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Sommario

La robotica mobile autonoma è uno dei campi che hanno visto un consis-
tente sviluppo in questi ultimi anni. Un robot mobile autonomo deve essere
capace di muoversi nell'ambiente in cui è utilizzato indipendentemente dagli
operatori umani; per fare questo uno degli strumenti a sua disposizione è la
presenza di una mappa dell'ambiente. Uno dei compiti principale di questi
robot è quindi l'esplorazione, che consiste nella costruzione incrementale della
mappa di un ambiente in cui il robot si muove. Può succedere, però, che,
in alcune situazioni, come per esempio quando sono presenti porte chiuse,
l'ambiente non sia completamente esplorabile dal robot. L'obiettivo di questa
tesi è lo sviluppo di un metodo che permetta ad un robot di gestirequeste
situazioni, predicendo il possibile aspetto geometrico delle stanze nascoste
da porte chiuse. Partendo da una mappa generata durante l'esplorazione in
un ambiente sconosciuto con diverse porte chiuse che nascondono stanze, il
nostro approccio predice la struttura delle stanze nascoste in modo tale che
siano il più possibile simili alle loro controparti reali. Valutiamo le prestazioni
del nostro metodo, su numerosi ambienti simulati e su un limitato numero
di ambienti reali.
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Abstract

Autonomous mobile robotics is one of the �elds that have seen consistent
development in recent years. An autonomous mobile robot must beable to
move independently of humans in the environment in which it is used; to
do so, one of the tools is the availability of a map of the environment. One
of the main tasks of these robots is theexploration, which consists in the
incremental construction of the map of an environment in which the robot
moves. In some situations, for example in the case in which there are closed
doors, it might happen that the environment is not completelyexplorable
by the robot. The aim of this thesis is to develop a method that allows
a robot to manage these situations, by predicting the possible appearance
of the rooms hidden behind closed doors. Starting from a map generated
during the exploration of an environment with closed doors that hide rooms,
our approach estimates and predicts the structure of the hidden rooms such
that they are as similar as possible to their real counterparts. We evaluate
the performance of our method on di�erent simulated environments, and also
on some real environments.
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Chapter 1

Introduction

One of the main goals of autonomous mobile robotics is to develop robots that
move independently in an initially unknown environment without any human
supervision. In order to do so, robots have to incrementally build a map of
that given environment. This task is calledexploration. The map built
by the robot during an exploration will be used during later operations: for
that reason, it is particularly important that the map obtain ed is correct and
complete. However, it can happen that certain regions of the environment
are not accessible to the robot, so the environment is not fully explorable
and that the robot can perceive only the accessible areas. For example, some
doors inside an indoor environment could be closed at exploration time, in
this case, the robot will not have any information about those rooms behind
such doors even if, during the normal activities of the robot,those rooms
could be open and accessible.

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

Predicting unknown parts of indoor environments is a topic ofinterest
in the �eld of autonomous mobile robotics. The robot can predict the as-
pect of partially explored areas, in order to make better exploration choices
and, eventually, to reduce the overall exploration e�ort [13]. Moreover, a
prediction could be used to complete maps that present a partial exploration
of the environment [36], having some regions not fully explored, by using
the information obtained from an analysis of the part of the map already
explored or by using a priori knowledge obtained from similar maps. As an
example, the robot can use this prediction in order to predictpossibleloop
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closuresinside the map [18] (a loop closure is an area of the environmentthat
could be observed by the robot from multiple points of view thus reducing
its localization uncertainty).

For the prediction of completely inaccessible rooms the robotneeds some
additional information in addition to the map of the explored environment.
In our case this additional information is the positions of closed 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 robot would
have no way of exploring the hidden area. Behind each closed doors inside
the environment the method assumes that there is ahidden room.

The proposed method starts from anoccupancy grid mapof the envi-
ronment where the robot has already completely explored allthe accessible
areas. An occupancy grid map represents objects in a metric space, where
each cell represents the probability to �nd an obstacle. The input map has
no information regarding the inaccessible areas, except the presence of closed
doors. The input map passes through abstraction steps to constructabstract
layouts of the rooms exploiting regularities extracted from the map. The
method for creating the prediction is based on theglobal and local informa-
tion of the map. The global information includes all the information inside
the map, while the local information includes only particular information
inside a limited area. For every hidden room inside the map, themethod
generates multiple possibilities for the layout of the room, then, ascore func-
tion is used to evaluate the di�erent con�gurations, the con�guration with
the highest score is chosen as the predicted room. Global information is used
to choose between the possible con�gurations because every con�guration is
generated according to the structure of the whole map. Local information
is used as the score function to evaluate the con�gurations of each hidden
room. To evaluate our method, di�erent predictions were carried 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 found with the real
hidden rooms. The performance of our method is very good, evenreaching
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 exploration,
describing the types of sensors, the maps to represent an environment, and
exploration strategies. Then we explain several methods for analyzing the
map and extracting information. Finally, we describe the existing prediction
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approaches for partial maps.
In Chapter 3 we describe the problem we want to solve and what is the

purpose of the thesis.
In Chapter 4 we present the solution we implement in the thesis tosolve

the problem presented in Chapter 3. We describe the assumptions on which
our method works, the terminology used and the general overview of our
implementation, illustrating the various steps that lead from the initial map
to obtain the predictions of the rooms hidden behind closed doors.

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

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

In Chapter 7 the results obtained in this thesis are summarized and some
possible future research directions are presented.
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Chapter 2

State of the art

Robot mapping has been one of the most important �elds in robotics and
AI for at least the last four decades [56]. Robotmapping tries to resolve the
problem of acquiring spatial models of an unknown or partially known envi-
ronment using a mobile robot and is one of the major problems indeveloping
autonomous mobile robots. Autonomous mobile robots move unsupervised
inside an environment and they perceive the objects that surround them to
build a map using a de�ned strategy. Many strategies have been designed
for the exploration of the environment and some approaches have been pro-
posed to improve it, for faster and more e�cient navigation. These strategies
comprehend the extraction of information from the maps and predictions of
the environment using information of explored regions of themap or prior
knowledge of already explored buildings, the robot generates hypothesis that
can be used to complete the map, or help the robot through the navigation.
In this chapter, we present an extensive, but not exhaustive, review of the
state of the art on the �eld of of autonomous exploration and mapping in
mobile robotics. We present di�erent prediction techniques for indoor en-
vironments describing their uses in the �eld of exploration. In Section 2.1
we describe the task of exploration for an autonomous robot, describing the
modules needed for the exploration (Section 2.1.1), the strategies used for
the navigation of the robot in the environment (Section 2.1.3), some exam-
ples of algorithms most used for exploration (Section 2.1.4),the output we
obtain after the exploration of the map (Section 2.1.2). In Section 2.2 we de-
scribe the most signi�cant techniques employed to obtain new and additional
knowledge from the map. In Section 2.3 we portray some map predictions
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 of acquiring,
through a set of sensors, a spatial model of an unknown environmentand
of being able to move inside it. To solve these problems the robotneeds
some modules to obtain information from the environment, it also needs to
keep track of its position inside the explored region, to be able to move to
a particular goal and keep the mapping consistent by integrating together
all the information from its sensors. In the following sections, we describe
the modules used by the robot to obtain information from the environment,
how the information is stored and represented by the robot, howthe robot
explores the environment, and which are the most used techniques to explore
an indoor environment.

2.1.1 Sensors

To acquire a map, robots need sensors to perceive the surrounding environ-
ment. Sensors possess two main limitations, the measurement noise,which
are errors present in every real-world perception, and rangelimitation, forc-
ing the robot to navigate in the environment. The most used sensors in
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 becausehas
a higher accuracy than other classes of sensors and can work in dark
environments

� Ultrasound proximity sensors, sensors 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 camera

� RGB-D Sensors, sensors that perceive the environment and create a
RGB-D image, a combination of a RGB image and its corresponding
depth image. An RGB image is composed of 3 data for each of its pixel,
the 3 data de�ne the red, green and blue color and combined together
it is obtained the color of the pixels. A depth map is an image that
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contains information about the distance between the surface of objects
from a given viewpoint.

� Inertial Measurement Units, they are electronic devices used to per-
ceive the orientation of the robot, speed and acceleration, they 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 an incremental
map, a representation of the sensorial data obtained by the sensors. There
are many possible maps used to represent an environment, the most used
ones are (Figure 4.1):

� Metric maps, they are maps that place objects in a metric 2D or 3D
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 proba-
bility to �nd an obstacle in that cell [55], the higher the value, the
higher the probability that there is an obstacle inside the cell, con-
trarily, the lower the value, the higher the probability that the cell
is free in Figure 4.1a is represented a binary occupancy grid map,
in this representation each cell in the grid has a value representing
the occupancy status: the value is 1 if the pixel is occupied and0
if it is free, while in Figure 4.1b is represented the grey-scale scale
occupancy grid, inside this map the pixels can be of three colors:
white, the pixel is free, black, the pixel is occupied, and grey, 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 graph, with
nodes that represent spaces of the environment and arcs that represent
the physical connection between two spaces in the environment(Figure
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 environment.

2.1.3 Exploration strategies

Most mobile robot applications need maps with information about the obsta-
cles in advance, as a result, this information has to be ful�lled when a robot
is placed in an unknown environment. Exploration has the potential 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 one that generates
a complete or nearly complete map in a reasonable amount of time. The
most used exploration for autonomous mobile robots is thefrontier-based
exploration [58], which is an exploration process that selects a certain point
inside the map, which maximizes a particular gain function. The point se-
lected needs to be on afrontier of the map, a particular region between a
free explored region and an unexplored region (Figure 2.2).The robot moves
from frontier to frontier simultaneously building the map of the environment,
the exploration stops when no frontiers are present in the map.The result
of the exploration is directly based on the order of the visitedfrontiers. Dif-
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ferent methods have been presented during the years for the choice of the
next goal frontier, as the nearest frontier greedy algorithm, an exploration
strategy that chooses as the next goal the closest frontier to therobot [57].
Other techniques were subsequently introduced based on the de�nition of
frontier, one of them isNext-Best-View algorithm, proposed in [28], that is
a technique that chooses the next goal position evaluating thepotential new
explored area if the robot were it that position, and the path to reach the
position, the selected position is the one that maximizes a certain utility
function that depends on the two variables prior described.
Another example of frontier-based technique isMulti-Criteria Decision Mak-
ing, or MCDM, which is an exploration strategy exploiting multiple criteria
N = 1; 2; :::; n and multiple candidate positionsC, the next goal position is
obtained using a global utility function up; p2 C, the utility is computed ap-
plying to the candidate positionp each criteriaup = ( u1(p); u2(p); :::; un(p)).

Figure 2.2: An example of a mapped environment and its relative frontiers (in blue).

2.1.4 SLAM

A mobile robot moving through an unknown, static environmentcollects
observations of features in the environment and has to continuously assess
its position, but both the position and the observations are corrupted by
noise. To solve this problem, a process that builds a map of the environ-
ment and localizes the robot from noisy controls and observations is needed.
The simultaneous localization and mapping (SLAM) [6] is a problem that
asks if it is possible for a mobile robot to be placed at an unknownloca-
tion in an unknown environment to incrementally build a consistent map of
this environment while simultaneously determining its location 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 dominant in
SLAM. The three techniques are mathematical derivations of the recursive
Bayes rule.

2.1.4.1 Extended Kalman Filter (EKF)

(a) The robot senses object 1 and
moves

(b) The robot senses object 2

(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 popularityis the fact
that robot mapping is characterized by uncertainty and sensornoise, and
probabilistic algorithms tackle the problem by explicitly modeling di�erent
sources of noise and their e�ects on the measurements [56]. The main vari-
ation of KF in the state-of-the-art SLAM is the Extended Kalman Filter
(EKF). The EKF is used to solve nonlinear models from the real world, by
approximating the robot motion model using linear functions.The SLAM
problem is no linear, therefore, it is not possible to apply directly a lin-
ear Kalman �lter. To solve this problem it is used the Extended Kalman

12



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 2.3),
objects that can be perceived from the sensors onboard the robot, to recog-
nize recurrent regions on the map. The robot moving in the environment
�nds new landmarks, whose position is uncertain. The robot also observes
landmarks that have been previously mapped and uses them to correct both
its self-localization and the localization of all landmarksin space. In this
case, therefore, both localization and landmarks uncertainties decrease. The
main limitation of EKFs for SLAM applications is their computational com-
plexity, which is quadratic in the number of landmarks, furthermore, the
solution of the EKF is not an optimal estimator. EKF-SLAM examplesare
RTSLAM [44] or monoSLAM [21]. Several existing SLAM approaches use
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 recursive
Bayesian �lter that is implemented in Monte Carlo simulations. It performs
SMC estimation by a set of random point clusters, sets of similar points
grouped together, in which the Bayesian posterior is represented by parti-
cles, a set of samples each associated with a speci�c weight. The particles
represent a distribution of likely states, where each particle is a 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 steps every
motion update of the robot: measurement, checking the near environment to
generate landmarks,weight update, the weight associated to each sample is
changed base on the estimated position of the robot, andresampling, where
new samples are added and the ones with less weight are discarded. The
main disadvantage is that it produces growth in computational complexity
on the state dimension as new landmarks are detected, becomingnot suit-
able for real-time applications [38]. A successful application of PF is the
localization of the robot in the environment, determining only 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 the context
of maximum likelihood (ML) estimation. When the robot's pose is 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, andmaximization step (M-step), in which
the most likely map is calculated given these pose expectations.The �nal
result is a series of increasingly accurate maps. The need to process the
same data several times to obtain the most likely map makes it ine�cient,
not incremental, and not suitable for real-time applications [17]. Even using
discrete approximations, the cost grows exponentially with the size of the
map, and the error is not bounded; hence the resulting map becomes unstable
after long cycles. These problems could be avoided if the data association
was known [53] or if the E-step was simpli�ed or eliminated. For this reason,
EM usually is combined with PF, which represents the posteriors bya set
of particles (samples) that represent a guess of the pose where therobot
might be. For instance, some practical applications use EM to construct the
map (only the M-step), while the localization is done by di�erent means, for
example using PF-based localizer to estimate poses from odometerreadings
[56].

