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Abstract:

This thesis presents Nav2CAN, a
modular system that can be added
to mobile robots running ROS2
to achieve context aware naviga-
tion in human filled environments.
Nav2CAN enables the implementa-
tion of costmap plugins that adds
social proxemics as well as interaction
proxemics when multiple people are
standing in F-formations. This means
that any Nav2 stack, using local or
global costmaps, can be expanded
to achieve context aware navigation.
The project also implements a method
for people detection locally on the
robot but is suited for using other
internal or external methods for de-
tecting humans. Through simulation
and module tests in the real world
Nav2CAN proves that this approach
for context aware navigation enables
a human aware navigation that can
potentially increase the comfort of hu-
mans in the proximity of the navigat-
ing robot. The code for Nav2CAN is
provided at https://github.com/
Tristan9497/master-thesis.
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1 - Introduction

Context is de ned by Merriam-Webster's dictionary [1] as: the interrelated
conditions in which something exists or occufBherefore, context aware navigation
means to navigate while understanding the environment and the actors and ob-
jects within that environment.

Mavrogiannis et al. [2] describes navigation as the task of following a collision-
free route in an ef cient manner from initial position to a goal. This means that
calculating and following a route while deviating to avoid collisions is the core
concept. When adding social or context aware navigation, the goal is to avoid the
obstacles, that is socially uncomfortable zones, from a human perspective. This
means that to ef ciently be aware of social contexts the mobile robot must be able
to calculate the route that will adhere to social norms such that humans will be
comfortable around the robot. Therefore, using the current actions of humans to
plan paths that will try to avoid interruption is desired.

Figure 1.1: A projector used to show the planned path of the robot on the oor. This is used to
highlight the intended action of the robot to the user.

A previous project [3] by the authors of this work showed the importance of
using social aware navigation when deploying mobile robots in a human lled
environment. In that work, the focus was on integrating social aware navigation
on a mobile robot platform, that could use the location of a single human to ensure
that the human felt safe, comfortable and trusted the robot. The importance of a
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robust detection of humans along with a socially aware navigation would improve
how the human felt around the robot. Implementing an indication system, as the
one seen in gure 1.1, for the robot was part of the previous work, which showed
the importance of the communication between robot and human. However, it was
evident, that social aware navigation had its limitation due to implementation.

Figure 1.2: The Likert rating of different aspects of the system developed in a previous work. Here
A is a test using only the navigation from the mobile platform. B incorporates the indication of the
path without social aware navigation. C uses socially aware navigation without indication. D uses
both socially aware navigation and indication.

Figure 1.2 shows the different ratings of the system using different setups.
Here it was found that indication gave the larger improvement due to the expected
movement from the robot. Part of the reason for lower performance was due
to implementation, where the robot would move in an oscillatory manner. This
showed a need for a better implementation of robotic planning.

To achieve better planning it is important to understand how the planning
can take multiple aspects of the environment into consideration. Here both social
zones of humans as well as potential interactions between humans are of interest.
This means that the robot should be able to include areas of interaction when
planning the optimal path in a pursuit to not disturb people. As described by the
participants of the previous work, it is important for a robot to behave predictably
and consistently for humans to act around it.

This leads to the initial problem formulation that guides the problem analysis of
this thesis:

How can a mobile platform achieve context awareness to perform navigation in human

lled environments?
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To understand the needs within social interactions between humans and robots
it is important to understand the state-of-the-art research within the area as well as
connected elds that might in uence the success of implementing context aware
navigation. Therefore, this chapter highlights different research within social
robotics, Human-Robot Interaction (HRI), context perception, and mobile robot
navigation and mapping.

2.1 Context aware navigation

When navigating in an environment that contains dynamic objects and, in partic-
ular, humans, it is important for a robot to be able to assess something about a
given context. These contexts can vary but generally include humans in one way
or another. As described by Lemaignan et al. [4], Arti cial Intelligence (Al) must
be able to extract knowledge and create models of humans in a context to make
decisions that can be translated into actions. Often this knowledge of context is
gathered through multiple modalities which further require multiple methods for
perception and fusion of sensor data. For mobile robots, the robot must be aware
of social rules that humans act according to in order to be perceived as safe and
comfortable by the human.

Lemaignan et al. [4] describes the HRI as consisting of three challenges: Com-
munication, Joint action, and Human-Aware execution. Here the communication
can be in different modalities, such as speech or gestures. The joint action can be
handling an object in collaboration or moving safely and ef ciently around a work
area. Human-Aware execution relies on the robot's beliefs on the human actions
to achieve execution that is not interfering with the human action. Marques et al.
[5] proposes a proxemics-based approach for handling activity in the cost map of
the robot. This includes the detection of a human interacting with a given object
and increasing the affordance space.

