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Preface

This volume of Advances in Intelligent Systems and Computing contains selected
papers presented at the 21st International Workshop of Physical Agents
(WAF2020), held in Alcalá de Henares, Spain, on November 19–20, 2020. The
conference was organized by the University of Alcalá.

WAF2020 is an international forum for fundamental and applied research on
artificial intelligence (AI) techniques in applications of control and interaction with
physical agents (mobile robots, vehicles, manipulators, etc.)

The conference focuses on a broad range of research challenges in the fields of
physical agents, software agents, multiagent systems, human–robot interaction,
mobile robots, social robots, cooperating robots, autonomous vehicles, machine
learning and robotics, deep-learning and robotics, perception, localization and
mapping techniques and autonomous navigation systems, addressing current and
future trends in these fields. WAF2020 brings together researchers from academic
institutions, leading industrial companies, and government laboratories located
around the world for promoting and popularization of the scientific fundamentals of
physical agents.

The book was organized in five sections, according to the main conference
topics. Each section is devoted to research in the areas of (1) autonomous navi-
gation, localization, and mapping, (2) mobile and social robots, (3) human–robot
interaction, (4) perception systems, and (5) deep-learning and robotics.

WAF2020 received 32 contributions. After a thorough peer-review process, the
program committee accepted 24 papers, written by authors from five countries.
Thank you very much to the authors for their contribution. These papers are
published in the present book, achieving an acceptance rate of 75%. Extended
versions of selected best papers will be published in Multimedia Tools and
Applications (MTAP) journal (published by Springer and indexed by ISI-JCR and
Scopus).

We would like to take this opportunity to thank members of scientific committee
and invited external reviewers for their efforts and expertise in contribution to
reviewing, without which it would be impossible to maintain the high standards of
peer-reviewed papers.
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Thank you very much to our keynote speakers: Pablo Fernández-Alcantarilla
(SLAMcore Ltd, UK) and Antonio López-Pena (CVC, Universitat Autonoma de
Barcelona, Spain) for sharing their knowledge and experience.

We appreciate the partnership with Springer, EasyChair, and our sponsors
Universidad de Alcalá, Red de Agentes Físicos, and RoboCity2030 for their
essential support during the preparation of WAF2020.

Thank you very much to WAF2020 team. Their involvement and hard work
were crucial to the success of the WAF2020 conference.

Luis M. Bergasa
Manuel Ocaña
Rafael Barea

Elena López-Guillén

November 2020

Pedro Revenga
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Defining Adaptive Proxemic Zones
for Activity-Aware Navigation

Jonatan Ginés Clavero1(B), Francisco Mart́ın Rico2,
Francisco J. Rodŕıguez-Lera3, José Miguel Guerrero Hernández2,

and Vicente Matellán Olivera4

1 Escuela Internacional de Doctorado, Rey Juan Carlos University, Móstoles, Spain
j.gines@alumnos.urjc.es

2 Intelligent Robotics Lab, Rey Juan Carlos University, Fuenlabrada, Spain
3 Escuela de Ingenieŕıas Industrial e Informática, Universidad de León, León, Spain

4 Supercomputación Castilla y León, SCAYLE, León, Spain

Abstract. Many of the tasks that a service robot can perform at home
involve navigation skills. In a real world scenario, the navigation sys-
tem should consider individuals beyond just objects, theses days it is
necessary to offer particular and dynamic representation in the sce-
nario in order to enhance the HRI experience. In this paper, we use
the proxemic theory to do this representation. The proxemic zones are
not static. The culture or the context influences them and, if we have
this influence into account, we can increase humans’ comfort. More-
over, there are collaborative tasks in which these zones take differ-
ent shapes to allow the task’s best performance. This research devel-
ops a layer, the social layer, to represent and distribute the proxemics
zones’ information in a standard way, through a cost map and using
it to perform a social navigate task. We have evaluated these compo-
nents in a simulated scenario, performing different collaborative and
human-robot interaction tasks and reducing the personal area invasion
in a 32%. The material developed during this research can be found in
a public repository (https://github.com/IntelligentRoboticsLabs/social
navigation2 WAF), as well as instructions to facilitate the reproducibility
of the results.

