[i][j]] — 1,[Qa[i][]]]
end if
end for
end for

Tdl+ = Tdm

Figure F.2. Estimate Position Algorithm - Part 2.
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51:
52:
53:
54:
95:
56:
57:
98:
59:
60:
61:
62:
63:
64:
65:
66:
67:
68:
69:
70:
71:
72:
73:
74:
75:
76:
T

for j =1:Qsfi].size() do
tmp_count = 1
for k =7+ 1:Qsli].size() do
if |1 [Qa[i][5]] — Ip[Q[i][K]]|< Ta: then
tmp_count + +
end if
end for
count.push_back(tmp_count)
end for
weight_sum = 0
for j =1:Qsli].size() do > calculate weights
tmp_i+ = e~ e~ L[N /count[f] * loc[Q[i][4]]
weights.push_back(e"Ic*lpmz[i][j]]‘2/count[j])
weight_sum+ = e~ e=1o 12U /count[j]
end for
tmp-¢/= weight_sum; é.push_back(weight_sum); w_list.push_back(weight)
end for
min_cost = inf; result = 0,0
for i =1:Q.size() do > choose the best cost candidate
tmp_cost =0
for j =1: Qi].size() do
tmp_cost+ = w_list[i][j]|¢[i] — loc[Qa]i][5]]|?
end for
if tmp_cost < min_cost then
min_cost = tmp_costyresult = &[i
end if
end for

return result

78: end procedure

Figure F.3. Estimate Position Algorithm - Part 3.
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1: procedure ESTIMATEHEADING(DFC., DFCy, hmaz)

2 result = 0; coef f_count = 0; sin_sum = 0; cos_sum = 0

3 for i =1: hyae do

4 for j =1: hpe, do

5: num-s = DFCe.ali][j] * DFCy.bli][j] — DFC¢.bli][j] * DFCy.bi][j]
6 num._c = DFC..ali][j] * DFCy.ali][j] + DFC..bliJ[j] * DFC,.b{i]lj]
7 denum = DFC..ali][j] * DFCyp.ali][j] + DFC..b[i][j] * DFC,.b[i][J]
8 sin_k = num_s/denum;cos_k = num_c/denum

9

da = atan2(sin_k, cos_k)/i

10: if lisnan(da) then

11: result = result 4+ da

12: sin_sum+ = sin(da);cos_sum+ = cos(da)

13: coef f_count + +

14: end if

15: num-s = DFC,.cli][j] * DFC).d[i][j] — DFC,.d[i][j] * DFC,.cli][j]
16: num-c = DFCe.cli][j] * DFCy.c[i][j] + DFCe.d[i][j] * DFC,.d[i][j]
17: denum = DFC,.cli][j] * DFC¢.cli][j] + DFC..d[i][j] * DFC..d[i][J]
18: sin_k = num_s/denum;cos_k = num_c/denum

19: da = atan2(sin_k,cos k) /i

20: if lisnan(da) then

21: result = result 4+ da

22: sin_sum+ = sin(da);cos_sum+ = cos(da)

23: coef f_count + +

24: end if

25: end for

26: end for

27: result = atan2(sin_sum/coef f_count, cos_sum/coef f _count)

return result

28: end procedure

Figure F.4. Estimate Heading Algorithm.
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1: procedure FIND STATIC OBSTACLES(O°, O",75)
2 for i =1:0".size do

3 for j =1:0¢size do

4 if dist(O"[i], 0°[j]) < 75 then

5: O~ .push_back(O"[i])

6 O¢.push_back(0°[j])

7 break

8 end if

9 end for

10: end for
11: return 0%, O

12: end procedure

Figure F.5. Find Static Obstacles Algorithm.

1: procedure MATCH STATIC OBSTACLES(OS, OF)
2 for i =1: Of.size do

3 dmin < infinity

4 m; < 0

S: for j =1:0j.size do
6 d + dist(O°[i]), O"[j]
7 if d < d,pin then

8 Amin, < d

9 mi < J

10: end if

11: end for

12: M.push_back(m;)

13: end for

14: return M

15: end procedure

Figure F.6. Match Static Obstacles Algorithm.
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10:
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14:
15:
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17:
18:
19:
20:

procedure CORRECT HEADING(O¢, O", 74, Af)