Clavero et al. [6], uses adaptive proxemics to determine a social layer for the
costmap that changes depending on the context. This adaption is implemented by
changing the social zone to be either restricted or a collaboration zone, depending
on the context.
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2.1.1 Proxemics

As described above, proxemics can be an important factor when developing con-
text aware navigation. Therefore, a brief introduction to the concept of proxemics
and uses within robotics are described in the following.

The rst de nition of proxemics was described by Edward T. Hall [7] as:  the
interrelated observations and theories of humans use of space as a specialised elaboration
of culture This was a description of how humans use space around them and
how they perceive other people in the surrounding space. According to Hall, four
zones around a human can be described:

1. Intimate zone within 0.5m of the person. This zone is reserved for close
personal relationship where physical contact is possible if allowed by the
person. Invasion of the intimate zone can be considered as a threat and
cause discomfort for the person. Certain situations may limit the size of the
intimate zone due to spacial limitations.

2. Personal zone from .5m to 1.4m from the person. The personal zone a natu-
ral interaction can happen with other people where physical contact is pos-
sible.

3. Social zone from 1.4m to 4m from the person. Here social interactions can
happen while keeping physical distance.

4. Public zone more than 4m from the person. In this zone attention is not on
other people and their identity is unknown. Here interaction is not expected
due to the larger distance between people.

(a) Uniform social space (b) Social space (c) Social space with dominant side

Figure 2.1: Different social space representations based on proxemics theory. Proxemic zones are
not drawn to scale for visualisation purposes.
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Figure 2.2: Using the egg shaped proxemics to show the social interactions. Proxemic zones are not
drawn to scale for visualisation purposes.

The proxemics described by Hall [7] are concentric circles which may differ
depending on the situation, as described by Hayduk [8]. A version of this is
shown in gure 2.1. Here it is described how people require more space in front
of themselves, meaning that invasion of space from the front are viewed more
negatively. This results in a egg-shaped social zone similar to the one shown
in gure 2.1b. Gérin-Lajoie et al. [9] further argues that the social zones are
asymmetrical depending on the dominant side of the body as shown in gure
2.1c.

Barnaud et al. [10] try to determine parameters for the egg-shaped model by
using experimental data from Efran et al. [11] to which they t Rapidly-exploring
Random Tree (RRT) based simulated paths using different parameters for the per-
sonal and different parameters and models for the interaction space. Comparing
their experiments with and without interaction space they conclude that omitting
the interaction space is only marginally decreasing the model t and that therefore
the detection of the interaction between two humans might not be as important in
their speci c application of passing a two person interaction in a corridor. Further-
more they con rm that the personal space should be egg shaped and elongated in
the direction the person faces to achieve human-like motion. Figure 2.2 shows the
social interaction using only egg shaped zones.

When people interact with other people they tend to establish new proxemics
zones that include space between them. Kendon [12] describes different spaces
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Figure 2.3: Social interaction F-formation. O space is in yellow between the participants, P space is
in green and is where the humans are located and r is around the humans in blue, where potential
participants can enter. The spaces are not drawn to scale but serves visualisation purposes.

that are relevant when observing different social interactions. Here the O space
and P space are described as the space for the activity and the space surrounding
the activity and the people, respectively. Additionally, the interaction will have an

r space around it, where the members of the interaction will be aware of others
who might join the social interaction. This setup is also known as the F-formation,
which can be seen in gure 2.3.

Greenberg et al. [13] describes how ve dimensions can be used to describe
the interaction between human and other objects. These dimensions are Distance,
Identity, Location, Movement and Orientation. The distance describes the physi-
cal distance between human and object and is related to the zones of proxemics.
The identity describes the individual person and can be used to describe spatial
interactions between a person and an object. The location is used to determine the
type of interactions that are present in a given context. The movement is used to
describe the physical movement of human and object over time. The orientation is
used to describe what object the user is facing which in turn is used to determine
interactions.
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2.2 Semantic mapping

A method for understanding the context of human activity is to understand the
human semantics of a given area. This can be done with semantic mapping where
a given area is assigned a category. This category can then be used to assess the
context types that are expected or possible. Knowing the semantic of a given area
can help in achieving a more suitable navigation of a mobile robot by assuming
human interactions more generally in certain areas [14].

The methods for developing semantic maps varies with different use cases
and it is therefore relevant to understand different methods to choose a method
of approach when developing a new system using semantic mapping. For tasks
where the robot collaborates with a human it is important that the robot under-
stands the semantics of the humans when commanded to certain areas. This is
especially true when relying on Natural Language Processing (NLP) where the
robot must be able to perform a command issued by the human using verbal com-
munication [14]. When using semantic mapping in outdoor settings the semantics
of a given area can be used for outdoor localisation, assessment of traversability,
behaviour selection, etc. [15].