Keywords: Social robot · Social navigation · Proxemics ·
Activity-aware · Collaborative navigation

1 Introduction

A human sharing his home with a robot is getting closer every day and is start-
ing to stop being a science-fiction movie thing. So far, domestic robots have a
particular purpose, like the vacuum cleaner, but it is expected that in the coming
years, these types of robots will have a general-purpose and will be able to solve
everyday tasks, as well as naturally interact with humans. It requires robots to
c© The Editor(s) (if applicable) and The Author(s), under exclusive license
to Springer Nature Switzerland AG 2021
L. M. Bergasa et al. (Eds.): WAF 2020, AISC 1285, pp. 3–17, 2021.
https://doi.org/10.1007/978-3-030-62579-5_1

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-62579-5_1&domain=pdf
https://github.com/IntelligentRoboticsLabs/social_navigation2_WAF
https://github.com/IntelligentRoboticsLabs/social_navigation2_WAF
https://doi.org/10.1007/978-3-030-62579-5_1
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treat humans in a special way, as they will share space and tasks with them.
Humans are letting be another obstacle that robots have to avoid, for example,
during navigation. More and more research is being done on social navigation.
This type of navigation takes into account humans, their social conventions, or
their activity, improving their comfort [18]. One of the most used models in social
navigation is the proxemics theory [11]. It defines the space around a person as
different zones with different radius: intimate, personal, social, and public. In
this work, we will focus on the intimate and personal areas. The intimate zone
(<0.4 m to the person) is an area that the robot must always respect, so naviga-
tion is forbidden in this zone. On the other hand, the personal zone (0.4–1.2 m)
is an area where the person interacts with known people or collaborates with
others to perform a task. It can be a restricted navigation zone for the robots
[1,14,27] or, as described in this article, an adaptive zone. The personal zone can
be considered adaptive because, depending on the context, it will be a restricted
zone or a cooperation zone where the robot enters to carry out a task with the
person. In this way, we make the robot more natural, social, and adaptable.
The system can adjust to situations where robots and human beings close or
scenarios such as the current pandemic, caused by COVID-19, where the safety
distance of 2 m must be respected.

As already mentioned, the proxemics theory does not describe areas with
a fixed radius but defines areas that could change according to the context,
culture or age, among others. In [28], the authors propose an approach in which
the proxemic zones are dynamic and change depending on the spatial context
and human intention. Another works have developed methods to follow the social
convention of keep on the right when walking in a corridor using this theory as
a base [20,24]. However, our proposal is general to any scenario.

Another approach to develop a human-aware navigation is the use of a virtual
forces model, the Social Force Model (SFM) [12]. This approach consider the
attractive virtual forces, created by the points of interest or the people who
want to interact, and repulsive ones, created by the rest of the people or the
obstacles. Recent researches use a modern version of the SFM, the Extended
Social Force Model [8,25]. In these proposals, they have developed a planner
and a controller based on this force model. Our proposal is independent of the
planning and control algorithm used so it may be adapted to new and better
navigation algorithms.

Another recent approach [15] proposes the use of predefined positions around
the person to interact with them. The positions are evaluated based on the user’s
preferences and choose the best position as the navigation goal. If that position is
not reachable, the robot will go to the next best position. As this approximation
does not represent the proxemic zones on the map, the robot can invade the
intimate or personal zone while moving from one point to another, which would
reduce the person’s comfort. Our research tries to guarantee the comfort of the
humans that interact or collaborate with the robot by establishing the intimate
zone as a forbidden navigation zone.
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Previous authors’ work proposed an initial social layer for the ROS navigation
[9]. It takes information about people’s moods to adapt their proxemics zones,
trying to do not disturb people with a bad mood. The paper at hand adapts this
layer to the ROS2 navigation stack and extends the previous work to adapt the
proxemics zones according to the context or the collaborative activity conducted
by humans and robots.

1.1 Contribution

The main contributions compared to previous works are divided into two, scien-
tific and technical:

– Scientific: A proxemic framework to represent, with adaptive proxemics
shapes, human activities, location, culture, or specific situations.

