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Sommario

La robotica mobile autonoma € uno dei campi che hanno visto urmsis-
tente sviluppo in questi ultimi anni. Un robot mobile autonomo @ve essere
capace di muoversi nell'ambiente in cui e utilizzato indipetentemente dagli
operatori umani; per fare questo uno degli strumenti a sua dispagine € la
presenza di una mappa dell'ambiente. Uno dei compiti principea di questi
robot & quindi I'esplorazione che consiste nella costruzione incrementale della
mappa di un ambiente in cui il robot si muove. Puo succedere, perche,
in alcune situazioni, come per esempio quando sono presenti jgodhiuse,
I'ambiente non sia completamente esplorabile dal robot. L'edttivo di questa
tesi e lo sviluppo di un metodo che permetta ad un robot di gestirgueste
situazioni, predicendo il possibile aspetto geometrico delleasize nascoste
da porte chiuse. Partendo da una mappa generata durante I'esphzione in
un ambiente sconosciuto con diverse porte chiuse che nascondormmze, il
nostro approccio predice la struttura delle stanze nascoste in amwtale che
siano il piu possibile simili alle loro controparti reali. Valutamo le prestazioni
del nostro metodo, su numerosi ambienti simulati e su un limitatoumero
di ambienti reali.






Abstract

Autonomous mobile robotics is one of the elds that have seeroesistent
development in recent years. An autonomous mobile robot must [@ble to
move independently of humans in the environment in which itsi used; to
do so, one of the tools is the availability of a map of the envirmment. One
of the main tasks of these robots is thexploration, which consists in the
incremental construction of the map of an environment in whit the robot
moves. In some situations, for example in the case in which thereearlosed
doors, it might happen that the environment is not completelyexplorable
by the robot. The aim of this thesis is to develop a method that llows
a robot to manage these situations, by predicting the possible aparance
of the rooms hidden behind closed doors. Starting from a map geated
during the exploration of an environment with closed doors tt hide rooms,
our approach estimates and predicts the structure of the hidderooms such
that they are as similar as possible to their real counterparts. Wevaluate
the performance of our method on di erent simulated environmnts, and also
on some real environments.






Ringraziamenti

Sembrava ieri che avevo appena inziato I'universita e ora, jglo 5 anni, arrivo
nalmente a capolinea. Sono stati cinque anni molto impegnad fatti di alti

e di bassi, di sacri ci e di molteplici serate passate a studiare subti senza
chiudere occhio. Ora dopo 5 anni dall'inizio di questo percgw mi sento un
ragazzo molto diverso e particolarmente arricchito da quesdnni universitari

e mi sento in dovere di ringraziare chi in questi anni mi € sempreasitvicino

e ha avuto un impatto incredibilmente importante nella mia vta.

Prima di tutto voglio ringraziare di cuore il Prof. Francesco Amgoni e il
Dott. Matteo Luperto che mi sono stati vicini durante questo ultmo periodo,
disponibili ad aiutarmi e consigliarmi durante tutto lo svolgmento della tesi,
soprattutto negli ultimi mesi dove, nonostante la situazione mblematica e
gli altri mille impegni, hanno sempre avuto un occhio vigile attento per
controllare il mio operato.

Ringrazio i miei genitori in particolare, senza i quali questgercorso
sarebbe stato solo un sogno, sono stati per me pilastro durante tutta
mia convivenza a Milano e un luogo sicuro dove poter sempre tare. Li
ringrazio per essermi sempre stati al mio anco, sostenendomi amgchei mo-
menti di di colta, e per aver creduto sempre nelle mie scelte, s&a mai
aspettarsi nulla in cambio.

Ringrazio tutti i miei amici di Concordia Simo, Riki, Gilio, Pranda, Mis-
cia, Marco, Leo, Ferro, Dani, Berga, Ste, Rigo, Lory, Pollo &ngelo; per
essermi sempre stati vicini e delle tantissime giornate passate a efirci,
sono tutti delle persone fantastiche su cui ho sempre potuto farerapleto
a damento.

Ringrazio i miei amici del Politecnico Arto, Manuel, Del , Bazza e Luca
che hanno fatto si che ogni giornata all'universita fosse semprepportabile
e leggera. Senza poi dimenticare tutte le serate assurde cheiabip passato
durante questi 5 anni.



Vi

Ringrazio Pietro ed Andrea per le innumerevoli serate fuori inoenpagnia,
due persone fantastiche e sempre disponibili a darti una mano.

Ringrazio i miei zii Cristian e Simona e mia honna Maria, per &mi sem-
pre supportato e sopportato aiutandomi in qualsiasi modo potesserualsi-
asi fosse il mio problema.






Vil



Contents

Sommario I
Abstract 1l
Ringraziamenti Vv
1 Introduction 3
2 State of the art 7
2.1 Exploration . .. ... .. ... ... 8
211 Sensors. . . . ... 8
2.1.2 Maprepresentation . . . . ... ... ... ... .. .. 9
2.1.3 Exploration strategies . . . . ... ... .. ... ... 10
2.1.4 SLAM . . .. e 11
2.2 Extracting knowledge from metric maps . . . . .. ... ... 14
2.3 Prediction of indoor environment . . . ... ... ... .... 22
2.3.1 Online-prediction approaches . . . .. ... ... ... 23
2.3.2 Oine-prediction approaches . .. .. ... ...... 30
3 Problem formulation 33
3.1 Prediction problem . . . . ... ... o o 33
3.2 Purpose ofthisthesis . . . .. ... ... ... ......... 35
4 Proposed solution 37
41 AsSSUMPLiONS . . . . . . .. 37
42 Terminology . . . . . . . . 38
4.3 General Overview . . . . . . . . . 40
4.3.1 Ground Truth/Map Translation . . . .. ... .. ... 42
4.3.2 Features Extraction. . . . .. ... ... .. ...... 46



4.3.3 Hidden Rooms Layouts Prediction . . .. .. .. ... 53

4.3.4 Insertion of Predicted Layouts . . . . .. ... ..... 67
5 System architecture 69
51 Mapcreation . ... ... ... .. ... 69
51.1 ROS . . . . . e 70
512 Stage. . . . . . . e 72
5.1.3 Con guration of the Navigation Stack . . . .. .. .. 74
5.1.4 Trackingmodules . . ... ... .. ........... 76
5.1.5 Software architecture and scripts . . . .. ... .. .. 77
5.2 Autonomous batch analysis . .. ... ... .......... 80
5.2.1 Setting autonomous batch analysis . . . .. ... ... 82
6 Experimental results and evaluations 89
6.1 Baseline methods for predicting the layout of hidden roen. . 89
6.1.1 Unstructured Baseline . .. ... ............ 90
6.1.2 Structured Baseline . . . . .. ... ... ... ..... 91
6.2 Evaluation of the prediction . . .. .. ... ... ....... 93
6.3 Experimental evaluation . . .. ... ... ........... 95
6.3.1 Environments . .. ... ... ... ... .. .. ..., 96
6.3.2 Informationsaved . . . ... ... ... ... ...... 98
6.3.3 Experiments on simulated environments . . . ... .. 98
6.3.4 Experiment on batch analysis . . . ... ... .. ... 105
6.3.5 Experimental results of the batch analysis . . . . . .. 113
6.4 Experiments on real environments . . . . ... ... ...... 119
6.4.1 Mapsonreal environments. . .. ... ......... 119
6.4.2 Results on the real environments . . . ... ... ... 120
6.4.3 Comparison of real environments and simulated envi-
ronments. . . . . . ... 123
7 Conclusions and future research directions 125
Bibliogra a 127



List of Figures

2.1 Dierent representation of the same indoor environment. . . 10

2.2 An example of a mapped environment and its relative frorgrs
(inblue). . . . . . . . 11

2.3 An example of EKF-SLAM algorithm [50]. . . . .. .. .. .. 12

2.4 Block scheme of the processing chain from the Metric Map to
the A-Grid [15]. . . . . . . . . .. 15

2.5 a) Edges of the metric map. b) The result of the Hough trans-
form performed on the metric map. c) Result of the wall
detection algorithm. . . . . . ... .. ... ... ... 15

2.6 An example of the layout reconstruction method, image from
[B6]. . . . 16

2.7 An example of SPN for a Bayes mixture modd? (X 1;X>),
image from [42]. . . . . . . .. 18

2.8 An example of local environments labeled in di erent cate
gories, the rst column contains the corridor, the second col-
umn is the recognized doorways, the third and last are respec-
tively the small rooms and large rooms, image from [40]. . .. 19

2.9 Overview of the automatic reconstruction of 2D environnm,
image from [5]. . . .. ... ... ... 19

2.10 An example of the reconstruction of rooms, the rst image is
the initial point cloud, the second image is the initial view-
point, the third image is the room segmentation and the last
one is the rooms segmentation after merging, image from [5]. 20

Xl



2.11 Exemplary segmentation results: the rst image depicts the
ground truth room segmentation from human labeling, the
second image shows morphological segmentation, the third
image yields the distance-based segmentation, the fourth is
the Voronoi graph-based segmentation, and the last shows the

feature-based room segmentation [9]. . . . ... ... ... .. 20
2.12 The four levels of abstraction in the spatial knowledge pee-
sentation [41]. . . . . . ... 22
2.13 The architecture of the system [41]. . .. ... ... ..... 23
2.14 P-SLAM method, image from [16]. . . . ... ... ... ... 25
2.15 Example of predicted intersection of incomplete roads, &ge
from[18]. . . . . . . . 25
2.16 The left image shows the query map, the other ones the best
four matches from the database, from [51]. . . . .. ... ... 26

2.17 An example of the CNN's ability to predict exit location. The
gray squares are the true exit location, the white squares are
the CNN's estimated exit location, image from [13]. . . . . . . 27

2.18 An example functional areas, on the rst image the corridsr
are highlighted in green, in the second image the map is di-
vided into functional areas, and the third one represents the

functional graph of the oorplan, image from [35]. . . . . . .. 2
2.19 An example of the method taking as an input a partial grid

map and predicting the image of the room from [49]. . . . .. 29
2.20 Two examples of graphs with di erent clustering coe ciet,

image from [7]. . . . . . .. ... ... 30
2.21 An example of the method taking as an input a partial grid

map and predicting the rooms, image from [36]. . . . ... .. 31

3.1 Our method and the method in [36] compared in the same

environment and with the same room to predict. . . . . . . .. 34
3.2 Steps for a predicting method. . . . . . ... ... ... .... 35
3.3 Anexample of a not completely explorable environment, ehe

the red parts are hiddenareas. . . . . ... ... ........ 36
4.1 An example of two maps having di erent orientations. . . . . . 38

XIl



4.2

4.3

4.4
4.5

4.6

4.7
4.8

4.9

4.10
411
412

4.13

4.14

4.15

An example of how the assumption of closed areas works in a
general environment, in the rstimage represents the origina
environment, in the second image displays (in red) the areas
that could be closed due to a single closed door, and that
may be unaccessible to the robot. Our method focuses on the
prediction of these rooms. . . .. .. ... ... ........ 39

An example of a set of maps used to do a batch analysis,
the rst image is the map of the environment without closed
doors, the second, third, and fourth images are, respectively,
the maps of the initial environment with one, two, and three

closeddoors. . . . . .. ... ... 40
The general overview of our method. . . . .. .. ... .... 41
A snippet of an XML that contains the information of the
environment. . . . ... e 43
An example of the positions of the closed doors in a map before

and after the translation. . . . . . ... ... ... ... ..., 45
An example of di erent features extracted by the originamap. 46

An example of the di erent steps for the walls extraction ira

MAP. . . . o o e e e 47
The extended lines of a map before and after consideringeth
positions of the closed doors to add new extended lines. . . . . 50
An example of the steps to obtain IN and OUT cells. . . . .. 51
Rooms segmentationinamap. . ... ... ... ....... 52
An example of the representation of the edge where the cldse
doorislocated. . .. ... ... .. ... ... ... ... 53
An example of the recognition of the initial region of théid-

den rooms, starting fromthe map. . . . ... ... ... ... 54
An example of the representation on the map of the two types

of predicted rooms. . . . . .. .. ... .. ... ... . ..., 55
An example of the extraction of the cells used for the expsion

of the predicted rooms, where the yellow cells are the IN cells,

the blue cells are the cells of the predicted room the method

is analyzing, the green ones are the cells extracted for the
possible expansion of the analyzed cell and the red cells are
the predicted rooms we are not analyzing. . . ... ... ... 56

Xl



4.16 A graph analysis of our method, the cells of the plan corfre
spond to nodes of the graph, white cells are OUT cells, orange
cells are the IN cells, and the arcs correspond to the extractio
connections, the black arcs are the method used by dependent
and independent rooms, the blue ones are only used by inde-
pendent rooms. The nodes corresponding to IN cells have no
arcs, because the extraction method doesn't consider them. . . 57

4.17 An example of the behavior of the predicted room with and
without the fepenality. . . . . . . ... ... ... ... .... 58

4.18 An example of over owing of the predicted room, in blue th
starting cell, in green the cells added to the room during the
expansion without the oc penalty, in red the edges of the out-
cast cell connectedto OUT cells. . . .. ... ... ...... 59

4.19 An example of the dierences between using and not using
the cv in the prediction, in the method that doesn't use the
cv the prediction doesn't change with the increasing level of
depth |, in the method using cv the predicted rooms have more
incentives in the expansion and the prediction are consistent

and very similar to the ground truth. . . . . . ... ... ... 60
4.20 An example of a predicted oorplan with a range of 2 from
the starting cellisshown. . . . .. ... ... ... ...... 62

4.21 An example of a predicted room with di erent levels of dep,

in yellow the IN cells, in white the OUT cells, in blue the

prediction of the hidden room and in green the extracted csll

with a 0 range distance from the current predicted room, used

to obtain the combinations for the next best predicted room. . 63
4.22 An example of a predicted oorplan with dierent levels &

depth, in red the correct layout of each room. . .. ... ... 64
4.23 An example of a correction of the arrangement of the rooms. 65
4.24 An example of our method applied on the hidden rooms at

the border of thegrid. . . . . ... ... ... ......... 66
4.25 An example of rectangles to create the open doors. . . .. .. 8 6
4.26 An example of our method applied on the initial PGM map. . 68

5.1 An example of Stage exploration using a robot (in red), the
laser range is colored ingreen. . . . . .. ... ... ... ... 73
5.2 The Pioneer 3-AT robot equipped with a laser scanner. . . . . 73

XV



5.3 The overview of the con guration of the stack navigation sed
to obtain the maps, in yellow the nodes provided by ROS, in
blue the platform speci ¢ nodes, in our case the nodes provided

5.4 The overview of the tracking modules of our system, in blue

the nodes provided by Stage, in yellow nodes provided by RO37

5.5 The overview of the exploration script in Python. . . . . . ..
5.6 The overview of the autonomous batch analysis. . . . .. . ..

82

5.7 The overview of the setting of autonomous batch analysis. . 83

58 Anexampleofthe XML map. . . . ... ... ... . .....
5.9 An example of a room created using the XML map le before
and after the manual optimization. . . . .. .. ... .. ...

5.10 An example of a room created using the XML map le and
the relative application creating a map with some unexplored

6.1 The ooding control in the unstructured baseline, the red el
is the one that the method is analyzing for the ooding, the
adjacent blue pixels are the ones the ooding the method can
move to if the ang value is inside the range. . . . . .. .. ..

6.2 An example of some unstructured baselines of a map. . . . .

84

6.3 An example of the ooding of the structured baseline. . . . . . K?)
6.4 Anexample of some structured baselines of a map, correspond-

ing to the rooms analyzed on the baseline in Figure 6.2. . . . .
6.5 The visual representation of the two terms of the loU. . . . . . D
6.6 An example of environment for each category of group. . . . 97
6.7 A run of our method overtheMap 1. . . . .. ... ... ... 99
6.8 A run of our method overthe Map 2. . . . . .. .. ... ... 101
6.9 A run of our method overtheMap 3. . . . .. ... ... ... 103
6.10 Theoriginalmap. . . . . . . .. .. ... .. .. ... ..... 105
6.11 Input maps and predictions running a batch analysis ovéig-

ure 6.10. . . . . L 109
6.11 From Figures in 6.11 it is perfromed the process to ovepléhe

predicted rooms over the initial maps. . . . . .. ... ... .. 111
6.12 Environment 1 and the possible doors to close (inred). . . . 13

XV



6.13 The graphic of the loU of Environment 1 over the number of
closed doors for our method and the baselines, showing the
average values and their variance. . . . . ... ... ... ... 114

6.14 The Environment 2 and the possible doors to close (in red). 183

6.15 The graphic of the loU of Environment 2 over the number of
closed doors for our method and the baselines, showing the
average values and their variance. . . . . .. .. .. ... ... 116

6.16 The graphic of the loU of the medium environments over ¢
number of closed doors of our method and the proposed base-
lines, showing the average values and their variance. . . . . . 11

6.17 The graphic of the loU of the large environments over theim-
ber of closed doors for our method and the baselines, showing
the average values and their variance. . . . . . ... ... ... 118

6.18 The maps obtained after exploration in real environmésn . . 119

6.19 The maps of the real environments with some hidden rooms
hidden, their respective predictions and the overlap of therp-

dicted rooms over the environment. . . . . . . . . . ... ... 123
6.20 The comparison of our method on two maps obtained from
the real and simulated environments. . . . . .. .. ... ... 124






Chapter 1

Introduction

One of the main goals of autonomous mobile robotics is to démp robots that

move independently in an initially unknown environment wihout any human
supervision. In order to do so, robots have to incrementally bigi a map of
that given environment. This task is calledexploration The map built

by the robot during an exploration will be used during later oprations: for
that reason, it is particularly important that the map obtain ed is correct and
complete. However, it can happen that certain regions of thenéronment

are not accessible to the robot, so the environment is not fullyxplorable

and that the robot can perceive only the accessible areas. Foraexple, some
doors inside an indoor environment could be closed at exploi@a time, in

this case, the robot will not have any information about thoseaoms behind
such doors even if, during the normal activities of the robotthose rooms
could be open and accessible.

The aim of this thesis is to understand how to estimate the layouof
those hidden rooms that are inaccessible inside an indoor enviroent due
to the fact that they are behind doors that were closed at exptation time.