According to Kostavelis et al. [14], a problem within semantic mapping is that
of evaluating a given method due to a lack of a comparable ground truth. There-
fore, there is a need for commonly used datasets to compare different methods
reliably.

Garg et al. [16] proposes a taxonomy for robotic semantics that divides into
four categories that either extract semantics from a scene, uses semantics to achieve
a goal, or does a combination of both. These categories are as follows:

1. Static and un-embodied scene understanding: Using methods to extract in-
formation of a given scene from a static camera, separating it from a robotic
agent that is learning or using the environment. This is relevant due to the
use cases within robotics even if the research is proposed for other applica-
tions.

2. Dynamic Environment Understanding and Mapping: Using different types
of sensors on a mobile robot enables the possibility to determine the se-
mantics of a robots environment to determine the map using Simultaneous
Localization And Mapping (SLAM) techniques.

3. Interacting with Humans and the World: This area connects the ability to
perceive the environment with the ability to act within that environment.
This takes into consideration the difference between perceiving interaction
and perceiving in order to interact.
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4. Improving Task Capability: Using semantics in order to improve the ca-
pability of other tasks. This can be using semantics in order to improve
localisation of a robot in an outdoor setting.

2.2.1 Static and un-embodied scene understanding

Within semantic mapping an important aspect is that of recognising the environ-
ment as a given category. To this extent different methods have been utilised
to achieve this goal. Du et al. [17] presents a framework for utilising multiple
modalities to determine the semantics of a given area by combining Red-Green-
Blue (RGB) images and depth data.

Chang et al. [18] describes method for understanding the event present in a
given series of images or video to classify the context of the event. This can be
an event such as a birthday party or marriage proposal. Such systems can help in
natural language understanding of semantics in robot situations, as described by
Garg et al. [16].

An important part of scene understanding can be that of scene representation.
Here the application can vary and therefore the type of representation can be tai-
lored to a given scenario where pixel wise segmentation or region level semantics
can be useful for representation.

Another method of scene representation is scene graphs which describes the
relationship between objects in a scene. This can be used to determine how a scene
can be divided into areas of related objects [19, 20, 21].

2.2.2 Dynamic Environment Understanding and Mapping

In mobile robotics, SLAM has long been a subject of research due to the dif culty
of achieving perfect localisation in highly dynamic environments. Therefore, using
semantics to further understand a map for localisation can enable robots to localise
themselves within such a map [22, 23].

A hybrid map between geometric maps, generated by distance sensors, and
topological maps, developed with certain areas as nodes with edges between them,
can be used to achieve semantic localisation. Yue et al. [24] describes a method
for using multiple mobile robots to generate local semantics maps that can be
combined to a global semantic map.

Different methods have been developed to determine the classi cation of an
area, such as using a Convolutional Neural Network (CNN) to determine the
ontology of a given area from the occupancy grid [25] or by using the objects in a
scene for classifying the environment [26].

An important aspect of performing semantic mapping is that of ensuring that
unseen areas and areas dissimilar to those of training data can also be classi ed,
as described by [27, 28, 29].
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A scene graph for interaction of an agent is of use when planning movement,
as described by [30, 31]. These scene graphs can then be used to determine rela-
tions between objects in a given area and determine the context for robotic use.
Especially spatial relations and affordance spaces are of interest when calculating
movement with or around such objects. Rosinol et al. [32] proposes Dynamic
Scene Graphs (DSG) which can determine spacio-temporal relations between ob-
jects within different areas to support moving agents, such as robots, in planning
actions and movements.

2.2.3 Interacting with Humans and the World

As described by Garg et al. [16], a robot must understand the semantics of the
world and the actions of the humans in that world in order to achieve a successful
mixing with humans. In this context successful refers to an interaction that is
perceived positively by the humans involved.

Carreira et al. [33] show the importance of gathering data in order to train
a robust network for spatio-temporal recognition of human actions. The Kinetics
Human Action Video dataset has since been updated multiple times to enable
even stronger training of spatio-temporal action recognition [34, 35, 36].

Fang et al. [37] uses reasoning about different objects for grasping to un-
derstand the possible interactions with object. This method can be used in col-
laboration with semantics to understand the context of a given situation for task
completion.

Dogar et al. [38] introduce goal directed behaviours, where the robot needs
to interact with its environment in order to achieve said goal. These behaviours
are based on linked affordances, as de ned by J. J. Gibson [39].

Tellex et al. [40] introduces the concept of inverse semantics where the robot
recognises its inability to perform a given task and asks a human for help. This
enables the robot to resume autonomy when assisted by the human. Here NLP is
used to request help. This idea is extended by Gong et al. [41] to include temporal
and spatial aspects in the requests. This means that the robot is able to ask about
objects in certain locations or describe where a given object used to be located.