2.2 Extracting knowledge from metric maps

From the sensors, the robot obtains a large amount of information from the
environment it is exploring. The metric maps are the representation of the
environment but it is possible to obtain other pieces of information, like, for
example, often modules obtain knowledge directly from the sensors (visual
sensors for objects recognition). In addition, for some robotic tasks, it is
needed to have knowledge of some features of the environment,for example,
using modules to analyze the generated map and identifying room boundaries
helps in tasks such as topological mapping, semantic mapping, automatized
professional cleaning, and human-robot interaction. Obviously human help
may be present to recognize objects or parts of the map (doors, rooms, ceil-
ings), but this would result in an expensive cost and would be impractical
when working with very large datasets. For this reason, an important area
of research in robotics in recent years has focused on the robotautomatically
analyze the map to obtain information without human cooperation. This
type of analysis is called automatic interpretation. Nowadays, automatic
interpretation of environments to collect structural information is the main
issue in di�erent research �elds, such as robotics and computer vision. Most
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of the approaches usually rely on a combination of metric and topological
maps and require an expert to provide the knowledge to the robot in a suit-
able format. Capobiancoet al. [15] e�ectively bound together the high-level
information and the low-level information creating a middle layer grid-based
representation. To obtain the grid, the 2D structure is analyzed through
an abstract grid called A-grid, created using the walls recognized using the
Hough transform[30] of represented maps. In Figure 2.4) the A-grid repre-

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

sents a discretization of the environment which allows associating an area to
a label. To remove the noise of the walls, caused by the noise of thelaser, the
construction of the A-grid has a �lter to decrease the number of segments of
the grid. This �lter keeps in consideration the minimum distance between
lines that are generated by a looped Hough transformation, starting from a
maximum threshold that is decreased every loop until the minimum thresh-
old. The lines found are kept in the A-grid only they are far enough from the
nearest ones (Figure 2.5), this is to avoid crowding the grid with the lines
found and simplify it.

Figure 2.5: a) Edges of the metric map. b) The result of the Houghtransform
performed on the metric map. c) Result of the wall detection algorithm.

Then, the grid has to be completed, the minimum vertical and horizontal
distance are computed and for each couple of nearest lines if the distance be-
tween them is at least twice the respective minimal distance of their category
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(horizontal or vertical), a line is added to the A-grid. The areas segmented
by the grid are labeled and each will have di�erent tags based on the analysis.
The algorithms are used in [8] to consistently build and update semantic maps
to over a large test set, including a large number of rooms and objects with
di�erent functional use, semantic maps have associated with each of their
parts some label (i.e., corridors, rooms, ...) that de�nes some characteristic
of that particular area of the map. One of the most important knowledge we
can infer in indoor environment is to understand which spaces on the map
can be considered as single rooms, this is calledroom segmentation. Normally
the room segmentation starts from a metric map and subdivides itinto parts
interpreting each of them as a single room. Based on the previous approach
of the A-grid [15], [36] proposed a method for the extraction ofstructures of
buildings starting from the metric map (Figure 2.6). The method takes as

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

input a 2D metric map, �nds the walls, and uses them to create a grid, as
seen in [15], based on the grid the rooms are segmented and, last, the layout
is reconstructed. From the metric mapM the edges are found using Canny
edge detection algorithm [14], which divides the cells on the map into free
cells and obstacles cells. It is used the Hough line transform algorithm [32] to
process the obstacles cells and extract the line segmentsS that approximate
the edges. The line segments are clustered together based on the angular
coe�cient and, then, on the distance between parallel lines. For each cluster
the method creates a line that represents all the line segmentsin the clus-
ter. The intersection of the lines divides the map in a smaller area, called
faces. To label the faces corresponding to the di�erent rooms the method
implements DBSCAN, which assumes that adjacent faces that are separated
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by an edge corresponding to a wall should belong to di�erent rooms, while
adjacent faces that are separated by an edge not correspondingto any wall
should be grouped together in the same room. The weight is connected to the
probability of having a wall along the considered edge, greater weight means
a greater probability. To group the faces in di�erent rooms the 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:

L f;f 0 =

8
>>><

>>>:

e� w(f;f 0)=� if f 6= f 0 and f and f 0 are adjacent:

1 if f = f 0:

0 otherwise:

(2.1)

where� is a regulation factor. From the matrix L it is derived the matrix A
asA = D � 1L, whereD = diag(

P n
j =1 L i;j ) 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 knowledge
is fundamental for mobile robots operating in large, unstructured environ-
ments. Such knowledge exists at multiple levels of abstraction, from robot's
sensory data, through geometry and appearance, up to high-level semantic
descriptions. Many robotic tasks need to extract the features of the explored
map to label spaces and have a higher-level abstraction of the map. Prono-
bis et al [42] proposed a probabilistic framework to allow to learn abstract
models of the environment. This approach is based on SPNs (Sum-Product
Networks) and deep learning to acquire knowledge of the spatialenvironment.
Sum-product networks are probabilistic deep architecturesthat present sev-
eral advantages compared to probabilistic graphical models,this is due to
the fact that SPNs represent joint or conditional probability distribution
with partition functions and involve a polynomial number ofsum and prod-
uct operations, resulting in a less complex and exact inference. From Poon &
Domingos [40] SPN can be de�ned as a rooted directed acyclic graph whose
leaves are the indicators and whose internal nodes are sums andproducts.
Each edge emanating from a sum node has a non-negative weight (an exam-
ple of SPN graph is in Figure 2.7).
To build the SPN they create a random structure obtained generating nodes
based on random decompositions of a set of random variables to create mul-
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Figure 2.7: An example of SPN for a Bayes mixture modelP(X 1;X 2), image from [42].

tiple subsets, the algorithm is recursively run until each subset is a singleton.
The inference of the SPNs is accomplished doing a single pass through the
network, once the indicators are set to show the evidence, the upward 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 inference [40].
To learn the SPNs, it is used a hard EM to obtain the weight, the method
takes training samples as evidence (E step) and updates the weight based on
the inference (M step). To represent the local environment it is used DGSM
(deep generative spatial model), a probabilistic deep model that learns a joint
distribution over spatial knowledge represented at multiple levels of abstrac-
tion. To support real-time applications, the robot relies on laser-range data
to present as input a 5m radius particle �lter grid map around the robot.
The polar grid, a circular grid, is divided into 8 parts of 45-degree views,
for each view a random sub-SPN is generated, recursively building a hierar-
chy of decompositions of subsets of polar cells in the view. The sub-SPNs
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 points in space,
generally produced by 3D scanners. The system is divided into di�erent steps
(Figure 2.9):
-Primitive Detection, using the method of Schnabelet 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 di�erent categories, the �rst
column contains the corridor, the second column is the recognized doorways, the third
and last are respectively the small rooms and large rooms, image from [40].

Figure 2.9: Overview of the automatic reconstruction of 2D environment, image from
[5].

the points are projected in a 2D grid, for each point of the grid it is found
the corresponding point in the point cloud with the highest Z coordinate, the
walls are de�ned as patches of points that stretch from the �oor to the ceiling
and are perpendicular to the �oor, each wall candidateP is represented as
P = ( #�n ;p), where #�n 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 the ceiling all the
points of the point cloud are projected on the XY-grid, for eachgrid occupied
by at least a point the 3D point belonging to that cell with the highest Z
coordinate is selected. The selected points generate the ceiling.
-Viewpoint Generation, the ceiling is projected on the �oor plane and all
the points in the bounding box, the smallest enclosing box for a point set,
are marked as free space, the projection of the walls are marked as obstacle
spaces.
After having obtained the primitives, they are used to create semantic 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 is represented 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. Theroom segmentationis based on an algorithm
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considering the likelihood that two cells are in the same room,if there is a
large wall between the cells is unlikely that they are in the same room, if
there is a small or no wall, then the probability is higher. A consideration
is done on the rooms and the edges dividing them, for a possible merging of
the rooms (Figure 2.10).
Bormannet al. [9] compares the most used techniques for room segmentation

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

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

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

When exploring an environment, the robot takes informationto infer new
knowledge, but the information taken is often very limited,for example in
an environment the robot could create an occupancy grid and reason only
on this structure, but, as we have seen, the occupancy grid is based only on
the �oorplan of the explored environment, other objects arenot considered.
But the environment is rich in information that can be used to infer further
knowledge. Pronobiset al. [41] proposed a method for semantic mapping
using heterogeneous modalities, such as object observations, shape, size, the
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appearance of rooms, and human inputs to create a semantic map of the
environment. In this work two types of representation are proposed: (1)
Spatial Knowledge Representationand (2) Conceptual Knowledge Represen-
tation. The structure of the spatial knowledge representation represented
in Figure 2.12 comprises four layers, each focusing on a di�erent level of
knowledge abstraction. The abstraction is obtained omittingsome details
and highlighting others for a less complete but more schematicand simple
representation. The lower level is thesensory layer, which keeps a precise
representation of the environment, corresponding to the metric map. Over
this level there is theplace layer, that represents the place, a discrete area ob-
tained discretizing the continuous space, paths, connectionsbetween places,
obtained from the traveling robot, and placeholders, hypothesized places in
the unexplored regions, of the map. Then, thecategorical layerthat contains
categorical models, that represent spatial properties (room shape, geometri-
cal model,...). The highest level is theconceptual layer, it contains the in-
stances of spatial concepts and it relates instance knowledge from the lower
level to general common sense knowledge (kitchens normally contain cereal
boxes). The semantic map in this work considers the properties of space
of the environment. The properties of space can be perceived as attributes
characterizing spatial entities or can be connected to humanconcepts. The
system proposed assigns di�erent types of properties to each place:

� objects, it de�nes the expected/observed number of a certain object in
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 spatial knowledge 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, unexploredregions are la-
beled with placeholders, indicating potential locations that can be discovered.
The rooms are segmented based on the doorways, knowing that rooms in an
indoor environment are usually separated by doors. The robot'sobservation
is continuously classi�ed to reason and compute probabilistic inference.

2.3 Prediction of indoor environment

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

general knowledge. The advantage of this information is thepossibility to
�nd speci�c patterns on the map to make assumptions and predictions on
the unexplored area of the environment. Recent approaches to the predic-
tion of unexplored regions in an indoor environment can be classi�ed into two
main categories: (1) online-prediction approaches and (2) o�ine-prediction
approaches.

2.3.1 Online-prediction approaches

An online-prediction approach consists in predicting the unexplored areas
and, simultaneously, mapping the indoor environment. Normally these ap-
proaches are used to make the mapping more e�cient [18], assuming that the
prediction is right and, then, optimizing the strategy to explore the predicted
area in less time. The prediction can also be used to reach a speci�c goal
in a faster way. All these techniques use the concept of frontiersto analyze
where the unexplored areas are situated.

2.3.1.1 A posteriori methods

A posteriori methods consider only the present information on the map, the
robot has no knowledge before the starting of the analysis. A lotof a poste-
riori methods use SLAM as the method to analyze the environment. In an
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unknown environment, the robot doesn't know the map in advance, in this
situation the agent has to compute a solution on how to move intothe envi-
ronment. A lot of proposed techniques for the prediction of the environment
exploit explored map information for extracting information and predicting
unexplored regions. In the last few years di�erent solutions had been pro-
posed to further improve the prediction and having better integration of the
inferred information on the strategy. These solutions take into consideration
not only the direct information of the explored map but also the prediction
of the unexplored areas. One of the �rst works was the P-SLAM (prediction-
based SLAM) [16] method, which has an environmental structure predictor
to predict the structure inside an unexplored region (Figure 2.14a). The
predictor is based on the inspection of the border of an unexplored area and
on its comparison with the explored area. If the explored areahas repeated
structures, the mobile robot can use the prediction as a virtualmapping
and decide whether or not to explore the unexplored area to increase the
e�ciency of the exploration. To predict where the unexplored region is, P-
SLAM uses an occupancy-grid map, allowing to easily di�erentiate between
explored and unexplored areas. First, the method selects a target frontier
cell to predict, also the target cell needs to be the next possible exploration
goal, a cell of this type is selected to guarantee that there isan unexplored
region near. Second, it collects the structure information near the target re-
gion, the region that has a maximum distance ofd from the target cell, then
it searches in the explored area if there are structures similarto the one near
the target region. Finally, if a match exists it generates a hypothesis about
the structure of the target unexplored area (Figures 2.14b and 2.14c). After
the prediction, the robot uses the information as a virtual map, 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 havemerged the
information of the explored region with the information of moving objects
inside the environment. Some works have extended other methods based on
SLAM, like SLAMMOT (Simultaneous Localization and Mapping and Mov-
ing Object Tracking) a SLAM algorithm that adds to the classic functional-
ities also the tracking of moving objects inside the environments. In [18] the
robot not only runs the SLAMMOT, but simultaneously predicts the unex-
plored region of the environment and the trajectory of moving objects. The
main reason to add the prediction of the trajectory of moving objects is that
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(a) Di�erence between P-SLAM and
SLAM

(b) Occupancy grid
map

(c) Extraction of the
features

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

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

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

Figure 2.15 shows the incomplete road skeleton and the predicted inter-
section of the roads, the prediction is obtained analyzing thepattern of the
incomplete roads and the intersection is the point where the lines of the in-
complete roads cross. For the trajectory prediction, the robot extracts from
the map the possible goals of moving objects and estimates theirweight
from the observation. This method showed that it can enhance the tracking
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 consideration other
information before the starting of the mapping, this information can be kept
in a database and used to allow the robot to possess a priori knowledge
before the building of the map. A novel approach was proposed by Ström
et al. [51], where it is proposed to predict the structure of the environment
in the unexplored region relying on previous information acquired from past
explorations. This method looks for similarities between thecurrent explored
map and past explored maps stored in the database, in order to predict the
unexplored regions (Figure 2.16).

