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CHAPTER 1

Introduction

The exploration problem is a fundamental subject in autonomous mobile robotics that deals
with achieving the complete coverage of a previously unknown environment. There are several
scenarios where completing the exploration of a zone is a central part of the mission, e.g.,
planetary exploration, surveillance, search and rescue, agriculture, cleaning, or dangerous
places as mined lands and radioactive zones. Additionally, due to the inner qualities -mainly
efficiency and robustness- of multi-robot systems, exploration is usually done cooperatively.

Nevertheless, when multiple robots are involved in an exploration task, it is advisable to
avoid several of them moving to the same place. Wireless communication plays an important
role in collaborative multi-robot strategies. Unfortunately, the assumption or requirement of
stable connection and end-to-end connectivity may be easily compromised in real scenarios
due to interference, fading, or simply robots moving beyond the communication range. When
robots are unconnected, they have no possibilities to coordinate their actions and damages or
inner failures can lead to information losses. Therefore, depending on the application field,
the exploration strategy should take this into account to prevent isolation situations.

In general, there exists a broad set of multi-robot solutions. Compared to the centralised
approaches, distributed approaches have the advantage of not presenting the single-point-
of-failure weakness. However, in many cases, they suffer from dead-locks at the individual
or collective level (e.g., reactive, behaviour-based, market-based approaches). Another dif-
ference resides in the synchronicity of agents. Asynchronous systems may be advantageous
over the ones which periodically ask the robots to wait for others before making a decision.
Concerning connectivity, the majority of approaches either restrict the mobility of the fleet
to guarantee full connectivity at all times or demand the robots to regain connectivity peri-
odically. Moreover, all multi-role-based strategies (i.e., supported by communication relays)
need to address the Minimum Relay Placement problem, that is assumed to be an NP-Hard
problem.

After analysing the state-of-art approaches, this thesis tries to answer two research ques-
tions: ¢) What would happen if robots are only influenced to keep or recover connectivity at
all times instead of being demanded to regain connectivity? i7) What would happen if they
are free to meet by chance, having been motivated to stay close but without having to meet
at specific places?

To this end, two novel approaches that tackle the problem of multi-robot exploration
of communication constrained environments are proposed. Particularly, the instance of the



problem under consideration has the following characteristics: ¢) The environment is bounded
and planar. ) The multi-robot system consists of a fleet of homogeneous circular rigid
mobile robots with wireless communication capabilities. %) Concerning communication, the
attenuation of the signal strength caused by distance and the presence of rigid objects between
two endpoints are considered, but, by contrast, no strong communication requirements are
considered (e.g. real-time image streaming).

For the sake of robustness, a decentralised approach is followed; coordination is addressed

implicitly through localisation and mapping data exchanging. Robots make decisions asyn-
chronously and following a human operator criterion. A simple, yet effective model for the
signal strength and attenuation effects provide the robots with connectivity awareness. Con-
nectivity level measurements are considered together with paths costs to build utility functions
which permit to decrease the disconnection periods duration without degrading the perfor-
mance regarding completion time for the multi-robot system. To this end, a less restrictive
connectivity strategy where the robots are motivated but not compelled to keep connected
—or even regain connectivity— is followed.
An auto-adaptive multi-objective function is designed to support the selection of tasks re-
garding both exploration performance and connectivity level. Two roles — explorer and com-
munication relay — are considered to improve the benefits of the task selection strategy. The
relay positioning problem is addressed using the signal strength model in a way that explicitly
avoids solving the corresponding Steiner Minimum Spanning Tree problem.

1.1 Contributions

As a summary, the main contributions of these proposals can be summarised as follows.

Ease to deploy and flexibility The solution follows a multi-objective strategy where the
tasks under consideration are assessed regarding two objectives: travelling costs and connec-
tivity levels. The weights of these potentially conflicting objectives are derived from formal
analysis instead of training. The human operator is asked to use his application-field expertise
to play a part in the task assessment process by setting a distance threshold until which the
tasks that preserve or enlarge connectivity are preferred over the rest.

All this leads to a more flexible system where the robots can deal with communication con-
straints adjusting the weights of each objective independently of any scenario, in a more
intuitive manner and saving a lot of training time too.