2.2.4 Improving Task Capability

For robot navigation, the use of semantics to improve the performance of differ-
ent types of tasks can be of great value. Therefore, understanding how to use
semantics is just as important as developing the systems for perceiving semantics.

One use of of semantics is within visual place recognition, where the type
of environment is used for localisation of the robot [42]. This can be used to
determine if the robot has seen the location before.
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Figure 2.4: An example of a mobile robot planning its path along the social zones of the human to
achieve a comfortable interaction. Proxemic zones are not drawn to scale for visualisation purposes.

2.3 Human Robot Interaction

When humans and robot work side by side, whether it being in industry, service,
or out in the open, it is important that the interaction is perceived positively by
the human(s) interacting with the robot. Therefore, it is essential to use metrics to
determine how the robot is perceived, as well as developing tools for improving
any issues that may cause a bad interaction. Savela et al. [43] describes how
acceptance of robots in social interactions is essential, especially when the robot is
used as assistance or as a co-worker. Fuiji et al. [44] highlights the importance of
knowing the capabilities of a given robot for acceptance. Here the users describe
how they are unsure of using the robot due to unknown actions. It is therefore
important to ensure suf cient training of staff or developing a robot that exhibits

its capabilities. Law et al. [45] show how important the movement of a robot,
whether humanoid, animal-shaped, or any other shape, in uences the trust of
said robot. It is found that movement that follows expected patterns and social
standards improves the trust and comfort around the robot which is important to
ensure that humans want to use the robot. An example of following social zones
can be found in gure 2.4.

Mavrogiannis et al. [46] describes the importance of understanding humans
as more than just dynamic obstacles in an environment to achieve more than just
collision avoidance. Assuming that the human will seek to avoid collision will
improve the trajectory of the robot, resulting in less oscillatory movement.

Babel et al. [47] takes another step in understanding human behaviour by
analysing potential con icts between humans and robots when working in the
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same environment. The authors argue that a robot that always yields can become
inef cient in the long run and therefore must be able to interrupt the user. Differ-
ent methods have been tested for an assertive robot which shows that being polite
and using knowledge from psychology results in higher trust from the user [48].
Furthermore, it is found that adapting to the compliance of the user is important
in order for a successful collaboration between human and robot. Nomura et al.
[49] found that using culture appropriate methods for asking resulted in faster
and more accepted interactions. Therefore, it is important to ensure a polite robot
when being assertive of a certain task in order for a successful and positive inter-
action [50]. It can, however, be important to determine the suf cient amount of
politeness combined with requests in order to achieve an effective interaction [47].

Turnwald et al. [51] expand the collision avoidance problem during the
motion of a mobile robotic platform using human like motion planning based
on game theoretic decision making. Testing their planner using a Turing test
in Virtual Reality (VR) participants where not able to distinguish between the
planned motion and real human motion, whereas the participants could distin-
guish between human motion and established concepts of obstacle avoidance
based on e.g. social forces.

2.4 Scene understanding

To navigate in an environment lled with different dynamics objects and humans
moving around performing different tasks, scene understanding is necessary. This
means that a mobile agent must be able to identify objects in the environment and
determine the physical location in relation to each other. This is essential for both
object avoidance as well as ner interaction with humans and objects. Dovesi et al.
[52] propose a method for performing stereo matching and semantic segmentation
in a combined manner. Using this method they achieve semantic stereo matching
in real time on a Graphics Processing Unit (GPU) or with lower accuracy using
embedded devices, which enables the use in robotics applications.

Scene graphs can be used to describe relations between objects in an environ-
ment. Rosinol et al. [32] describes dynamic scene graphs as a way to describe
the relationship between dynamic objects as they interact in a given scene. This
includes potential actions which can be used for planning movement of a mobile
agent. As described by Chang et al. [21], the challenge in scene graphs is the
potential size of the graph. This is due to the fact that objects and humans can
have many relationships and therefore many edges will be drawn in the graph.
This can be especially challenging when working with objects that are far from
one another or unknown objects.

Wong et al. [53] describes the importance of understanding unknown objects
in a scene in order for the robot to behave in an expected manner. This means
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that dynamic objects that are not identi ed should still be treated in an appro-
priate way in a given environment. To achieve this an object is segmented into
an unknown class in order for the robot to enable interaction - a challenging but
important task.

2.4.1 Perception of human activity and groups

An important aspect of scene understanding in robotics is that of human activity
recognition. When a mobile robot traverses an environment with humans it is
therefore important to understand the activity that the humans to pass are per-
forming.