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

This exploration system uses this predictive approach to evaluate the
frontiers as possible next goal for the exploration. Using the prediction, the
next goal is selected from the frontier that is more likely to lead to a loop
closure in the map, to reduce the uncertainty in the robot belief. Following a
similar principle Caleyet al. [13] presented a deep learning-based approach to
predict exit locations inside buildings exploiting inherent building structures.
Their approach was based on a neural network trained using a database of
buildings. Starting from a random room located inside the building 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 goalfor the explo-
ration. The robot kept exploring the map, adding new information 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 2.17). The CNN
(convolution neural network) reduces the amount of building 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 exit location. The gray squares
are the true exit location, the white squares are the CNN's estimated exit location,
image from [13].

an environment dividing the corresponding graph of the map insmaller sub-
graphs that are clustered according to similar characteristics. The input is
a semantic map, a undirected graphG = ( N;E ) where n 2 N is a room and
each edgee= ( n;n0) 2 E is a connection between two roomsn;n02 N . The
problem that they addressed was: given a database of �oorplans representing
a particular building type and a partial semantic mapG, predict a semantic
map G0 that contains G and that is most similar to the maps in the database.
The nodes are labeled in two levels of abstraction, at the top level, 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 individual node func-
tion, for example, classroom, laboratory, bathroom,... The method is divided
into two steps: segmentationand clustering. In the segmentation each graph
G = ( N;E ) is divided into smaller not overlapping subgraphS = s1;s2; :::,
the segmentation aims to identify the functional areas of thesemantic map.
Functional areas are groups of neighboring rooms with a similar function in
the building which are connecting to corridors Figure 2.18.
To segment the graphs two unsupervised methods are used, �rst, theNor-

malized Cut spectral method [47], the second methods depends on the par-
ticular domain based on the distinction between Rooms and Corridors. For
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Figure 2.18: An example functional areas, on the �rst image thecorridors are high-
lighted in green, in the second image the map is divided into functional areas, and the
third one represents the functional graph of the �oorplan, image from [35].

the clustering method ana�nity value is computed, for each pair of sub-
graphssi ;sj , the a�nity value � (si ;sj ) measured the similarity between the
two subgraphs using graph kernels methods, considering both thetopologi-
cal structure of the two subgraphs and the labels of their nodes.To cluster
together similar subgraphs it is used thea�nity propagation clustering al-
gorithm [25]. The information obtained from the previous method can be
sampled for generating new graph samples representing parts ofthe 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 present in the
sampled graph.
2) Functional graph sampling, a sampled functional graph is computed from
the cluster con�guration.
3) Subgraphs sampling, a speci�c subgraph for each node of the sampled func-
tional graph is selected.
4) Node connections sampling, the �nal semantic map is obtained from the
functional graph.
One of the possible applications of this approach is predicting the environ-
ment during the exploration of the robot, moving through a corridor and
exploring every room it is connected to, simultaneously predicting the con-
�guration of the subgraph, then when all the rooms connected to the corridor
are explored the robot goes to the nearest corridor and restarts the previous
strategy.

Smith and Hollinger proposed a technique for distributed multi-robot ex-
ploration based on map inference [49]. The proposed method usesa library
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of map structures to infer the unobserved portions of the map toe�ciently
explore an environment. The inference proposed in this work is composed
of two components: (1) a heuristic-based perimeter prediction, to estimate
the bounding box of the explored environment, and (2) structural inference,
used to infer internal map structure. The �rst step of the algorithm is to
estimate the outermost boundary of the explored space, to resolve this prob-
lem it is used a heuristic method that starts by identifying the convex hull,
the smallest convex set that contains a shape, of the explored environment,
then unobserved portions of the environment are found using a probabilistic
Hough line transform, obtaining unobserved connections between observed
wall segments. The wall-lines are then extended in the unexplored regions
of the map, the extended lines intersection are possible corners of the map.
Finally, the convex hull of the observed portions of the map isobtained,
this result is considered the predicted perimeter of the map. The structural
inference uses the predicted perimeter and the explored environment to in-
fer unexplored regions of the map. The inference is performed simulating
a sparse 360o laser range scan at a random point in the already observed
environment, if all the cells seen by the laser are observed thena new en-
try is added to the library, if, instead, some cells are unobserved the library
is searched for the entry that maximizes the probability of having gener-
ated the laser range scan at the speci�c pose, comparing the possible entries
with the observed cells of the simulated laser scan, the optimal entry is then
added to the map (Figure 2.19). The exploration is then coordinated using

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

a market-based approach, this approach is set to prioritize the exploration of
cells predicted to be free, giving to that areas a higher reward. This method
of exploration outperforms the frontier based exploration of 17%.
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2.3.2 O�ine-prediction approaches

An o�ine-prediction approach consists of predicting the unexplored areas of
a partial map at the end of the navigation. With the increasingof robotics
tasks required to analyze indoor environments, it was deemed necessary to
understand these types of environments more deeply. Aydemiret al. [7] con-
ducted a study of buildings, to investigate the spatial knowledge of indoor
environments. The research was conducted on 38000 rooms, the authors rep-
resented each �oorplan as an undirected graph having nodes corresponding
to the rooms and edges corresponding to doors being connections between
rooms. To each node it is assigned a label, this label is the category of the
room (corridor, o�ce, lab, stairs...). The problem formulation of this re-
search was to predict the rooms connected to a given incomplete �oorplan,
to resolve this problem they created a discrete probability distribution which
determines how likely a node or an edge is connected to a particular point of
the partial graph. Analyzing the �oorplans they found that in some cases the
nodes form densely connected subgroups, to indicate the value with which the
graph tends to form subgroups they used theclustering 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 clusteringcoe�cient, image from
[7].

They extracted frequently occurring subgraphs from the dataset using
the gSpan algorithm [60]. To predict the unexplored region the input graph
is split in smaller, overlapping subgraphs, the subgraphs are chosen taking
into consideration the frequently occurring subgraph dataset. For each sub-
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graph obtained they determine the probability of adding nodes 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 already analyzed
graphs. Then, all the results of the subgraphs are combined to obtain 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 considered
a partial map if it has some frontiers inside. The starting method is the
same as [34], but the rooms are divided into two categories: (1)complete
rooms, rooms composed of only complete faces, and (2)partial 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 to maximize
an objective function that represents how well the new layoutof the room
matches the known environment (Figure 2.21).

Figure 2.21: An example of the method taking as an input a partial grid map and
predicting the rooms, image from [36].

31



32



Chapter 3

Problem formulation

3.1 Prediction problem

After the autonomous exploration of a generic environment the user obtains a
map generated by the robot. The map, ideally, should representthe explored
environment perfectly, but, in some cases, the generated map does not con-
tain some information present within the environments This information loss
can happen for di�erent reasons, for example, the robot has notcompletely
seen an environment, and some parts behind an obstacle can be hidden and
not perceived by the sensors of the robot, presenting on the map an unex-
plored area in that region or the environment can have some obstacles that
prevent the robot from exploring some areas. A solution to inferthe missing
information of the map is to use a prediction technique to obtain a likely
representation of the missing parts of the map. In this work, we focus on a
particular type of prediction, namely to infer new knowledge about missing
and unobserved portions of the environment directly from themetric map
generated by the exploration. To do so, we build on the approach of [36],
where it is presented a prediction method to complete the layout of partially
explored rooms, expanding this solution to predict not only parts of rooms
but entire rooms and their layout without having observed anypart of them.

Figure 3.2 shows the di�erent steps of a method for the prediction of the
unexplored area of the environment. The prediction method takes as input a
partial map, normally an occupancy grid map or a topologicalmap, obtained
from the exploration of the robot. The prediction method analyzes the map
received as input and, during the analysis, di�erent featuresare 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
explored de�ned by a frontier (in red)

(b) The prediction (in blue) using the
method in [36] on the partial room, in red
the ground truth room

(c) The initial map with a hidden room
behind a closed door (in blue)

(d) The prediction (in green) using our
method on the closed door, in red the
ground truth room

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

of the regions that are connected directly to the unexploredregions, in the
case of an occupancy grid, these regions are called frontiers, regions of the
map between a free area and an unexplored area. Some featureson the map
to look for depending on the particular method, for example,it can search
for similarities in a graph [7] or it can extract the layout of the explored
rooms [36]. After the method has obtained the needed information from
the map, it creates potential predictions to complete the partial map. The
potential predictions can be obtained using the explored regions of the map,
as seen in [49], or from a database of prior explored environments. Every
potential prediction is evaluated using a utility function that measures the
likelihood that the prediction corresponds to the real environment in the
unexplored region. The predictions with the highest value are retained, 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 be inacces-
sible, these areas will not be explored by the robot and represented on the
generated map as unexplored areas. The robot in these cases can collect
other information to determine the possible shape of these areas.

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

We start from a previously developed method [49] that addressed asimilar
problem, namely predicting the shape of partially observed rooms during ex-
ploration for map building. We extend the aforementioned method by adapt-
ing its approach to work also for a di�erent type of map to be analyzed and
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for predicting a di�erent type of missing knowledge. In severalapplicative
domains of autonomous mobile robots, the map of the environment available
to the robot could represent only a subset region of the environment; this is
because the exploration of the environment in not completed and there are
other regions that the robot could have explored. Typically, the partial map
contains di�erent frontiers, namely boundary regions between the explored
and unexplored areas, that indicate where the robot should go to acquire
missing knowledge about the environment and where to start the prediction
of the unexplored regions. In our method we tackle a di�erent,yet similar,
type of problem, namely the problem of reconstructing the full map from a
map that contains closed areas (Figure 3.3) that could be seen by the robot
during the exploration. In this case, the map we work with is not a partial
map, but a complete map. The map does not contain frontiers and we have
no information about the parts of the map that are missing, except the fact
that they should be present as inferred from the presence of closed doors, for
example.

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

Proposed solution

In this chapter, a solution to the problem presented in Chapter3 is described.
Our solution is developed using the Robot Operating System (ROS), a �ex-
ible framework for writing robot software. In Section 4.1 we list all the as-
sumptions we consider when using our method, in Section 4.2 we introduce
all the speci�c terms used to describe particular objects in ourmethod, in
Section 4.3 we describe how our method works at a high level of abstraction
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 not change over
time, and include only indoor environments over a single �oor. The indoor
environments we use in this thesis are uncluttered, there are no pieces of fur-
niture inside them. In the environment not all the free areas can be explored
by the robots, these free areas are completely isolated and the robot has no
way to perceive them.

Map The map of the environment is an occupancy grid map, the orientation
of the map must be such that most of the walls are horizontal or vertical
(Figure 4.1), we assume to have a method to detect the main orientation of
the walls so to automatically orient main vertical and horizontal 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 orientations.

Closed areas The third assumption is on the unreachable areas inside the
environment. We assume that each unseen area corresponds to a single room
and this room has the characteristic to possess only a single door (Figure
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 robot need to
have their doors closed. In a real-world exploration, there are di�erent mod-
ules to perceive the closed doors in an environment, [22] and [39] are some
proposed modules to detect doors in a real environment. In this thesis, we
used, especially, maps obtained from exploration in simulatedenvironments.
In the simulation we assume to have the coordinates of the closed doors of
the environment. Our work uses XML �les, that represent the state of the
environment, to know the locations of the doors.

4.2 Terminology

In this section, we de�ne some words used in our method to represent speci�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 hiddenrooms.
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 areas works in a general
environment, in the �rst image represents the original 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 theprediction of these
rooms.

have to be applied on multiple maps that are created as the exploration of the
same environment, but with increasing number of closed doors. Itis 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 used todo a
batch analysis is represented in Figure 4.3.
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(a) The full map of the environment, in
red the rooms that we hid in (b) (c) (d).

(b) The map of the initial environment
with a closed door (and a one hidden
room).

(c) The map of the initial environment
with two closed doors (and a two hidden
rooms).

(d) The map of the initial environment
with three closed doors (and a three
hidden rooms).

Figure 4.3: 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
closed doors.

4.3 General Overview

To obtain the prediction of the layout of closed areas we can divide 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.

Pre-
processing

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.

Prediction
method

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.

Evaluation 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 starting from
the corresponding closed doors. Normally, when exploring an environment,
the position, in which the robot thinks to be, does not correspond to its
real position. Moreover, di�erent kinds of noises can cause thedi�erence
between the real environment and the map created using the exploration.
Therefore, the positions of the closed doors in the map do not correspond to
their positions in the environment. In a real exploration this is not a problem,
because a robot equipped with a camera can easily detect the closed doors
during the exploration, in our case, working with simulated environments, we
need a method to translate the position of the doors from the environment
to the map. We need to create a translation between the ground truth
environment and the map, this translation is needed for the creation of an
oracle to directly translate the ground truth location of the door to the
corresponding map position. To obtain the coordinates of the closed 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 all the infor-
mation to describe the environment, for example, the shapes ofthe rooms,
the positions and lengths of the walls and the positions of the doors. In
Figure 4.5 two types of lines (named linesegment) of the environment are
represented, the �rst line is a wall, as we can see in the tag <class>, the
second line is a door, as we can see in the tag <class>, the door has also
one tag more compared to the wall, the tag named <status>. This tag is
the indicator of the status of the door, it can be CLOSED or OPEN. Every
line contains the position in the environment, this position is 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 in the XML) has only
a single point position, that corresponds to the center of the door.
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Figure 4.5: A snippet of an XML that contains the information of the environment.

Exploration path of the robot in the ground truth , to know the
exploration path of the robot in the ground truth environment we used an
estimation of the real position of the robot provided by the simulator, saved
in di�erent time steps of 0.1 seconds, obtaining a discrete trajectory 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 exploration, a listener
node in ROS. This node stores the discrete positions of the robotin the map,
position estimated by the robot, in time steps of 0.1 seconds, usinga dynamic
transform from the map to the base link of the robot.