Nmaz < 0
0* 0
count < —1
fori=0:Af0:27 do
O° « R;0"
O¢, 07 =FIND STaTIC OBSTACLES(O¢, 0", 7})
M =MATCH STATIC OBSTACLES(OS, OF)
if M.size == n,nq, and count > —1 then
count < count + 1
0* =i+ countAf/2
else if M.size > n,,q, then
Nmaz = M.Size
0* =i
count < 0
else
count < —1
end if
end for

return 6*

21: end procedure

Figure F.7. Heading Correction Algorithm.
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1: procedure CORRECT POSE(dcy, O°, O, 75, A, Mgz, Te)
2 oc* < deo

3 for i =1: O°size do

4 O°li].x + O°i].x + dcp.x

5: O°li].y + O°il.y + dco.y

6 end for

7 n <+ 0

8 dc « infinity

9 while n < 1,4, and dc > 7. do

10: dc <0

11: 6 = CORRECT HEADING(O¢, O, 75, Af)
12: O° « RyO°

13: 0¢, 07 =FIND STATIC OBSTACLES(O°, 0", 75)
14: M =MATCH STATIC OBSTACLES(OS, OF)
15: for i =1: OS.size do

16: dc.x < dc.x+ OFMli]l.x — Ofi].x

17: de.y < dey + OF [ Mi]].y — OSli).y

18: end for

19: de.x « de.x/OS.size

20: de.y + dcy/OS.size

21: for i =1:O°size do

22: O°[i].x + O°i].x + dc.x

23: O¢[i].y + O°il.y + dc.y

24: end for

25: 0c* < Rg-dc* + dc

26: 0" 0"+ 90

27: n<n+1

28: end while
29: return c*

30: end procedure

Figure F.8. Pose Correction Algorithm.

1: procedure UPDATETREE(tree, ey )

2 [n*, h] = findClosestNeighbour(treesq, Nnew)
3: tree.add(n*, npew, 1)
4

: end procedure

Figure F.9. Tree Update Algorithm.
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1: procedure DETERMINELIST(list, tree,<)
2 k = #nodes, r =1

3 fori=1:k—1do

4 if (k—i+4+1) > ¢(|list(r)]) then
5: h(list(r)) = h(tree(i)

6 else

7 r=r+1

8 if then|list|<r

9 list.add(k — i+ 1, h(tree(i)))
10: end if

11: end if

12: end for

13: end procedure

Figure F.10. Determine Level List Algorithm.

: procedure COMPARENODES(m, listprev, [iStnew)
chprev = assignChildren(listpre,)
Chpew = assignChildren(list,ew)

for Vn! do

prev,new

), max(ch’

= [mln(Chl (prev,new)idw)]

(prev,new)idx (prev,new)idx
141 i

Slpre'u,new (n(p'r‘e'u7neu))1;dx ) 'a’dd(nprev,new )
end for

[sl! sl o] = findUnmatchedSets(slpre, Slnew)

prev? new

1
2
3
4
5. pitl
6
7
8
9

[{nédz}7 {nz;r;ev)idz}v {nz:elw)ldx}] = compare(sl{wev, Sl'/new)

10: end procedure

Figure F.11. Compare Nodes Algorithm.



1: procedure COMPARELISTS(sl), sl,,)

2 for Vn; € sl,, do

3 pip = parent(sl,, n;)

4 Din = parent(sly, ny,)

5: for Vn; € neighbour(n;, sl,,) do

6 if pin = parent(sl,,n;) then

7 Pin-edge_list.add_edge(n;, n;)
8 else

9 if p;p, = parent(sly,n;) then
10: Pin-edge_list.delete(n;, n;)
11: end if

12: n;.add_trans(n;, parent(sl,,n;))
13: n;.add_trans(n;, pin)

14: end if

15: end for

16: end for

17: end procedure

Figure F.12. Compare Lists Algorithm.
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procedure SHORTESTPATH(ng, ng)

for Vn; # ns do
t_cost(n;) = [inf,inf]
finished(n;) = false
end for
t_cost(ns) = [0,0]
Nproc = M
while nypc # ng do
for Vn,; € neighbour(nproc) do
if ¢t_cost(n;, 1) > t_cost(nproc, 1) + internalCost(nproc, 1) then
t_cost(n;) = t_cost(nproc) + internalCost(nproc)
end if
end for
finished(nproc) = true
Nproc = ATGMiNine (n|finished(n)=false}t-cost(n, 1)
end while
path = {ng}
while path.end() # ns do
path.add(argming,cpeigbour (path.end())t-cost(n, 1))
end while

path.reverse() return path

22: end procedure

Figure F.13. Interval Cost Shortest Path Algorithm.