Kostevalis et al. [54] used a skeleton-based approach to understand the ac-
tivity of the human by combining the actions of the skeleton with the associated
object in a spatio-temporal network. A behaviour understanding pipeline is intro-
duced, based on a Dynamic Bayesian Network (DBN) that is based on Interaction
Units (IU)s (introduced by Ryu et al. [55]) that describe the transition of a state
from a de ned start to a goal that are connected through a so called mental pro-
cess. In their implementation the state is the environment and the mental process
is an action of the user. Therefore they describe the behaviour by a series of IUs
and can therefore classify this series using the previously mentioned DBN.

Taylor et al. [56] describe the need for new algorithms to achieve activ-
ity recognition from a robot-centric perspective. This means that only sensors
mounted on a mobile robot should be used to determine the activity of the hu-
mans surrounding the robot without using outside information. This should en-
able the robot to determine the actions of the humans in order to interact and
collaborate. However, Taylor et al. [56] describe how current research is con-
ducted in well-controlled environments which means that only very specialised
tasks can be detected and interacted with by the robot. This means that the models
may not generalise well to open areas where humans may perform unpredictably
compared to the controlled environment. Therefore, it is important to develop a
method that can generalise to such situations without requiring large amount of
annotated data. Sadeghian et al. [57] uses social and physical cues to understand
the potential paths of humans walking in a scene. Vemula et al. [58] developed
Social attention to predict the trajectories of humans walking among each other.

Li et al. [59] describes the necessity to understand the social relationships
between humans in a scene to understand the interaction. This means that un-
derstanding the relationship will enable a system, such as a robot, to predict the
actions of interacting humans. Zhang et al. [60] high-light how CNN for object
detection and pose estimation to nd the relationship between humans and ob-
jects. Ji et al. [61] describes a framework for understanding actions in a video by
by using a scene graph of objects.
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Song et al. [62] describes the use of skeletons from key point estimation to
understanding the action of a human even when occlusion occurs in the stream
of images. This is important when movement occurs because of the inevitable
occlusion found in dynamic environments.

2.5 Scope

From the analysis performed in this chapter, it is evident that there are many
approaches to context aware navigation. Therefore, it is important to de ne the
scope for developing such an approach.

As described by Youssef et al. [63], no strict de nition of social robotics are
made. Some papers do not specify their de nition while others use different de -
nitions for various purposes. The properties usually associated with social robotics
are: autonomy, social awareness and reaction to social situations, communication,
sensing of human gestures and reaction to human activity. These properties point
the necessity of having social robots that can perform their service while adhering
to social norms.

In this project the limit will be on developing a pipeline that enables the use of
social robots in an industrial context where humans may be interacting with each
other in different locations and different group sizes. Here the robot must be able
to identify when a social interaction is happening between humans and plan its
route around that interaction even when the people are standing at further social
distance (as described in section 2.1.1). Furthermore, the robot should enable
planning around the social zones of the human where the plan is adhere to the
social zones as the environment allows it.

To ensure that the developed system will be relevant for newer generations
of robotics, it should be implemented with the current methods used for robot
communication. Therefore, the system should be implemented in a modular fash-
ion where different modules can be exchanged with others without changing the
modules. Therefore, this project seeks to implement the system as nodes using
Robot Operating System 2 (ROS2) to ensure that the developed modules can be
used in the foreseeable future. This means that the developed nodes should be
integratable into a navigation stack without limiting the use of path planners or
controllers.

As the detection of people in the environment is crucial to achieve context
aware navigation in a people lled environment, the detection of the people must
be able to detect humans in the surrounding area of the robot. Therefore, this
project will focus on developing a method for detecting humans with sensors
mounted on the mobile robot. However, due to the modular setup of the system,
the nodes responsible for detecting interactions between people should be agnostic
to the method of detecting people as this will depend of the robot setup. Therefore,
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the people detection module should be able to detect the humans in a global map
where the location and orientation of the human can be represented.

As the types of interactions can be very diverse it is important to limit the
types to those relevant for the project. Therefore, this project only considers
Human-Human Interaction (HHI) where between two and four people are stand-
ing across from each other or in an F-formation, as described in section 2.1.1. This
means that the system must be able to detect the humans and ensure that the
de ned social zones are adhered to, when no interaction is present and otherwise
consider the interaction zones in the navigation.

The robot will be limited from interacting directly with the present humans
by communicating but will rather change its path as needed to avoid disrupting
interactions.

Furthermore, the robot should be able to handle changes in interactions and
must therefore be able to update the available area for navigation while traversing.
Therefore, the developed modules should be able to run at a similar rate to the
rest of the navigation control loop to ensure updated paths when necessary.