– Scientific: A novel proxemic shape with the addition of what we call the
cooperation zone. It allows a fluid and natural cooperation between humans
and robots in navigation and interaction tasks.

– Technical: The development of open-source ROS2 navigation layers, people
filter, and social layer, brings the scientific community a standard and public
framework to represent dynamic proxemics zones in a map and allow them
to create complex behaviors using this work as a base.

1.2 Paper Organization

The work presented here presents and discusses both contributions. At first,
Sect. 2 defines the framework and how the proxemics zones are built. Section 3
defines the integration with ROS2 and how it works. Section 4 describes the
performance of the system using the metrics established by the scientific com-
munity and presents an analysis of the experiment results and their implications.
Finally, conclusions are presented in Sect. 5.

2 Framework Description

This work proposes a framework for representing the space surrounding a per-
son, the proxemic areas, on a cost map. This representation is fundamental to
differentiate humans from the rest of the obstacles, thus enriching the robot’s
knowledge of its environment. Unlike past research that used proxemic zones
based on Gaussian functions of concentric circles [9], in this article, the authors
have used Asymmetric Gaussian proxemic zones [13]. These proxemic zones pro-
vide us a high adaptation capacity to the context in which the robot is located,
varying their size and shape, unlike the used in previous research that only
modified their size. The Asymmetric Gaussian are defined by four variables:
head (σh), side (σs), rear (σr) and an orientation (Θ). Figure 1 shows a graphic
explanation of these parameters.

The high adaptability offered by this type of Gaussian allows us to associate
different shapes and sizes of the proxemic zones with different activities of a
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human’s daily life. Thus, associating some values for these variables with human
activities, we can build a social map in which people are represented differently
based on their activity. For example, people cooking, a person is moving at a
certain speed or a person standing in the scenario, Fig. 2.

σs

σs

σh

σ r

θ

Fig. 1. Asymmetric Gaussian function centered at (0, 0), rotated by Θ = π/4, and
having variances σh = 3.0, σs = 2.0, and σr = 1.8.

Also, we propose new proxemics shapes oriented to improve in the perform
of collaborative tasks between the human and the robot, taking as reference the
work of Mead et al. [22]. They show that humans adapt their proxemic zones to
interact with a robot. In that way, we have designed proxemic zones that contain
a cooperation zone, Fig. 3. The robot will occupy the cooperation zone during
the collaborative task to keep close to the person. These zones are located within
the personal zone but always respecting the intimate zone.

2.1 Asymmetric Gaussian Function as Human Activity
Representation

The proposal for represent people and their activities uses the model described
in [13]. In this model people generate areas where navigation is forbidden or
penalised, using an asymmetric Gaussian function. Let Pn = {p1, p2 ... pn} be
the set of n persons detected in the scenario and pi = (x, y, θ) is the pose of the
person i.

gpi(x, y) = e−(A(x−xi)
2+2B(x−xi)(y−yi)+C(y−yi)

2)

With A, B, C:

A =
cos(θ)2

2σ2
+

sin(θ)2

2σ2
s
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B =
sin(2θ)

4σ2
− sin(2θ)

4σ2
s

C =
sin(θ)2

2σ2
+

cos(θ)2

2σ2
s

where σs, as already mentioned, is the variance on the left and right.

Cooking.
σh = 0.5, σs = 1.5, σr = 0.5

Running.
σh = 2.0, σs = 0.7, σr = 0.7

Standing.
σh = 0.8, σs = 1.0, σr = 1.0

In the bathroom.
σh = 2.5, σs = 2.5, σr = 2.5

Fig. 2. Different proxemic shapes based on the context information.