Predicting unknown parts of indoor environments is a topic ointerest
in the eld of autonomous mobile robotics. The robot can predi the as-
pect of partially explored areas, in order to make better exptation choices
and, eventually, to reduce the overall exploration e ort [B]. Moreover, a
prediction could be used to complete maps that present a partiaxploration
of the environment [36], having some regions not fully expled, by using
the information obtained from an analysis of the part of the mpa already
explored or by using a priori knowledge obtained from similar aps. As an
example, the robot can use this prediction in order to predicpossibleloop
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closuresinside the map [18] (a loop closure is an area of the environmehat
could be observed by the robot from multiple points of view thsi reducing
its localization uncertainty).

For the prediction of completely inaccessible rooms the robaeeds some
additional information in addition to the map of the explored environment.
In our case this additional information is the positions of cleed doors that
could be obtained using a module for visual identi cation [22]These closed
doors hide entire rooms from the robot and, in this case, the lbot would
have no way of exploring the hidden area. Behind each closedot® inside
the environment the method assumes that there is laidden room

The proposed method starts from aroccupancy grid mapof the envi-
ronment where the robot has already completely explored dhe accessible
areas. An occupancy grid map represents objects in a metric spaadere
each cell represents the probability to nd an obstacle. The ut map has
no information regarding the inaccessible areas, except theagence of closed
doors. The input map passes through abstraction steps to construgbstract
layouts of the rooms exploiting regularities extracted fnm the map. The
method for creating the prediction is based on thglobal and local informa-
tion of the map. The global information includes all the infomation inside
the map, while the local information includes only particukr information
inside a limited area. For every hidden room inside the map, thmethod
generates multiple possibilities for the layout of the room hen, ascore func-
tion is used to evaluate the di erent con gurations, the con guraton with
the highest score is chosen as the predicted room. Global infaton is used
to choose between the possible con gurations because every guration is
generated according to the structure of the whole map. Locahformation
is used as the score function to evaluate the con gurations ofeh hidden
room. To evaluate our method, dierent predictions were cared out on
di erent environments with di erent con gurations of closed doors, going as
far as to close 15 of them and comparing the predictions foundtiwvthe real
hidden rooms. The performance of our method is very good, evesaching
an accuracy of 76% with 12 hidden rooms.

The thesis has the following structure.

Chapter 2 describes the state of the art of autonomous robot ewgpation,
describing the types of sensors, the maps to represent an envirent) and
exploration strategies. Then we explain several methods for @gzing the
map and extracting information. Finally, we describe the exsiing prediction
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approaches for partial maps.

In Chapter 3 we describe the problem we want to solve and what ibe
purpose of the thesis.

In Chapter 4 we present the solution we implement in the thesis tsolve
the problem presented in Chapter 3. We describe the assumptions which
our method works, the terminology used and the general overweof our
implementation, illustrating the various steps that lead fran the initial map
to obtain the predictions of the rooms hidden behind closed des.

Chapter 5 describes the architecture of our system, the techwogjiical im-
plementation of all the modules to explore simulated environents, and the
frameworks used. It is also described the automatic creation wiaps adding
hidden rooms.

Chapter 6 describes the experimental results and their evaliens. The
evaluation method of the generated rooms is described. Thewme present also
some alternative methods that we use as baselines to compareithresults
with our method. Furthermore, di erent simulated maps with a di erent
number of closed doors are analyzed to show how our method bedgv In
addition, the prediction is performed on maps obtained frorthe exploration
of a real environment.

In Chapter 7 the results obtained in this thesis are summarizechd some
possible future research directions are presented.






Chapter 2

State of the art

Robot mapping has been one of the most important elds in robats and
Al for at least the last four decades [56]. Robamappingtries to resolve the
problem of acquiring spatial models of an unknown or partiallknown envi-
ronment using a mobile robot and is one of the major problems developing
autonomous mobile robots. Autonomous mobile robots move unservised
inside an environment and they perceive the objects that sumod them to
build a map using a de ned strategy. Many strategies have been signed
for the exploration of the environment and some approaches\ebeen pro-
posed to improve it, for faster and more e cient navigation. These strategies
comprehend the extraction of information from the maps andrgdictions of
the environment using information of explored regions of thenap or prior
knowledge of already explored buildings, the robot generat@ypothesis that
can be used to complete the map, or help the robot through the wigation.
In this chapter, we present an extensive, but not exhaustive, veew of the
state of the art on the eld of of autonomous exploration and mpping in
mobile robotics. We present di erent prediction techniquesdr indoor en-
vironments describing their uses in the eld of exploration. n Section 2.1
we describe the task of exploration for an autonomous robot, sieribing the
modules needed for the exploration (Section 2.1.1), the stegjies used for
the navigation of the robot in the environment (Section 2.18), some exam-
ples of algorithms most used for exploration (Section 2.1.4fhe output we
obtain after the exploration of the map (Section 2.1.2). In &ction 2.2 we de-
scribe the most signi cant techniques employed to obtain new amadditional
knowledge from the map. In Section 2.3 we portray some map pretions
proposed in the last years in the eld of indoor mapping.
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2.1 Exploration

The main problems for autonomous mobile robots are those ofcagring,

through a set of sensors, a spatial model of an unknown environmeantd

of being able to move inside it. To solve these problems the roboteds
some modules to obtain information from the environment, it 8o needs to
keep track of its position inside the explored region, to be ablto move to
a particular goal and keep the mapping consistent by integratig together
all the information from its sensors. In the following sections, @ describe
the modules used by the robot to obtain information from the enronment,

how the information is stored and represented by the robot, hothe robot

explores the environment, and which are the most used techniggito explore
an indoor environment.

2.1.1 Sensors

To acquire a map, robots need sensors to perceive the surrourglienviron-
ment. Sensors possess two main limitations, the measurement noiséjch
are errors present in every real-world perception, and randjenitation, forc-
ing the robot to navigate in the environment. The most used sensoiin
autonomous mobile robot tasks are:

Laser range nders sensors that use laser bean to determine the dis-
tance to an object, this type of sensor is frequently used becausas

a higher accuracy than other classes of sensors and can work inkdar
environments

Ultrasound proximity sensorssensors that propagate the sound to per-
ceive obstacles

Vision sensors sensors that perceive information from the environment
and uses the data collected to create an image, normally a came

RGB-D Sensors sensors that perceive the environment and create a
RGB-D image, a combination of a RGB image and its correspondjn
depth image. An RGB image is composed of 3 data for each of its gix
the 3 data de ne the red, green and blue color and combined tether

it is obtained the color of the pixels. A depth map is an image it
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contains information about the distance between the surfacé objects
from a given viewpoint.

Inertial Measurement Units they are electronic devices used to per-
ceive the orientation of the robot, speed and accelerationhey are a
combination of accelerometers and gyroscopes

GPS, a sensor used to localize the robot inside the environment

2.1.2 Map representation

From the exploration of the environment, the robot creates raincremental
map, a representation of the sensorial data obtained by the sensorThere
are many possible maps used to represent an environment, the mosed
ones are (Figure 4.1):

Metric maps, they are maps that place objects in a metric 2D or(3
spaces, the most relevant types are:

Occupancy grid maps, they are a 2D or 3D grid representation,
where every cell of the grid has a value that measures the preba
bility to nd an obstacle in that cell [55], the higher the value, the
higher the probability that there is an obstacle inside the célcon-
trarily, the lower the value, the higher the probability that the cell

is free in Figure 4.1a is represented a binary occupancy gricam

in this representation each cell in the grid has a value repreagag
the occupancy status: the value is 1 if the pixel is occupied arid
if it is free, while in Figure 4.1b is represented the grey-s&atcale
occupancy grid, inside this map the pixels can be of three coto
white, the pixel is free, black, the pixel is occupied, and gy, the
pixel is unknown meaning that the robot has not yet perceived
this pixel.

Lines-segment maps, the map is composed of reconstructed line
segments

Topological maps, they are a representation of the map as a ghgpvith

nodes that represent spaces of the environment and arcs thapresent
the physical connection between two spaces in the environmdRigure
4.1d)
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(a) Binary occupancy grid map (b) Grey-scale occupancy grid map

(c) Topological map

Figure 2.1: Di erent representation of the same indoor emriment.

2.1.3 Exploration strategies

Most mobile robot applications need maps with information abut the obsta-
cles in advance, as a result, this information has to be fuldéd when a robot
is placed in an unknown environment. Exploration has the potial to free
robots from this limitation. We de ne exploration to be the act of moving
through an initially unknown environment to build a map that can be used
for subsequent navigation. A good exploration strategy is ondat generates
a complete or nearly complete map in a reasonable amount of &n The
most used exploration for autonomous mobile robots is thiontier-based
exploration [58], which is an exploration process that selects a certainipb
inside the map, which maximizes a particular gain function. e point se-
lected needs to be on &ontier of the map, a particular region between a
free explored region and an unexplored region (Figure 2.2Jhe robot moves
from frontier to frontier simultaneously building the map of the environment,
the exploration stops when no frontiers are present in the maplhe result
of the exploration is directly based on the order of the visiteftontiers. Dif-
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ferent methods have been presented during the years for theoate of the
next goal frontier, as the nearest frontier greedy algorithman exploration
strategy that chooses as the next goal the closest frontier to thebot [57].
Other techniques were subsequently introduced based on the déion of
frontier, one of them isNext-Best-View algorithm proposed in [28], that is
a technique that chooses the next goal position evaluating thgotential new
explored area if the robot were it that position, and the path ¢ reach the
position, the selected position is the one that maximizes a carh utility
function that depends on the two variables prior described.

Another example of frontier-based technique iSlulti-Criteria Decision Mak-
ing, or MCDM, which is an exploration strategy exploiting multiple criteria
N = 1; 2;:::;; nand multiple candidate positionsC, the next goal position is
obtained using a global utility functionup; p2 C, the utility is computed ap-
plying to the candidate positionp each criteriaup = (u1(p); u2(p); :::; Un(p))-

|
|
_ . | .
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Figure 2.2: An example of a mapped environment and its relatreatfers (in blue).

2.1.4 SLAM

A mobile robot moving through an unknown, static environmentcollects
observations of features in the environment and has to contiously assess
its position, but both the position and the observations are coupted by
noise. To solve this problem, a process that builds a map of thewmon-
ment and localizes the robot from noisy controls and observatis is needed.
The simultaneous localization and mapping (SLAM) [6] is a prdbm that
asks if it is possible for a mobile robot to be placed at an unknowoca-
tion in an unknown environment to incrementally build a constent map of
this environment while simultaneously determining its locabn within the
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map [54]. Probabilistic approaches (i.e., Kalman Filters (KF; Particle Fil-

ters (PF), and Expectation Maximization (EM)) have become domant in

SLAM. The three techniques are mathematical derivations ofhie recursive
Bayes rule.

2.1.4.1 Extended Kalman Filter (EKF)

World Reference Robot Reference World Reference Robot Reference

i ROBOT

WORLD WORLDRp WORLD WORLDpg
(Robot Starts Here)

(@) The robot senses object 1 and (b) The robot senses object 2
moves

World Reference Robot Reference World Reference Robot Reference

WORLD WORLDg WORLD WORLDpg

(c) The robot senses object 1 again (d) The updated estimates after con-
straint

Figure 2.3: An example of EKF-SLAM algorithm [50].

The main reason for this probabilistic techniques popularitys the fact
that robot mapping is characterized by uncertainty and sensonoise, and
probabilistic algorithms tackle the problem by explicitly modeling di erent
sources of noise and their e ects on the measurements [56]. Thaimvari-
ation of KF in the state-of-the-art SLAM is the Extended Kalman Flter
(EKF). The EKF is used to solve nonlinear models from the real wail by
approximating the robot motion model using linear functions.The SLAM
problem is no linear, therefore, it is not possible to apply dactly a lin-
ear Kalman Iter. To solve this problem it is used the Extended Kéman
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Filter [50], that, at rst, linearizes the problem and, then, applies the al-

gorithm. The idea of EKF-SLAM is to use the landmarks (Figure 2.8

objects that can be perceived from the sensors onboard the roptm recog-

nize recurrent regions on the map. The robot moving in the emonment

nds new landmarks, whose position is uncertain. The robot alsobserves
landmarks that have been previously mapped and uses them to peet both

its self-localization and the localization of all landmarksn space. In this

case, therefore, both localization and landmarks uncertdias decrease. The
main limitation of EKFs for SLAM applications is their computational com-

plexity, which is quadratic in the number of landmarks, furttermore, the

solution of the EKF is not an optimal estimator. EKF-SLAM examplesare

RTSLAM [44] or monoSLAM [21]. Several existing SLAM approachessa

the EKF [20] [33] [31] [46].

2.1.4.2 Particle Filter based methods (PF)

PF, also called the sequential Monte-Carlo (SMC) method, is a carsive
Bayesian lIter that is implemented in Monte Carlo simulations. It performs
SMC estimation by a set of random point clusters, sets of similar pus
grouped together, in which the Bayesian posterior is represeat by parti-
cles a set of samples each associated with a speci c weight. The paltis
represent a distribution of likely states, where each particlesia possible po-
sition of the robot. The more particles fall into a region, thehigher the
probability of the region to contain the robot. PF performs 3 seps every
motion update of the robot: measurementchecking the near environment to
generate landmarksweight update the weight associated to each sample is
changed base on the estimated position of the robot, amdsampling where
new samples are added and the ones with less weight are discardddhe
main disadvantage is that it produces growth in computationiacomplexity
on the state dimension as new landmarks are detected, becomimgf suit-
able for real-time applications [38]. A successful applicatioof PF is the
localization of the robot in the environment, determining aly the position
and orientation of the robot.

2.1.4.3 Expectation Maximization based methods (EM)

EM estimation is a statistical algorithm that was developed in tle context
of maximum likelihood (ML) estimation. When the robot's pose s known,
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the EM algorithm is able to build a map [11]. EM is composed of two
steps: anexpectation step(E-step), where the posterior of the robot poses
is calculated for a given map, andnaximization step (M-step), in which
the most likely map is calculated given these pose expectation$he nal
result is a series of increasingly accurate maps. The need to pss the
same data several times to obtain the most likely map makes it iregent,
not incremental, and not suitable for real-time applicatios [17]. Even using
discrete approximations, the cost grows exponentially with # size of the
map, and the error is not bounded; hence the resulting map beues unstable
after long cycles. These problems could be avoided if the datasaciation
was known [53] or if the E-step was simpli ed or eliminated. Forhis reason,
EM usually is combined with PF, which represents the posteriors by set
of particles (samples) that represent a guess of the pose where tiobot
might be. For instance, some practical applications use EM to cetiuct the
map (only the M-step), while the localization is done by di eent means, for
example using PF-based localizer to estimate poses from odometadings
[56].

2.2 Extracting knowledge from metric maps

From the sensors, the robot obtains a large amount of informatiofrom the
environment it is exploring. The metric maps are the represéation of the

environment but it is possible to obtain other pieces of inforation, like, for

example, often modules obtain knowledge directly from the sgors (visual
sensors for objects recognition). In addition, for some robatitasks, it is
needed to have knowledge of some features of the environmdat,example,
using modules to analyze the generated map and identifyingam boundaries
helps in tasks such as topological mapping, semantic mappingitamatized
professional cleaning, and human-robot interaction. Obvialy human help
may be present to recognize objects or parts of the map (doorsoms, ceil-
ings), but this would result in an expensive cost and would be impactical

when working with very large datasets. For this reason, an imptant area
of research in robotics in recent years has focused on the rolaotomatically

analyze the map to obtain information without human coopergon. This

type of analysis is called automatic interpretation. Nowaday, automatic
interpretation of environments to collect structural information is the main
issue in di erent research elds, such as robotics and computersion. Most
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of the approaches usually rely on a combination of metric andpological
maps and require an expert to provide the knowledge to the robin a suit-
able format. Capobianccet al. [15] e ectively bound together the high-level
information and the low-level information creating a middé layer grid-based
representation. To obtain the grid, the 2D structure is analyed through
an abstract grid called A-grid, created using the walls recogred using the
Hough transform[30] of represented maps. In Figure 2.4) the A-grid repre-

\[‘ e A’
M TraEs Generatlon

Metrlc Map

Figure 2.4: Block scheme of the processing chain from the MelMap to the A-
Grid [15].

sents a discretization of the environment which allows assodiag an area to
a label. To remove the noise of the walls, caused by the noise of thser, the
construction of the A-grid has a Iter to decrease the number of genents of
the grid. This Iter keeps in consideration the minimum distarce between
lines that are generated by a looped Hough transformation, stang from a

maximum threshold that is decreased every loop until the miniom thresh-

old. The lines found are kept in the A-grid only they are far enagh from the

nearest ones (Figure 2.5), this is to avoid crowding the gridith the lines

found and simplify it.

i
g

a) b) <)
Figure 2.5: a) Edges of the metric map. b) The result of the Hougthnsform

performed on the metric map. c) Result of the wall detection aligam.

Then, the grid has to be completed, the minimum vertical and drizontal
distance are computed and for each couple of nearest lines i¢ttistance be-
tween them is at least twice the respective minimal distance ofi¢ir category
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(horizontal or vertical), a line is added to the A-grid. The aeas segmented
by the grid are labeled and each will have di erent tags basechdhe analysis.
The algorithms are used in [8] to consistently build and update s&ntic maps
to over a large test set, including a large number of rooms and jebts with
di erent functional use, semantic maps have associated with daof their
parts some label (i.e., corridors, rooms, ...) that de nes soméaracteristic
of that particular area of the map. One of the most important kiowledge we
can infer in indoor environment is to understand which spacesadhe map
can be considered as single rooms, this is calledm segmentation Normally
the room segmentation starts from a metric map and subdividesimto parts
interpreting each of them as a single room. Based on the prev®approach
of the A-grid [15], [36] proposed a method for the extraction aftructures of
buildings starting from the metric map (Figure 2.6). The metlod takes as

— LU I 8 [TTTIT J R LIJIL EJ
ED:DWT [[CCr T {1
(a) Metric map. (b) Canny edge de-(c) Hough line detec- (d) Map contour.
tection. tion.

Miainl ™

(e) Clustering of line(f)  Representative(g) Clustering of(h)  Reconstructed
segments. lines and faces. faces layout.