2.5.1 Requirements

The considerations above lead to the requirements of this project which should be
evaluated to determine the success of the implemented system. The requirements
are as follows:

a The system must be implemented using ROS2 and should be compatible
with the navigation stack by receiving velocity commands and supply sensor
readings.

b The nodes should run at a rate of at least 10hz to keep up with the calculation
time of the navigation stack. This means that the accumulated runtime of
the nodes should be less than 100ms

¢ The system must be able to detect the location and orientation of humans in
front of the robot between 1m to 5m to ensure safe navigation.

d The system must be able to develop proxemic zones for the detected people
to ensure navigation outside of these. Here the numbers described in section
2.1.1 are used.

e The system must be able to detect HHI and alternate its path to traverse
outside of the interaction zone.

The requirements lead to the nal problem formulation which guides the
rest of the project. From this a technical analysis will be described in the following
chapter, which is used to highlight the used technologies to perform context aware
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navigation in an industrial setting. The highlighted technologies can be exchanged
for similar systems to change the performance of the robot in the future, if needed.

The nal problem formulation reads as follows:
How can a modular system for context aware navigation be developed for edge com-

putation on a mobile robot?



3 - Technical Analysis

The technical analysis seeks to cover the theoretical methods used in this
project. This means that this chapter describes the background of the methods
that are used or implemented in chapter 4.

3.1 ROS

Robot Operating System (ROS) is a middleware suite for software development on
robots [64]. It offers infrastructure and a large collection of open source developed
libraries for the use with all sorts of robots, be it for example manipulators or
mobile robots. The latest release version of ROS is "ROS2 Humble Hawksbill"
[65]. Here, ROS2 stands for the second generation of ROS.

Robot Operating System 1 (ROS1) has reached its nal release with the ver-
sion "ROS Noetic Ninjemys" and will only be supported until may 2025 [66]. As
mentioned, the of cial development is being continued in the second generation
of ROS, ROS2.

The computation architecture in ROS2 is build on so called "lifecycle nodes"
[67]. These nodes contain the user application that are based on the programming
language speci ¢ API (python, C++ etc.), that are all linking to the same underly-
ing C library. These nodes can then be grouped in the form of a package in order
to install, use and share them [65].

The nodes are communicating using an asynchronous publisher/subscriber
structure using a DDS based middleware. Here, nodes can publish messages of
speci ¢ types on topics. These topics are then used to identify the message from
another node.

In addition to messages, ROS2 includes Services and Actions as a form of
communication between nodes. Services are implement as a request-response
type communication, such that nodes can actively request something from other
nodes without needing to send a message over the topic based asynchronous com-
munication. This also simpli es to associate a request and response.

Actions however, are another asynchronous communication method, whereas
they extend the request and response style of the services to request and response
and periodic feedback. Therefore actions are better suited for long enduring tasks
where one node needs to observe the progress of another.

Another structure offered by ROS is the library "tf2". tf2 is the second version

16
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of the geometric transformation library "tf* [68] and allows to build a tree like
structure of coordinate systems that are connected via geometric transformations,
called tf_frames and tf_transforms. As a consequence this allows to transform
sensor data from one tf_frame to another and with the implemented buffer of
tf_transformations also in time.

3.1.1 Nav2

ROS builds strongly on community based development that means however, that a
majority of the community packages is only available for older releases, as the de-
velopers are not forced to maintain and port their packages across releases. How-
ever the development of of cial packages like for example Navigation 2 (Nav2),
the successor of the ROS1 navigation stack [69], is only taking part in the latest
release versions. Nav2 offers a framework for grid map based navigation and sep-
arates it in to a planning and controlling stage. In contrast to the ROS1 navigation
stack [70], Nav2 relies on behaviour trees to manage situational navigation us-
ing for example recovery behaviours. This allows the navigation stack to achieve
long running task where multiple behaviours can be performed in parallel with-
out blocking each other. Additionally, the behaviour tree can supply feedback
to clients of the progress of a given task. This can be done both synchronously
and asynchronously. In the behaviour tree multiple action servers handle different
parts of the navigation where different modules, such as costmaps, can be added
or exchanged with others. This also allows for tuning of different parts of the
navigation stack which allows for modi cation in robot movement [71].

Furthermore, Nav2 supplies a great collection of continuously maintained
planners and controllers, whereas the local and global planners in the ROS1 navi-
gation stack are partly unmainted and or deprecated.

In order to develop software for robotic applications, analysis tools are of
great value. Here ROS offers a great selection of visualisation tools like RViz (in
ROS2 RViz2), plotjuggler and rgt based dashboards and control panels [72, 73, 74].