Using this model allows us to create areas around the people detected with
different sizes and shapes. Figure 2 shows four activities’ representations. If a
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person is cooking in the kitchen is expected, he/she is moving from right to
left, going from the ceramic stove to the cut zone or the fridge. Using this
representation, Fig. 2a, a robot navigating in a domestic environment could pass
behind the person, reducing the collision risk and improving his/her comfort. A
similar situation is a person moving with a determined velocity in the robot’s
surroundings, Fig. 2b. The velocity could be estimated, and the proxemic zones
will be updated with this estimation, updating the σh parameter from the model.
Thus, it creates a big zone in a person’s front where navigate is forbidden or
penalized, avoiding hit with a person in a hurry and with a dynamic size, based
on the velocity estimation. This tool also allows us to create different proxemics
zones according to the human location. For example, a person in the bathroom
could be no comfortable if a robot enters when he/she is in the shower or similar.
Figure 2d shows how the proxemics zones have expanded to forbid the navigation
in this area. Moreover, in this case, the orientation of the person is unknown.
Because of this, the shape of this proxemics zones is like a standard Gaussian.

2.2 Adaptation of the Proxemic Areas, the Cooperation Zone

It can be argued that the use of proxemics zones is the most extent method
to perform human awareness navigation, defining areas where the navigation
is forbidden [17]. On the other hand, the robots have to behave socially and
naturally and perform daily tasks with humans [3]. We can see how these two
concepts collide, one restricts navigation around people, and the other promotes
human-robot collaboration and interaction. It is necessary to create a mapping
or a representation that takes into account the comfort and safety of people and
at the same time allows the execution of tasks such as the robot approaching
a person to give him a message or offer a information or the robot following or
accompanying a person to a specific position.

This article propose the creation of the cooperation zones, Fig. 3. As we see
in the Fig. 3d, this cooperation zone is located outside the intimate zone and
inside the personal zone, so the robot will keep a prudential distance to avoid
colliding or discomforting the person and allowing a comfortable and natural
interaction. This cooperation zone will be coded as a free zone on the map, so
the navigation in it will be fluid. The cooperation zones are configurable and
can be set from 0 to 2 zones for each person. They can be located in the desired
orientation and size, depending on the task for which they are designed. In this
way, a cooperation zone to facilitate HRI tasks will be located in an orientation
equal to the person or a cooperation zone designed to accompany people will be
composed of two subzones, one on each side of the person.

3 Building the Social Layer

One of the essential capabilities of a social robot is to move through space. It
is necessary to integrate the sensory information obtained by the robot into
a map to navigate through space safely and effectively. The previous reason,
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The proxemic base zone is
created as a point’s vector,
excluding the cooperation zone.

The map cells that are enclosed by the
points defined in the previous step are
searched.

Each cell is evaluated with the Asymmetric
Gaussian function defined.

The intimate zone is added to the output
of the previou sstep(purplecells). The in-
timate zone cells will be considered as an
obstacle.

Fig. 3. Social layer workflow. From the human position to create its proxemics with a
cooperation zone.

coupled with the widespread adoption by industry and the scientific community
of ROS/ROS2 as a software development framework for robots, makes the ROS
navigation [21] one of the most widely used, robust, and stable packages on the
platform. This navigation stack represents the sensory information on two grid
maps or cost maps, global and local. The framework chosen for this research is
ROS2, the most advanced version of ROS. In this one, the global cost map is
used by the planner to calculate the path from robot current position to target,
and the local cost map is used by the controller generating movements to follow
this path, avoiding unexpected obstacles. Both the global cost map and the local
cost map result from the combination of the different layers that compose it [19].
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Figure 4 shows how the default cost maps are split into different layers and which
layers have been developed during this investigation, Fig. 4b. We will comment
briefly on each layer’s function to better understand how they work and what
information they add to the final map.

Static

Obstacles

Inflation

Master

Default navigation stack.
Static

Obstacles

People Filter

Inflation

Social

Master

Social navigation stack.

Fig. 4. Previous and propose layers and their order.

– Static: The static layer adds the a priori information of the scenario.
– Obstacles: The obstacle layer is subscribe to the sensors data (laser, ultra-

sounds, depth camera...) and materialise this information in the cost map.
In addition to adding obstacle information, it also removes previously added
information if the object disappears.

– Inflation: The inflation layer enlarges each of the obstacles previously added
to the map by a radius equal to the robot’s radius to ensure the safety of
the robot’s navigation. Also, the inflation process is made using a Gaussian
function, so that the robot’s speed is reduced when approaching an obstacle.