Figure 2.6: An example of the layout reconstruction method, gearom [36].

input a 2D metric map, nds the walls, and uses them to create a @t, as
seen in [15], based on the grid the rooms are segmented and, lasg layout
is reconstructed. From the metric mapM the edges are found using Canny
edge detection algorithm [14], which divides the cells on é¢hmap into free
cells and obstacles cells. It is used the Hough line transform aliglom [32] to
process the obstacles cells and extract the line segmeS8tshat approximate
the edges. The line segments are clustered together based on thguar
coe cient and, then, on the distance between parallel lines. & each cluster
the method creates a line that represents all the line segmernits the clus-
ter. The intersection of the lines divides the map in a smallerraa, called
faces To label the faces corresponding to the di erent rooms the ntieod
implements DBSCAN, which assumes that adjacent faces that are septed
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by an edge corresponding to a wall should belong to di erent roas, while
adjacent faces that are separated by an edge not correspondiegany wall
should be grouped together in the same room. The weight is comted to the
probability of having a wall along the considered edge, greatweight means
a greater probability. To group the faces in di erent rooms he method uses
the DBSCAN algorithm, to start the algorithm it needs a local a nity ma-
trix A. To obtain the matrix it needs an a nity measure L between all pair
of faces, and it is de ned as:

8
3e Wt %= iff 6 f%andf andf are adjacent

Lf;fozél iff = f0 (2.1)
-0 otherwise

where is a regulation factor. From the matrix L it is derived the matrix A
asA=D L, whereD = dlag( ] -1 Lij ) with n number of faces. DBSCAN
takes the A matrix and groups together faces that are close to each other
based on the space represented by the matrix.

How we have said, the ability to acquire and represent spatial kadedge
is fundamental for mobile robots operating in large, unstriared environ-
ments. Such knowledge exists at multiple levels of abstractipfrom robot's
sensory data, through geometry and appearance, up to high-&\semantic
descriptions. Many robotic tasks need to extract the featured the explored
map to label spaces and have a higher-level abstraction of theam Prono-
bis et al [42] proposed a probabilistic framework to allow to learn absict
models of the environment. This approach is based on SPNs (SumeBuct
Networks) and deep learning to acquire knowledge of the spateatvironment.
Sum-product networks are probabilistic deep architecturethat present sev-
eral advantages compared to probabilistic graphical modelthis is due to
the fact that SPNs represent joint or conditional probability dstribution
with partition functions and involve a polynomial number ofsum and prod-
uct operations, resulting in a less complex and exact inferendérom Poon &
Domingos [40] SPN can be de ned as a rooted directed acycliagh whose
leaves are the indicators and whose internal nodes are sums gndducts.
Each edge emanating from a sum node has a non-negative weight éxam-
ple of SPN graph is in Figure 2.7).

To build the SPN they create a random structure obtained genetiag nodes
based on random decompositions of a set of random variables teate mul-
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Figure 2.7: An example of SPN for a Bayes mixture moéléX 1; X 2), image from [42].

tiple subsets, the algorithm is recursively run until each subses ia singleton.
The inference of the SPNs is accomplished doing a single pass tlgiodhe

network, once the indicators are set to show the evidence, theward pass
will return the probability of the evidence to the root node. The method of
inference can also be obtained from selective SPNs using MPE iefece [40].
To learn the SPNs, it is used a hard EM to obtain the weight, the methd

takes training samples as evidence (E step) and updates the gigibased on
the inference (M step). To represent the local environment isiused DGSM
(deep generative spatial model), a probabilistic deep modédidt learns a joint

distribution over spatial knowledge represented at multipledvels of abstrac-
tion. To support real-time applications, the robot relies ondser-range data
to present as input a 5m radius particle Iter grid map around te robot.

The polar grid, a circular grid, is divided into 8 parts of 45degree views,
for each view a random sub-SPN is generated, recursively burdia hierar-

chy of decompositions of subsets of polar cells in the view. Thebs8PNs
are nally combined to obtain the root of the network, that represents the
semantic class of the place (Figure 2.8).

Ambrus et al. [5] proposed a method for automatic reconstruction of 2D
environment from unstructured point clouds, a set of data poirst in space,
generally produced by 3D scanners. The system is divided into @érent steps
(Figure 2.9):

-Primitive Detection, using the method of Schnabedt al. [45], which detects
primitive shapes in an unordered 3D point cloud.
-Wall and Ceiling Detection for the identi cation of the ceiling primitives
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Figure 2.8: An example of local environments labeled in dirdgreategories, the rst
column contains the corridor, the second column is the recagdidoorways, the third
and last are respectively the small rooms and large rooms, imeaga {40].

Figure 2.9: Overview of the automatic reconstruction of 2Dveonment, image from

[5].

the points are projected in a 2D grid, for each point of the gdi it is found
the corresponding point in the point cloud with the highest Z cordinate, the
walls are de ned as patches of points that stretch from the ooto the ceiling
and are perpendicular to the oor, each wall candidaté® is represented as
P=( ﬁ;p), where fi is the normal to the plane andp is the distance from
the origin.

-Opening Detection an opening is an empty space contained within planar
walls that satis es the required size and shape. To identify thesailing all the
points of the point cloud are projected on the XY-grid, for eaclyrid occupied
by at least a point the 3D point belonging to that cell with the hghest Z
coordinate is selected. The selected points generate the iogl

-Viewpoint Generation the ceiling is projected on the oor plane and all
the points in the bounding box, the smallest enclosing box for aomt set,
are marked as free space, the projection of the walls are madtkas obstacle
spaces.

After having obtained the primitives, they are used to create seamtic rooms,
using a cell data structure. Acell complexis an arrangement of lines, a struc-
ture to describe how the lines partitions the map. Each wall isspresented by
a line that is most similar to the projection of the wall to the oor, for curved
walls a set of lines is used. Theoom segmentationis based on an algorithm
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considering the likelihood that two cells are in the same roonif, there is a
large wall between the cells is unlikely that they are in the sae room, if
there is a small or no wall, then the probability is higher. A cosideration

is done on the rooms and the edges dividing them, for a possiblenmging of
the rooms (Figure 2.10).

Bormannet al. [9] compares the most used techniques for room segmentation

e o =l

Figure 2.10: An example of the reconstruction of rooms, thet iage is the initial
point cloud, the second image is the initial viewpoint, theirthimage is the room
segmentation and the last one is the rooms segmentation aftergimgy, image from [5].

and provides an implementation of them. The analyzed room segntation
algorithms take a complete grid map of the indoor environmén The algo-
rithms are Voronoi-based partitioning [52], graph partitiming [10], feature-
based segmentation [37] [26] [48], and morphological segméonta[12] (Fig-
ure 2.11).

Figure 2.11. Exemplary segmentation results: the rst imageidés the ground truth
room segmentation from human labeling, the second image showpinaobogical seg-
mentation, the third image yields the distance-based segmeaatgtthe fourth is the
Voronoi graph-based segmentation, and the last shows theuesbased room seg-
mentation [9].

When exploring an environment, the robot takes informatiorto infer new
knowledge, but the information taken is often very limited,for example in
an environment the robot could create an occupancy grid anceason only
on this structure, but, as we have seen, the occupancy grid isdel only on
the oorplan of the explored environment, other objects araot considered.
But the environment is rich in information that can be used to nfer further
knowledge. Pronobiset al. [41] proposed a method for semantic mapping
using heterogeneous modalities, such as object observations,pehasize, the
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appearance of rooms, and human inputs to create a semantic maptoe
environment. In this work two types of representation are proosed: (1)
Spatial Knowledge Representatioand (2) Conceptual Knowledge Represen-
tation. The structure of the spatial knowledge representation represted
in Figure 2.12 comprises four layers, each focusing on a di etelevel of
knowledge abstraction. The abstraction is obtained omittingsome details
and highlighting others for a less complete but more schematand simple
representation. The lower level is thesensory layey which keeps a precise
representation of the environment, corresponding to the metr map. Over
this level there is theplace layer that represents the place, a discrete area ob-
tained discretizing the continuous space, paths, connectiobgtween places,
obtained from the traveling robot, and placeholders, hypotsized places in
the unexplored regions, of the map. Then, theategorical layerthat contains
categorical models, that represent spatial properties (room ape, geometri-
cal model,...). The highest level is theconceptual layer it contains the in-
stances of spatial concepts and it relates instance knowledgenh the lower
level to general common sense knowledge (kitchens normallyn@on cereal
boxes). The semantic map in this work considers the properties space
of the environment. The properties of space can be perceives attributes
characterizing spatial entities or can be connected to humasoncepts. The
system proposed assigns di erent types of properties to each ptac

objects it de nes the expected/observed number of a certain objechi
a particular place.

doorway, de nes if a place is a doorway

shape geometrical shape of a place

size the size of the place (small, large, ...)

appearance visual appearance of the place (o ce-like appearance)
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Figure 2.12: The four levels of abstraction in the spatiabkviedge representation [41].

In Figure 2.13 it is shown the data ow of the system, rst a SLAM al-
gorithm creates a metric map of the environment, unexplorecegions are la-
beled with placeholders, indicating potential locations tat can be discovered.
The rooms are segmented based on the doorways, knowing that raoim an
indoor environment are usually separated by doors. The robottshservation
is continuously classi ed to reason and compute probabilistic farence.

2.3 Prediction of indoor environment

An interesting problem in robotics is to join other forms of knwledge with the
information gathered from explored maps. This knowledge care obtained
processing the information of the explored maps and inferringew informa-
tion, or they can be obtained from datasets of prior explored aps to obtain
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Figure 2.13: The architecture of the system [41].

general knowledge. The advantage of this information is thpossibility to
nd speci ¢ patterns on the map to make assumptions and predictins on
the unexplored area of the environment. Recent approaches the predic-
tion of unexplored regions in an indoor environment can beadsi ed into two
main categories: (1) online-prediction approaches and (2)ire-prediction
approaches.

2.3.1 Online-prediction approaches

An online-prediction approach consists in predicting the ungtored areas
and, simultaneously, mapping the indoor environment. Normallthese ap-
proaches are used to make the mapping more e cient [18], assurgithat the

prediction is right and, then, optimizing the strategy to expore the predicted
area in less time. The prediction can also be used to reach a specgoal
in a faster way. All these techniques use the concept of frontiets analyze
where the unexplored areas are situated.

2.3.1.1 A posteriori methods

A posteriori methods consider only the present information orhe map, the
robot has no knowledge before the starting of the analysis. A lof a poste-
riori methods use SLAM as the method to analyze the environmentn an
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unknown environment, the robot doesn't know the map in advare; in this

situation the agent has to compute a solution on how to move intthe envi-

ronment. A lot of proposed techniques for the prediction of # environment
exploit explored map information for extracting informaton and predicting
unexplored regions. In the last few years di erent solutions fthbeen pro-
posed to further improve the prediction and having better inégration of the
inferred information on the strategy. These solutions take imt consideration
not only the direct information of the explored map but also tle prediction
of the unexplored areas. One of the rst works was the P-SLAM (prection-

based SLAM) [16] method, which has an environmental structurer@dictor

to predict the structure inside an unexplored region (Figure .24a). The
predictor is based on the inspection of the border of an unexpéu area and
on its comparison with the explored area. If the explored ardaas repeated
structures, the mobile robot can use the prediction as a virtuainapping

and decide whether or not to explore the unexplored area todrease the
e ciency of the exploration. To predict where the unexplorel region is, P-
SLAM uses an occupancy-grid map, allowing to easily di erentta between
explored and unexplored areas. First, the method selects a tatgfrontier

cell to predict, also the target cell needs to be the next possebexploration
goal, a cell of this type is selected to guarantee that there an unexplored
region near. Second, it collects the structure informationear the target re-
gion, the region that has a maximum distance af from the target cell, then
it searches in the explored area if there are structures simil&r the one near
the target region. Finally, if a match exists it generates a hyothesis about
the structure of the target unexplored area (Figures 2.14b an2.14c). After
the prediction, the robot uses the information as a virtual mp, it can decide
if it is useful to explore the target unexplored area or if it isconvenient to
not explore that area and save time.

Other works for the prediction of the unexplored region haveerged the
information of the explored region with the information of noving objects
inside the environment. Some works have extended other metteobased on
SLAM, like SLAMMOT (Simultaneous Localization and Mapping ard Mov-
ing Object Tracking) a SLAM algorithm that adds to the classic functional-
ities also the tracking of moving objects inside the environmés. In [18] the
robot not only runs the SLAMMOT, but simultaneously predicts the unex-
plored region of the environment and the trajectory of movig objects. The
main reason to add the prediction of the trajectory of moving lgjects is that
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P-SLAM

SLAM Mapping @

(a) Di erence between P-SLAM and (b) Occupancy grid (c) Extraction of the
SLAM map features

Figure 2.14: P-SLAM method, image from [16].

most of the time the moving objects will follow the paths of thanap. These
considerations can permit the robot to predict the map structte. The road
prediction and target tracking is performed simultaneously écause some pre-
vious research demonstrated that the estimation of road curvend moving
object motion simultaneously can get better performance thaestimating
them separately [23].

Figure 2.15: Example of predicted intersection of incomplatads, image from [18].

Figure 2.15 shows the incomplete road skeleton and the predidtinter-
section of the roads, the prediction is obtained analyzing theattern of the
incomplete roads and the intersection is the point where thénes of the in-
complete roads cross. For the trajectory prediction, the roliextracts from
the map the possible goals of moving objects and estimates theweight
from the observation. This method showed that it can enhance éhtracking
performance and e ciently predict the map structure.
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2.3.1.2 A priori methods

A priori methods consist of techniques that keep into consideian other

information before the starting of the mapping, this informéon can be kept
in a database and used to allow the robot to possess a priori knowded
before the building of the map. A novel approach was proposeq I5trém

et al. [51], where it is proposed to predict the structure of the enranment

in the unexplored region relying on previous information ajpired from past
explorations. This method looks for similarities between theurrent explored
map and past explored maps stored in the database, in order to pliet the

unexplored regions (Figure 2.16).

Figure 2.16: The left image shows the query map, the other oresliest four matches
from the database, from [51].

This exploration system uses this predictive approach to evadte the
frontiers as possible next goal for the exploration. Using the ediction, the
next goal is selected from the frontier that is more likely todad to a loop
closure in the map, to reduce the uncertainty in the robot bedif. Following a
similar principle Caleyet al. [13] presented a deep learning-based approach to
predict exit locations inside buildings exploiting inherenbuilding structures.
Their approach was based on a neural network trained using a ddtase of
buildings. Starting from a random room located inside the builing the robot
must nd in the map the exit using a frontier exploration strategy [59]. The
frontier closer to the predicted exit is chosen as the next go&dr the explo-
ration. The robot kept exploring the map, adding new inform&on for the
prediction of the exit, and updating the frontiers until the exit is found. The
optimal solution for this problem is to nd the exit inside an unknown build-
ing minimizing the coverage of the explored map (Figure 2.17The CNN
(convolution neural network) reduces the amount of buildig exploration re-
quired to nd the goal by 36%.

Luperto et al. [35] proposed a method to predict the global structure of
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Figure 2.17: An example of the CNN's ability to predict exitktion. The gray squares
are the true exit location, the white squares are the CNN'sireated exit location,
image from [13].

an environment dividing the corresponding graph of the map iamaller sub-
graphs that are clustered according to similar characteristic The input is
a semantic map, a undirected graplc = (N;E) wheren 2 N is a room and
each edgee=(n;n9 2 E is a connection between two rooms;n°2 N. The
problem that they addressed was: given a database of oorplangresenting
a particular building type and a partial semantic mapG, predict a semantic
map GPthat contains G and that is most similar to the maps in the database.
The nodes are labeled in two levels of abstraction, at the topVel, the nodes
are divided into only two groups: (1)Room, a space in which an activity is
performed, (2) Corridor, a space used to connect other spaces. In the lower
level of abstraction, the label of the node describes the indiual node func-
tion, for example, classroom, laboratory, bathroom,... The ethod is divided
into two steps: segmentationand clustering In the segmentation each graph
G =(N;E) is divided into smaller not overlapping subgraphS = s1;sp;:::,
the segmentation aims to identify the functional areas of theemantic map.
Functional areas are groups of neighboring rooms with a sim@il function in
the building which are connecting to corridors Figure 2.18.

To segment the graphs two unsupervised methods are used, rst, tiNor-
malized Cut spectral method [47], the second methods dependstbe par-
ticular domain based on the distinction between Rooms and Cadors. For
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Figure 2.18: An example functional areas, on the rst image tberridors are high-
lighted in green, in the second image the map is divided intoctional areas, and the
third one represents the functional graph of the oorplamage from [35].

the clustering method ana nity value is computed, for each pair of sub-
graphss;i;s;j, the anity value (sj;sj) measured the similarity between the
two subgraphs using graph kernels methods, considering both thegpologi-
cal structure of the two subgraphs and the labels of their nodeJo cluster
together similar subgraphs it is used the nity propagation clustering al-
gorithm [25]. The information obtained from the previous miod can be
sampled for generating new graph samples representing partstioé build-
ings. To obtain the samples the method is divided into four steps:

1) Cluster con guration sampling it returns the composition of the sampled
graph, de ned as the number of subgraphs for each cluster presen the
sampled graph.

2) Functional graph samplinga sampled functional graph is computed from
the cluster con guration.

3) Subgraphs sampling speci ¢ subgraph for each node of the sampled func-
tional graph is selected.

4) Node connections samplingthe nal semantic map is obtained from the
functional graph.

One of the possible applications of this approach is predictinthe environ-
ment during the exploration of the robot, moving through a coidor and
exploring every room it is connected to, simultaneously precting the con-
guration of the subgraph, then when all the rooms connecteddtthe corridor
are explored the robot goes to the nearest corridor and restarthe previous
strategy.