3.2 CoHAN Planner

Singamaneni et al. [75] developed the CoHAN Planner for Human-Aware naviga-
tion using ROS. The planner was designed to handle several different interactions
between humans and robots in both indoor and outdoor settings considering hu-
man motion and social aspects. The system has multiple modes of planning to ad-
dress the varying interactions between humans and robots. The authors showed
that the system performs well in different scenarios compared to similar local
planners.

CoHAN uses an architecture based on the ROS navigation stack. Here the
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stack is modi ed to include a Human Safety Layeand a Human Visibility Layer
in both the global and local costmap. Furthermore, a Human Path Prediction
module is implemented to predict the paths of humans for planning of robot
motion. The planner uses the HATEB local planner [76]. HATEB uses the state
of the human and the planner to determine the planning mode of CoHAN and
transition between planning modes. The modes of planning are as follows:

1. SingleBand mode : The initial state of the planner with just an elastic band
mode for the robot. The planner stays in this mode when no humans are
within a 10m radius of the robot.

2. DualBand mode : This mode is used to handle dynamic humans. This mode
enables the robot to handle changes in human path and considers the closest
two humans while planning.

3. VelObs mode : This mode uses the human aware criteria but only adds elas-
tic bands to humans if they have velocity.

4. Backoff-recovery mode : The nal mode is used when there is no valid so-
lution to the planner unless an agent, either human or robot, clears the path.
This situation happens in corridors, where the robot can not traverse next to
the person safely. The system gives priority to humans and backs off until
the path is clear for the human.

To ensure navigation that is comfortable for the humans close to the robot,
the planner uses two additional social constraints, Visibility and Relative Velocity

Visibility adds cost to the optimisation of the plan when the robot moves
behind the person and suddenly becomes visible. This is done to ensure that the
robot does not startle the human. The constraint is implemented by using a 2D
half Gaussian behind the person.

The Relative Velocity constraint adds cost to the plan depending on the rela-
tive velocity between human and robot in addition to their distance. This causes
the robot to have low velocity when closer to humans if a path with larger distance
is not possible. This helps force the robot to choose plans with larger distance.

3.3 PersonLab

Papandreou et al. [77] presented PersonLab, an approach for box-free bottom-up
pose estimation of multiple people in images. PersonLab is an ef cient single-shot

model that handles both semantic-level reasoning and object-part associations.
The model uses a CNN to detect keypoints and predict displacement of these,
which allows for grouping keypoints into a person pose.
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Contrary to a top-down approach, where a person is rst localised using
a bounding box detector, a bottom-up starts by localising individual keypoints
before grouping these into people instances.

PersonLab detects keypoints by using a encoder-decoder architecture to gen-
erate heat maps determining where keypoints are located in a given image. Using
local maxima of the heat-map allows for detection of different keypoints that can
be used for grouping of keypoints into poses. A pairwise connection of keypoints
is used to connect keypoints into poses, by pairing e.g. right elbowwith right shoul-
der. To ensure that the same keypoint of a person is not detected multiple times,
keypoints of the same type are compared to each other and a non-maximum sup-
pression is performed for keypoints within a given radius.

Due to the bottom-up approach of PersonLab, the algorithm can handle oc-
clusion reliably by simply connecting visible keypoints only. This makes the algo-
rithm robust in visually noisy environments.

3.4 Tracking

As described by Li et al. [78], a reliable tracker is hecessary to achieve information
on multiple tracked targets. Using methods such as a Kalman Filter (KF) is useful
for keeping track of a single object [79]. However, when tracking multiple objects,
it is important to ensure the right association between tracklets. Therefore, using
a method like the Munkres algorithm to assign detections to new tracks can be
useful.

The Munkres Algorithm and the KF are explained in the following sections.

3.4.1 Munkres' algorithm

Munkres' algorithm [80] is used for the assignment problem of minimising cost.
In this setup only one object can be assigned to one previous track which means
that each detection should be assigned just once. Performing this assignment in a
brute force manner requires n! operations making the scalability perform slow for
multiple objects [81]. Munkres' algorithm performs the assignment in  O(n?®) time
by performing 6 steps on a m n matrix with n tracklets and m detections. As the
algorithm was developed in 1957, it is assumed that the assignment is done by
hand, hence the language of the steps refer to this [81]:

1. For every row in the matrix, subtract the smallest element of that row.

2. Choose a zero(Z) in the resulting matrix. If there is no starred zeroes in the
row and column of Z, star it. Repeat for every element in the matrix.

3. Every column containing a starred zero is covered. If all columns are covered
the algorithm is done. Otherwise, proceed to step 4.
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4. Choose an uncovered zero and prime it. If no starred zero is found in the
row of the primed zero, go to the next step. Otherwise, cover the row and
uncover the column of the starred zero. Continue until all zeroes are covered.
Save the lowest uncovered value and go to step 6.