These three pieces of information just described are always present if,
while the robot explores an environment, we keep track of ground truth and
map trajectories using the methods explained before. To translate the envi-
ronment positions of the closed doors to the corresponding map positions we
check, for every door, the environment position of the robot that was closest
to the position of the closed door on the environment. After we found the
closest position, we extract the time step of the corresponding position, and
we �nd the position (x, y) of the robot on the map during the same time
step. Then, we add to the found position of the map the di�erencebetween
the position of the closed door and the closest position of the robot in the
environment to obtain the position of the closed doors in the map (Figure
4.6). In a more formal way:
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� di the closed door

� r the robot

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

� GTr (t) function to represent the correct location in the environment of
the robot at time t

� Mdi function to represent the estimated position in the map of the door

� GTdi function to represent the correct location in the environment of
the door

The position of the closed doordi in the map is calculated as:

Mdi = M r (tmin ) + ( GTdi � GTr (tmin ))

Where tmin is the value that minimizes:

jGTdi � GTr (t)j
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(a) 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 in amap 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 �le,the
algorithm converts the input in a greyscale image where whiterepresents
the free cells, grey represents the unexplored cells and blackrepresents 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 theboundaries
of the map, simplifying the examination of the image and decreasing the
data to process, it also �lters the noise of the map, recognizing only the true
edges. Then, the Hough line transform [32] uses the result of the Canny edge
detection to convert the edges perceived into line segments, representing the
walls in the map. In Figure 4.7b it is shown the result of Canny and Hough's
algorithms applied on a map. Then, we can set the boundary box of our map
extracting from the lines the maximum and minimum values (Figure 4.7c).

(a) The original map of the environ-
ment.

(b) The map of the environment with
the lines recognized by the Hough algo-
rithm (in green).

(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 the original map.

Wall extraction The goal of wall extraction is the clustering of walls
with the same characteristics. To obtain the clustered walls, twoalgorithms
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are applied to the lines recognized by the Hough method. First,to 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 angular coe�cients
belong to di�erent angular clusters. In Figure 4.8b we can see the angular
clusters of the walls, where walls belonging to the same cluster are grouped
with the same color. After having divided the walls with angular clustering,
it is applied the spatial clustering, an algorithm that, for each angular cluster,
groups the lines according to their spatial separation. Two lines in the same
angular cluster are in the same spatial cluster if the distance between the
two parallel lines is lower than a certain value. In Figure 4.8c it is shown the
walls clustering after applying angular and spatial clustering.

(a) The lines recognized with the
Hough algorithm.

(b) The lines grouped in angular clus-
ters.

(c) The walls recognized in the map.

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

Extended lines The extended lines are lines generated to create a sim-
pli�ed structure of the map. It is based on [15], where the map isrepresented
as a grid. For each wall obtained in the former step, a line thatrepresents
the wall is generated. All the generated extended lines are vertical or hor-
izontal, no oblique lines are added in our method. This line has 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

47



thesis, the method is expanded to generate extended lines not only based on
the walls perceived in the map (Figure 4.9a), but also based on the closed
doors (Figure 4.9b). From the assumptions in Section 4.1 we de�ned that
beyond each closed door there is an independent room, knowingthis we
can generate other extended lines to divide regions that we know belong to
di�erent rooms using Algorithm 1. Algorithm 1 analyzes for eachpair of
doors from the set of closed doorsD if it exists an extended line that is
between the two doors. At the start of the algorithmfound_seg is false be-
cause no extended line has been found, then the position of the two analyzed
doors is checked, if the distance between their X coordinatesis greater than
the distance between their Y coordinates theposition 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 the pair of closed
doors, if the value is V the extended lines that have to pass between the
two doors needs to have an angulation nearer to be horizontalthan verti-
cal. The algorithm searches for each extended line in the set ofextended
lines E if exists lines that satisfy the two conditions: passes between thetwo
doors and has the right angulation (greater or smaller than a threshold 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 perfectly 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 de 2 D do

if di 6= de then
found_seg = False;
if jdi :x � de:xj < jdi :y � de:yj then

position = O;
else

position = V;
end
for ej 2 E do

if position == O and ej :� � T then
if (ej :y > d i :y or ej :y > de:y) and (ej :y <
di :y or ej :y < de:y) then

found_seg = True;
end

end
if position == V and ej :� � T then

if (ej :x > d i :x or ej :x > d e:x) and (ej :x <
di :x or ej :x < d e:x) then

found_seg = True;
end

end
end

end
if found_seg == False then

x_avg = ( di :x + de:x)=2;
y_avg = ( di :y + de:y)=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-
tion of the walls, in green are shown the
positions of the closed doors.

(b) Extended lines using the information
of the walls and the positions of the closed
doors, the ground truth hidden rooms are
shown in blue.

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

The method also adds four extended lines outside the explored regions,
these extended lines don't touch any white pixel and are at a �xed distance
from the bounding box of the explored regions, these lines are called 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 spaces that
we call cells. A cell is a polygon having asedgesthe segments obtained by
the intersections of the extended lines. The cells that are obtained by the
intersection of at least a boundary line are calledborder cells.

Cells classi�cation After having obtained the cells, we need to know
which cells correspond to an area inside the environment and which ones are
outside the explored regions. We divide these cells into two groups: IN, the
cells that are considered to be inside the environment, andOUT, the cells
outside the environment. Each cell is compared to its relativeregion of the
map, that region of the map contains a certain number of pixels, from the
region is taken the percentage of unexplored area as grey pixels divided by
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total pixels, and if the percentage is greater than a threshold(30%) then the
cell is OUT, in the other case is IN. Figure 4.10 shows the di�erentphases,
from the map to the classi�cation of the cells.

(a) The original map obtained using explo-
ration.

(b) The extended lines of the map.

(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 used the
DBSCAN algorithm [24] to cluster the IN cells, each cluster corresponds to
a di�erent room. The cells are analyzed keeping in consideration that cells
separated by a wall are unlikely to belong to the same room and cells with
no wall between them are likely to belong to the same room. Given two ad-
jacent cellsci , ce and a metric weightw, w(ci ;ce) represents the percentage
of coverage of the wall along the edge in common between the two cells, the
higher the value the higher the probability that the cells belong to di�erent
rooms. Each cell is associated with a cluster to indicate the room it belongs,
cells with the same cluster value are grouped to create the rooms. Figure
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4.11 shows the algorithm DBSCAN applied on a map.

(a) The original map obtained after explo-
ration.

(b) The DBSCAN clustering of the cells.

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

Figure 4.11: Rooms segmentation in a map.
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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 position of them.
The �rst information that we need to obtain is a possible location of cells
that, most probably, are behind a closed door and thus inside a hidden/un-
explored room. In Section 4.3.1 we calculated the positions of the doors in
the map, the doors are the only information we can use to predict the hidden
rooms. The information on the positions of the closed doors is useful, but
we have to project this information to our new representationcomposed of
lines and cells. We know that the doors are positioned along a wall in an
indoor environment, so we need to associate each closed door to anedge
that represents a wall. We also know, that each closed door corresponds to
a single room that we cannot perceive. Because of this, beyond each closed
door there will be an unexplored region. We search for each closed doors the
closest edge that is connected to two cells: one needs to be an IN cell and the
other an OUT cell (Figure 4.12b). When such an edge is found, we consider
the center of that edge as the door and the OUT cell connected tothat edge
as the initial region of the hidden room behind the closed door(Figure 4.13).

(a) The original map obtained after the ex-
ploration with a closed door (in red).

(b) The extended lines of the map with the
edge corresponding to the wall where the
closed door is located (in blue).

Figure 4.12: An example of the representation of the edge where the 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-
ploration.

(b) The extended lines of the map with the
ground truth hidden rooms (in blue).

(c) The prediction of the initial region of
the hidden rooms (in blue).

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

the hidden rooms, we start to expand these di�erent rooms, only the ones
that are not in the border cells, the cells that are generated by intersection
of at least a boundary line, to generate a good layout. The expansion is
produced checking for each hidden room the possible cells adjacent to the
room that can be connected and only the ones that are not border cells.
We divide the hidden rooms into two categories: independent hidden rooms
and dependent hidden rooms. The independent hidden rooms consist of a
predicted hidden room that is not adjacent to any other predicted hidden
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room. Instead, the dependent hidden rooms have their cells adjacent to at
least a predicted hidden room. This di�erentiation is fundamental for the
prediction because we use di�erent methods and di�erent utility functions
based on the category of the hidden room. The categories associated to
each room are not static, with the expansion an independent hidden room
can become a dependent hidden room. Figure 4.14 shows the two types of
predicted rooms.

(a) The initial map with three closed doors
(and three hidden rooms), in blue the hid-
den areas of the environment.

(b) The initial cells of the predicted rooms,
the independent rooms are blue and the
dependent rooms are red.

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

The method for the expansion consists of evaluating for the cells of each
predicted hidden room the possible adjacent cells to add, to create a new
predicted room that is more likely to be present in the map. After hav-
ing added the cells to the predicted hidden rooms we can applyagain this
method, checking if some independent rooms have become dependent, this
is due to the expansion of the predicted rooms, some previous independent
rooms can have expanded and touched other rooms, or we can stop the ex-
pansion and go to the next step. The expansion method di�ers if itis applied
to a dependent room or to independent rooms. If the room is independent
we know that there are not near rooms that can change, in this case, the
cells to consider for the expansion can be more, we analyze not only the cells
that share the same edge of the hidden room, but also the cells that share
the vertices with the predicted independent room (Figure 4.15a), the cells
considered in this method must not belong to the border cells. With the cells
obtained, the method creates a combination of all the possiblecells to add to
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the predicted hidden room, every generated room is evaluated using a utility
function that considers the near local region. If the room is dependent, we
have to limit the cells to consider, because we don't want to take for a room
a cell that could belong to an adjacent one, the method considers only the
cells that share the edges with a cell of the hidden room, the cells sharing
the vertices and the border cells are not considered (Figure 4.15b). Figure
4.16 shows the connections between the di�erent cells when itis applied the
extraction method. As the method used with the independent rooms, all the
di�erent combinations of the extracted cells are added to the initial room,
the found room with the best evaluation from the utility function is created
as the new predicted hidden room.

(a) Analysis of a independent predicted
hidden room.

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

Figure 4.15: An example of the extraction of the cells used forthe expansion 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 arethe cells extracted for
the possible expansion of the analyzed cell and the red cellsare the 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 reward 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 convex hull
over the area of the room, the convex hull of a room is the smallest
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 adjacent to
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Figure 4.16: A graph analysis of our method, the cells of the plan correspond to
nodes of the graph, white cells are OUT cells, orange cells are the IN cells, and the
arcs correspond to the extraction connections, the black arcs are the method used by
dependent and independent rooms, the blue ones are only used by independent rooms.
The nodes corresponding to IN cells have no arcs, because theextraction method
doesn't consider them.

the predicted room over all the cells adjacent to the predicted room,
this value is useful to better adapt the predicted map to the near 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 roomit
is associated a penalty value if it has 2 or more adjacent OUT cells,
the greater the number of adjacent OUT cells that a single cell touches
the greater is the penalty, the penalty of the room is the sum ofthe
penalties of the contained cells. The di�erence between thisvalue and
fe is that fe analyzes the predicted room and its adjacent OUT cells,
oc analyzes the cells contained inside the predicted room and sums the
penalties to obtain the total penalty of the room. This valueis useful to
deter the predicted rooms from over�owing to the near rooms (Figure
4.18).
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(a) The IN and OUT cells of the map
with the starting hidden room predicted
(in blue).

(b) 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) 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 room with and 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 threshold (2
in our method), in this case, it is added a penalty that is equalto the
di�erence between the proportion and the threshold.

In the method we use two utility functions, one for each type of predicted
room.
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Figure 4.18: An example of over�owing of the predicted room, inblue the starting
cell, in green the cells added to the room during the expansion without the oc penalty,
in red the edges of the outcast cell connected to OUT cells.

Utility function for an independent predicted roomi is:

scorei = � k1 � coi � k2 � fe i � k3 � oci + k4 �
p

ar i

Utility function for a dependent predicted roomi is:

scorei = � k1 � coi � k2 � fe i � max(k3 � (oci � cv); 0) + k4 �
p

ar i �

� k5 � pri � min (oci ; 1)

All the k values are constants that are set by the user. The utility functions
are di�erent between the dependent and independent rooms because the
context in the map and what they have to consider for a good prediction are
di�erent. The independent room does not have any predicted room that is
adjacent to, keeping this information in mind, the utility function for this
type of rooms considers only the prediction giving a score to the consistency
of the prediction and to how good it �ts in the map. The dependent rooms,
instead, have adjacent predicted rooms, this means that the near rooms can

59



change during the application of the method, and the utilityfunction has to
consider this change. The utility function for the dependentroom not only
needs to evaluate the consistency of the room and how good the predicted
room �ts in the local region, but it also has to give to the room additional
incentives for the expansion. The utility function considersthe di�erent
aspects of the room and gives a di�erent weight to each characteristic. There
are only two points to spend further attention, the outcast value (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 used to
encourage the expansion of the room, giving the possibility to the dependent
room to increase and not be blocked waiting for the other near dependent
rooms, an example in Figure 4.19. The proportions value is considered only
if there are outcasts cells in the rooms, if not the proportional value is not
considered.

Figure 4.19: An example of the di�erences 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 l, 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.
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When the method executes the expansion the user needs to set the level of
depth l up to where we want to search for the best layout. The level of depth
is the number of times the expansion method is executed, the greater the
number, the more likely the predicted layout will represent the real hidden
room. The concept of level of depth is similar to choosing the range, de�ned
as the number of cells between a particular cell and the starting cell, from
the starting map to create the best prediction of the hidden room. Figure
4.20 shows the extracted cells using the range method, in this example, the
range is set to 2 and 15 cells are extracted because they are inside the range.
We have to note that the adjacent cells are also the ones with a common
vertex in this case, this is because the room analyzed is independent and,
as it is described before, in our method the adjacent cells extracted depends
on the type of the analyzed predicted room (Figure 4.15). Theproblem of
the prediction using a large range is the huge number of combinations to
be considered to obtain the best prediction, this method can easily create
millions of combination using a range of 2 or greater, this result generates
two problems: analyzing millions of combination is a task thatwill require
too much time and a small range in a lot of situations is not enought for
the creation of a correctly predicted room. To solve this problem we create
a method of expansion that searches the best prediction in cellsin a range
of 0, creates the best prediction, and then it is repeated for the next new
prediction, always searching in a range of 0 (Figure 4.21). Figure 4.22 shows
the expansion method with di�erent levels of depth.
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(a) Initial map with a closed door (in red)
that hids a room (in blue).