– Master: It is the final map and will be used by the planner and controller.
It contains information about each one of the layers.

We can see how the order in which the layers are placed matters. It must be
taken into account when developing a new layer to does not negatively affect the
system’s overall performance. For example, if we were to place the inflation layer
before the obstacle layer, we would only be performing the process of expanding
up obstacles to those represented on the scenario’s map. The obstacles perceived
by the sensors would be seen as points on the map, and it would be complicated
to avoid them during navigation.

The layers developed in this research will be briefly presented below.

– People filter: It is located after the obstacle layer and has as input the peo-
ple’s position on the map. At this point, the obstacle layer will have included
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the information of the people on the map, as they were obstacles. It is neces-
sary to remove this information to have total control of the proxemic areas,
so the cells around the people in a radius equal to the radius of their intimate
area are marked as free cells.

– Social: It is located after the inflation layer and also has as input people’s
position. This layer adds the information of the people proxemic zones to the
map. Section 2 shows in depth how these proxemic zones are.

As mentioned above, the developed layers need people’s positions. This infor-
mation can be obtained from a deep learning system, from a motion capture sys-
tem, or, as in this article, from a simulator. It does not matter what system is
used. The most important thing is that the information is represented correctly
with the robot and the map. To do this, we will use the transform tree, tf2 [6],
from ROS2. Robot’s axes, sensors, map, and how each one is linked to other is
represented in the tree. We will include in it the people’s positions in the map
frame. It will serve us as input for the two proposed layers.

Another essential tool that should be highlighted is the parameters to con-
figure the proxemic zones. Through the ROS2 parameter system, we can set up
new proxemic zones or configure, even during the execution of the system, the
existing ones. This tool offers us great flexibility, necessary for the easy adapt of
the system.

4 Experimental Results

The experiments carried out are aimed at demonstrating the improvement in
people’s comfort by using the proposed system as opposed to the default navi-
gation system. For this purpose, the metrics already established by the scientific
community have been used [16,23], formally described in [27]: dmin, average min-
imum distance to a human during navigation; dt, distance traveled; τ , navigation
time; and Psi, personal space intrusions.

Experiments have also been carried out to show the system’s behavior during
the execution of two collaborative tasks, escorting and following. ROS2Planning
System [26] has been used to implement each of the proposed actions. It is an
IA planning framework based on PDDL [7], which uses popf [5] as planner.
Using this tool, we can easily decompose complex tasks into a sequence of more
uncomplicated actions.

Another fundamental tool for performing the experiments is the pedestrian
simulator based on the social force model, PedSim [2,10]. This simulator will
provide people’s position and orientation in each instant of time.

The tests were performed on a computer with an Intel Core i7-8550U 1.8 GHz
processor with 16 Gb of DDR4 RAM and Ubuntu GNU/Linux 18.04 using
Gazebo as simulator and ROS2 Eloquent as robot framework.

4.1 Approaching People

In this experiment, we want to compare the behavior of the default navigation
system of ROS2 besides the proposed system when performing an approaching
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Fig. 5. Domestic scenario from Gazebo simulator.

task. The navigation speed was set at 0.3 m/s [4], the intimate zone radius at
0.4 m, and the personal zone radius at 1.2 m. Figure 6 shows the robot’s repre-
sentation of the person using the two systems. In the first case, we see how the
robot does not differentiate people from other obstacles and therefore represents
them on the map as such. On the other hand, we can see how the proxemic shape
corresponding to the approach action has been established using the proposed
system.

Person like an obstacle.
A proxemic zone with the cooperation area
for HRI.

Fig. 6. Representations of a person perceived by the robot.

The implementation of the approach action is described below. This action
takes as input the position and orientation of the target person and, using an
approach similar to that proposed by Koay et al. [15], a set of 3 predefined points
are established as possible goals for the navigation system, Fig. 7a. The distance
from these points to the human is as follows:

– 1st: Intimate zone radius.
– 2nd: Intimate zone radius plus the robot’s radius.
– 3rd: Intimate zone radius plus twice the robot’s radius.