Good performance Asynchronism is taken as a natural way of avoiding decision waiting
times as well as decreasing the number of robots that are simultaneously making a deci-
sion. Since the task allocation computation strongly depends on the number of robots under
consideration, asynchronism also makes optimal choices can be linearly computable most of
the time. As a consequence, robots can compute optimal tasks-to-robots distributions in a
short time, achieving high levels of dispersion efficiently. Besides, regarding reconnections,



the proposal consists of a rendezvous policy where the locations of the selected tasks become
the meeting points themselves, avoiding deviations from the planned paths. Compared with
others, the proposed approaches are capable of decreasing the last of disconnection periods
without noticeable degradation of the exploration completion-time.

Novel Relay placement polynomial-time solution Based on the communication model,
a novel polynomial-time relay placement approach for multi-robot exploration missions is in-
troduced in detail. Since the approach does not make strong working assumptions it should
be flexible enough to apply to systems which have static or dynamic role assignment policies,
indistinctly.

1.2 Outline

The present document is organised as follows. Chapter 2 presents the main contributions and
drawbacks from a set of state-of-art proposals. Chapter 3 provides the exploration problem
formalisation, including models and goals. Next, an auto-adaptive multi-objective approach,
as well as the task allocation algorithm and the decentralised coordination mechanism, are
thoroughly described in Chapter 4. Experimental results related to a baseline and the Auto-
Adaptive Multi-Objective (AAMO) approach itself are discussed in Chapter 5. From this,
another multi-role based approach is introduced in Chapter 6. The assessment of this last
approach is presented in Chapter 7. Finally, the document is concluded highlighting some
future research directions in Chapter 8.






CHAPTER 2

State of Art on Multi-Robot
Exploration Systems
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The exploration problem is an essential subject in autonomous mobile robotics and deals
with achieving the complete coverage of a previously unknown environment and fulfilling
some optimal criteria. There are several scenarios where completing the exploration of a
zone is a central part of the mission, e.g. planetary exploration, reconnaissance, search
and rescue, agriculture, cleaning, or dangerous places as mined lands and radioactive zones.
Additionally, due to the inner qualities -mainly efficiency and robustness- of multi-robot
systems, exploration is usually done cooperatively (Yan, Jouandeau, and Ali 2013; Burgard
et al. 2005). Typically, the overall exploration time is the most commonly used quality
indicator to measure and to compare different proposals (Yan et al. 2015).

Schematically, the exploration of an environment can be seen as the composition of Map-
ping and Motion Planning tasks. A map is needed in order to plan new motions. Moreover,
choosing a correct motion sequence based on this map is also needed to expand the knowl-
edge about the environment optimally. Consequently, Mapping is regularly interleaved with
Motion Planning, and vice versa during the whole process (Wurm, Stachniss, and Burgard
2008; Burgard et al. 2005; Simmons et al. 2000).



2.1 Task assignment

When multiple robots are involved in an exploration task, it is advisable to avoid several of
them moving to the same place. The task assignment problem concerns the choice of new
places! to visit in a coordinated way. To reach this purpose is usual to split up the task
into two steps. The first one, called Task Identification, concerns the identification of the
points of interest that should be visited next. It strongly depends on both the sensory robot
capabilities and the underlying environment representation. The second one, called Task
Allocation, concerns the search of a distribution of tasks to robots that maximises the overall
system utility and minimises the amount of overlapped information obtained by all of them
(Korsah, Stentz, and Dias 2013; Burgard et al. 2005; Gerkey 2004).

2.1.1 Task identification

The most widely used representation for this purpose is the well-known Occupancy Grid
structure (Elfes 1989). Based on it, a method to identify points of interest was proposed by
(Yamauchi 1998). The strategy assumes that the closer to the frontier between known and
unknown regions the tasks are defined, the more information the team can gather. Since then,
the majority of exploration proposals have adopted this scheme known as Frontier Points or
Frontier Regions (Keidar and Kaminka 2014; Keidar and Kaminka 2012; Yuan et al. 2010).
See Fig.2.1.

Figure 2.1: Occupancy Grid representation. Obstacle cells are black; Free cells are white, Unknown
are grey, and small red circles mark Frontier Points.

2.1.2 Task Allocation

There exist a wide variety of proposed solutions to this problem where a family of methods
based on market economy are probably the most popular ones. These methods are based on
the notion of Auctions from which the robots can bid for the tasks to decide who goes to
where at each moment. The market may be managed centrally either by a virtual agent at the
base station as in (Simmons et al. 2000) where the bids are processed centralised by a greedy

! These singular places will be referred along the document as tasks or targets, indistinctly.