(b) The IN cells (yellow) and the OUT cells
(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 range of2 from the starting
cell is shown. 62



(a) Initial grid of Figure
4.20a with starting hidden
cell.

(b) Predicted hidden
room with a 0-level of
depth.

(c) Predicted hidden
room with a 1-level of
depth.

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

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

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

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

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

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

Figure 4.21: An example of a predicted room with di�erent levels of depth, in yellow
the IN cells, in white the OUT cells, in blue the prediction ofthe hidden room and
in green the extracted cells with a 0 range distance from the current predicted room,
used to obtain the combinations for the next best predicted room.
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(a) Initial grid with the
ground truth hidden
rooms (in blue)

(b) Predicted hidden
rooms with a 0-level of
depth

(c) Predicted hidden
rooms with a 1-level of
depth

(d) Predicted hidden
rooms with a 2-level of
depth

(e) Predicted hidden
rooms with a 3-level of
depth

(f) Predicted hidden
rooms with a 4-level of
depth

Figure 4.22: An example of a predicted �oorplan with di�erentlevels 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 on a pair of
rooms and not only on the single room. Normally, in indoor environments,
the adjacent rooms have a similar area, therefore, the methodapplies a sim-
ilar concept to check the rooms in pairs. For each cell of the pair of rooms,
if a cell of one of the rooms touches a cell of the other room andis one
of the cells added in the expansions, then, that cell is added tothe set of
exchangeable cellsE, this is a set of cells that can be exchanged between
the two analyzed rooms to improve the score. The next step is to obtain all
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the possible combinations for assigning all the cells inE between the pair
of rooms. Each combination for the roomsi; e is evaluated using the utility
function:

score = � k1 �
q

max(ar i ; are)=min(ar i ; are) � k2 � (coi + coe)

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

(a) Output obtained using the expansion
method

(b) Output obtained after the correction of
the arrangement of the cells

Figure 4.23: An example of a correction of the arrangement of the rooms.

Expand border hidden rooms All the seen methods create the best
prediction for the hidden rooms inside the grid of extended lines, but some
hidden rooms need to expand outside the border of the grid map.These
rooms are really di�cult to predict since the method cannot exploit knowl-
edge obtained from previously explored rooms. So far, the method has used
global information from the map to base the creation of the hidden rooms,
using groups of cells created by the intersection of extended lines representing
the walls in the map, and local information, using the near rooms to evalu-
ate the expansion of the hidden rooms and the best layouts. For the hidden
rooms at the border (Figure 4.24a), we have a limited number of cells, and
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the cells we can use can expand the hidden border room only in a direction.
For the expansion of hidden border rooms, the method adds to thepredicted
rooms all the adjacent OUT cells that have also an edge in commonwith the
room connected to the analyzed room. More formally considering bi a border
hidden room andRi the set of rooms adjacent tobi , call O the set of out cells
in the grid. The expansion of the hidden roombi is the union of all the cells
originally in bi and every celloe 2 O that is adjacent to at least an element
of Ri . The expansion can only increase a single dimension of the room, if
the predicted room is at the top or bottom of the map, then the expansion
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 orbottom.
To increase the other dimension, the method keeps the edge the predicted
room has in common with a room in the map, then creates a square room,
where one of the edges of the square is the edge of the predictedroom, then
an average is performed on the height of the squares to bring them all to the
same level (Figure 4.24b).

(a) An example of prediction �nding only
hidden rooms at the border of the grid

(b) The prediction using our method on
the border

Figure 4.24: An example of our method applied on the hidden roomsat the 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 represent the
map in a PGM �le that shows the map of the environment with the predicted
rooms. The �le is a grayscale image �le saved in the portable graymap
(PGM) format and encoded with one or two bytes (8 or 16 bits) per pixel, it
contains a grid of numbers that represent di�erent shades of gray from black
to white. To obtain this map we start from the initial PGM map. Th e initial
PGM map contains only the explored regions of the environmentand there
is no visual information of the hidden rooms. To add in the starting map the
hidden rooms, the methods �rst add the layouts of the hidden rooms, then
it inserts the closed doors creating a connection between the map and 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 theinitial PGM
the method analyzes the position of the pixels in those positions and applies
a coloration recursive method of the area. The method analyzes the color of
the pixel, if the color of the pixel is black or white the method does nothing,
instead, if the pixel is grey it is colored white and the methodis recursively
applied to all the adjacent pixels. The propagation to the next pixel 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 the position of the
original closed doors in the map. The open door is applied on the map as a
white rectangle, with black edges where it touches grey pixels, the 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 predicted room to
the initial map. The rectangle created is the representationof the door,
this means that the height and width are to be considered based on the
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 inserted in the map
as the robot had actually explored them. The predicted roomshave a wall
around them and the closed door is open to create a possible path to reach
the prediction.
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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.

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

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

System architecture

In this chapter, we describe in detail the implementation of the system de-
scribed in Chapter 5. In Section 5.1, we describe the modules implemented
for the map creation and the architecture of the system to perform au-
tonomous exploration. In Section 5.2 we describe the implementation of
our method for the autonomous analysis of maps and the modulesused.

5.1 Map creation

In this section, we present the modules used for the explorationof the sim-
ulated environment and the creation of the associated map. Thechoice of
simulated environments over real ones is because the exploration of the former
presents fewer problems than that of the corresponding real environments.
Sensors, for example, not being ideal, would introduce uncertainties, which
could introduce more randomness into our system. Also, the exploration of
the robot in a real environment requires a working robot, allits sensors, and
an environment without additional agents, such as humans or animals. To
solve these problems we used the Robot Operating System (ROS) [3,43] a
�exible framework that allows us to manage multiple robots and make them
work on simulated environments. There are di�erent frameworks used for
programming robot software, we choose ROS because it is the standard for
mobile robots, its widespread use and its modular design permitsthe user
to easily start to program software for robots. Its modularity facilitates the
user in choosing which modules already present on ROS can be added to the
system and which ones must be created.
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5.1.1 ROS

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

� Reuse code, enabling executables to be individually designed and loosely
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 independence, ROS 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 processes that
are processing data together. The main Computation Graph concepts of
ROS are nodes, messages, topics, and services, all of which provide data to
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, normally in
a robot control system many nodes are integrated. Nodes have di�erent
bene�ts in the system, they add fault tolerance isolating crashes to
individual nodes, and they reduce the code complexity havinga more
distributed system. Nodes work at a �ne-grained scale, for example,
one node could control the wheels of a robot, while another node could
perform localization.
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� Messages, nodes communicate between each other using messages, a
message in ROS is a data structure, comprised of di�erent type �elds,
it can contain standard primitive types, like integer, �oating point,
or Boolean, arrays of primitive types, or it can also include nested
structures.

� Topics, topics are named buses where messages can be exchanged be-
tween the di�erent nodes, the name of the bus usually describes the
content of the messages that are exchanged through it. The communi-
cation between the nodes is anonymous, each node doesn't know who it
is communicating with. This is achieved with the publish/subscribe se-
mantics, nodes that are interested in relevant information subscribe to
the speci�c topic that manages that information, nodes that generate
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 service
is de�ned by a pair of messages, one used for the request, the other for
the reply. Services are associated with a string name. A client needs to
call the service and send the request message to make use of the service.
Di�erently from the publish/subscribe model, the services permit 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 underdevelop-
ment:

� RVIZ : it is a 3D visualization environment that joins di�erent infor-
mation like sensors data, robot model, laser scan, and other 3D data
into a combined view. RVIZ can also add plugins created by the user
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 robot, it saves
also the sensor readings and processed nodes outputs. The Rosbag
saves all the data from all available topics or only the ones ofinterest.
It allows comparing various algorithms in a controlled environment
and more generally to reuse multiple times the same robot runs with
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di�erent algorithms so to test improvements and performance in the
same setting without having the burden of re-running the experiments.

5.1.2 Stage

Stage [4, 27] is a robot simulator, it provides a two-dimensional bitmapped
environment where to manage and control multiple mobile robots. In the sim-
ulated environment it is possible to generate objects that canbe perceived by
the robots (Figure 5.1). Stage allows performing robot experiments without
the need to possess the real robots, their connected hardware, and a real
environment in which performing the experiments. Stage can also simulate
any hardware that is not yet present in the real world, obtaining results over
possible future developments. The choice of Stage is due to several aspects
of its design that make it suitable for our needs, they are: (1) a discretely
good �delity and (2) the creation of con�gurable models to work 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 generated
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 (Figure 5.2) is a
four-wheel mobile robot and is equipped with a Hokuyo laser to perceive
obstacles, with a range set to 30 meters and a �eld of view of 270o. Stage
simulates the information obtained from the environment by the 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 (in red), the laser range is
colored in green.

Figure 5.2: The Pioneer 3-AT robot equipped with a laser scanner.
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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 navigation used to obtain
the maps, in yellow the nodes provided by ROS, in blue the platform speci�c 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 navigation stack [2]
is the set of functionalities and algorithms that the robot uses to acquire
data from the environment, elaborate them, and act accordingly in order to
safely localize and navigate autonomously through the environment and it
is standard in ROS when performing autonomous exploration. This archi-
tecture de�nes how the robot perceives the environment and how it moves
inside it. In Figure 5.3 is represented the navigation stack usedto 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. There are
two possible outcomes when the node tries to move the robot to the
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 environment,
a global_costmap, used to have information about the entire environ-
ment and saving all the information obtained from the di�erent sensors,
and a local_costmap, a map used to perceive obstacles in the environ-
ment based on the actual sensor information. Move_base presents also
two di�erent planners, a global plannerbuilds the map of the environ-
ment, gathers all the information ever received, and then plans a path
that reaches the goal. Alocal_planner works only with the information
it currently gets from the sensors and plans a path that is around a me-
ter long, when the sensors perceive the next set of information it plans
a new section of the path, it is responsible for computing the velocity
commands to send to the robot and manage the collision avoidance. In
case the robot is stuck, the robot performs a set ofrecovery behaviors
that are used to restore the robot functionalities: �rst, obstacles out-
side a user-speci�ed region will be cleared from the robot's map; then,
the robot will perform an in-place rotation to clear out space. If this
too fails, the robot will clear its map, removing all obstaclesoutside
the rectangular region in which it can rotate in place. This will be
followed by another in-place rotation. If all the recovery behaviors fail,
the robot will consider its goal infeasible and notify the user that it has
aborted.

� Explorer : the explorer package uses frontier based exploration to
perform autonomous exploration in the environment. It can man-
age multi-robot system applying coordinated and uncoordinated ex-
ploration strategies, a coordinate strategy is useful when the module
has to manage multiple robots during the exploration to reduce redun-
dancy and having a more e�cient and faster exploration. In ourthesis
it is deployed only one robot. We use, for exploration, a frontier-based
method [59], the frontiers are evaluated and selected according 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 robot and map-
ping of the environment, it creates a 2D occupancy grid map from the
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information obtained by the laser scan and the position of the robot
during the exploration. It uses a Rao-Blackwellized particle �lter using
adaptive techniques to reduce the number of particles and carrying out
re-sampling operations to keep the information of the particles 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 anx, y, z
format, while the orientation of the robot is represented in the x, y, z
axes. The pose is only an estimation, therefore, it contains a certain
level of uncertainty. The velocity describes the linear speedof the robot
as a vector in free space, this vector is divided between thex, y, z axes
speed, and the angular speed in thex, y, z directions.

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

� Sensor sources: it is a module used to obtain information from the
environment, these messages transmit the data obtained by the scan of
the laser model that represent the scans obtained by the laser scanner.
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 send 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 robot in the
real environment passed by Stage using thebase_pose_ground_truth
topic (Figure 5.4). The pose is saved every 0.1 seconds, it is useful to
have the ground-truth path of the robot during the exploration.
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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 theTransform
message frommap to odom every 0.1 seconds and saves the pose in a
.log �le.

Figure 5.4: The overview of the tracking modules of our system,in blue 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 di�erentsteps of
the main Python script are represented. The script performs autonomous
explorations of a set of environments inside a folder and collects the respective
maps. The user selects a folder where all the environments represented 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 andthe pose of
the robot at the start of the analysis. The script selects one of the.world
�le inside the folder generates an environment and starts the exploration in
Stage. After a timeout chosen by the user the occupancy grid map obtained
by the exploration is saved as a.png �le. The robot generates a new map
after every timeout and it will continue until the newly generated map is
too similar to the previously saved one, if this happens the script stops the
exploration and searches for a new environment to map. More inthe details,
when the robot is exploring an environment and the generatedmap 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 map is larger
than the last saved map and the percentage of newly explored areas is greater
than a certain threshold the exploration can continue until the next timeout.
In the other case, the exploration is stopped. If the analyzed environment 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 case the script
chooses another environment in the folder that is not explored and 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 predict the hidden
rooms of an environment knowing the associated closed doors. To reach a
good solution we have tested our method in di�erent environments, as we
will describe in Chapter 6, on multiple con�gurations, each with di�erent
closed doors, of the same environment. For each environment, wewant to
apply our method having 1, 2, ..., N closed doors. To analyze theprediction
of the layout of the hidden rooms and how it evolves having an increasing
number of unseen areas we need a large number of maps and each map needs
some time to be created by the exploration of the environment.To perform
our method we need to generate a map of the environment with closed doors
that we want to analyze. This means that if we want to analyze the same
environment with a di�erent combination of closed doors we should need
to perform exploration for each of these combinations we wantto consider.
Exploring an environment is quite a costly task that can need tens of minutes
or even more for bigger environments. For the autonomous batch analysis,
we developed a script to avoid the need for a new exploration for every new
analysis of the map with a di�erent combination of closed doors.The script
automatically deletes from the original environment with no closed doors
the areas associated with the hidden rooms we want to hide and closes the
associated doors. In this way, we obtain a new map of the environment
that is similar to the one the robot will have created after performing the
exploration but in a matter of seconds instead of tens of minutes. Figure 5.6
describes the �ow to perform automatic batch analysis on a single map:

� Setting autonomous batch analysis : the setting of the batch anal-
ysis is performed, creating �les needed for the module, this task 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 theprevious
maps are discarded, this is important to not have a folder too big.