Smith and Hollinger proposed a technique for distributed multrobot ex-
ploration based on map inference [49]. The proposed method usekbrary
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of map structures to infer the unobserved portions of the map te ciently
explore an environment. The inference proposed in this work composed
of two components: (1) a heuristic-based perimeter predictipno estimate
the bounding box of the explored environment, and (2) structal inference,
used to infer internal map structure. The rst step of the algoribm is to
estimate the outermost boundary of the explored space, to reselthis prob-
lem it is used a heuristic method that starts by identifying the onvex hull,
the smallest convex set that contains a shape, of the explored @nment,
then unobserved portions of the environment are found using agbabilistic
Hough line transform, obtaining unobserved connections beter observed
wall segments. The wall-lines are then extended in the unexpéa regions
of the map, the extended lines intersection are possible coraesf the map.
Finally, the convex hull of the observed portions of the map isbtained,
this result is considered the predicted perimeter of the map. e structural
inference uses the predicted perimeter and the explored emriment to in-
fer unexplored regions of the map. The inference is perfortheimulating
a sparse 369 laser range scan at a random point in the already observed
environment, if all the cells seen by the laser are observed thannew en-
try is added to the library, if, instead, some cells are unobsesd the library
is searched for the entry that maximizes the probability of hang gener-
ated the laser range scan at the speci c pose, comparing the possibhtries
with the observed cells of the simulated laser scan, the optimattey is then
added to the map (Figure 2.19). The exploration is then coondated using

Figure 2.19: An example of the method taking as an input a partjad map and
predicting the image of the room from [49].

a market-based approach, this approach is set to prioritize éhexploration of
cells predicted to be free, giving to that areas a higher rewh This method
of exploration outperforms the frontier based exploration fol 7%.
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2.3.2 O ine-prediction approaches

An o ine-prediction approach consists of predicting the unexjored areas of
a partial map at the end of the navigation. With the increasingof robotics
tasks required to analyze indoor environments, it was deemee@gessary to
understand these types of environments more deeply. Aydenat al. [7] con-
ducted a study of buildings, to investigate the spatial knowleds of indoor
environments. The research was conducted on 38000 rooms, théhats rep-
resented each oorplan as an undirected graph having nodesr@sponding
to the rooms and edges corresponding to doors being connetsidoetween
rooms. To each node it is assigned a label, this label is the categ of the
room (corridor, o ce, lab, stairs...). The problem formulation of this re-
search was to predict the rooms connected to a given incompmeborplan,
to resolve this problem they created a discrete probability dtribution which
determines how likely a node or an edge is connected to a padiar point of
the partial graph. Analyzing the oorplans they found that in some cases the
nodes form densely connected subgroups, to indicate the valughwvhich the
graph tends to form subgroups they used thelustering coe cient (Figure
2.20).

(a) high clustering coe cient (b) low clustering coe cient

Figure 2.20: Two examples of graphs with di erent clusteringe cient, image from

[7].

They extracted frequently occurring subgraphs from the dataet using
the gSpan algorithm [60]. To predict the unexplored regionhe input graph
is split in smaller, overlapping subgraphs, the subgraphs are cen taking
into consideration the frequently occurring subgraph datasetFor each sub-

30



graph obtained they determine the probability of adding nods or edges, the
probability is de ned as a function of the number of times thesubgraph
with the adding node (or edge) has been seen in all the alreadpadyzed
graphs. Then, all the results of the subgraphs are combined to tain the
nal solution of the input graph.

Luperto et al. [36] conducted a study on map prediction starting from
a partial grid map of an environment. The starting grid map is onsidered
a partial map if it has some frontiers inside. The starting methd is the
same as [34], but the rooms are divided into two categories: (&pmplete
rooms, rooms composed of only complete faces, and (®rtial rooms, rooms
composed of at least a partial face. Apartial face is an area of the map
that contains a frontier, a complete faceis an area of the map that doesn't
contain any frontier. To predict the layout of partial roomssome unobserved
faces are added to the observed faces of the room, in order toxinaize
an objective function that represents how well the new layoubf the room
matches the known environment (Figure 2.21).
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Figure 2.21: An example of the method taking as an input a partjad map and
predicting the rooms, image from [36].
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Chapter 3

Problem formulation

3.1 Prediction problem

After the autonomous exploration of a generic environment ghuser obtains a
map generated by the robot. The map, ideally, should represetite explored
environment perfectly, but, in some cases, the generated mapedonot con-
tain some information present within the environments This iformation loss
can happen for di erent reasons, for example, the robot has naompletely
seen an environment, and some parts behind an obstacle can bedeid and
not perceived by the sensors of the robot, presenting on the map anex-
plored area in that region or the environment can have some obstes that
prevent the robot from exploring some areas. A solution to infehe missing
information of the map is to use a prediction technique to obia a likely
representation of the missing parts of the map. In this work, weotus on a
particular type of prediction, namely to infer new knowledg about missing
and unobserved portions of the environment directly from thenetric map
generated by the exploration. To do so, we build on the approlamf [36],
where it is presented a prediction method to complete the layb of partially
explored rooms, expanding this solution to predict not only pas of rooms
but entire rooms and their layout without having observed anyart of them.
Figure 3.2 shows the di erent steps of a method for the predian of the
unexplored area of the environment. The prediction methodakes as input a
partial map, normally an occupancy grid map or a topologicahap, obtained
from the exploration of the robot. The prediction method anbyzes the map
received as input and, during the analysis, di erent featuresre extracted
from the map. One of the most important information to extract consists
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(a) The initial map with a room partially (b) The prediction (in blue) using the
explored de ned by a frontier (in red) method in [36] on the partial room, in red
the ground truth room
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(c) The initial map with a hidden room (d) The prediction (in green) using our
behind a closed door (in blue) method on the closed door, in red the
ground truth room

Figure 3.1: Our method and the method in [36] compared in the sameirenment
and with the same room to predict.

of the regions that are connected directly to the unexplorecegions, in the
case of an occupancy grid, these regions are called frontiersgions of the
map between a free area and an unexplored area. Some featueshe map
to look for depending on the particular method, for exampleif can search
for similarities in a graph [7] or it can extract the layout of he explored
rooms [36]. After the method has obtained the needed informah from
the map, it creates potential predictions to complete the péial map. The
potential predictions can be obtained using the explored reans of the map,
as seen in [49], or from a database of prior explored environngn Every
potential prediction is evaluated using a utility function that measures the
likelihood that the prediction corresponds to the real envonment in the
unexplored region. The predictions with the highest value arretained, and
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Figure 3.2: Steps for a predicting method.

the rest are discarded.

3.2 Purpose of this thesis

During the mapping phase, some areas of the environment can b®adces-
sible, these areas will not be explored by the robot and represed on the
generated map as unexplored areas. The robot in these cases calfect
other information to determine the possible shape of these areas.

The purpose of this thesis is to develop a method to estimate thaybuts
of the inaccessible areas due to closed doors in an indoor erwinent that
hinder the robot in exploring some rooms. Our method predictde position
of the rooms and their layouts given as input the collected formation ob-
tained by the robot during the exploration, in this case, thedcation of the
closed doors.

We start from a previously developed method [49] that addressedanilar
problem, namely predicting the shape of partially observed oons during ex-
ploration for map building. We extend the aforementioned ntaod by adapt-
ing its approach to work also for a di erent type of map to be anlyzed and
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for predicting a di erent type of missing knowledge. In severahpplicative
domains of autonomous mobile robots, the map of the environmteavailable
to the robot could represent only a subset region of the envirorent; this is
because the exploration of the environment in not completedhd there are
other regions that the robot could have explored. Typicallythe partial map
contains di erent frontiers, namely boundary regions betwen the explored
and unexplored areas, that indicate where the robot should gm tacquire
missing knowledge about the environment and where to start therg@diction
of the unexplored regions. In our method we tackle a di erentyet similar,

type of problem, namely the problem of reconstructing the fulmap from a
map that contains closed areas (Figure 3.3) that could be seew the robot
during the exploration. In this case, the map we work with is nba partial

map, but a complete map. The map does not contain frontiers dnwe have
no information about the parts of the map that are missing, exg# the fact

that they should be present as inferred from the presence of clds#oors, for
example.

Figure 3.3: An example of a not completely explorable envirommehere the red
parts are hidden areas.
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Chapter 4

Proposed solution

In this chapter, a solution to the problem presented in ChapteB is described.
Our solution is developed using the Robot Operating System (RS ex-

ible framework for writing robot software. In Section 4.1 weidt all the as-
sumptions we consider when using our method, in Section 4.2 wéraduce
all the speci c terms used to describe particular objects in oumethod, in
Section 4.3 we describe how our method works at a high level dfs&raction
and each module used in our method is explained in detail.

4.1 Assumptions

Environment The rst assumption is on the features of the environments
we are working with, the environments are static, they do notlange over
time, and include only indoor environments over a single oorThe indoor

environments we use in this thesis are uncluttered, there ar® pieces of fur-
niture inside them. In the environment not all the free areasan be explored
by the robots, these free areas are completely isolated and th@bot has no
way to perceive them.

Map The map of the environment is an occupancy grid map, the orition
of the map must be such that most of the walls are horizontal or vical
(Figure 4.1), we assume to have a method to detect the main ortetion of
the walls so to automatically orient main vertical and horizatal walls along
the main X and Y axis of the map.
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(a) A correct map with the right orientation. (b) A map with the wrong
orientation that should be
corrected.

Figure 4.1: An example of two maps having di erent orientatin

Closed areas The third assumption is on the unreachable areas inside the
environment. We assume that each unseen area corresponds to alsingom
and this room has the characteristic to possess only a single doéiigure
4.2).

Closed doors As we said in the third assumption, the closed areas are
rooms with only a door, and the rooms not observed by the roboteed to
have their doors closed. In a real-world exploration, therera di erent mod-
ules to perceive the closed doors in an environment, [22] ar89] are some
proposed modules to detect doors in a real environment. In thithesis, we
used, especially, maps obtained from exploration in simulateghvironments.
In the simulation we assume to have the coordinates of the closedads of
the environment. Our work uses XML les, that represent the state bthe
environment, to know the locations of the doors.

4.2 Terminology

In this section, we de ne some words used in our method to represapeci c
actions on the map.

Hidden room : is the room behind the closed door that cannot be perceived
by the robot during the exploration.

Run : is a single analysis on a map to predict the layout of the hiddemmooms.
Batch analysis : is a set of runs with a particular characteristic, the runs
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(a) The initial environment. (b) The environment with closed areas.

Figure 4.2: An example of how the assumption of closed areaksvor a general
environment, in the rst image represents the original enviroent, in the second
image displays (in red) the areas that could be closed due tingls closed door, and
that may be unaccessible to the robot. Our method focuses onpfesliction of these

rooms.

have to be applied on multiple maps that are created as the elpation of the
same environment, but with increasing number of closed doors. i formed
of multiple runs from 1 to n closed doors, the closed doors are incrementally
closed and they cannot be reopened. An example of the maps useditoa
batch analysis is represented in Figure 4.3.
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(a) The full map of the environment, in (b) The map of the initial environment
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(c) The map of the initial environment (d) The map of the initial environment
with two closed doors (and a two hiddenwith three closed doors (and a three

rooms).

hidden rooms).

Figure 4.3: An example of a set of maps used to do a batch analyfsés rst image
is the map of the environment without closed doors, the secotidrd, and fourth
images are, respectively, the maps of the initial environmeithwne, two, and three

closed doors.

4.3 General Overview

To obtain the prediction of the layout of closed areas we canwdde our so-
lution into di erent distinct sub-tasks, as seen in Figure 4.4.
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Figure 4.4: The general overview of our method.

Ground Truth/Map Translation is a subtask that trans-
lates the positions of the closed doors in the ground truth envi
ronment to the positions of the closed doors in the map. This
process needs to be performed because we tested our method on
simulated environments, in a real environment the closed doors
are recognized by the robot during the exploration.

Features Extraction is a subtask that extracts, from the map,
the characteristics we are interested in. The subtask produces
the walls, a grid map to work with, and the layouts of the rooms,
using a room segmentation method.

Closed Area Layouts Prediction produces the prediction

of the layouts of the closed areas. It nds the smallest unseen
areas closest to the closed doors and resizes them applying a
utility function.

Insertion of Predicted Layouts adds on the initial map the
layouts of the predicted rooms.

Performance Evaluation evaluates the performance applying
intersection over union (IOU) on the outputs compared to the
ground truth.
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4.3.1 Ground Truth/Map Translation

As described in Chapter 3, our method predicts closed areas stag from

the corresponding closed doors. Normally, when exploring an @mnment,

the position, in which the robot thinks to be, does not correspa to its

real position. Moreover, dierent kinds of noises can cause thdi erence

between the real environment and the map created using the dmpation.

Therefore, the positions of the closed doors in the map do notrcespond to
their positions in the environment. In a real exploration ths is not a problem,
because a robot equipped with a camera can easily detect thesad doors
during the exploration, in our case, working with simulated evironments, we
need a method to translate the position of the doors from the emenment

to the map. We need to create a translation between the grounduith

environment and the map, this translation is needed for the eation of an
oracle to directly translate the ground truth location of the door to the

corresponding map position. To obtain the coordinates of thdased doors
in the map we need three pieces of information:

Positions of the closed doors in the ground truth
Exploration path of the robot in the ground truth
Exploration path of the robot in the map

Positions of the closed doors in the ground truth , to know the posi-
tion of the doors in the ground truth we use the XML le that represents the
explored environment of the simulation. The XML le contains d the infor-
mation to describe the environment, for example, the shapes thfe rooms,
the positions and lengths of the walls and the positions of theodrs. In
Figure 4.5 two types of lines (named linesegment) of the engimment are
represented, the rst line is a wall, as we can see in the tag <classthe
second line is a door, as we can see in the tag <class>, the door hdsoa
one tag more compared to the wall, the tag named <status>. Thisdg is
the indicator of the status of the door, it can be CLOSED or OPEN. Ewy
line contains the position in the environment, this position s indicated in
the tags <point>, the wall has two di erent points that corre spond to the
extremes of the line, conversely, the door (called portal irne XML) has only
a single point position, that corresponds to the center of the @w.

42



-<Space_representation>
—<linesegment id="6d551b0e-11{d-4{56-a981-dcha58d7399¢e">
<point x="29"y="271"/>
<point x="123" y="271"/>
<class>WALL</class>
<type>EXPLICIT</type>
<features>NORMAL</features>
</linesegment>
—<linesegment id="58c2{730-0b45-46b6-accd-2d3951597579">
<point x="123"y="271"/>
<point x="123" y="271"/>
<class>PORTAL</class=>
<type>EXPLICIT</type>
<features>NORMAL</features>
<status>CLOSED</status>
</linesegment>

Figure 4.5: A snippet of an XML that contains the informatiorf the environment.

Exploration path of the robot in the ground truth , to know the
exploration path of the robot in the ground truth environmern we used an
estimation of the real position of the robot provided by the simiator, saved
in di erent time steps of 0.1 seconds, obtaining a discrete trag¢ory of the
robot in the environment.

Exploration path of the robot in the map , to keep track of the
position of the robot in the map we used, during the explorationa listener
node in ROS. This node stores the discrete positions of the robhatthe map,
position estimated by the robot, in time steps of 0.1 seconds, usiaglynamic
transform from the map to the base link of the robot.

These three pieces of information just described are always peat if,
while the robot explores an environment, we keep track of gnad truth and
map trajectories using the methods explained before. To tralate the envi-
ronment positions of the closed doors to the corresponding mapstions we
check, for every door, the environment position of the robothat was closest
to the position of the closed door on the environment. After we tmd the
closest position, we extract the time step of the corresponding gition, and
we nd the position (X, y) of the robot on the map during the same ime
step. Then, we add to the found position of the map the di erencbetween
the position of the closed door and the closest position of the rabim the
environment to obtain the position of the closed doors in the npa(Figure
4.6). In a more formal way:
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di the closed door

r the robot

M, (t) function to represent the estimated position in the map of the
robot at time t

GT, (t) function to represent the correct location in the environmet of
the robot at time t

Mg, function to represent the estimated position in the map of the dar

GTy, function to represent the correct location in the environmenof
the door

The position of the closed dood; in the map is calculated as:

Mg = M (tmin )+ (GTd  GT (tmin))

Where tmin IS the value that minimizes:

JGTg  GTi (1)
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(@) The map of the environment with the position of all the doors (in red),
taken from the environment.

(b) The map of the environment with the position of all the doors (in red),
calculated using the presented method.

Figure 4.6: An example of the positions of the closed doors map before and after
the translation.
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4.3.2 Features Extraction

The algorithm for features extraction is a derivation of theone presented
in [34] and [36]. We take as input an occupancy map or a png leghe

algorithm converts the input in a greyscale image where whiteepresents
the free cells, grey represents the unexplored cells and blaepresents the
occupied cells (walls).

Lines identi cation and bounding box The rst procedure we ap-
plied on the map is a Canny edge detection [14] to identify theoundaries
of the map, simplifying the examination of the image and decasing the
data to process, it also lters the noise of the map, recognizingity the true
edges. Then, the Hough line transform [32] uses the result of ther®g edge
detection to convert the edges perceived into line segmentspresenting the
walls in the map. In Figure 4.7b it is shown the result of Canny athHough's
algorithms applied on a map. Then, we can set the boundary box our map
extracting from the lines the maximum and minimum values (Fgure 4.7c).
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(@) The original map of the environ- (b) The map of the environment with
ment. the lines recognized by the Hough algo-
rithm (in green).
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(c) The map of the environment with
the frame of the bounding box (in red).

Figure 4.7: An example of di erent features extracted by theginal map.

Wall extraction The goal of wall extraction is the clustering of walls
with the same characteristics. To obtain the clustered walls, twalgorithms
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are applied to the lines recognized by the Hough method. Firsip the walls
it is applied an angular clustering namely, assigning to each line its angular
coe cient using the mean shift algorithm [19]. Lines with similar angular
coe cients are clustered together and lines with di erent argular coe cients
belong to di erent angular clusters. In Figure 4.8b we can see ¢hangular
clusters of the walls, where walls belonging to the same clustaearouped
with the same color. After having divided the walls with angulaclustering,
it is applied the spatial clustering an algorithm that, for each angular cluster,
groups the lines according to their spatial separation. Twores in the same
angular cluster are in the same spatial cluster if the distance be¢en the
two parallel lines is lower than a certain value. In Figure 8¢ it is shown the
walls clustering after applying angular and spatial clusterig.