6



algorithm or by a robotic agent as in (Burgard et al. 2005). Conversely, the fleet can manage
to exchange the bids among all the members in order to take decentralised decisions (Sheng
et al. 2006; Zlot et al. 2002), avoiding, in turn, the single point of failure. All these methods
owe their popularity to their simplicity and ease of implementation, but they suffer from
a significant shortcoming: falling in local minima (Cavalcante, Noronha, and Chaimowicz
2013).

Thanks to its popular search properties, other authors have used Genetic Algorithms
(Ma, Zhang, and Li 2007). The main purpose was to avoid some drawbacks present in other
approaches (e.g. market-based, potential fields) without losing performance. However, this is
also a centralised approach that additionally requires that the number of robots during the
whole exploration process remains invariant.

Far from economy inspired approaches and metaheuristics, a scheduling based approach
is presented in (Wurm, Stachniss, and Burgard 2008). This method combines an environ-
ment segmentation technique with the centralised task allocation method proposed by (Kuhn
1955). The exploration is performed after dividing the environment into disjoint segments
(see Fig.2.2). Thus, the expected sensory overlap between agents is decreased as much as
possible.

.

fi S
J;. b S,

\ R
{0

fo

(b)

Figure 2.2: Task allocation of a segmented environment (Wurm, Stachniss, and Burgard 2008). (a)
Segmentation of a small fraction of an environment. (b) Typical coordination of robots obtained by
assigning them to different segments of the partial map.

In (Renzaglia and Martinelli 2010) the exploration of non-convex environments is tackled
using potential field methods and the presence of robots playing the role of leaders. Coordi-
nation is naturally distributed among the members of a homogeneous fleet (concerning the
hardware) since the troop members are guided by the influence of potential fields present
in the environment. Conversely, the leaders are guided by plans (e.g. shortest path to the
closest frontier), and its presence is crucial to avoid the system falling in local minima (e.g.
stalling situations).



In (Hollinger and Singh 2012) the authors address coordination implicitly through locali-

sation data exchanging. Robots are forced to wait for others before making a decision. Task
selection is made iteratively —one robot after another— employing an objective function which
rewards the right choices.
Similarly, but asynchronously, a decentralised approach, called minPos (Bautin and Simonin
2012), attempts to distribute the robots over the unexplored locations as much as possi-
ble. By doing so, it has outperformed several reference proposals decreasing the completion-
exploration time for a big set of practical scenarios. The working principle is to rank robots
concerning their distance to every possible task. An example is depicted in Fig.2.3. The
robots coordinate their actions implicitly and may choose to visit the tasks for which they
are best ranked at each point in time.

Figure 2.3: Task allocation based on robot ranking (Bautin and Simonin 2012). (a) Greedy like
allocation. (b) minPos allocation based on a distance ranking of robots. In the scene, Ry is ranked
first to task Fi, Ry is ranked first to both tasks F5 and F3, Ry is ranked first to task Fp.

On the contrary, in (Pham and Juang 2013) a centralised approach is used. The tasks-
to-robots distribution is computed balancing information gain, localisation quality and nav-
igation costs. Another centralised approach computes a utility function enabling the robots
to locally prioritise the tasks within its scope and, potentially, also enabling the whole team
to search for the best global distribution as well (Korsah, Stentz, and Dias 2013). In (Rogers
III, Nieto-granda, and Christensen 2013) the focus is placed in comparing the benefits of
being close (available) for helping in exploring new regions but eventually bothering other
teammates due to its close presence or standing far enough to do not disturb them but not
being immediately available to cooperate.

Following a distributed strategy, the proposal presented in (Portugal and Rocha 2013)
addresses the Multi-Robot Patrolling Problem (MRPP). Making use of Bayesian-based for-
malism, each fleet member decides its patrol route according to the state of the system. The
approach is validated in large real-world scenarios.

Differently, the strategy described in (Valentin et al. 2014) is mainly devoted to deal
with uncertainties in sensing and motion processes of a multi-robot system. To this end,
the authors model the exploration and mapping problem as a Partially Observable Markov
Decision Process (POMDP) that is solved centrally.

Finally, another distributed system that could be applied in the field of service robotics is
presented in (Viet et al. 2015). Coordination is achieved following a market-based strategy.

8



Peculiar motion patterns and backtracking searching techniques are used together to reduce
the exploration overlap and also to increase the efficiency of the coverage rate. Examples of
the motion patterns are shown in Fig.2.4.