� Remove door and create �le : this task decides randomly the next
door to close from the set of opened ones, to know the already closed
ones it checks from the previous run the set of closed doorsD, and
adds the one just chosen toD. Then, it takes as input the original
map with zero closed doors and for each door inD it removes the area
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of the room associated, coloring that area of the map with the same
color of the unexplored area, then it colors the door on the map of the
same color to the occupied area, an example is in Figure 5.10b.Then,
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 explainedin
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 maximum
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 thanthe
threshold given by the user.

� Save results : the information of the run is saved in a.csv �le, it
contains the IOU results of the prediction, the number of doors closed,
the identi�cations of the doors closed, and the percentage ofthe 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 performed
in a single map if this is the last one the program ends, if not the folder
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 di�erent steps to set an environment for the 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 folder 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 truth: the posi-
tions of the robot during the exploration in the map and the real
position of the robot in the environment provided byStage. Both
paths need to calculate the translation to obtain the positionof
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 rooms

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

� The map of the complete environment: to have a complete rep-
resentation of the original environment that can be modi�ed to
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 can be
closed in a given map, following the assumption in 4.1; and the rooms
that become unseen during the exploration if the doors are closed.

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 aroom 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 map,the
rif tag is the reference of the room, all the other tags will use these
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 considering
possible errors of the robot that can stretch or shorten a room, caus-
ing the room of the map to be in a di�erent position than the one in
the environment (Figure 5.9a). The user has to manually improve 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 are right
the XML map properly represents the explored map (Figure 5.10a),
instead, if there are some errors in the representation of the map, the
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) A room of the map with the outline
of the polygon of a room (in green) and
the door (in red) generated before the man-
ual optimization taking the information di-
rectly from the initial XML map

(b) A room of the map with the outline of
the polygon of a room (in green) and the
door (in red) generated after the manual
optimization of the XML map

Figure 5.9: An example of a room created using the XML map �le before and after
the manual optimization.
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(a) The map of the complete environment
with the outline of the polygon of a room
(in green) and the door (in red), in this
map the room analyzed is the one in the
top right

(b) The map of the environment after re-
moving the room of (a)

Figure 5.10: An example of a room created using the XML map �le and the 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 validate our method
and evaluate its performance. In Section 6.1 we introduce di�erent methods
that are possible alternatives to the one we propose, their results are used
as a baseline to compare the performance. In Section 6.2 we describe the
methods to evaluate our results. In Section 6.3 we describe the outputs we
have obtained in di�erent maps, based on the size of the environment 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 predicting the layouts
of the rooms hidden behind closed doors, as we have described. Inthis section
we want to present some possible alternatives methods that are simpler but,
at the same time, meaningful. The results of these methods can beused as
baselines to be compared to the solution of our proposed method.Not having
any other existing method able to predict the layouts of hidden rooms, we
created two baselines to compare to out method, anunstructured baseline
and a structured baseline.
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6.1.1 Unstructured Baseline

An unstructured baseline consists of the prediction of the layouts of hidden
rooms without using any form of structured data, like features,such as walls
or rooms, that can be extracted from the map. The only information used
as input is the representation of the map of the environment. It consists of a
very simple analysis based on the information that is immediately 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 position of the
closed doors and �lling the unexplored areas. This method is based on the
assumption that all the unexplored area behind the closed door is part of the
hidden room, the room is expanded on the unexplored area and is stopped
only when there are obstacles. This �ooding method has a similarconcept
to a laser scanner, starting from the unexplored area immediately behind the
closed door, it performs a 360-degree rotation around the initial point and all
the unexplored area perceived is added to the prediction of the hidden room,
the method uses this concept to generate consistent predictionknowing that
normally rooms have a simple shape and the walls can constrain the layouts.
We have to note that this method is stopped by the bounding box of the
borders of the map, assuming that no hidden rooms have areas outside. 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 consists of check-
ing the present a pixel and coloring it if it belongs to the unexplored region,
then the method considers the adjacent pixels. The �ooding is controlled
giving to each pixel a limited direction of expansion. To control the �ooding
direction we add a parameterang when analyzing a pixel, the parameter is
the angular value of the segment between the initial pixel of the �ooding
and the current analyzed pixel, theang parameter decides to which adjacent
pixel iterate the method. If the method is iterated on an unexplored 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 �ood-
ing, and, lastly, the method selects the next pixels to iteratethe method,
selecting the pixels based on the pixels associated to theang value (Figure
6.1). If the method is applied to an explored pixel or to a pixel outside the

90



bounding box, it immediately returns. In Figure 6.1 it is shownthe current
pixel analyzed and the adjacent ones, and the value needed forang to iterate
to the speci�c adjacent pixel. Figure 6.2 shows some unstructured baseline
for a �oorplan, the baseline is really accurate (Figure 6.2c and Figure 6.2d)
if the hidden room is surrounded by walls, generating a prediction that is
really similar to the ground truth hidden room, but can be quite inaccurate
(Figure 6.2e) if the hidden room is not limited by adjacent walls of explored
rooms or is near to other hidden rooms, in these cases the baselinegenerated
will be quite di�erent compared to the corresponding ground truth room.

6.1.2 Structured Baseline

To generate a structured baseline we create a method that worksusing all
the features on which our method is based, more speci�cally on the extended
lines and the produced cells generated on the map. The methodis similar
to the unstructured method, it performs �ooding to generate the predicted
hidden rooms, but, instead of performing the method on the pixel it performs
the method on the cells, as described in Section 4.3.2 and as it can be seen
in Figure 6.3. Starting from the initial cell of the hidden room, as de�ned in
Section 4.3.3 it is applied an iterative method to all the adjacent OUT cells

Figure 6.1: The �ooding control in the unstructured baseline, the red pixel 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.
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(a) The map of the environment after clos-
ing some doors

(b) The map of the environment with the
extended lines (in red) and the hidden
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, de�ned in Section
4.3.2. The method, starting from a cell, adds the present cell to the set of cells
for the generation of the prediction of the room, and iteratethe expansion
process to the adjacent OUT cells until there are no more cells to add, at the
end all the cells found by the method are grouped together to generate the
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predicted room. Figure 6.4 shows the structured baselines for two rooms,
starting from Figure 6.4 the method generates the extended lines for the
construction of the cells, after the cells are created and divided between IN
and OUT cells, as described in Section 4.3.2, the method searchesfor the
initial cell prediction. The structured baseline applies the�ooding between
cells, as seen in Figure 6.3, for each initial cell. Figures 6.4c and 6.4d show
the structured baselines of their corresponding rooms.

Figure 6.3: An example of the �ooding of the structured baseline.

6.2 Evaluation of the prediction

To evaluate the results of our method we appliedintersection over union
(IoU) over the layout of the predicted rooms. The IoU is an evaluation metric
used to measure the accuracy of a prediction with respect to the ground truth
data. Given two polygons the IoU is the ratio of the intersection (Figure 6.5a)
of the two polygons over the union (Figure 6.5b) of the two polygons.

IoU(r i ) =
Pri \ GTri

Pri [ GTri

where:

� r i is a closed hidden room of the environment

� Pri is the prediction of the hidden room using our method

� GTri is the real layout of the room
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(a) The map of the environment with the
extended lines and the hidden room layouts
(in blue)

(b) The IN (yellow) and OUT (white) cells
of our map, with the initial cell prediction
for each hidden room (in blue)

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

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

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

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

IoUtot =
P N

i IoU(r i )
N

This evaluation is the average value of the IoU of the single rooms.
Another type of evaluation that can be used is:

^IoUtot =
([ N

i Pri ) \ ([ N
i GTri )

([ N
i Pri ) [ ([ N

i GTri )

This method gives weight to every room based on the area, roomswith larger
areas have a higher weight. This can cause some problems in the evaluation
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(a) The intersection of two
polygons

(b) The union of two poly-
gons

Figure 6.5: The visual representation of the two terms of the IoU.

of the predicted rooms, if the prediction of the biggest room isvery far from
the ground truth, the value of the IoU will be very low, even ifthe rest of
the rooms are optimally predicted. On the other hand, if the value of the
biggest room is optimal, the value of the IoU will be high, evenif the other
rooms are badly predicted. In our method, we consider only theIoUtot and
not the ^IoUtot for the problem described before.

6.3 Experimental evaluation

In this section, we describe the results we have obtained by applying our
method on di�erent maps obtained using simulated environments. We have
considered 20 maps for our experiments. For every map, we have performed
15 batch analysis, where we iteratively closed up to N doors. The value N
considered for each batch analysis was set to 15 doors; this meansthat for
each map, we created up to 15 new maps where 1, 2 , ..., 15 rooms were closed,
for a total of maximum 225 maps where closed doors could be predicted for
each map and near 4500 prediction analysis in total. For those environments
with less than 15 doors to close, we stopped at the maximum numberof
doors that could have been closed.

We used the score functions already presented in Section 4.3.3,with the
parameters we have set for these experiments.

Utility function for a independent predicted roomi is:
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scorei = � 10 � coi � 7 � fe i � 10 � oci + 0:06 �
p

ar i

Utility function for a dependent predicted roomi is:

scorei = � 10 � coi � 2:5 � fe i � max(10 � (oci � cv); 0) + 0:06 �
p

ar i � 2 � pri � min (oci ; 1)

6.3.1 Environments

The environments analyzed in this thesis are very di�erent, with di�erent
areas and di�erent levels of complexity. The environments can be grouped
together based on the number of doors that can be closed, which is the 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 6.6c)
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(a) An example
of a small en-
vironment, an
environment with
less than 10 doors
that can be closed

(b) An example of a medium environment,
an environment with less than 16 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 group.
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6.3.2 Information saved

The information saved from the prediction of the hidden roomsin 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 doors: the number of closed doors inside the analyzed
map

� IoUtot : the IoU between the prediction of the layout using our method
and the rooms in the ground truth

� IoUU : the IoU between the layout generated by the unstructured base-
line and the ground truth room

� IoUS: the IoU between the layout generated by the structured baseline
and the ground truth room

� Percentage hidden area: the 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 method to
maps with a di�erent number of closed doors. First, we present results ob-
tained performing a run on a given map with a di�erent number of closed
doors, then we present average results obtained with the analysis of 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
truth layouts of the hidden rooms (in
blue)

(d) IN (in yellow) and OUT (in white)
cells with the initial cells for the predic-
tion of hidden rooms (in blue)

(e) Layout of the predicted rooms, with
the comparison of the ground truth hid-
den rooms (in red)

(f) Overlap of the predicted rooms over
the initial map

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 a lot of
big spaces. The rooms contained in the environment are really di�erent
from each other. Figure 6.7 shows the di�erent steps of the run analysis on
the input map (Figure 6.7b). The input map has 2 hidden rooms, and in
this case, the 2 hidden rooms are independent, as de�ned in Section 4.3.3.
The map contains a lot of information, therefore a lot of extended lines are
generated (Figure 6.7c), creating a solid structure for the analysis of the
hidden rooms. The method searches the initial cells for the predicted rooms
to start the analysis of the hidden rooms. In Figure 6.7e we can seethat the
predicted rooms are very similar to the ground truth ones, thisis because
a large map with few hidden rooms has a lot of information thatcan be
used to calculate the hidden rooms. Figure 6.7f shows the overlap of the
predicted rooms over the original input map, as we can see the generated
map is very similar to the complete map in Figure 6.7a. As seen in Table
6.1 the IoUtot and IoUS have the same performance, this is because all the
hidden rooms are really limited by the surrounding rooms, the �ooding, in
this case, is always the best solution. Even if the prediction is right the
value of the IoU is only a little over 70%, this is because the extended lines
permit the creation of a structure on the map, but on the other hand, can
add imprecision and not always represent perfectly all the wall in the map.
We can see the predicted green room in Figure 6.7 where the ground truth
layout doesn't correspond to any extended lines. This is the reason why the
IoUU has the best performance, working directly on the map this baseline
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 IoUtot IoUU IoUS

2 1.68% 0.710525 0.865983 0.710525
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Map 2

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

(c) Extended lines (in red) and ground
truth layouts of the hidden rooms (in
blue)

(d) IN (in yellow) and OUT (in white)
cells with the initial cells for the predic-
tion of hidden rooms (in blue)

(e) Layout of the predicted rooms, with
the comparison of the ground truth hid-
den rooms (in red)

(f) Overlap of the predicted rooms over
the initial map

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 connect
multiple rooms. Figure 6.8b represents the map considered in this experi-
ment, possessing 4 hidden rooms, with 2 of them are connected. Figure 6.8
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shows the analysis of the map, and we can see in Figure 6.8e the prediction of
the hidden rooms. The prediction of all the 4 layouts is similarto the ground
truth hidden rooms. In Figure 6.8e the method decides not to expand the
bottom yellow room, even if there was a lot of free space near the prediction.
In Table 6.2 we can see the performances of our method and the baselines.
We are in a situation where both the baselines have a worse prediction than
our method. This happens because both baselines only apply �ooding to
increase their prediction, and have no control that tries to stop them from
expanding the prediction when it is possible, our method, instead, has a lot
of controls to decide where and when to expands. In this case, our method
has decided not to expand the rooms, while both the baselines decided to
grow the prediction. The yellow predicted room in Figure 6.8is not expanded
because the possible addition of cells to the predicted room will decrease the
total score of the prediction, because the penalty given by thefree edges,
de�ned in Section 4.3.3, increase, and the bonus given by the area is not
enough to encourage the expansion.