\ B

; L LTL — b | 4

| L}

|

it»-=a aal Lo iﬂ e 4 i j —

(@) The lines recognized with the(b) The lines grouped in angular clus-
Hough algorithm. ters.
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(c) The walls recognized in the map.

Figure 4.8: An example of the di erent steps for the walls exdtion in a map.

Extended lines The extended lines are lines generated to create a sim-
pli ed structure of the map. Itis based on [15], where the map isepresented
as a grid. For each wall obtained in the former step, a line thatepresents
the wall is generated. All the generated extended lines arertieal or hor-
izontal, no oblique lines are added in our method. This lineds the same
angular coe cient and the same spatial position of the wall thatis gener-
ated from, E is the set of extended lines found using the walls. But, for this
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thesis, the method is expanded to generate extended lines notybased on
the walls perceived in the map (Figure 4.9a), but also based ohe closed
doors (Figure 4.9b). From the assumptions in Section 4.1 we ded that
beyond each closed door there is an independent room, knowitigs we
can generate other extended lines to divide regions that wadw belong to
di erent rooms using Algorithm 1. Algorithm 1 analyzes for eachpair of
doors from the set of closed doorB if it exists an extended line that is
between the two doors. At the start of the algorithmfound_segis false be-
cause no extended line has been found, then the position of tveotanalyzed
doors is checked, if the distance between their X coordinatesgreater than
the distance between their Y coordinates theoosition is set to horizontal
(O), in the other case is set to vertical (V). Theposition is the indicator of
the type of extended lines the algorithm is searching for theagnr of closed
doors, if the value is V the extended lines that have to pass beten the
two doors needs to have an angulation nearer to be horizontddan verti-
cal. The algorithm searches for each extended line in the set ettended
linesE if exists lines that satisfy the two conditions: passes between tih&o
doors and has the right angulation (greater or smaller than ahteshold T,
set to 0.78 rad), if both the conditions are satis ed thefound_seg value is
set to True. If an extended line that satis es both the conditions does not
exist the algorithm creates a newly extended line that is pex€tly horizon-
tal or vertical, based on the value ofposition if it is O or V respectively.
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Algorithm 1: Extended lines of hidden rooms.

for di 2 D do

for de2 D do

if di 6 de then

found_seg = False;

if jdi:x deXj<jdi:y deyj then

| position = O;
else

| position = V;
end
for g 2 E do

if position== O and g: T then

if (g:y>dijyoreg:y>dey) and (g:y <
di:y or g:y <dey) then
| found_seg = True;

end

end

f positon==V and g: T then

if (g:x>dj:xore:x>dex) and (g:x<
di:x or gj:x <de:Xx) then
| found_seg = True;

end

end

end

end

if found_seg == False then

x_avg = (di:x+ de:x)=2;

y_avg = (diiy+ deiy)=2;

if position ==V then
| E = addExtendedLineHorizontal(x_avg, y_avg, E)

else
| E = addExtendedLineVertical(x_avg, y_avg, E)
end
end
end
end
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(a) Extended lines using only the informa- (b) Extended lines using the information

tion of the walls, in green are shown theof the walls and the positions of the closed

positions of the closed doors. doors, the ground truth hidden rooms are
shown in blue.

Figure 4.9: The extended lines of a map before and after cargig the positions of
the closed doors to add new extended lines.

The method also adds four extended lines outside the exploreegions,
these extended lines don't touch any white pixel and are at a ed distance
from the bounding box of the explored regions, these lines aralled bound-
aries, in Figure 4.9 they are the four extended lines at the borders.

Cells structure The extended lines created with the former process
transform our map in a grid, the map is divided into smaller spasethat
we call cells A cell is a polygon having asdgesthe segments obtained by
the intersections of the extended lines. The cells that are aihed by the
intersection of at least a boundary line are calleborder cells

Cells classication After having obtained the cells, we need to know
which cells correspond to an area inside the environment and igh ones are
outside the explored regions. We divide these cells into two gnps: IN, the
cells that are considered to be inside the environment, ar@dUT, the cells
outside the environment. Each cell is compared to its relativeegion of the
map, that region of the map contains a certain number of pixg] from the
region is taken the percentage of unexplored area as grey giscdivided by
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total pixels, and if the percentage is greater than a threshol(80%) then the
cell is OUT, in the other case is IN. Figure 4.10 shows the di erenphases,
from the map to the classi cation of the cells.

U
. —

] Ll = BEN |

| J | |

(a) The original map obtained using explo- (b) The extended lines of the map.

ration.

(c) The cells classi cation of the map, the
IN cells are yellow and the OUT cells are
grey.

Figure 4.10: An example of the steps to obtain IN and OUT cells.

Room segmentation After knowing the abstract structure of our en-
vironment we group the cells belonging to di erent rooms. We sed the
DBSCAN algorithm [24] to cluster the IN cells, each cluster corsponds to
a di erent room. The cells are analyzed keeping in consideiah that cells
separated by a wall are unlikely to belong to the same room andlisewith
no wall between them are likely to belong to the same room. Giéwo ad-
jacent cellsc, ¢ and a metric weightw, w(c;ce) represents the percentage
of coverage of the wall along the edge in common between theoteells, the
higher the value the higher the probability that the cells bkng to di erent
rooms. Each cell is associated with a cluster to indicate the roomkelongs,
cells with the same cluster value are grouped to create the roemFigure
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4.11 shows the algorithm DBSCAN applied on a map.

(a) The original map obtained after explo- (b) The DBSCAN clustering of the cells.
ration.

(c) The rooms created grouping the cells
with the same cluster value.

Figure 4.11: Rooms segmentation in a map.

52



4.3.3 Hidden Rooms Layouts Prediction

After having extracted all the useful information from our map we start the
prediction of the layout of the hidden rooms.

Starting cell hidden room  In order to predict the possible layout of
hidden rooms, we need to estimate the location and the positiorf them.
The rst information that we need to obtain is a possible locatio of cells
that, most probably, are behind a closed door and thus inside adden/un-
explored room. In Section 4.3.1 we calculated the position$ thhe doors in
the map, the doors are the only information we can use to predithe hidden
rooms. The information on the positions of the closed doors is digk but
we have to project this information to our new representatiocomposed of
lines and cells. We know that the doors are positioned along a Mvan an
indoor environment, so we need to associate each closed door toealge
that represents a wall. We also know, that each closed door casp®nds to
a single room that we cannot perceive. Because of this, beyondlealosed
door there will be an unexplored region. We search for each séal doors the
closest edge that is connected to two cells: one needs to be an &\ and the
other an OUT cell (Figure 4.12b). When such an edge is found, wertsider
the center of that edge as the door and the OUT cell connected tbat edge
as the initial region of the hidden room behind the closed do@Figure 4.13).
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(a) The original map obtained after the ex- (b) The extended lines of the map with the
ploration with a closed door (in red). edge corresponding to the wall where the
closed door is located (in blue).

Figure 4.12: An example of the representation of the edge whée closed door is
located.

Hidden rooms expansion After having obtained the starting point of
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(a) The original map obtained after the ex- (b) The extended lines of the map with the
ploration. ground truth hidden rooms (in blue).
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(c) The prediction of the initial region of
the hidden rooms (in blue).

Figure 4.13: An example of the recognition of the initial regiof the hidden rooms,
starting from the map.

the hidden rooms, we start to expand these di erent rooms, only # ones
that are not in the border cells, the cells that are generatedybintersection
of at least a boundary line, to generate a good layout. The expsion is
produced checking for each hidden room the possible cells adjat to the
room that can be connected and only the ones that are not bondeells.
We divide the hidden rooms into two categories: independenidden rooms
and dependent hidden rooms. The independent hidden rooms s@@t of a
predicted hidden room that is not adjacent to any other predited hidden
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room. Instead, the dependent hidden rooms have their cellsjadent to at
least a predicted hidden room. This di erentiation is fundanental for the
prediction because we use di erent methods and di erent utity functions
based on the category of the hidden room. The categories asstazato
each room are not static, with the expansion an independent ldén room
can become a dependent hidden room. Figure 4.14 shows the typds of
predicted rooms.
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(a) The initial map with three closed doors (b) The initial cells of the predicted rooms,
(and three hidden rooms), in blue the hid- the independent rooms are blue and the
den areas of the environment. dependent rooms are red.

Figure 4.14: An example of the representation on the map of tle types of predicted
rooms.

The method for the expansion consists of evaluating for the celbf each
predicted hidden room the possible adjacent cells to add, toeate a new
predicted room that is more likely to be present in the map. Afte hav-
ing added the cells to the predicted hidden rooms we can apphgain this
method, checking if some independent rooms have become dejsam, this
is due to the expansion of the predicted rooms, some previous @méndent
rooms can have expanded and touched other rooms, or we can stbp £x-
pansion and go to the next step. The expansion method di ers if is applied
to a dependent room or to independent rooms. If the room is indendent
we know that there are not near rooms that can change, in thisase, the
cells to consider for the expansion can be more, we analyze notycthe cells
that share the same edge of the hidden room, but also the cells trehare
the vertices with the predicted independent room (Figure 45a), the cells
considered in this method must not belong to the border cells. \ti the cells
obtained, the method creates a combination of all the possibéells to add to
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the predicted hidden room, every generated room is evaludtesing a utility

function that considers the near local region. If the room ise@pendent, we
have to limit the cells to consider, because we don't want to takfor a room
a cell that could belong to an adjacent one, the method consideonly the
cells that share the edges with a cell of the hidden room, thellsesharing
the vertices and the border cells are not considered (Figurelsb). Figure
4.16 shows the connections between the di erent cells whenistapplied the
extraction method. As the method used with the independent rowos, all the
di erent combinations of the extracted cells are added to té initial room,

the found room with the best evaluation from the utility function is created
as the new predicted hidden room.

(@) Analysis of a independent predicted(b) Analysis of a dependent predicted hid-
hidden room. den room.

Figure 4.15: An example of the extraction of the cells usedtfa expansion of the
predicted rooms, where the yellow cells are the IN cells, theslzells are the cells of
the predicted room the method is analyzing, the green onestheecells extracted for
the possible expansion of the analyzed cell and the red eefishe predicted rooms
we are not analyzing.

The evalution of the predicted rooms considers di erent local information
of the map, this information is transformed in penalty and rewrd values:

Convexity (co), a value to penalize concave rooms, it is obtained by
the ratio of the di erence in area between the room and its camex hull
over the area of the room, the convex hull of a room is the smadle
convex polygon that contains it.

Free edges (fe) a value to penalize rooms that have many adjacents
OUT cells, this value is obtained by the ratio of OUT cells adjaagd to
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Figure 4.16: A graph analysis of our method, the cells of thanptorrespond to
nodes of the graph, white cells are OUT cells, orange ceksthe IN cells, and the
arcs correspond to the extraction connections, the blacksaare the method used by
dependent and independent rooms, the blue ones are only ugéadependent rooms.
The nodes corresponding to IN cells have no arcs, becausestiction method

doesn't consider them.

the predicted room over all the cells adjacent to the predied room,
this value is useful to better adapt the predicted map to the ree rooms
(Figure 4.17).

Outcast cells (oc) a value to penalize the rooms that contain cells that
have a high number of adjacent OUT cells, to each cell of the rooin
is associated a penalty value if it has 2 or more adjacent OUT c=ll
the greater the number of adjacent OUT cells that a single celbtiches
the greater is the penalty, the penalty of the room is the sum dhe
penalties of the contained cells. The di erence between thimlue and
fe is that fe analyzes the predicted room and its adjacent OUT cells,
oc analyzes the cells contained inside the predicted room and ssiithe
penalties to obtain the total penalty of the room. This valuds useful to
deter the predicted rooms from over owing to the near roomsHigure
4.18).
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(@ The IN and OUT cells of the map (b) The IN and OUT cells of the map

with the starting hidden room predicted with the starting hidden room predicted

(in blue). (in blue) and the cells added to the room
(in green) without the fe penality.

(c) The IN and OUT cells of the map
with the starting hidden room predicted
(in blue) and the cells added to the room
(in green) with the fe penality.

Figure 4.17: An example of the behavior of the predicted rooithvand without the
fe penality.

Area (ar), a value to reward rooms that have a greater area, this value
is useful to encourage the room to expand.

Proportions (pr), a value to penalize the rooms if the rooms have a
proportion between their two dimensions greater than a thresid (2
in our method), in this case, it is added a penalty that is equato the

di erence between the proportion and the threshold.

In the method we use two utility functions, one for each type of redicted
room.
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Figure 4.18: An example of over owing of the predicted room, btue the starting
cell, in green the cells added to the room during the expansigthout the oc penalty,
in red the edges of the outcast cell connected to OUT cells.

Utility function for an independent predicted roomi is:

scorg = k1 cq k2 fej k3 og + k4 pa_ri

Utility function for a dependent predicted roomi is:

scorg = k1 cq k2 fe; max(k3 (og cv); 0) + k4 IOa_ri

k5 pri min(og; 1)

All the k values are constants that are set by the user. The utility functins
are di erent between the dependent and independent rooms tause the
context in the map and what they have to consider for a good presdion are
di erent. The independent room does not have any predictedoom that is
adjacent to, keeping this information in mind, the utility function for this
type of rooms considers only the prediction giving a score toéhconsistency
of the prediction and to how good it ts in the map. The dependet rooms,
instead, have adjacent predicted rooms, this means that the @erooms can
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change during the application of the method, and the utilityfunction has to
consider this change. The utility function for the dependentoom not only
needs to evaluate the consistency of the room and how good thesgicted
room ts in the local region, but it also has to give to the room dditional
incentives for the expansion. The utility function considerghe dierent
aspects of the room and gives a di erent weight to each charagistic. There
are only two points to spend further attention, the outcast vale (oc) and
the value of the proportions pr). In dependent rooms, the outcast value is
reduced bycv (in our method the value is 1), a corrective value that is usedt
encourage the expansion of the room, giving the possibility thi¢ dependent
room to increase and not be blocked waiting for the other nearegendent
rooms, an example in Figure 4.19. The proportions value is cgidered only
if there are outcasts cells in the rooms, if not the proportiodavalue is not
considered.

Figure 4.19: An example of the di erences between using antusing the cv in the
prediction, in the method that doesn't use the cv the predarmi doesn't change with
the increasing level of depth [, in the method using cv the pcest rooms have more
incentives in the expansion and the prediction are consistnd very similar to the
ground truth.
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When the method executes the expansion the user needs to set el of
depth | up to where we want to search for the best layout. The level of dép
is the number of times the expansion method is executed, theegter the
number, the more likely the predicted layout will represent he real hidden
room. The concept of level of depth is similar to choosing the mge, de ned
as the number of cells between a particular cell and the stang cell, from
the starting map to create the best prediction of the hidden ram. Figure
4.20 shows the extracted cells using the range method, in thisaaple, the
range is set to 2 and 15 cells are extracted because they are iadite range.
We have to note that the adjacent cells are also the ones with ammon
vertex in this case, this is because the room analyzed is indegent and,
as it is described before, in our method the adjacent cells eatted depends
on the type of the analyzed predicted room (Figure 4.15). Thproblem of
the prediction using a large range is the huge number of comltions to
be considered to obtain the best prediction, this method can sy create
millions of combination using a range of 2 or greater, this rekugyenerates
two problems: analyzing millions of combination is a task thatill require
too much time and a small range in a lot of situations is not enotiny for
the creation of a correctly predicted room. To solve this prdbm we create
a method of expansion that searches the best prediction in ceitsa range
of 0, creates the best prediction, and then it is repeated fohé next new
prediction, always searching in a range of 0 (Figure 4.21). dtire 4.22 shows
the expansion method with di erent levels of depth.

61



l l# I[JTT

|

(a) Initial map with a closed door (in red) (b) The IN cells (yellow) and the OUT cells
that hids a room (in blue). (white), with the starting cell of the hidden
room (blue).

(c) Extraction of the cells (in green) within a range of 2 from the
starting cell (in blue), inside the extracted cells the range distance
between the cells and the starting cell.

(d) Predicted hidden room (in blue)

Figure 4.20: An example of a predicted oorplan with a range2from the starting
cell is shown. 62



(@) Initial grid of Figure (b) Predicted hidden (c) Predicted hidden
4.20a with starting hidden room with a O-level of room with a 1-level of
cell. depth. depth.

(d) Predicted hidden room with a 2- (e) Predicted hidden room with a 3-
level of depth. level of depth.

(f) Predicted hidden room with a 4- (g) Predicted hidden room with a 5-
level of depth. level of depth.

(h) Predicted hidden room with a 6- (i) Predicted hidden room with a 7-
level of depth. level of depth.

Figure 4.21: An example of a predicted room with di erent lév®f depth, in yellow
the IN cells, in white the OUT cells, in blue the prediction tfe hidden room and
in green the extracted cells with a 0 range distance from theerent predicted room,
used to obtain the combinations for the next best predictecno.
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(@) Initial grid with the (b) Predicted hidden (c) Predicted hidden
ground truth  hidden rooms with a O-level ofrooms with a 1-level of
rooms (in blue) depth depth
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(d) Predicted hidden (e) Predicted hidden (f) Predicted hidden
rooms with a 2-level ofrooms with a 3-level ofrooms with a 4-level of
depth depth depth

Figure 4.22: An example of a predicted oorplan with di erefevels of depth, in red
the correct layout of each room.

Fix hidden rooms , after obtaining the layout prediction of the hidden
rooms we improve the solution considering a utility function 0 a pair of
rooms and not only on the single room. Normally, in indoor envnments,
the adjacent rooms have a similar area, therefore, the methagplies a sim-
ilar concept to check the rooms in pairs. For each cell of the paof rooms,
if a cell of one of the rooms touches a cell of the other room argl one
of the cells added in the expansions, then, that cell is added tbe set of
exchangeable cell&, this is a set of cells that can be exchanged between
the two analyzed rooms to improve the score. The next step is tdtin all
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the possible combinations for assigning all the cells i between the pair
of rooms. Each combination for the rooms e is evaluated using the utility
function:

q
score = k1 max(ari; are)=min(arj; are) k2 (cq + cQ)

The layouts that maximize the function is taken as the best pidiction, Figure
4.23 shows the correction of the prediction using this method.

L 1] L 1]

(a) Output obtained using the expansion (b) Output obtained after the correction of
method the arrangement of the cells

Figure 4.23: An example of a correction of the arrangement af tboms.