90

: Initialize ng, ng

k=0

: while s"*(n,) # s/!(n,) do > find the first common ancestor

if h(s"*(ny)) < h(s?!(ny,)) then

end if

if h(s"*(ns)) > h(s?!(ny,)) then

l=1+1
end if
10: end while
11: he =i+ k=741
12: PP (ny,ng) = {si*(n.)}
13: he =h.—1
14: for m = 1: min(k,l) do

1
2
3
4
5 k=k+1
6
7
8
9

18: Vg = [sf{l’l(n’g), sf{l(n’g

19: Ple(ng,ngy) = shortestPath(vs, vy, Gl (n’))

20: for p=2: |Phetl(ng,n,)|—1 do > intermediate nodes
21: nl, = Pltl(ng,ny)(p)

22: ny = PlCJrl(nS, ng)(p +1)

23: vs = [s;5 71 (n}), 53 (n))]

21, = s ), s8]

25: Plc (ns,ng) = Pl (ns,ng) + shortest Path(vs, vy, G (nl))

26 end for

27 n’ = Pltl(ng,ny)(p) > final node is known
28 ny =ng

20: =[5 (), siF (L)

30: vy = s (), s )]

31 Ple(ng,n,) = Ple(ng,ngy) + shortest Path(vs, vy, G (n’))

34: l=1-1
35: end for

> the first common ancestor

> repeat for each level

> initial node is known

)] > both place and node idx passes to the algorithm

)] > as the latter is not available at the lower level

> switch to the lower level

Figure F.14. RHPS Algorithm.
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APPENDIX G: USER’S GUIDE

The Turtlebot Koboki base is used during the experiments as shown in Figure

G.1. The sensors are mounted to the robot via 3D printed parts.

= ==

-/

N

N K
]

|

Figure G.1. Turtlebot Kobuki.

G.1. Hardware

The detailed specifications of Kobuki base is given in Table G.1 . The robot
uses two external sensors: V360 omni-directional camera and two Hokuyo URG-04LX
scanning range finders. The main processing unit is a Lenovo Yoga 11S Ultrabook
with Intel Core i3 3229Y processor and 2 GB of RAM. The camera sensor has its own
battery and connected to the processing unit via an external HDMI-USB converter
which limits the maximum resolution of images to 142 x 640 pixels. The energy of
LIDAR sensors is supplied by 5V external power output of Kobuki base. Both the

sensors and the base are connected to the processing unit via USB interface.
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Table G.1. Robot base specifications.

Specification Value | Unit
Maximum translational velocity | 0.7 m/s
Maximum rotational velocity 180 | deg/s
Payload 4 kg
Threshold Climbing 12 mm
Rug Climbing 12 mm
Battery Voltage 14.8 \Y%
Battery Capacity 2200 | mAh
Expected Operating Time 3 hour
Expected Charging Time 1.5 | hour
Sensor Data Rate 50 Hz

G.2. Software

G.2.1. Installed Software

The following software is recommended in order to operate the system:

Ubuntu 14.04 LTS
ROS Indigo

Qt 4.8

OpenCV 3.4.0

G.2.2. Running the Robot

The robot, processing unit and the camera sensor should be charged and LIDAR
should be connected to 5V external power output of the Kobuki base. After making
sure that all USB connections are plugged-in the processing unit, use the following

commands to launch the robot:
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Open a new terminal and run the command:

roscore
Each a new terminal or tab run the command:

roslaunch kobuki_node minimal.launch

roslaunch hokuyo_2.launch

rosrun laser_merger_isl laser_merger_isl_node

rosrun camera2ros camera2ros_node
In order to run the navigation package, open a new terminal or tab and use the
following command:

rosrun apes_base apes_base_node
The target command can be given via:

rostopic pub /apes_robot/base Targets apes_base/baseMsg
or by using 2D Nav Goal button after launching the RViz:

TOSTUN TVIZ TVLZ
In order to run the localization module use following the commands each in a
new terminal or tab:

rosrun localization_isl bubble_localization_node

rosrun localization_isl scan_localization_node

rosrun localization_isl localization_wrapper_node
In order to run the TSC model use the following commands each in a new terminal
or tab:

rosrun create_bdst_isl create_bdst_isl_node

roslaunch place_detection_isl test.launch

rostopic pub /placeDetectionISL /nodecontrol std_msgs/Int16 "data: 17
In order to run the hierarchical mapping use the following commands each in a
new terminal or tab:

rosrun generate_hmap_isl generate_hmap_node