Table 6.2: Evaluation of the predicted rooms in Map 2

N. Closed Doors % Hidden Map IoUtot IoUU IoUS

4 15.96% 0.717998 0.326254 0.218983
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Map 3

(a) Complete map (b) Input map, with 10
closed doors

(c) Extended lines (in red)
and ground truth layouts
of the hidden rooms (in
blue)

(d) IN (in yellow) and
OUT (in white) cells with
the initial cells for the pre-
diction of hidden rooms
(in blue)

(e) Layout of the pre-
dicted rooms, with the
comparison of the ground
truth hidden rooms (in
red)

(f) Overlap of the pre-
dicted rooms over the ini-
tial map

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

Map 3 is a medium environment with many corridors which connect di�er-
ent rooms, one of the interesting features of this environmentis the presence
of many rooms with the same layout near each other. It is quite common 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 many closed doors
in a medium environment produces 2 main e�ects: (1) the map loses a lot
of information, the smaller the environment the greater the e�ects when we
close a door, (2) many hidden rooms are de�ned as dependent ones, therefore,
the method has to consider also the prediction of the hidden rooms that are
near to each other. Multiple predicted rooms that are adjacent to each other
and need to be estimated simultaneously again after the �rst prediction, to
move the adjacent cells between the two rooms, with the aim of having sim-
ilar areas in adjacent rooms, as we explained in 4.3.3. Figure6.9 shows the
di�erent steps of our prediction and we can see as the �nal resultin Figure
6.9e produces a good estimation for the prediction of adjacent rooms, but it
has a problem with the prediction of the hidden room in the border, which
is much bigger than the ground truth counterpart. The borderroom (the
orange room at the bottom of Figure 6.9e predicts a bigger rooms than the
real one due to being adjacent to a big environments, and beinga border
room it creates a layout prediction of a square with a side length equal to
the length of the connection with the adjacent room, as seen inSection 4.3.3
for the expansion of the border rooms. The prediction is similarto the orig-
inal map as we can see in Figure 6.9f. Table 6.3 shows the evaluation of this
prediction, the �rst information we have to note is that in thi s environment
with 10 closed doors we lost the 31.74% of the original map, which means a
lot of information and features were not available to our method. The result
of the comparison among the di�erent IoU was predictable, with 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 IoUtot IoUU IoUS

10 31.74% 0.740966 0.441141 0.628813
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6.3.4 Experiment on batch analysis

In this section, the results obtained when executing a batch analysis are
shown. In this example, we consider the map in Figure 6.10 as theoriginal
map of the batch analysis. To perform the batch analysis on the map we
incrementally remove the rooms behind possible closed doors. Using this
method, we obtain several maps from 1 to N closed doors. For this experi-
ment, we set N to 12. After obtaining the prediction, we add the predicted
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-
sequently, a hidden room

(b) Prediction of (a) with the ground truth
layout of the room in red

(c) The map with 2 closed doors and, con-
sequently, 2 hidden rooms

(d) Prediction of (c) with the ground truth
layouts of the rooms in red

(e) The map with 3 closed doors and, con-
sequently, 3 hidden rooms

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

(h) Prediction of (g) with the ground truth
layouts of the rooms in red

(i) The map with 5 closed doors and, con-
sequently, 5 hidden rooms

(j) Prediction of (i) with the ground truth
layouts of the rooms in red

(k) The map with 6 closed doors and, con-
sequently, 6 hidden rooms

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

(n) Prediction of (m) with the ground
truth layouts of the rooms in red

(o) The map with 8 closed doors and, con-
sequently, 8 hidden rooms

(p) Prediction of (o) with the ground truth
layouts of the rooms in red

(q) The map with 9 closed doors and, con-
sequently, 9 hidden rooms

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

(t) Prediction of (s) with the ground truth
layouts of the rooms in red

(u) The map with 11 closed doors and,
consequently, 11 hidden rooms

(v) Prediction of (u) with the ground truth
layouts of the rooms in red

(w) The map with 12 closed doors and,
consequently, 12 hidden rooms

(x) Prediction of (w) with the ground truth
layouts of the rooms in red

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

(b) The overlap of the predicted rooms in
Figure 6.11d over the map of Figure 6.11c

(c) The overlap of the predicted rooms in
Figure 6.11f over the map of Figure 6.11e

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

(e) The overlap of the predicted rooms in
Figure 6.11j over the map of Figure 6.11i

(f) The overlap of the predicted rooms in
Figure 6.11l over the map of Figure 6.11k
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(g) The overlap of the predicted rooms in
Figure 6.11n over the map of Figure 6.11m

(h) The overlap of the predicted rooms in
Figure 6.11p over the map of Figure 6.11o

(i) The overlap of the predicted rooms in
Figure 6.11r over the map of Figure 6.11q

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

(k) The overlap of the predicted rooms in
Figure 6.11v over the map of Figure 6.11u

(l) The overlap of the predicted rooms in
Figure 6.11x over the map of Figure 6.11w

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

The Table 6.4 shows the trend of the prediction of hidden roomsbased on
the number of closed doors, in this case we can notice that the unstructured
baseline has a performance very similar, and sometimes better,than our
method in the case of a low number of closed doors. This high performance
is due to the fact that working directly on the map does not present possible
inaccuracies due to the abstraction, which our method insteadundergoes.
When the number of closed doors exceeds 3, our method performsmuch
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better than both baselines, this is due to an increase in adjacent rooms 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 analysis

N. Closed Doors % Hidden Map IoUtot IoUU IoUS

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 0.637900
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 methodin simulated
environments. We group the results of similar types (small, medium, and big)
of environments generating di�erent graphs representing the IoU values of the
di�erent predicted rooms in the map and the number of closed doors in the
environment. We also compare the solutions with the baselines described in
this chapter. The analysis of this maps is not like in the previous section,
where it was considered only a single run over the environment with a de�ned
number of closed doors, the results in this section are based on multiple batch
analysis over the maps, so each environment is considered multiple times and
at each iteration a di�erent set of rooms is randomly considered as closed.

6.3.5.1 Small environments

The environments analyzed with less than 10 doors are only two, for this
case we analyze the result of the two environments individually.

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

Figure 6.12: Environment 1 and the possible doors to close (inred).

Evaluation
In environment 1 (Figure 6.12) the chart of the IoU represented in Figure
6.13 shows the IoU of the prediction using di�erent methods: ourmethod,
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Figure 6.13: The graphic of the IoU of Environment 1 over the number of closed doors
for our method and the baselines, showing the average values and their variance.

the structured baseline, and the unstructured baseline. As we cansee in
the chart the IoU changes very fast when increasing the number of closed
doors, this is because the map is very small, and closing a few doors loses a
lot of information. Our method has a better performance of the structured
baseline (excluding the IoU with 1 closed door, where the performances are
identical), this result was expected, because our method and the structured
baseline work on the same features, but while the structured baseline has a
simple �ooding method, our method considers di�erent features present in
the local region of the predicted rooms to improve the prediction. Compared
to the unstructured baseline, our method has a worse performance when the
doors are few, this is because the unstructured baseline works directly on the
map, without considering the structures that can permit the analysis of the
features of the map at the cost of abstracting the map and decreasing the
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precision.

Environment 2
Environment 2 has even fewer doors to close than Environment 1, this makes
this environment even more di�cult to analyze. For these predictions the
more doors can be closed the easier is to have a good prediction,in this
environment, with only 6 doors that can be closed, even closing2 or 3 doors
means losing a lot of information. The environment has only a single corri-
dor with similar rooms attached to it, only two rooms are very di�erent, and
these rooms can decrease the performance of our method.

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

Evaluation
Figure 6.15 shows that, as the previous environment, our method is better
than the unstructured baseline only after a certain number of closed doors.
The unstructured baseline can provide a really good prediction when the
hidden room is limited by near explored regions. Our method presents some
kind of artifacts when predicting the hidden rooms, given by the construction
of structures to support the analysis of the map (cells, edges, walls). As in
the previous environment, our method performs consistently better than the
structured baseline.

6.3.5.2 Medium environments

The environments analyzed with more than 9 doors and less than16 are
thirteen; having a lot of environments instead of a single analysis for each of
them we present an average of their results.
Evaluation
The medium environments contain from 10 to 15 doors that can be closed.

Figure 6.16 shows the IoU over the closed doors of thirteen environments.
The number of closed doors analyzed are stopped to 10 to have a consistent
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Figure 6.15: The graphic of the IoU of Environment 2 over the number of closed doors
for our method and the baselines, showing the average values and their variance.

evaluation. In a medium environment, the behavior of the baselines 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 for the expansion
of the predicted rooms, this causes our method to have always a better pre-
diction than the baselines. The two baselines have a similar behavior than
the previous cases, with a better prediction for the unstructured baseline
when there are few closed doors and a better prediction for thestructured
baseline when the number of closed doors increases.

6.3.5.3 Large environments

The environments in this category have 16 or more doors that can be closed.
These environments are the biggest between the one analyzed, possessing a
large set of rooms and complicated structures.
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Figure 6.16: The graphic of the IoU of the medium environments over the number of
closed doors of our method and the proposed baselines, showing the average values
and their variance.

Evaluation
Figure 6.17 represents the IoU of the prediction of hidden rooms in the

large environments. The �rst observation we can do on the comparison is
the fact that the unstructured baseline is in these environments better than
our method when there are few closed doors. This is caused by a large
number of rooms, in a large environment it is quite probable toclose a room
that is surrounded by other rooms, a situation that was impossiblein small
environments and improbable in the medium ones. When there are few
hidden rooms with this characteristic the unstructured baseline will produce
a better prediction. When the number of closed doors starts to increase

117



Figure 6.17: The graphic of the IoU of the large environments over the number of
closed doors for our method and the baselines, showing the average values and their
variance.

the number of adjacent hidden rooms increases and our method generates
a better prediction than the two baselines, having a similar behavior 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 theexploration
of real environments. From the original maps we delete some room to let our
method predict the layout of the hidden rooms.

6.4.1 Maps on real environments

(a) 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 environments.

Figure 6.18 displays the four maps we are working with, these maps have
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been generated by a real robot exploring real environments, as a matter of
fact, the maps present more noises compared to the ones generated from a
simulated environment.

6.4.2 Results on the real environments

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

(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 (j) Prediction of the predicted hidden
rooms in (i)

(k) Map 3 of the real environment (l) Overlap of the predicted hidden rooms
in (i)
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(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
(q)

(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 hidden rooms hidden, their
respective predictions and the overlap of the predicted rooms over the environment.

6.4.3 Comparison of real environments and simulated
environments

In this section, we want to compare two analyses of the same map with
the same closed doors, the only di�erence is that one is the map obtained
after the exploration of the robot in the real environment, while the other
one is obtained from a simulation. The steps of our method have already
been described in Chapter 4, so what we do is comparing the two maps
in the most important steps of our method. The �rst comparison between
the two maps is the di�erences between the extended lines obtained. The
extended lines are one of the most important parts of our method, that
is because the extended lines generate the structure of the map, therefore
the more precise the structure, the better the outcome of the method. In
Figure 6.20c it is presented the huge number of lines the method has to work
with, the information noise of the robot during the exploration of the real
environment generates a more noisy and cluttered map. In Figure 6.20d
the method produces very few lines having a very "clean" map.The next
comparison is the prediction of the starting cells to initiatethe construction
of the predicted rooms. The method, in both cases, selects the right cell to
start the analysis of the prediction. In Figures 6.20e and 6.20f the predictions
of the rooms are added to the map, we can see that the two solutions are 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-
ment

(d) Extended lines of the simulated en-
vironment

(e) IN (yellow) and OUT (white) cells
of the real environment, with the start-
ing hidden cell for the prediction (blue)

(f) IN (yellow) and OUT (white) cells
of the simulated environment, with the
starting hidden cell for the prediction
(blue)

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

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

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

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

Figure 6.20: The comparison of our method on two maps obtained from the 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 layouts of rooms
hidden behind closed doors from grid maps obtained by an autonomous mo-
bile robot in indoor environments. Our method starts from an initial map
of an indoor environment where some doors are closed, each one hiding a
room, and extracts the structure of the walls in the map and generates and
evaluates di�erent con�gurations for the possibles hidden rooms, 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 initial map,
adding the predicted layouts of the hidden rooms inside the map represen-
tation and connecting each predicted room with a door where the original
closed door for that room was located. The method has been tested on
20 maps generated on indoor simulated indoor environments inStage/ROS.
Each of these maps has been further modi�ed, creating, for eachof them,
di�erent closed door con�gurations, where a di�erent set of doors is closed
(and, accordingly, where a di�erent portion of the area is not observable by
the robot), analyzing how our approach behaves with a di�erent number of
hidden rooms and in more or less complicated maps. For this thesis, two
baselines have been developed, to compare the results of our method, which
are: the unstructured baseline, which works directly on the map to generate
the layout prediction of hidden rooms, and thestructured baseline, which
works on structures generated by extracting features from the map to gener-
ate from their union the layout of the predicted rooms. After the comparison
between our method and the baselines, we show how our method and the
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unstructured baseline have similar performance when working on maps with
one or two closed doors. However, when the number of doors increases, our
method far outperforms both baselines.

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

� More varied simulated and real environments : in our thesis we
have used a large set of maps, but we have only deeply analyzed twenty
of them. Furthermore, we applied our method to a limited number of
maps generated by the exploration of robots in real environments. In
the future, it would be interesting to analyze how our method behaves
with a larger number of both simulated and real maps and how it could
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 doors
and hidden rooms, stating that each closed door corresponds to anin-
dependent single hidden room. In the future, this assumption could be
made weaker by looking for hidden rooms that are accessible from 2 or
more closed doors, adding a check to validate if two adjacent predicted
rooms are single or can be joined to form a single predicted room. This
could be performed by integrating deep learning-based methods 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 interesting
in the future to use a real robot with a camera to actually locate 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 multiple maps
to improve the prediction of hidden rooms.