Expand border hidden rooms  All the seen methods create the best
prediction for the hidden rooms inside the grid of extendedrles, but some
hidden rooms need to expand outside the border of the grid maprhese
rooms are really di cult to predict since the method cannot exloit knowl-
edge obtained from previously explored rooms. So far, the metth has used
global information from the map to base the creation of the hiden rooms,
using groups of cells created by the intersection of extendends representing
the walls in the map, and local information, using the near raus to evalu-
ate the expansion of the hidden rooms and the best layouts. Forahidden
rooms at the border (Figure 4.24a), we have a limited numberf gells, and
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the cells we can use can expand the hidden border room only in megtion.
For the expansion of hidden border rooms, the method adds to tipeedicted
rooms all the adjacent OUT cells that have also an edge in commauith the
room connected to the analyzed room. More formally consideg b a border
hidden room andR; the set of rooms adjacent tdy, call O the set of out cells
in the grid. The expansion of the hidden roony is the union of all the cells
originally in Iy and every celloe 2 O that is adjacent to at least an element
of Rj. The expansion can only increase a single dimension of the roomn, i
the predicted room is at the top or bottom of the map, then the x¥pansion
can only be to the right or left; instead, if the predicted roomis on the right
or left of the image, then the expansion can only be at the top dyottom.
To increase the other dimension, the method keeps the edge theegticted
room has in common with a room in the map, then creates a squareom,
where one of the edges of the square is the edge of the predig@oim, then
an average is performed on the height of the squares to bringettn all to the
same level (Figure 4.24Db).

— p—
—

(&) An example of prediction nding only (b) The prediction using our method on
hidden rooms at the border of the grid  the border

Figure 4.24: An example of our method applied on the hidden roainthe border of
the grid.
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4.3.4 Insertion of Predicted Layouts

After having obtained the prediction of the hidden rooms, we present the
map in a PGM le that shows the map of the environment with the prelicted
rooms. The le is a grayscale image le saved in the portable gragnap
(PGM) format and encoded with one or two bytes (8 or 16 bits) perigel, it
contains a grid of numbers that represent di erent shades of gy from black
to white. To obtain this map we start from the initial PGM map. The initial
PGM map contains only the explored regions of the environmemtnd there
is no visual information of the hidden rooms. To add in the startig map the
hidden rooms, the methods rst add the layouts of the hidden rams, then
it inserts the closed doors creating a connection between theagmand the
hidden rooms.

Predicted rooms insertion  To add in the PGM le the predicted rooms
we start calculating the position of their centers, then, in thanitial PGM
the method analyzes the position of the pixels in those positisrand applies
a coloration recursive method of the area. The method analyzéhe color of
the pixel, if the color of the pixel is black or white the methd does nothing,
instead, if the pixel is grey it is colored white and the methods recursively
applied to all the adjacent pixels. The propagation to the nexpixel checks
if the new pixel is inside the layout of the prediction, if it isnot, it colors the
pixel black and returns.

Open doors insertion  To open the closed doors in the map the method
takes the information obtained in Section 1.3.1 to have thegsition of the
original closed doors in the map. The open door is applied ondhmap as a
white rectangle, with black edges where it touches grey pisethe dimension
of the width of the rectangle is xed (it is set to 7 pixels) and the height
depends on how many pixels are needed to connect the predict®om to
the initial map. The rectangle created is the representatiorf the door,
this means that the height and width are to be considered based dhe
orientation of the door (Figure 4.25).

In Figure 4.26 the nal PGM map is a le with all the information on
the initial PGM map and, also, all the predicted rooms insertedn the map
as the robot had actually explored them. The predicted roomisave a wall
around them and the closed door is open to create a possible pathreach
the prediction.
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Predicted room

Explored region

Predicted room | | | Wsiin i

Height Height :

Explored W;dth
region

Figure 4.25: An example of rectangles to create the open doors

(a) The starting map of the exploration. (b) The prediction using our method, with
the ground truth rooms in red.

-

TR

(c) The nal map after adding the pre-
dicted rooms.

Figure 4.26: An example of our method applied on the initial PGMp.
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Chapter 5

System architecture

In this chapter, we describe in detail the implementation ofhie system de-
scribed in Chapter 5. In Section 5.1, we describe the modulesplamented
for the map creation and the architecture of the system to perfm au-

tonomous exploration. In Section 5.2 we describe the implentation of

our method for the autonomous analysis of maps and the modulesed.

5.1 Map creation

In this section, we present the modules used for the exploratiaf the sim-

ulated environment and the creation of the associated map. Thehoice of
simulated environments over real ones is because the explooatof the former
presents fewer problems than that of the corresponding real\éronments.

Sensors, for example, not being ideal, would introduce uncainties, which

could introduce more randomness into our system. Also, the expation of

the robot in a real environment requires a working robot, alits sensors, and
an environment without additional agents, such as humans or anals. To

solve these problems we used the Robot Operating System (ROS)43] a
exible framework that allows us to manage multiple robots ad make them
work on simulated environments. There are di erent framework used for
programming robot software, we choose ROS because it is the stardl for

mobile robots, its widespread use and its modular design permitise user
to easily start to program software for robots. Its modularity f&ilitates the

user in choosing which modules already present on ROS can be atittethe

system and which ones must be created.

69



5.1.1 ROS

The Robot Operating System (ROS) [3,43] is an open-source, ible frame-
work for writing robot software. ROS is not an operating systemni a strict
sense, but it works over an existing operating system creating ansmuni-
cation layer and providing some high-level features, includlyj hardware ab-
straction, low-level device control, and message-passing bedweprocesses.
A system build in ROS is typically composed of di erent processesd hosts,
they are all connected in a peer-to-peer topology allowingmmunication be-
tween each other at runtime, bene tting of the multi-processand multi-host
design. The goals of ROS are:

Reuse codeenabling executables to be individually designed and loogel
coupled at runtime

Distributed, ROS supports repositories that enable to share and dis-
tribute ROS processes

Thin, code written for ROS can be used with other robot software
frameworks

Language independenc&kOS can be implemented in any modern pro-
gramming language

Scaling ROS can manage large development processes

5.1.1.1 ROS Computation Graph Level

The Computation Graph is the peer-to-peer network of ROS pesses that
are processing data together. The main Computation Graph coepts of
ROS are nodes, messages, topics, and services, all of which proviaka do

the Computation Graph in di erent ways.

Nodes a node is a process that performs computation. Nodes are
combined into a graph and communicate with one another, nomly in

a robot control system many nodes are integrated. Nodes have drent
bene ts in the system, they add fault tolerance isolating crastseto
individual nodes, and they reduce the code complexity having more
distributed system. Nodes work at a ne-grained scale, for exangl
one node could control the wheels of a robot, while another de could
perform localization.

70



Messagesnodes communicate between each other using messages, a
message in ROS is a data structure, comprised of di erent type dk,

it can contain standard primitive types, like integer, oating point,

or Boolean, arrays of primitive types, or it can also include rsted
structures.

Topics, topics are named buses where messages can be exchanged be-
tween the di erent nodes, the name of the bus usually describebe
content of the messages that are exchanged through it. The comni
cation between the nodes is anonymous, each node doesn't kndwow

is communicating with. This is achieved with the publish/subsibe se-
mantics, nodes that are interested in relevant information sigzribe to

the speci ¢ topic that manages that information, nodes that gnerate

data publish to the relevant topic.

Services they allow Remote Procedure Call (RPC) request/reply in-
teractions, which are often required in a distributed system. A seice

is de ned by a pair of messages, one used for the request, the othar f
the reply. Services are associated with a string name. A clieneeds to
call the service and send the request message to make use of the servic
Di erently from the publish/subscribe model, the services pernt two
nodes to directly communicate with each other.

5.1.1.2 ROS tools

ROS enables the usage of di erent tools to check the system undidgvelop-
ment:

RVIZ : it is a 3D visualization environment that joins di erent infor-
mation like sensors data, robot model, laser scan, and other 3Dtda
into a combined view. RVIZ can also add plugins created by the use
to have new tools.

Rosbag it is a tool for record and playback the entire ROS runs, that
could have been obtained with a simulation or with a real roboit saves
also the sensor readings and processed nodes outputs. The Rosbag
saves all the data from all available topics or only the ones ofterest.

It allows comparing various algorithms in a controlled envonment
and more generally to reuse multiple times the same robot runsitiv
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di erent algorithms so to test improvements and performanceni the
same setting without having the burden of re-running the expéenents.

5.1.2 Stage

Stage [4,27] is a robot simulator, it provides a two-dimensiah bitmapped

environment where to manage and control multiple mobile ratis. In the sim-
ulated environment it is possible to generate objects that cdme perceived by
the robots (Figure 5.1). Stage allows performing robot expenents without

the need to possess the real robots, their connected hardwaredaa real
environment in which performing the experiments. Stage carls® simulate
any hardware that is not yet present in the real world, obtaimg results over
possible future developments. The choice of Stage is due to sal@spects
of its design that make it suitable for our needs, they are: (1) aistretely
good delity and (2) the creation of con gurable models to wok with. The

simulated world is de ned in a.world le. The .world le contains:

image a link to the name of the image to use as a simulated environ-
ment

size the size of the map in meters, de ned as [X, Y, Z]

pose the coordinates of the center of the map, of the robots gerated
on the map, and the position of possible obstacles

Robot: in our thesis we use a simulated Pioneer 3-AT as a robot to perform
exploration in the simulated environment. Pioneer 3-AT (Figue 5.2) is a
four-wheel mobile robot and is equipped with a Hokuyo laser toepceive
obstacles, with a range set to 30 meters and a eld of view of 270Stage
simulates the information obtained from the environment by he laser and
the odometry of the robot during the exploration.
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Figure 5.1: An example of Stage exploration using a robot @d); the laser range is
colored in green.

Figure 5.2: The Pioneer 3-AT robot equipped with a laser saamn
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5.1.3 Con guration of the Navigation Stack

Figure 5.3: The overview of the con guration of the stack rigation used to obtain
the maps, in yellow the nodes provided by ROS, in blue the platf speci ¢ nodes,
in our case the nodes provided by Stage.

In this section, we describe the con guration of thenavigation stack the
packages implemented, and their functionalities. The navagion stack [2]
is the set of functionalities and algorithms that the robot use to acquire
data from the environment, elaborate them, and act accordgly in order to
safely localize and navigate autonomously through the envimment and it
is standard in ROS when performing autonomous exploration. his archi-
tecture de nes how the robot perceives the environment andolwv it moves
inside it. In Figure 5.3 is represented the navigation stack used explore
the simulated environment.

5.1.3.1 Modules provided by ROS

move_base : is a ROS node used to let the robot reach a certain
pose in the environment within a user-speci ed tolerance. Therare
two possible outcomes when the node tries to move the robot toeh
goal: success the robot is moved to the goal position, orfailure,
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the robot cannot move to that position. The move_base needs two
costmaps to store information about the obstacles in the envinonent,
a global_costmap used to have information about the entire environ-
ment and saving all the information obtained from the di eren sensors,
and alocal_costmap a map used to perceive obstacles in the environ-
ment based on the actual sensor information. Move_base presentsal
two di erent planners, a global plannerbuilds the map of the environ-
ment, gathers all the information ever received, and then @hs a path
that reaches the goal. Aocal_planner works only with the information
it currently gets from the sensors and plans a path that is arouha me-
ter long, when the sensors perceive the next set of informationplans
a new section of the path, it is responsible for computing the \atity
commands to send to the robot and manage the collision avoidandn
case the robot is stuck, the robot performs a set eécovery behaviors
that are used to restore the robot functionalities: rst, obstacts out-
side a user-speci ed region will be cleared from the robot's maghen,
the robot will perform an in-place rotation to clear out space If this
too fails, the robot will clear its map, removing all obstaclesutside
the rectangular region in which it can rotate in place. This W be
followed by another in-place rotation. If all the recovery khaviors falil,
the robot will consider its goal infeasible and notify the userhat it has
aborted.

Explorer : the explorer package uses frontier based exploration to
perform autonomous exploration in the environment. It can ran-
age multi-robot system applying coordinated and uncoordinatl ex-
ploration strategies, a coordinate strategy is useful when the adule
has to manage multiple robots during the exploration to redce redun-
dancy and having a more e cient and faster exploration. In ourthesis

it is deployed only one robot. We use, for exploration, a frorgr-based
method [59], the frontiers are evaluated and selected accong to the
Nearest Frontier strategy, where the nearest frontier to the robot is
selected as the next goal.

Mapper : to map the unknown environment we use in this thesis a
widely popular 2D lidar-based SLAM algorithms, gmapping [1, 29].
Gmapping provides simultaneously localization of the robotrad map-
ping of the environment, it creates a 2D occupancy grid mapdm the
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information obtained by the laser scan and the position of the bmt
during the exploration. It uses a Rao-Blackwellized parti@ lter using
adaptive techniques to reduce the number of particles andreging out
re-sampling operations to keep the information of the parties up to
date with the new observations.

5.1.3.2 Modules provided by Stage

Odometry source : it provides an estimator of the position of the
robot, its orientation, and speed. The pose is published in ax vy, z
format, while the orientation of the robot is represented inhe x, y, z
axes. The pose is only an estimation, therefore, it contains artan

level of uncertainty. The velocity describes the linear speeat the robot
as a vector in free space, this vector is divided between tikey, z axes
speed, and the angular speed in the y, z directions.

Sensor transforms : itis a module with the task to transform between
coordinate frames. Its main goal is to de ne and establish a relanship
between two di erent coordinate frames, building a relatioship tree.

Sensor sources: it is a module used to obtain information from the
environment, these messages transmit the data obtained by the scaf
the laser model that represent the scans obtained by the laser soan
They are transmitted through the \base scan

Base controller : it is the module in charge of passing commands to
the robot. The base controller takes information from thecmd_vel
topic and converts this information into motor commands to sed to
the robot.

5.1.4 Tracking modules

Recorder : it is a ROS node that uses the rosbag package to record in-
formation of the exploration in a.bag le. One of the most useful infor-
mation we save in the le is the ground truth position of the roboin the
real environment passed by Stage using thease pose_ground_truth
topic (Figure 5.4). The pose is saved every 0.1 seconds, it is usedu
have the ground-truth path of the robot during the exploraton.
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Listener : it is a ROS node that saves the estimated position of the
robot in the environment. The listener (Figure 5.4) reads th&ransform
message frommap to odom every 0.1 seconds and saves the pose in a
dog le.

Figure 5.4: The overview of the tracking modules of our systémbplue the nodes
provided by Stage, in yellow nodes provided by ROS.

5.1.5 Software architecture and scripts

Our project is developed in Python. In Figure 5.5 the dierentsteps of
the main Python script are represented. The script performs autmmous
explorations of a set of environments inside a folder and caits the respective
maps. The user selects a folder where all the environments reggated as
.world les are contained, .world les that have a link to the image of the
environment and di erent parameters to set the resolution andhe pose of
the robot at the start of the analysis. The script selects one of thevorld
le inside the folder generates an environment and starts thexploration in
Stage. After a timeout chosen by the user the occupancy grid maptained
by the exploration is saved as apng le. The robot generates a new map
after every timeout and it will continue until the newly geneated map is
too similar to the previously saved one, if this happens the sctigtops the
exploration and searches for a new environment to map. More ihe details,
when the robot is exploring an environment and the generatedap is saved
after the rst timeout the robot continues the exploration. After the second
timeout, the script saves the newly generated map. If the new mas larger
than the last saved map and the percentage of newly explored asds greater
than a certain threshold the exploration can continue until he next timeout.
In the other case, the exploration is stopped. If the analyzedheironment is
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Figure 5.5: The overview of the exploration script in Python

the last one in the folder the script is stopped, on the other caséé script
chooses another environment in the folder that is not explodeand starts a
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new exploration.

79



5.2 Autonomous batch analysis

The goal of this thesis is to understand how a robot can prediche hidden
rooms of an environment knowing the associated closed doors. Bach a
good solution we have tested our method in di erent environmés, as we
will describe in Chapter 6, on multiple con gurations, each wh di erent
closed doors, of the same environment. For each environment, want to
apply our method having 1, 2, ..., N closed doors. To analyze thpeediction
of the layout of the hidden rooms and how it evolves having améreasing
number of unseen areas we need a large number of maps and each negeds
some time to be created by the exploration of the environmenilo perform
our method we need to generate a map of the environment withosled doors
that we want to analyze. This means that if we want to analyzehe same
environment with a di erent combination of closed doors we shdd need
to perform exploration for each of these combinations we waihb consider.
Exploring an environment is quite a costly task that can need tesiof minutes
or even more for bigger environments. For the autonomous batanalysis,
we developed a script to avoid the need for a new explorationrfevery new
analysis of the map with a di erent combination of closed doorsThe script
automatically deletes from the original environment with @ closed doors
the areas associated with the hidden rooms we want to hide andsés the
associated doors. In this way, we obtain a new map of the enviroemt
that is similar to the one the robot will have created after peiorming the
exploration but in a matter of seconds instead of tens of minuse Figure 5.6
describes the ow to perform automatic batch analysis on a singlmap:

Setting autonomous batch analysis : the setting of the batch anal-
ysis is performed, creating les needed for the module, thisask is
further described in Section 5.2.1.

Clear previous result : the folder where the batch analysis is per-
formed is cleared, all the les generated from analyzing thprevious
maps are discarded, this is important to not have a folder tooid.

Remove door and create le : this task decides randomly the next
door to close from the set of opened ones, to know the already chbse
ones it checks from the previous run the set of closed dodds and
adds the one just chosen t®. Then, it takes as input the original
map with zero closed doors and for each door [ it removes the area
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of the room associated, coloring that area of the map with the sam
color of the unexplored area, then it colors the door on the mpeof the
same color to the occupied area, an example is in Figure 5.10ten,
it generates a.log le that contains the position of the closed doors in
the map and a.xml le that contains all the information about the new
environment.

Run : this is the method we created in our thesis, already explainad
Chapter 4.

Last door to close : this control checks if this is the last door to
close based on the information of the user, which can set the maxim
number of door to close, or if there are no more doors that can be
closed, in a oorplan the doors that can be closed can be less thtme
threshold given by the user.