These points have an angle equal to the orientation of the person, although in
the opposite direction. Once the points have been established, they are evaluated
concerning the map in order of proximity to the person. Once the best point is
obtained, it is sent to the navigation system. With this implementation, the robot
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1

2
3

Approach action.

1 2 3

4

Escort action.

Fig. 7. Navigation predefined points for the actions.

approaches the person from the front, regardless of the representation system
we use.

Figure 5 shows the scenario configuration for this experiment. We have the
robot in the initial position and the person at a distance of 3.5 m. Each iteration
consists of 2 actions, approach action, and return to home action. During the
development of the experiment, the person’s position is fixed, and its orientation
changes in a random way in each iteration. Table 1 shows the results obtained
during the experiment, after the execution of 100 iterations.

Table 1. Social navigation metrics for Approaching Test: for each parameter its mean
and standard deviation are provided in parenthesis.

Parameter ROS2 navigation Proposed approach

τ(s) 89.4 (22.02) 89.28(17.64)

dt(m) 7.06(1.37) 7.71(1.67)

dmin(m) 0.68(0.1) 0.57(0.035)

Psi(Personal)(%) 39.86(10.03) 7.83(5.33)

Psi(Intimate)(%) 0(0) 0(0)

We see how there has been a significant decrease in the personal area occupa-
tion percentage using the proposed system. Also, the minimum distance to people
has been reduced, keeping in 0.54 m–0.60 m shown in [29] as adequate, from the
human point of view, to carry out voice interaction tasks or human-robot han-
dovers. The task execution time and distance traveled have been maintained,
thus gaining comfort without affecting the system’s overall performance.

4.2 Collaborative Actions

This experiment shows the system’s behavior during the execution of a collabora-
tive task with a human, the escorting task. The escorting action implementation
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Escort proxemic shape.

Escorting task path.

Fig. 8. Robot is accompanying a human trough a door.

is very similar to that shown in the previous experiment, Fig. 7b. Now target
points are on the right of the person in addition to a point behind the person.
This point is useful when, during the task execution, the human passes through
a narrow area, such as a door. Figure 8b shows the path taken by the person
and the robot during the task. Although the proxemic zone established during
the whole execution of the task is the one shown in Fig. 8a, it has been omitted
in Fig. 8b to help in the comprehension of the robot’s behavior during the task.
If one looks in the narrow area of the path, the robot cannot continue next to
the person, and it must go now behind them. When there is more space on the
stage, the robot recovers its position and stands next to the person.

Fig. 9. Mean distance between robot and human during the escorting, (blue) using Lu
et al. [20] approach; (orange) using our approach.
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Finally, Fig. 9 shows a comparison of the distance between the robot and the
human during the escorting task execution using a classical proxemic method,
based on concentric circles Gaussian function, and the proposed method. The
distance between the person and the robot is always higher. This is due to
the robot is always behind the person, since the target points are located in a
restricted navigation area, the personal area.

5 Conclusions and Future Works

Perception and context awareness systems attract more and more attention as
they provide valuable information about the environment. Accordingly, a domes-
tic robot can create a representation from people different than any other obsta-
cle. It can be useful to perform collaborative navigation tasks between humans
and robots or simply to facilitate human-robot interaction without affecting peo-
ple’s comfort.

One of the ways to represent people is through the proxemics theory. It
defines the space around a person as different zones with different sizes. These
proxemic zones are usually static and regular. The paper at hand proposes the
creation of proxemic zones adaptable to the context, human activity, or culture,
in order to provide more comfort or safety, and also zones that facilitate the
execution of collaborative tasks, with the creation of the so-called cooperation
zone. It allows performing tasks such as accompanying a person, following them,
or approaching them simply and safely. To do this representation, we propose
the development of open-source ROS2 navigation layers, people filter and social
layer.

The proposed framework can be tested and used by the scientific community
since it is in a public repository, and it offers the necessary resources for the
reproducibility of the results.