/
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Figure 2.4: Boustrophedon motion strategy (Viet et al. 2015). (a) Example of a single path created
by a boustrophedon motion. (b) Boustrophedon paths created by a robot fleet.

Unfortunately, all these approaches do not take into account communication conditions.
Moreover, ideal communication conditions are assumed (implicitly or explicitly) as a working
condition.

2.2 Communication issues

Wireless communication plays an essential role in collaborative multi-robot strategies. Never-
theless, the assumption or requirement of stable communication and end-to-end connectivity
may be easily compromised in real scenarios due to interference, fading or robots moving
beyond the communication range.

Mobile Ad-hoc NETworks - MANETs constitute a particular example of scenarios where the
topology of the robot network varies dynamically over time. This kind of network is rec-
ommended when the fixed infrastructure is no longer available, e.g. in disasters to support
the communication among rescue team members. In such cases, connectivity is of utmost
importance because the loss of communication could imply human losses.

A first critical issue concerns the collective knowledge of the environment. Under communi-
cation restrictions, such knowledge cannot be assumed to be always accessible and depending
on the coordination mechanism could be the cause of significant performance degradation
(Amigoni, Banfi, and Basilico 2017). Therefore, depending on the application, the explo-
ration strategy should take this into account in order to prevent the robots from becoming
completely unconnected, let say isolation situations. Such an isolation situation, as well as
its possible effects, are illustrated in the example scene depicted in Fig.2.5.
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Figure 2.5: Re-exploration caused by restricted communication. (Amigoni, Banfi, and Basilico 2017).
The yellow portion of the map is only known by robot B. Thus, robot A goes to re-explore the region
beyond the red frontier.

2.2.1 Connection requirements

Three categories are mainly identified (Amigoni, Banfi, and Basilico 2017):

e None. Robots are not required to communicate.

o Fvent-based connectivity. The need for regaining connectivity is triggered by particular
events such as the discovery of new information or just periodically.

o Continuous connectivity. Every robot must be connected at all times to any other fleet
member either directly or in a multi-hop manner.

Please note that these requirements could have an impact on fleet mobility and, in turn, on
the availability of exploration strategies to be adopted. For instance, under a continuous
connectivity scheme, the fleet is more restricted to move around than in other cases.

2.2.2 Communication models

Communication model refers to the prior knowledge about communication capabilities that
support the decision making of the robots along the exploration. Nevertheless, sometimes no
communication model is assumed and, consequently, robots do not depend on communicating
to decide where to go next. In such cases, explicit coordination only occurs opportunistically
due to random encounters (Amigoni, Banfi, and Basilico 2017).

The communication models typically adopted are (Amigoni, Banfi, and Basilico 2017; Tuna,
Gulez, and Gungor 2013):

e None. Robots do not make any assumption on the communication possibilities between
any pair of arbitrary locations.

10



e Line-of-sight (LoS). Two robots can communicate if and only if their positions belong
to a free-of-obstacle line segment. Usually, the distance is also restricted to a maximum
value that is often related to the scope of the communication device.

e Disc or Circle. Communication with any other robot is permitted when its location is
within a fixed maximum distance (communication radius) regardless of the presence of
obstacles.

e Signal. Communication is available with a certain probability that depends on the
estimated signal power between the robot positions. The higher the signal power, the
higher the probability.

e Traces. Robots can communicate with each other by dropping messages in the environ-
ment.

Additionally, to these five categories that cover an essential aspect of the communications,
say connectivity, there exist other formulations aimed at cover bandwidth or throughput as
well. Clear examples of its use are the applications with a strong dependence on video
streaming like search and rescue applications.

2.2.3 Surveyed proposals

Despite its well-known inefficiencies, there exist some few approaches without any connection
requirements where robots meet each other by chance. Nevertheless, this section only surveys
the proposals that depend on connectivity in one way or another.

In (Vazquez and Malcolm 2004) a behaviour-based approach is presented. The architecture
is designed to guide the exploration constraining the fleet to keep within the communication
range, establishing a mobile network. The well-known disk model and a graph structure are
used to model the network connectivity and identify possible disconnections as is depicted in
Fig.2.6a. Frontier cells are evaluated regarding costs (computed utilising a flooding algorithm)
and information utility (based on the ideas proposed in (Simmons et al. 2000)). Behaviours
are selected according to the network topology conditions. The general schema of behaviour
switching is presented in Fig.2.6b.