Save results : the information of the run is saved in a.csv le, it
contains the 10U results of the prediction, the number of doarclosed,
the identi cations of the doors closed, and the percentage tfe hidden
area.

Last batch : it checks if this is the last batch analysis it has to be
performed, the user can set how many batch analysis can be penfied
in a single map if this is the last one the program ends, if not thelder
is cleared and the program starts a new batch analysis.
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Figure 5.6: The overview of the autonomous batch analysis.

5.2.1 Setting autonomous batch analysis

Figure 5.7 describes the dierent steps to set an environment rfahe au-
tonomous batch analysis.
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Set folder : To perform the batch analysis we need some speci c in-
formation, and all the information needs to be inside the foketr we use
for the batch analysis. We add:

.world le of the simulation: to know the original position of the
robot.

Path of the robot in the map and in the ground truththe posi-
tions of the robot during the exploration in the map and the ral
position of the robot in the environment provided byStage Both
paths need to calculate the translation to obtain the positiorof
the closed doors in the map from the ones in the environment, as
seen in Section 4.3.1.

XML le of the environment: to know the position of the doors in
the environment and the geometrical shapes of the hidden roem

Figure 5.7: The overview of the setting of autonomous batcralysis.
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to evaluate the results.

The map of the complete environmentto have a complete rep-
resentation of the original environment that can be modied ¢
delete speci c rooms

Generate XML map : A program takes as input the XML of the
environment and generates the XML of the map. The XML map is
a le that contains a list of the positions of all the doors that @an be
closed in a given map, following the assumption in 4.1; and theams
that become unseen during the exploration if the doors are sled.

Figure 5.8: An example of the XML map.

Figure 5.8 shows the XML attributes of a single door in the XML map.
The elementdoor has an attribute id to specify the identi cation of
the door and four tags:

X : the x coordinates of the door on the map

y : the y coordinates of the door on the map

len : the width of the door in the map

type : the orientation of the door, "O" means horizontal, "V"

means vertical
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Each door element is associated with @aoom element that represents
the associated room of the door in the environment. The room has
di erent tags that describe the polygon of the room in the mapthe
rif tag is the reference of the room, all the other tags will use the
coordinates as the origin, thepoint tag is the position of a vertex of
the polygon of the room.

Manual optimization XML map : The XML map we have obtained
in the previous step has been created based on the XML of the envi-
ronment, the rooms of the XML map will represent the rooms of the
environment with the same shapes and positions, without considieg
possible errors of the robot that can stretch or shorten a room, gs-
ing the room of the map to be in a di erent position than the onen
the environment (Figure 5.9a). The user has to manually impke the
XML changing the points of the room to t the corresponding roomof
the map (Figure 5.9b).

Test: After modifying the XML map to t the room of the map, we
test if the XML is right. To check the correctness of the XML map
we run a program to visualize every room and door of the XML in the
map obtained in the exploration, if all the rooms and doors arright
the XML map properly represents the explored map (Figure 5.10a
instead, if there are some errors in the representation of the mathe
user needs to go back to the XML map and modify it and test it until
there are no more errors.
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(&) A room of the map with the outline (b) A room of the map with the outline of

of the polygon of a room (in green) andthe polygon of a room (in green) and the
the door (in red) generated before the man-door (in red) generated after the manual
ual optimization taking the information di- optimization of the XML map

rectly from the initial XML map

Figure 5.9: An example of a room created using the XML map ledrefand after
the manual optimization.
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(@) The map of the complete environment (b) The map of the environment after re-
with the outline of the polygon of a room moving the room of (a)

(in green) and the door (in red), in this

map the room analyzed is the one in the

top right

Figure 5.10: An example of a room created using the XML map ledahe relative
application creating a map with some unexplored areas.
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Chapter 6

Experimental results and
evaluations

In this chapter, we describe the experiments performed to vdate our method
and evaluate its performance. In Section 6.1 we introduce éient methods
that are possible alternatives to the one we propose, their ressilare used
as a baseline to compare the performance. In Section 6.2 we déscthe
methods to evaluate our results. In Section 6.3 we describe thetputs we
have obtained in di erent maps, based on the size of the envirorent and
the number of closed doors.

6.1 Baseline methods for predicting the lay-
out of hidden rooms

The method proposed in this thesis permits nding and predictig the layouts
of the rooms hidden behind closed doors, as we have describedthla section
we want to present some possible alternatives methods that are gil@r but,
at the same time, meaningful. The results of these methods can bsed as
baselines to be compared to the solution of our proposed methadot having
any other existing method able to predict the layouts of hidde rooms, we
created two baselines to compare to out method, amnstructured baseline
and astructured baseline
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6.1.1 Unstructured Baseline

An unstructured baseline consists of the prediction of the layostof hidden
rooms without using any form of structured data, like featuressuch as walls
or rooms, that can be extracted from the map. The only informabn used
as input is the representation of the map of the environment.t tonsists of a
very simple analysis based on the information that is immedialye available.
The information needed for this method are:

map : the map obtained from the exploration of the environment.
door positions : the positions of the closed doors in the map

The method applies a ooding algorithm starting from the posiion of the
closed doors and lling the unexplored areas. This method is bad on the
assumption that all the unexplored area behind the closed do@ part of the
hidden room, the room is expanded on the unexplored area arsglstopped
only when there are obstacles. This ooding method has a similaoncept
to a laser scanner, starting from the unexplored area immedidgebehind the
closed door, it performs a 360-degree rotation around the firal point and all
the unexplored area perceived is added to the prediction di¢ hidden room,
the method uses this concept to generate consistent predicti&nowing that
normally rooms have a simple shape and the walls can constrairettayouts.
We have to note that this method is stopped by the bounding boxfahe
borders of the map, assuming that no hidden rooms have areas ide. The
initial pixel where to start the ooding is the closest pixel to the closed door
belonging to an unexplored region. The method of ooding caists of check-
ing the present a pixel and coloring it if it belongs to the ungxored region,
then the method considers the adjacent pixels. The ooding isoatrolled
giving to each pixel a limited direction of expansion. To combl the ooding
direction we add a parameterang when analyzing a pixel, the parameter is
the angular value of the segment between the initial pixel ofhe ooding
and the current analyzed pixel, theang parameter decides to which adjacent
pixel iterate the method. If the method is iterated on an uneglored pixel,
rst of all, it adds the pixel to the prediction of the room, then, it calculates
the ang value between the actual pixel and the starting pixel of the od-
ing, and, lastly, the method selects the next pixels to iterat¢he method,
selecting the pixels based on the pixels associated to thag value (Figure
6.1). If the method is applied to an explored pixel or to a piXeoutside the
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bounding box, it immediately returns. In Figure 6.1 it is showrthe current
pixel analyzed and the adjacent ones, and the value needed &org to iterate
to the speci ¢ adjacent pixel. Figure 6.2 shows some unstructutebaseline
for a oorplan, the baseline is really accurate (Figure 6.2cral Figure 6.2d)
if the hidden room is surrounded by walls, generating a predioin that is
really similar to the ground truth hidden room, but can be quie inaccurate
(Figure 6.2e) if the hidden room is not limited by adjacent wis of explored
rooms or is near to other hidden rooms, in these cases the basetiseerated
will be quite di erent compared to the corresponding groundruth room.

6.1.2 Structured Baseline

To generate a structured baseline we create a method that worksing all
the features on which our method is based, more speci cally ohd extended
lines and the produced cells generated on the map. The methadsimilar
to the unstructured method, it performs ooding to generate he predicted
hidden rooms, but, instead of performing the method on the piké performs
the method on the cells, as described in Section 4.3.2 and asande seen
in Figure 6.3. Starting from the initial cell of the hidden rcom, as de ned in
Section 4.3.3 it is applied an iterative method to all the adjcent OUT cells

Figure 6.1: The ooding control in the unstructured basedinthe red pixel is the one
that the method is analyzing for the ooding, the adjacent ldupixels are the ones
the ooding the method can move to if the ang value is inside tlenge.
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(a) The map of the environment after clos- (b) The map of the environment with the
extended lines (in red) and the hidden

ing some doors
room layouts (in blue)

(c) A accurate baseline of a room (d) A accurate baseline of a room

(e) An inaccurate baseline of a room

Figure 6.2: An example of some unstructured baselines of a map.

of the initial cell, excluding the border cells of the map, deed in Section

4.3.2. The method, starting from a cell, adds the present ceb the set of cells
for the generation of the prediction of the room, and iteratehe expansion
process to the adjacent OUT cells until there are no more cells &dd, at the
end all the cells found by the method are grouped together tcegerate the
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predicted room. Figure 6.4 shows the structured baselines fovd rooms,
starting from Figure 6.4 the method generates the extendednis for the
construction of the cells, after the cells are created and dded between IN
and OUT cells, as described in Section 4.3.2, the method searchesthe

initial cell prediction. The structured baseline applies theooding between

cells, as seen in Figure 6.3, for each initial cell. Figures 6.4nd 6.4d show
the structured baselines of their corresponding rooms.

Figure 6.3: An example of the ooding of the structured baseli

6.2 Evaluation of the prediction

To evaluate the results of our method we appliedhtersection over union
(loU) over the layout of the predicted rooms. The loU is an evaktion metric
used to measure the accuracy of a prediction with respect to theogind truth

data. Given two polygons the loU is the ratio of the intersectin (Figure 6.5a)
of the two polygons over the union (Figure 6.5b) of the two pggons.

Pri \ GTn

loU(ri) = P [ GTy

where:
ri is a closed hidden room of the environment
Py is the prediction of the hidden room using our method

GT,; is the real layout of the room
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(&) The map of the environment with the (b) The IN (yellow) and OUT (white) cells
extended lines and the hidden room layoutsof our map, with the initial cell prediction
(in blue) for each hidden room (in blue)

(c) A structured baseline of a room, in red (d) A structured baseline of a room, in red
the ground truth layout of the analyzed the ground truth layout of the analyzed
room room

Figure 6.4: An example of some structured baselines of a mapesponding to the
rooms analyzed on the baseline in Figure 6.2.

A higher value of the loU means higher accuracy of the predion. The
formula to evaluate the prediction of our method is:

P
N loU(ri)
N
This evaluation is the average value of the loU of the single oms.
Another type of evaluation that can be used is:

IOUtOt =

([NPri)\ ([NGTH)

|00tot = ( iNPri)[ (I iNGTri)

This method gives weight to every room based on the area, roomgh larger
areas have a higher weight. This can cause some problems in thal@ation
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(@) The intersection of two (b) The union of two poly-
polygons gons

Figure 6.5: The visual representation of the two terms of thodJ

of the predicted rooms, if the prediction of the biggest room igery far from
the ground truth, the value of the loU will be very low, even ifthe rest of
the rooms are optimally predicted. On the other hand, if the alue of the
biggest room is optimal, the value of the loU will be high, eveif the other
rooms are badly predicted. In our method, we consider only tHeU;,; and
not the 100, for the problem described before.

6.3 Experimental evaluation

In this section, we describe the results we have obtained by applg our

method on di erent maps obtained using simulated environmest We have
considered 20 maps for our experiments. For every map, we hawsfprmed
15 batch analysis, where we iteratively closed up to N doors. Thalue N

considered for each batch analysis was set to 15 doors; this me#mat for

each map, we created up to 15 new maps where 1, 2, ..., 15 rooresexlosed,
for a total of maximum 225 maps where closed doors could be pictdd for

each map and near 4500 prediction analysis in total. For thoseweronments
with less than 15 doors to close, we stopped at the maximum numbef
doors that could have been closed.

We used the score functions already presented in Section 4.3:th the
parameters we have set for these experiments.

Utility function for a independent predicted roomi is:
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scorg = 10 cq 7 fe; 10 og + 0:06 pa_ri

Utility function for a dependent predicted roomi is:

scorg = 10 cq 25 fe; max(10 (og cv); 0) +0:06 IOa_ri 2 pri min(og; 1)

6.3.1 Environments

The environments analyzed in this thesis are very di erent, wh di erent
areas and di erent levels of complexity. The environmentsan be grouped
together based on the number of doors that can be closed, whighthe main
focus of this thesis. The di erent groups of environments are:

small: environments with less than 10 possible doors to be closed (Fig-
ure 6.6a)

medium: environments with at least 10 doors to close, but less than 16
(Figure 6.6b)

large: environments with 16 or more doors to be closed (Figure 6.6¢)
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(& An example (b) An example of a medium environment,
of a small en-an environment with less than 16 doors
vironment, an that can be closed

environment  with

less than 10 doors

that can be closed

(c) An example of a large
environment, an environment
with at least 16 doors that
can be closed

Figure 6.6: An example of environment for each category of grou
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6.3.2 Information saved

The information saved from the prediction of the hidden room# the map
are:

identi cation of the batch analysis it is important to save the identi -
cation of the batch to group together the runs with di erent doors of
the same batch, and analyze all these runs as a group

number of closed doorsthe number of closed doors inside the analyzed
map

loUiet: the loU between the prediction of the layout using our method
and the rooms in the ground truth

loUy: the loU between the layout generated by the unstructured base
line and the ground truth room

loUs: the loU between the layout generated by the structured basak
and the ground truth room

Percentage hidden areathe percentage of the area of the hidden rooms

Identi cation of the closed doors the id of the closed doors in the map

6.3.3 Experiments on simulated environments

In this section, we provide some results obtained applying our ethod to
maps with a di erent number of closed doors. First, we present reks ob-
tained performing a run on a given map with a di erent number 6 closed
doors, then we present average results obtained with the analysif multiple
maps with a 1, 2, 3, ..., 15 closed doors.
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Map 1

(a) Complete map (b) Input map, with 2 closed doors

(c) Extended lines (in red) and ground (d) IN (in yellow) and OUT (in white)
truth layouts of the hidden rooms (in cells with the initial cells for the predic-
blue) tion of hidden rooms (in blue)

(e) Layout of the predicted rooms, with (f) Overlap of the predicted rooms over
the comparison of the ground truth hid- the initial map
den rooms (in red)

Figure 6.7: A run of our method over the Map 1.
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Map 1 presents a very large oorplan with multiple rooms and adt of
big spaces. The rooms contained in the environment are really etent
from each other. Figure 6.7 shows the di erent steps of the runnalysis on
the input map (Figure 6.7b). The input map has 2 hidden rooms, rad in
this case, the 2 hidden rooms are independent, as de ned in Sex 4.3.3.
The map contains a lot of information, therefore a lot of exteded lines are
generated (Figure 6.7c), creating a solid structure for the atysis of the
hidden rooms. The method searches the initial cells for the mheted rooms
to start the analysis of the hidden rooms. In Figure 6.7e we can sémt the
predicted rooms are very similar to the ground truth ones, thiss because
a large map with few hidden rooms has a lot of information thatan be
used to calculate the hidden rooms. Figure 6.7f shows the overlaf the
predicted rooms over the original input map, as we can see thergrated
map is very similar to the complete map in Figure 6.7a. As seen inalble
6.1 the loUy; and loUg have the same performance, this is because all the
hidden rooms are really limited by the surrounding rooms, theooding, in
this case, is always the best solution. Even if the prediction idgght the
value of the loU is only a little over 70%, this is because the #nded lines
permit the creation of a structure on the map, but on the other hnd, can
add imprecision and not always represent perfectly all the wah the map.
We can see the predicted green room in Figure 6.7 where the gnduruth
layout doesn't correspond to any extended lines. This is the rean why the
loUy has the best performance, working directly on the map this basse
doesn't su er possible imprecision of the extended lines.

Table 6.1: Evaluation of the predicted rooms in Map 1

N. Closed Doors % Hidden Map 10Ut loUy loUg
| 2 1.68% 0.710525 0.865983 0.7105p5
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Map 2

(a) Complete map (b) Input map, with 4 closed doors

(c) Extended lines (in red) and ground (d) IN (in yellow) and OUT (in white)
truth layouts of the hidden rooms (in cells with the initial cells for the predic-
blue) tion of hidden rooms (in blue)

(e) Layout of the predicted rooms, with (f) Overlap of the predicted rooms over
the comparison of the ground truth hid- the initial map
den rooms (in red)

Figure 6.8: A run of our method over the Map 2.

Map 2 is a medium map, with a high number of corridors that corect
multiple rooms. Figure 6.8b represents the map considered inishexperi-
ment, possessing 4 hidden rooms, with 2 of them are connected. F&6.8
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shows the analysis of the map, and we can see in Figure 6.8e thedprgon of

the hidden rooms. The prediction of all the 4 layouts is similaio the ground

truth hidden rooms. In Figure 6.8e the method decides not to @and the
bottom yellow room, even if there was a lot of free space nearetiprediction.
In Table 6.2 we can see the performances of our method and theséknes.
We are in a situation where both the baselines have a worse prd@a than

our method. This happens because both baselines only apply diag to

increase their prediction, and have no control that tries to stp them from

expanding the prediction when it is possible, our method, inshel, has a lot
of controls to decide where and when to expands. In this case,ronethod

has decided not to expand the rooms, while both the baselinescaied to

grow the prediction. The yellow predicted room in Figure 6.& not expanded
because the possible addition of cells to the predicted room Wdecrease the
total score of the prediction, because the penalty given by thizee edges
de ned in Section 4.3.3, increase, and the bonus given by theea is not
enough to encourage the expansion.

Table 6.2: Evaluation of the predicted rooms in Map 2

N. Closed Doors % Hidden Map 10Uyt loUy loUg
| 4 15.96% 0.717998 0.326254 0.218983
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Map 3

(&) Complete map (b) Input map, with 10 (c) Extended lines (in red)
closed doors and ground truth layouts
of the hidden rooms (in

blue)

(d) IN (in yellow) and (e) Layout of the pre- (f) Overlap of the pre-
OUT (in white) cells with dicted rooms, with the dicted rooms over the ini-
the initial cells for the pre- comparison of the groundtial map

diction of hidden rooms truth hidden rooms (in

(in blue) red)

Figure 6.9: A run of our method over the Map 3.