126



Bibliography

[1] Gmapping.http://wiki.ros.org/gmapping .

[2] Navigation stack on a robot. http://wiki.ros.org/navigation/
Tutorials/RobotSetup .

[3] Ros: Robot operating system.http://www.ros.org/ .

[4] Stage.http://wiki.ros.org/stage .

[5] Rare³ Ambru³, Sebastian Claici, and Axel Wendt. Automatic room seg-
mentation from unstructured 3-d data of indoor environments.Robotics
and Automation Letters (RA-L), 2(2):749�756, 2017.

[6] Josep Aulinas, Yvan R Petillot, Joaquim Salvi, and Xavier Lladó. The
slam problem: a survey.Catalan Association for Arti�cial Intelligence ,
184(1):363�371, 2008.

[7] Alper Aydemir, Patric Jensfelt, and John Folkesson. What canwe learn
from 38,000 rooms? reasoning about unexplored space in indoor envi-
ronments. In Proceedings of the 2012 IEEE/RSJ International Confer-
ence on Intelligent Robots and Systems (IROS), pages 4675�4682. IEEE,
2012.

[8] Emanuele Bastianelli, Domenico Daniele Bloisi, Roberto Capobianco,
Fabrizio Cossu, Guglielmo Gemignani, Luca Iocchi, and Daniele Nardi.
On-line semantic mapping. InProceedings of the 2013 16th International
Conference on Advanced Robotics (ICAR), pages 1�6. IEEE, 2013.

[9] Richard Bormann, Florian Jordan, Wenzhe Li, Joshua Hampp,and Mar-
tin Hägele. Room segmentation: Survey, implementation, and analysis.
In Proceedings of the 2016 IEEE International Conference on Robotics
and Automation (ICRA) , pages 1019�1026. IEEE, 2016.

127



[10] Emma Brunskill, Thomas Kollar, and Nicholas Roy. Topological map-
ping using spectral clustering and classi�cation. InProceedings of the
2007 IEEE/RSJ International Conference on Intelligent Robots and Sys-
tems (IROS), pages 3491�3496. IEEE, 2007.

[11] Wolfram Burgard, Dieter Fox, Hauke Jans, Christian Matenar, and Se-
bastian Thrun. Sonar-based mapping with mobile robots using em. In
Proceedings of the 1999 Machine Learning-International Workshop then
Conference, pages 67�76, 1999.

[12] Pär Buschka and Alessandro Sa�otti. A virtual sensor for room detec-
tion. In Proceedings of the 2002 IEEE/RSJ International Conference on
Intelligent Robots and Systems (IROS), volume 1, pages 637�642. IEEE,
2002.

[13] Je�rey A Caley, Nicholas RJ Lawrance, and Geo�rey A Hollinger.
Deep learning of structured environments for robot search.Autonomous
Robots, 43(7):1695�1714, 2019.

[14] John Canny. A computational approach to edge detection. Transactions
on Pattern Analysis and Machine Intelligence (TPAMI), (6):679�698,
1986.

[15] Roberto Capobianco, Guglielmo Gemignani, Domenico Daniele Bloisi,
Daniele Nardi, and Luca Iocchi. Automatic extraction of structural
representations of environments. InIntelligent Autonomous Systems
13, pages 721�733. Springer, 2016.

[16] H Jacky Chang, CS George Lee, Yung-Hsiang Lu, and Y CharlieHu.
P-slam: Simultaneous localization and mapping with environmental-
structure prediction. IEEE Transactions on Robotics, 23(2):281�293,
2007.

[17] Zhenhe Chen, Jagath Samarabandu, and Ranga Rodrigo. Recent ad-
vances in simultaneous localization and map-building using computer
vision. Advanced Robotics, 21(3-4):233�265, 2007.

[18] Shu Yun Chung and Han Pang Huang. Simultaneous topological map
prediction and moving object trajectory prediction in unknown envi-
ronments. In Proceedings of the 2008 IEEE/RSJ International Confer-

128



ence on Intelligent Robots and Systems (IROS), pages 1594�1599. IEEE,
2008.

[19] Dorin Comaniciu and Peter Meer. Mean shift: A robust approach toward
feature space analysis.Transactions on pattern analysis and machine
intelligence, 24(5):603�619, 2002.

[20] Andrew J Davison and David W Murray. Simultaneous localization
and map-building using active vision. Proceedings of the 2002 IEEE
Transactions on Pattern Analysis and Machine Intelligence (TPAMI) ,
24(7):865�880, 2002.

[21] Andrew J Davison, Ian D Reid, Nicholas D Molton, and OlivierStasse.
Monoslam: Real-time single camera slam.Proceedings of the 2007 IEEE
Transactions on Pattern Analysis and Machine Intelligence (TPAMI) ,
29(6):1052�1067, 2007.

[22] L Díaz-Vilariño, J Martínez-Sánchez, S Lagüela, J Armesto, and
K Khoshelham. Door recognition in cluttered building interiors using
imagery and lidar data.The International Archives of the Photogramme-
try, Remote Sensing and Spatial Information Sciences, 40(5):203�209,
2014.

[23] Andreas Eidehall and Fredrik Gustafsson. Combined road prediction
and target tracking in collision avoidance. InProceedings of the 2004
IEEE Intelligent Vehicles Symposium (IV), pages 619�624. IEEE, 2004.

[24] Martin Ester, Hans-Peter Kriegel, Jörg Sander, Xiaowei Xu, etal.
A density-based algorithm for discovering clusters in large spatial
databases with noise. InProceedings of the 1996 in Knowledge Dis-
covery and Data Mining (KDD), volume 96, pages 226�231, 1996.

[25] Brendan J Frey and Delbert Dueck. Clustering by passing messages
between data points.science, 315(5814):972�976, 2007.

[26] Stephen Friedman, Hanna Pasula, and Dieter Fox. Voronoi random
�elds: Extracting topological structure of indoor environments via place
labeling. In Proceedings of the 2007 International Joint Conference on
Arti�cial Intelligence (IJCAI) , volume 7, pages 2109�2114, 2007.

129



[27] Brian Gerkey, Richard T Vaughan, and Andrew Howard. The play-
er/stage project: Tools for multi-robot and distributed sensorsystems.
In Proceedings of the 2003 IEEE International Conference on Advanced
Robotics (ICAR), volume 1, pages 317�323, 2003.

[28] Héctor H González-Banos and Jean-Claude Latombe. Navigation strate-
gies for exploring indoor environments.The International Journal of
Robotics Research, 21(10-11):829�848, 2002.

[29] Giorgio Grisettiyz, Cyrill Stachniss, and Wolfram Burgard. Improv-
ing grid-based slam with rao-blackwellized particle �lters by adaptive
proposals and selective resampling. InProceedings of the 2005 IEEE
International Conference on Robotics and Automation (ICRA), pages
2432�2437. IEEE, 2005.

[30] John Illingworth and Josef Kittler. A survey of the hough transform.
Computer vision, graphics, and image processing, 44(1):87�116, 1988.

[31] Patric Jensfelt, Danica Kragic, John Folkesson, and M Bjorkman. A
framework for vision based bearing only 3d slam. InProceedings of
the 2006 IEEE International Conference on Robotics and Automation
(ICRA) , pages 1944�1950. IEEE, 2006.

[32] Nahum Kiryati, Yuval Eldar, and Alfred M Bruckstein. A probabilistic
hough transform. Pattern recognition, 24(4):303�316, 1991.

[33] John Leonard and Paul Newman. Consistent, convergent, andconstant-
time slam. In Proceedings of the 2003 International Joint Conference
on Arti�cial Intelligence (IJCAI) , pages 1143�1150, 2003.

[34] Matteo Luperto and Francesco Amigoni. Extracting structure of build-
ings using layout reconstruction. InProceedings of the 2018 IEEE Inter-
national Conference on Intelligent Autonomous Systems, pages 652�667.
Springer, 2018.

[35] Matteo Luperto and Francesco Amigoni. Predicting the global structure
of indoor environments: A constructive machine learning approach.Au-
tonomous Robots, 43(4):813�835, 2019.

[36] Matteo Luperto, Valerio Arcerito, and Francesco Amigoni.Predicting
the layout of partially observed rooms from grid maps. InProceedings of

130



the 2019 International Conference on Robotics and Automation (ICRA) ,
pages 6898�6904. IEEE, 2019.

[37] Oscar Martinez-Mozos.Semantic labeling of places with mobile robots,
volume 61. Springer, 2010.

[38] Michael Montemerlo, Sebastian Thrun, Daphne Koller, Ben Wegbreit,
et al. Fastslam 2.0: An improved particle �ltering algorithm for simulta-
neous localization and mapping that provably converges. InProceedings
of the 2003 International Joint Conference on Arti�cial Intelligence (IJ-
CAI) , pages 1151�1156, 2003.

[39] Ana Cris Murillo, Jana Ko²ecká, Jose Jesus Guerrero, and Carlos
Sagüés. Visual door detection integrating appearance and shapecues.
Robotics and Autonomous Systems, 56(6):512�521, 2008.

[40] Hoifung Poon and Pedro Domingos. Sum-product networks: A new
deep architecture. InProceedings of the 2011 IEEE International Con-
ference on Computer Vision Workshops (ICCV Workshops), pages 689�
690. IEEE, 2011.

[41] Andrzej Pronobis and Patric Jensfelt. Large-scale semanticmapping and
reasoning with heterogeneous modalities. InProceedings of the 2012
IEEE International Conference on Robotics and Automation (ICRA) ,
pages 3515�3522. IEEE, 2012.

[42] Andrzej Pronobis and Rajesh PN Rao. Learning deep generative spatial
models for mobile robots. InProceedings of the 2017 IEEE/RSJ Inter-
national Conference on Intelligent Robots and Systems (IROS), pages
755�762. IEEE, 2017.

[43] Morgan Quigley, Ken Conley, Brian Gerkey, Josh Faust, Tully Foote,
Jeremy Leibs, Rob Wheeler, and Andrew Y Ng. Ros: an open-source
robot operating system. In Proceedings of the 2009 IEEE Interna-
tional Conference on Robotics and Automation (ICRA) workshop on
open source software, volume 3, page 5. Kobe, Japan, 2009.

[44] Cyril Roussillon, Aurélien Gonzalez, Joan Solà, Jean-Marie Codol, Nico-
las Mansard, Simon Lacroix, and Michel Devy. Rt-slam: a generic
and real-time visual slam implementation. InProceedings of the 2011

131



International Conference on Computer Vision Systems, pages 31�40.
Springer, 2011.

[45] Ruwen Schnabel, Roland Wahl, and Reinhard Klein. E�cient ransac for
point-cloud shape detection. InComputer graphics forum, volume 26,
pages 214�226. Wiley Online Library, 2007.

[46] Stephen Se, David Lowe, and Jim Little. Mobile robot localization and
mapping with uncertainty using scale-invariant visual landmarks. The
International Journal of Robotics Research, 21(8):735�758, 2002.

[47] Jianbo Shi and Jitendra Malik. Normalized cuts and imagesegmen-
tation. Transactions on Pattern Analysis and Machine Intelligence
(TPAMI) , 22(8):888�905, 2000.

[48] Kristo�er Sjöö. Semantic map segmentation using function-based en-
ergy maximization. In Proceedings of the 2012 IEEE International Con-
ference on Robotics and Automation (ICRA), pages 4066�4073. IEEE,
2012.

[49] Andrew J Smith and Geo�rey A Hollinger. Distributed inference-based
multi-robot exploration. Autonomous Robots, 42(8):1651�1668, 2018.

[50] Randall Smith, Matthew Self, and Peter Cheeseman. Estimating un-
certain spatial relationships in robotics. InAutonomous robot vehicles,
pages 167�193. Springer, 1990.

[51] Daniel Perea Ström, Fabrizio Nenci, and Cyrill Stachniss.Predictive
exploration considering previously mapped environments. InProceedings
of the 2015 IEEE International Conference on Robotics and Automation
(ICRA) , pages 2761�2766. IEEE, 2015.

[52] Sebastian Thrun. Learning metric-topological maps forindoor mobile
robot navigation. Arti�cial Intelligence , 99(1):21�71, 1998.

[53] Sebastian Thrun. A probabilistic on-line mapping algorithm for teams
of mobile robots. The International Journal of Robotics Research,
20(5):335�363, 2001.

[54] Sebastian Thrun.Probabilistic robotics, MIT PRESS, volume 45. ACM
New York, NY, USA, 2002.

132



133

[55] Sebastian Thrun and Arno Bücken. Integrating grid-based and topo-
logical maps for mobile robot navigation. InProceedings of the 1996
National Conference on Arti�cial Intelligence, pages 944�951, 1996.

[56] Sebastian Thrun et al. Robotic mapping: A survey.Exploring arti�cial
intelligence in the new millennium, 1(1-35):1, 2002.

[57] Craig Tovey and Sven Koenig. Improved analysis of greedymapping. In
Proceedings of the 2003 IEEE/RSJ International Conference on Intel-
ligent Robots and Systems (IROS), volume 4, pages 3251�3257. IEEE,
2003.

[58] Brian Yamauchi. A frontier-based approach for autonomous exploration.
In Proceedings of the 1997 IEEE International Symposium on Computa-
tional Intelligence in Robotics and Automation CIRA'97, pages 146�151.
IEEE, 1997.

[59] Brian Yamauchi. Frontier-based exploration using multiple robots.
In Proceedings of the 1998 Second International Conference on Au-
tonomous Agents (AAMAS), pages 47�53, 1998.

[60] Xifeng Yan and Jiawei Han. gspan: Graph-based substructure pattern
mining. In Proceedings of the 2002 IEEE International Conference on
Data Mining (ICDM), , pages 721�724. IEEE, 2002.