A distributed bidding based approach is proposed in (Sheng and Xi 2004) to accomplish
an area exploration. The proposal accounts for two communication aspects: limited com-
munication range and amount of information exchanged. While reliability is addressed by
decentralised decision mechanism, efficiency is addressed by defining an utility function that
accounts for information gain, distance costs and connectivity.

In (Rooker and Birk 2007) a centralised communicative exploration algorithm is proposed.
Communicative exploration implies that the team of robots have to maintain connections
between each other at all times. The target selection is based on a utility function that weights
the benefits of exploring new regions versus the goal of keeping connected. While connectivity

11
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Figure 2.6: Behaviour-based exploration. (Vazquez and Malcolm 2004). (a) The comfort zone —
represented by the shadowed region— is a collision-free and connectivity-guaranteed zone (d; < g < da).
d; represents a collision constraint while dy represents a preventive disconnection constraint. When
d > d3 the connection between robots is lost. g represents the Euclidean distance between robots. (b)
Schematic switching of behaviours. P is the robot position and f is the current frontier.

is valued using the classic disc model, the costs of the shortest paths are computed from the
Manhattan distance notion. Due to spatial and movement restrictions, specific behaviours
are defined to deal with deadlocks. See Fig.2.7.

P

P F |

Figure 2.7: Behaviour-based exploration. (Rooker and Birk 2007). Black solid lines represent
obstacles. Yellow cells represent Frontier cells while grey cells represent the remaining unknown region.
(a) Deadlock situation caused by opposed goals: exploring or keeping connected. The green zone
represents the known region while red dots and lines, respectively represent robots and communication
links. (b) Distance map for meeting point behaviour. The grey scale in the cells represents the distances
to the meeting point on the known region. Recovery from deadlocks is carried out through behaviour
changes.

(a)
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Also following a centralised approach, (Mosteo, Montano, and Lagoudakis 2008) present four
fully reactive exploration strategies. They consist in translating the distance to tasks and
disconnection situations into artificial forces that pull and push the robot to reach new posi-
tions smoothly, avoiding them to lose connectivity. These forces are depicted in Fig.2.8. The
radio signal quality is modelled considering both the communication range and the distance
attenuation effect. Deadlocks are avoided by assigning tasks to a cluster of robots. This
allocation guarantees that robots belonging to the same cluster do not exert conflicting forces
upon each other towards different directions.

X Goal

= e x\\ ’ﬁ\% ‘ e '

(a) (b)

Figure 2.8: Reactive exploration strategy (Mosteo, Montano, and Lagoudakis 2008). (a) Chain for-
mation achieved from the application of artificial (network and goal) forces. (b) Example of a MANET
with virtual springs over links of low quality. Dashed lines represent good quality communication links.
The remaining are virtual-springs-like links that pull the robots to avoid disconnections.

A less restricted coordination strategy is proposed in (Vincent et al. 2008) where the
robots are not forced to keep connected at all times, nor a purely centralised task allocation
scheme is followed. Instead, the authors propose the robots can explore freely meeting by
chance. When two or more robots meet they make a cluster and define a leader. This way, the
approach can be seen as a hybrid between centralised and decentralised systems because the
organisational structure of the fleet can vary dynamically during the exploration depending on
the environmental conditions and the robot decisions itself. Another attractive characteristic
of the proposal is that the robots are not forced to know their relative positions at the starting
point. On the contrary, when robots meet each other, they estimate their relative positions
and make a rendezvous to corroborate the localisation hypothesis. Only after meeting again
at the agreed meeting point, they can exchange map information.

In (Le et al. 2009), the authors propose a decentralised version of the strategy proposed in
(Rooker and Birk 2007) based on message exchanging and a graph structure where the group
always tries to keep a biconnected network efficiently. The communication model is based
on the classic disc model. In consequence, robot mobility is restricted by the communication
range. Using the same graph theory, in (Michael et al. 2009) the experimental validation of a
distributed algorithm that preserves connectivity is also discussed. Nevertheless, a different
coordination mechanism —supported by a market-based negotiation algorithm— is adopted.
Unfortunately, only results on connectivity maintenance are shown, lacking exploration met-
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rics reports.

The proposal of (Derbakova, Correll, and Rus 2011) aims to maintain and repair the
underlying wireless mesh network while the coverage task is being performed, all at once.
The system works in a fully asynchronous and distributed way. Differently, from previous
works, the authors propose a network disconnection detection by checking the real state of
connections without assumptions on communication range or propagation model. In Fig.2.9
the algorithm’s reaction to a network failure is shown. On the contrary, all nodes require
knowledge about the area to be covered and on global positions.