5. Create a series of zeroes alternating between primed and starred in the fol-
lowing manner:. Zg is the uncovered zero that was primed in step 4. Z; is the
starred zero of the column of Zg, if one is available. Z; is the primed zero in
the row of Z;. This continues until a primed zero has no starred zero in its
column. Then all starred zeroes are unstarred, each primed zero is starred,
all primes are erased, and every line is uncovered of the matrix. Return to
step 3.

6. The value found in step 4 is added to each element of the covered rows and
subtracted to each element of uncovered columns. Return to step 4.

When done, the starred zeroes indicates the location of the assignments in
the original matrix. With assignment between tracked objects and new detections
performed, the tracker can update the tracklets with for example Kalman lters,
as described in the following section.

3.4.2 Kalman lter

The Kalman lter keeps track of different states of an object. This is done by utilis-
ing a recurring method for estimating the dynamic state, especially when noise is
present in the measurements. By maintaining estimates of the state vector (X) and
the error covariance matrix ( P) of a given system, the Kalman Iter updates the
system over time with measurements and predictions. This is done by assuming
a normal distribution of the potential state of the system.

The Iter uses two stages to estimate the state of the system, prediction and
update. Prediction takes the current state of the system and estimates the state
at the new timestep. This is done with X(k+ 1jk) and P(k+ 1jk). In the update
step the actual measurements of the system are compared with the estimate from
the prediction step to calculate the new position by determining the assumed
noise of the measurements. The Kalman Iter then weights the prediction and
measurements using the calculated Kalman gain (K) to give the new state of the
system for the timestep [82].

Prediction As described above, the rst stage of the lter, prediction, calculates
the estimated state of the system at the following timestep using the following
equations:

R(k+ 1jk) = F(K)R(kik) + u(k) (3.1)
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P(k+ 1jk) = F(KP(KK)F(k)T + Q(K) (3.2)
Where:

+ X: State vector
» k: Kalman gain
» F: The state transition matrix
* u: Control vector adding any known changes to the system
» P: Covariance estimate matrix
* Q: Overall process noise in a covariance matrix.
Update The second stage of the lIter, update, uses the measurements for es-

timating the state of the system by combining it with the prediction using the
following equations:

X(k+ 1jk+ 1) = X(k+ 1jk) + Ky (3.3)

P(k+ jk+ 1)=(1 (K H(k+ 1))P(k+ 1jk) (3.4)
Where:

* y:. Measurement residual
* |: Identity matrix
» H: Vector mapping matrix

The Kalman gain, K, is calculated by K = PH(k+ 1)TS !, where S= HPHT +
R is a is covariance matrix that increases with increasing measurement noise in
matrix R. Furthermore, y is calculated asy = Z(k+ 1)T H(k+ 1)x, where Z is
the measurement of the state.

3.5 YOLOv7

As described in section 2.4, it is important to enable a context aware system to
detect different objects in a scene to determine interactions. YOLOvV7 [83] enables
detection of any arbitrary object that it has been trained for. YOLOvV7 builds upon

the advances found in YOLOvV4 [84] to achieve fast and accurate object detection in
images. The model enables real-time detection on edge devices and uses different
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Figure 3.1: The use of a soft label assigner to train both the lead and auxiliary head. The label
assigner can be changed to allow more relaxed constraints for the coarse label while providing a
harder label for the ne head. Inspired by [83].

methods for improving accuracy without sacri cing inference cost. These methods

are developed in YOLOv4 and improved for YOLOvV7 and are known as Trainable

Bag of Freebies (TBoF). These include re-parametrisation where multiple trained
models are used to calculate the nal set of weights for the model. This increases
training time but results in the same inference time, as the amount of trained

weights remains the same.

The YOLOv7 model further developed the Extended Ef cient Layer Aggrega-
tion Network (E-ELAN), a new computational block that enables the network to
learn features more reliably by keeping the original gradient path while changing
the computational block. This enables the network to stack more blocks by ex-
panding the cardinality of the computational block which increases the number of
parallel convolutions in the block. This means that the block will perform com-
putations more ef ciently by aggregating feature maps to enhance quality while
keeping computation at the same level.

Furthermore, YOLOV7 has multiple heads for output prediction by enabling
multiple predictions during training. This improves training by having course
and ne predictions. The auxiliary head is found earlier in the network and uses
features found at this level to guide the lead head. The training process utilises
information obtained by the lead head to update the auxiliary head. This allows
the lead head to concentrate on residual information that has yet to be learned.
Figure 3.1 shows the label assigner that generated soft labels for training both the
lead head and the auxiliary head.

YOLOV7 manages to achieve a 75% reduction in parameters and 36% reduc-
tion in computation time compared to YOLOv4. For the tiny version of YOLOv7
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