Map 3 is a medium environment with many corridors which conro di er-
ent rooms, one of the interesting features of this environmerg the presence
of many rooms with the same layout near each other. It is quiteoonmon in
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oorplans to have a corridor that connects many similar rooms.The map
analyzed, in this case, contains 10 closed doors. Having so mamsed doors
in a medium environment produces 2 main e ects: (1) the map losea lot
of information, the smaller the environment the greater the ects when we
close a door, (2) many hidden rooms are de ned as dependent sninerefore,
the method has to consider also the prediction of the hidden rot that are
near to each other. Multiple predicted rooms that are adjac# to each other
and need to be estimated simultaneously again after the rst prection, to
move the adjacent cells between the two rooms, with the aim ofhing sim-
ilar areas in adjacent rooms, as we explained in 4.3.3. FiguBe9 shows the
di erent steps of our prediction and we can see as the nal resulh Figure
6.9e produces a good estimation for the prediction of adjadeooms, but it
has a problem with the prediction of the hidden room in the bater, which
is much bigger than the ground truth counterpart. The borderroom (the
orange room at the bottom of Figure 6.9e predicts a bigger row than the
real one due to being adjacent to a big environments, and beiragborder
room it creates a layout prediction of a square with a side lenigtequal to
the length of the connection with the adjacent room, as seen Bection 4.3.3
for the expansion of the border rooms. The prediction is similao the orig-
inal map as we can see in Figure 6.9f. Table 6.3 shows the evaloatof this
prediction, the rst information we have to note is that in this environment
with 10 closed doors we lost the 31.74% of the original map, whimeans a
lot of information and features were not available to our métod. The result
of the comparison among the di erent loU was predictable, wit so many
closed doors the baselines are not very e cient.

Table 6.3: Evaluation of the predicted rooms in Map 3

N. Closed Doors % Hidden Map 1oUxgt loUy loUg
I 10 31.74% 0.740966 0.441141 0.628¢13
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6.3.4 Experiment on batch analysis

In this section, the results obtained when executing a batch afysis are
shown. In this example, we consider the map in Figure 6.10 as tbeginal
map of the batch analysis. To perform the batch analysis on the rpawe
incrementally remove the rooms behind possible closed doors. Uggithis
method, we obtain several maps from 1 to N closed doors. For thigperi-
ment, we set N to 12. After obtaining the prediction, we add the gdicted

rooms inside the input map (Figure 6.11).

Figure 6.10: The original map.
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(a) The map with 1 closed door and, con-(b) Prediction of (a) with the ground truth
sequently, a hidden room layout of the room in red

(c) The map with 2 closed doors and, con{d) Prediction of (c) with the ground truth
sequently, 2 hidden rooms layouts of the rooms in red

(e) The map with 3 closed doors and, con{f) Prediction of (e) with the ground truth
sequently, 3 hidden rooms layouts of the rooms in red
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(g9) The map with 4 closed doors and, con{h) Prediction of (g) with the ground truth
sequently, 4 hidden rooms layouts of the rooms in red

(i) The map with 5 closed doors and, con-(j) Prediction of (i) with the ground truth
sequently, 5 hidden rooms layouts of the rooms in red

(k) The map with 6 closed doors and, con-(l) Prediction of (k) with the ground truth
sequently, 6 hidden rooms layouts of the rooms in red
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(m) The map with 7 closed doors and, con-(n) Prediction of (m) with the ground
sequently, 7 hidden rooms truth layouts of the rooms in red

(o) The map with 8 closed doors and, con{p) Prediction of (0) with the ground truth
sequently, 8 hidden rooms layouts of the rooms in red

(9) The map with 9 closed doors and, con-(r) Prediction of (q) with the ground truth
sequently, 9 hidden rooms layouts of the rooms in red
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(s) The map with 10 closed doors and, con{t) Prediction of (s) with the ground truth
sequently, 10 hidden rooms layouts of the rooms in red

(u) The map with 11 closed doors and,(v) Prediction of (u) with the ground truth
consequently, 11 hidden rooms layouts of the rooms in red

(w) The map with 12 closed doors and,(x) Prediction of (w) with the ground truth
consequently, 12 hidden rooms layouts of the rooms in red

Figure 6.11: Input maps and predictions running a batch asayover Figure 6.10.
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(a) The overlap of the predicted rooms in (b) The overlap of the predicted rooms in
Figure 6.11b over the map of Figure 6.11aFigure 6.11d over the map of Figure 6.11c

(c) The overlap of the predicted rooms in (d) The overlap of the predicted rooms in
Figure 6.11f over the map of Figure 6.11eFigure 6.11h over the map of Figure 6.11g

(e) The overlap of the predicted rooms in(f) The overlap of the predicted rooms in
Figure 6.11j over the map of Figure 6.11i Figure 6.111 over the map of Figure 6.11k
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(g) The overlap of the predicted rooms in (h) The overlap of the predicted rooms in
Figure 6.11n over the map of Figure 6.11mFigure 6.11p over the map of Figure 6.110

(i) The overlap of the predicted rooms in (j) The overlap of the predicted rooms in
Figure 6.11r over the map of Figure 6.11qFigure 6.11t over the map of Figure 6.11s

(k) The overlap of the predicted rooms in (I) The overlap of the predicted rooms in
Figure 6.11v over the map of Figure 6.11uFigure 6.11x over the map of Figure 6.11w

Figure 6.11: From Figures in 6.11 it is perfromed the processverlap the predicted
rooms over the initial maps.

The Table 6.4 shows the trend of the prediction of hidden roonisased on
the number of closed doors, in this case we can notice that the unsttured
baseline has a performance very similar, and sometimes betténan our
method in the case of a low number of closed doors. This high perfance
is due to the fact that working directly on the map does not preent possible
inaccuracies due to the abstraction, which our method insteadndergoes.
When the number of closed doors exceeds 3, our method performach
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better than both baselines, this is due to an increase in adjaderooms to
predict, which, without a good prediction method, are di cult to manage.
In a map like this, prediction with our method is very e ective even going
beyond 75% with 12 closed doors.

Table 6.4: Evaluation of the predicted rooms of the batch aysi$

N. Closed Doors % Hidden Map 10Ut loUy loUg

1 1.27% 0.879336 0.863196 0.879336

2 4.4% 0.793798 0.809980 0.793798
3 7.57% 0.766125 0.830277 0.769280
4 13% 0.757947 0.634716 0.687665
5 16.18% 0.805324 0.522463 0.564024
6 19.37% 0.849719 0.579877 0.63790d0
7 20.67% 0.787442 0.520222 0.589046
8 21.13% 0.648852 0.554486 0.578406
9 24.38% 0.693863 0.574007 0.578765
10 27.4% 0.784367 0.606565 0.582453
11 30.57% 0.750159 0.469023 0.497480
12 31.82% 0.758932 0.504204 0.501846
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6.3.5 Experimental results of the batch analysis

In this section, we display the obtained results using our methad simulated
environments. We group the results of similar types (small, mealn, and big)
of environments generating di erent graphs representing thloU values of the
di erent predicted rooms in the map and the number of closed dws in the
environment. We also compare the solutions with the baselinegstribed in
this chapter. The analysis of this maps is not like in the prewaus section,
where it was considered only a single run over the environmenitiva de ned

number of closed doors, the results in this section are based on tipié batch

analysis over the maps, so each environment is considered mu#ifimes and
at each iteration a di erent set of rooms is randomly considetktas closed.

6.3.5.1 Small environments

The environments analyzed with less than 10 doors are only twéfor this
case we analyze the result of the two environments individugl|

Environment 1

Environment 1 is a very simple oorplan with few rooms and only aorridor
that connects all the rooms. The environment has few doors thaan be
closed.

Figure 6.12: Environment 1 and the possible doors to closeréuf).

Evaluation
In environment 1 (Figure 6.12) the chart of the loU representkin Figure
6.13 shows the IoU of the prediction using di erent methods: oumethod,
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Figure 6.13: The graphic of the loU of Environment 1 over themher of closed doors
for our method and the baselines, showing the average valueéstlaeir variance.

the structured baseline, and the unstructured baseline. As we caee in
the chart the IoU changes very fast when increasing the numbef olosed
doors, this is because the map is very small, and closing a few dotmses a
lot of information. Our method has a better performance of té structured
baseline (excluding the loU with 1 closed door, where the perfoances are
identical), this result was expected, because our method ante structured
baseline work on the same features, but while the structured based has a
simple ooding method, our method considers di erent featurg present in
the local region of the predicted rooms to improve the predion. Compared
to the unstructured baseline, our method has a worse performanawhen the
doors are few, this is because the unstructured baseline workeedtly on the
map, without considering the structures that can permit the aalysis of the
features of the map at the cost of abstracting the map and decrgag the
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precision.

Environment 2

Environment 2 has even fewer doors to close than Environment his makes
this environment even more di cult to analyze. For these predttions the
more doors can be closed the easier is to have a good predictionthis

environment, with only 6 doors that can be closed, even closirggor 3 doors
means losing a lot of information. The environment has only argyle corri-
dor with similar rooms attached to it, only two rooms are very derent, and

these rooms can decrease the performance of our method.

Figure 6.14: The Environment 2 and the possible doors to cl@seed).

Evaluation

Figure 6.15 shows that, as the previous environment, our meit is better

than the unstructured baseline only after a certain number oflesed doors.
The unstructured baseline can provide a really good prediciowhen the

hidden room is limited by near explored regions. Our method psents some
kind of artifacts when predicting the hidden rooms, given bytte construction

of structures to support the analysis of the map (cells, edges, W&l As in

the previous environment, our method performs consistentlyditer than the

structured baseline.

6.3.5.2 Medium environments

The environments analyzed with more than 9 doors and less th&l6 are
thirteen; having a lot of environments instead of a single angdis for each of
them we present an average of their results.

Evaluation

The medium environments contain from 10 to 15 doors that canebclosed.
Figure 6.16 shows the loU over the closed doors of thirteen emnments.
The number of closed doors analyzed are stopped to 10 to have asistent
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Figure 6.15: The graphic of the loU of Environment 2 over themher of closed doors
for our method and the baselines, showing the average valuéstlaeir variance.

evaluation. In a medium environment, the behavior of the batises and of
the proposed method is quite di erent from that observed in thesmall envi-
ronments. This is due to bigger maps and more possibilities fdre expansion
of the predicted rooms, this causes our method to have always atter pre-

diction than the baselines. The two baselines have a similar baehar than

the previous cases, with a better prediction for the unstructed baseline
when there are few closed doors and a better prediction for ttstructured

baseline when the number of closed doors increases.

6.3.5.3 Large environments

The environments in this category have 16 or more doors thaan be closed.
These environments are the biggest between the one analyzedsgessing a
large set of rooms and complicated structures.
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Figure 6.16: The graphic of the loU of the medium environmentgothe number of
closed doors of our method and the proposed baselines, slgothie average values
and their variance.

Evaluation

Figure 6.17 represents the loU of the prediction of hidden raws in the
large environments. The rst observation we can do on the compapn is
the fact that the unstructured baseline is in these environmestbetter than
our method when there are few closed doors. This is caused by agkar
number of rooms, in a large environment it is quite probable tolose a room
that is surrounded by other rooms, a situation that was impossiblen small
environments and improbable in the medium ones. When there earfew
hidden rooms with this characteristic the unstructured basetie will produce
a better prediction. When the number of closed doors starts tancrease
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Figure 6.17: The graphic of the loU of the large environmentgiothe number of
closed doors for our method and the baselines, showing theagesvalues and their
variance.

the number of adjacent hidden rooms increases and our methodngrates
a better prediction than the two baselines, having a similar betvior to the
previously seen graphs.
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6.4 Experiments on real environments

In this section, we apply our method on maps obtained after thexploration
of real environments. From the original maps we delete some rodo let our
method predict the layout of the hidden rooms.

6.4.1 Maps on real environments

(@) Map 1 of the real environment

(b) Map 2 of the real environment

(c) Map 3 of the real environment

(d) Map 4 of the real environment
Figure 6.18: The maps obtained after exploration in real eowiments.
Figure 6.18 displays the four maps we are working with, these pmhave
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been generated by a real robot exploring real environmentss a matter of
fact, the maps present more noises compared to the ones genedafrom a
simulated environment.

6.4.2 Results on the real environments

Our method has a good performance for the prediction of hidderooms
even when the number of closed doors in the environment is higlWhat
we want to check in this section is how our method behaves whenet map
it is working with is not as clean as the ones obtained from thsimulated
environments. From the previously seen maps (Figure 6.18) welele some
regions corresponding to multiple rooms in the real environemt and we run
our method over these maps. Figure 6.19 displays the maps of theak
environments with some hidden rooms and their respective prietdons. The
gure shows that the predictions are really similar to the hidén rooms, our
method keeps its consistency in both the real environments atite simulated
environments.
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(&) Map 1 with 2 closed doors (b) Prediction of the hidden rooms in

@)

(c) Map 1 of the real environment (d) Overlap of the predicted hidden

rooms in (a)
(e) Map 2 with 6 closed doors (f) Prediction of the hidden rooms in (e)
(g) Map 2 of the real environment (h) Overlap of the hidden rooms in (e)
(i) Map 3 with 1 closed door () Prediction of the predicted hidden
rooms in (i)
121

(k) Map 3 of the real environment (I) Overlap of the predicted hidden rooms

in (i)



(m) Map 3 with 4 closed doors (n) Prediction of the hidden rooms in (m)

(o) Map 3 of the real environment (p) Overlap of the predicted hidden rooms
in (m)

(q) Map 3 with 4 closed doors (r) Prediction of the hidden rooms in

(a)

(s) Map 3 of the real environment (t) Overlap of the predicted hidden
rooms in (q)

(u) Map 4 with 8 closed doors (v) Prediction of the hidden rooms in

(u)
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(w) Map 4 of the real environment (x) Overlap of the predicted hidden
rooms in (u)

Figure 6.19: The maps of the real environments with some hiddsoms hidden, their
respective predictions and the overlap of the predictedmsoover the environment.

6.4.3 Comparison of real environments and simulated
environments

In this section, we want to compare two analyses of the same mapthvi
the same closed doors, the only di erence is that one is the maptamed

after the exploration of the robot in the real environment, vhile the other

one is obtained from a simulation. The steps of our method havdready

been described in Chapter 4, so what we do is comparing the two psa
in the most important steps of our method. The rst comparison beween
the two maps is the di erences between the extended lines @med. The
extended lines are one of the most important parts of our metko that

is because the extended lines generate the structure of the madbperefore
the more precise the structure, the better the outcome of the rtteod. In

Figure 6.20c it is presented the huge number of lines the methbdas to work
with, the information noise of the robot during the exploraton of the real
environment generates a more noisy and cluttered map. In Figal 6.20d
the method produces very few lines having a very "clean” maghe next

comparison is the prediction of the starting cells to initiatethe construction

of the predicted rooms. The method, in both cases, selects thehigell to

start the analysis of the prediction. In Figures 6.20e and 6.2the predictions

of the rooms are added to the map, we can see that the two solutoare very
similar, pointing out the e ciency of our method in both: real environments
and simulated environments.
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(a) Map of the real environment (b) Map of the simulated environment

(c) Extended lines of the real environ-(d) Extended lines of the simulated en-
ment vironment

(e) IN (yellow) and OUT (white) cells (f) IN (yellow) and OUT (white) cells

of the real environment, with the start- of the simulated environment, with the

ing hidden cell for the prediction (blue) starting hidden cell for the prediction
(blue)

(g) Prediction of the hidden rooms of (h) Prediction of the hidden rooms of
the real environment the simulated environment

(i) Overlap of the hidden rooms on the (j) Overlap of the hidden rooms on the
real environment simulated environment

Figure 6.20: The comparison of our method on two maps obtaineuhfithe real and
simulated environments.
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Chapter 7

Conclusions and future
research directions

In this thesis, we have developed a method to predict the laycaitof rooms
hidden behind closed doors from grid maps obtained by an autemous mo-
bile robot in indoor environments. Our method starts from an iitial map
of an indoor environment where some doors are closed, each ornlg a
room, and extracts the structure of the walls in the map and gemates and
evaluates di erent con gurations for the possibles hidden roms, choosing
the best prediction that shares most structural similarity with the rest of the
map. At the end of the prediction, the method complete the inial map,
adding the predicted layouts of the hidden rooms inside the rparepresen-
tation and connecting each predicted room with a door wherehé original
closed door for that room was located. The method has been testen
20 maps generated on indoor simulated indoor environments $tage/ROS
Each of these maps has been further modi ed, creating, for eadf them,
di erent closed door con gurations, where a di erent set of docs is closed
(and, accordingly, where a di erent portion of the area is nbobservable by
the robot), analyzing how our approach behaves with a di erd number of
hidden rooms and in more or less complicated maps. For this thesitwo
baselines have been developed, to compare the results of outhuod, which
are: the unstructured baselingwhich works directly on the map to generate
the layout prediction of hidden rooms, and thestructured baseling which
works on structures generated by extracting features from éhmap to gener-
ate from their union the layout of the predicted rooms. After tle comparison
between our method and the baselines, we show how our method arne t
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unstructured baseline have similar performance when working anaps with
one or two closed doors. However, when the number of doors in@es, our
method far outperforms both baselines.

Future works on this type of prediction may address new aspectd our
system.

More varied simulated and real environments . in our thesis we
have used a large set of maps, but we have only deeply analyzedritye
of them. Furthermore, we applied our method to a limited numbr of
maps generated by the exploration of robots in real environents. In
the future, it would be interesting to analyze how our method bhaves
with a larger number of both simulated and real maps and how itauld
be extended to 3D maps obtained with a di erent set of sensors.

Weaker assumptions on the closed doors : in Section 4.1, we de-
ned a very strict assumption for the relation between closed dos
and hidden rooms, stating that each closed door corresponds to ian
dependent single hidden room. In the future, this assumption o be
made weaker by looking for hidden rooms that are accessiblerfr@ or
more closed doors, adding a check to validate if two adjacenteqaficted
rooms are single or can be joined to form a single predicted rooithis
could be performed by integrating deep learning-based mett® into
our pipeline, as the work of [13].

Door recognition : we assumed to have an oracle to detect the pres-
ence of all closed doors within the environment, it would be tieresting

in the future to use a real robot with a camera to actually locat the
closed doors [22] and save them on the map.

Integration of a database : a possible future development could be
to integrate our algorithm with an existing database of multipe maps
to improve the prediction of hidden rooms.
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