Future works include the experimentation and study of the solution in a real
environment with real participants and the integration in a cognitive architecture
that provides to the proposed system more information about the people or their
behavior, arriving to learn of their habits or their daily activity automatically.
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Abstract. One of the most common tasks in assistive robotics is to find
some specific object in a home environment. Usually, this task is tackled
by adding the objects of interest to a map of the environment as soon
as the objects are detected by the vision system of the robot. However,
these maps are usually static, and do not take into account the dynamic
nature of a home, where anyone could move an object after the robot
has seen it. In this paper, we propose a lifelong system to address this
problem. The robot takes into account different possible locations for
each object, and chooses the more probable one when it is required. We
have designed a probability based system that stores possible locations
for each object, and updates the probabilities of past locations based on
newer detections.

Keywords: Image segmentation · Object detection · Robot vision ·
Deep learning

1 Introduction

One of the most studied problems in computer vision is object localization.
Basically, this task consists in finding the geometrical position of a given object
in the environment. This task is not only relevant for computer vision but also
for robotics, due to the visual nature of the problem and its importance for
manipulation and human-robot interaction applications. Like most computer
vision tasks, state-of-the-art solutions are based on deep learning. There are
three main methods to approach the object localization problem with CNNs: a)
use a sliding window to perform local classifications and then refine the coarse
heatmap [1], b) classify objects on the basis of previously detected regions of
interest (ROIs) [2], or c) train a model to predict both the class and bounding
box of the objects simultaneously [3].

Considering these approaches, object localization could be addressed as a
semantic segmentation subtask. For example, in [4] the authors took advantage
of state-of-the-art image classifiers to build a 3D map of the environment with
the location of the different objects. In that paper the authors translated 2D
c© The Editor(s) (if applicable) and The Author(s), under exclusive license
to Springer Nature Switzerland AG 2021
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image segmentation solutions to 3D robotic applications in order to exploit the
remarkable developments in computer vision with RGB images.

These 3D semantic maps aim at obtaining an accurate segmentation of the
3D space around the robot. As a result, they store, in a grid-based representation,
the information about the objects detected with a CNN model within a small
volume of space. The smaller the volume the more accurate the 3D map will be,
but it will also require more resources to store and update the information in
it. Additionally, these maps do not completely address the dynamic nature of
robotic applications, where robots and people move around interacting with the
environment and the objects in it.

In this paper, we propose a system for long-term object localization, more
suitable for robotic applications with limited resources, because it only tracks
the interest objects in the environment instead of creating a map of the whole
space. Our system is able to consider different locations for each object and
assign them a probability based on the last time the object was seen in that
position and the output probability from the deep learning model used to detect
it. We have run a baseline test in our system in a home-like scenario, which show
that this approach could be useful in several robotic applications.

2 Related Work

Most computer vision tasks can be approached with Deep Learning [5] tech-
niques. Convolutional Neural Networks (CNNs) have sufficiently proven their
remarkable results in complex tasks, like image classification [6], face recogni-
tion [7] or language understanding [8].

In the case of semantic segmentation, the research has been more scarce due
to the lack of large datasets with pixel-level annotations. Additionally, these
datasets are focused on general scenes and, consequently, the class categories in
them are usually focused on large elements (like cars or houses) and rarely have
information about the type of objects that indoor robotic applications might
require (like mugs or water bottles). However, recently published datasets, like
COCO [9] or ADE20K [10], have allowed the development of solutions of scene
segmentation. Fully Convolutional networks [11], which represent the state-of-
the-art models for semantic segmentation, are able of directly generating pixel-
wise predictions. Still, the datasets used to train these models only contain RGB
images, so these solutions work in 2D scenarios, while robot vision is by nature
3D.

More specifically, in object localization problems the robot needs to find the
3D pose of an object in the world, not only the position of the object in a
captured image. This can be addressed by merging the visual information of a
CNN model with the geometric information of RGB-D sensors and the pose of
the robot. In [4], the authors proposed a solution based on this approach where
the objects in the environment are encoded in a 3D semantic map. In this paper,
we are going to exploit the segmentation procedure proposed in that paper in
order to create a lifelong object localization system.