Figure 2.9: Network repairing strategy (Derbakova, Correll, and Rus 2011). From left to right.
Network failure is simulated; the failure is detected triggering the reaction of the nodes towards a
gateway construction; the nodes disperse in order to redistribute themselves across the coverage area.

In (Hollinger and Singh 2012) the robots can disconnect as long as they regain connectivity
periodically following a distributed but synchronous strategy. Authors address coordination
implicitly through localisation data exchanging. Robots are forced to wait for others before
making a decision. The system works as an optimisation method where each variable is
optimised at a time in a round-robin while the others remain unchangeable. Fig.2.10 shows
how robots adjust their plans in order to regain connectivity.

® .0 |
5 L \/f h
& —— T

Figure 2.10: Periodic connectivity strategy (Hollinger and Singh 2012). The robots (green and red)
must move around the obstacle (blue L-shape) to gather information in the grey zone. To do so, they
must regain connectivity beyond the obstacle.

In (Laétitia Matignon and Mouaddib 2012) the problems of exploration and mapping
are addressed by using a Decentralised POMDP. This technique takes advantage of local
interaction and coordination from the interaction-oriented resolution of decentralised decision
makers. Distributed value functions (DVS) are used by decoupling the multi-agent problem
into a set of individual agent problems. In order to address full local observability, limited
information sharing and communication breaks, an extension of the DVS methodology is
proposed and applied in multi-robot exploration so that each robot computes locally a strategy
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that minimises the interaction between fleet members and maximises the coverage achieved by
the team, even in communication constrained environments. The global software architecture
of the decision framework from the viewpoint of one robot is depicted in Fig.2.11. A decision
step consists in building the model, computing the policy from the DVS and producing a
trajectory.

End ofex.ploration
detection
Distributed Value function

Policy\

Optimal trajectory

States ————» <

[Actions
Transitions

Clearance

Smoothed trajectory

Other robots poses

pixels Tay

<laser-data>
<robot-pose>

Robot pose

b
real world layer

Figure 2.11: MDP Framework (Laétitia Matignon and Mouaddib 2012). The MDP data structures
are derived from four grid layers.

Rendezvous-based techniques have also been used to deal with limited communication
ranges. In (Pham and Juang 2013) robots are enabled to move out of the communication
range but forced to rejoin the group frequently. After moving out the communication range
robots have to return to a pre-arranged meeting point to exchange the information gathered
during the disconnection period in order to avoid exploration overlaps.

The proposal presented in (Couceiro et al. 2014) describes a Particle Swarm Optimisation
based approach to achieving fault-tolerance in preventing communication network splits. The
principal objective is to keep the fleet k-connected. An initial deployment of k-connected
robots formation is shown in Fig.2.12. Considering that the application domain defines the
fault-tolerance level required to the system, a MANET connectivity algorithm is extended
with the concept of k-fault-tolerance.

In (Jensen, Nunes, and Gini 2014) a fully distributed approach for multi-robot sweep
exploration is introduced. The proposal aims to guarantee full coverage using a minimum
number of messages and to maintain connectivity at all times, even under severe restrictions on
the communication type, range and quality. The algorithm proposed uses communication not
only to exchange information but to direct the robot movements. Communication intensity
is used to disperse the fleet while beacons are used to mark locations of interest.

The problem of multi-robot exploration with local collaboration is addressed in (Andre and
Bettstetter 2016). The authors classified collaborative actions and derived heuristics to judge
the need of cooperation under limited environment knowledge. The impact of travel overhead,
preemption exploration and connectivity levels is analysed as well as the opportunity to
collaborate and whom to collaborate with.
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Figure 2.12: k-connected Network (Couceiro et al. 2014). d,,q, represents the maximum communi-
cation distance. The inter-robot distance can be approximated as follows: d = d*"%

In (Kemna et al. 2017) a combination of dynamic Voronoi partitioning of the environment
with data sharing strategies is followed to achieve a decentralised multi-robot coordination
approach used for informative sampling of unknown environments. This way a fleet of under-
water autonomous robots coordinates their actions keeping the required amount of communi-
cations to a minimum. Each robot selects which location to visit next using its local version
of the map together with an entropy model.

A mapping mission is addressed by a multi-robot system in (Smith and Hollinger 2018)
using a map inference method. The proposal is based on a market-based task allocation
strategy. Robots exchange information with their mates within the communication range but
do not care about connectivity meeting by chance. The working assumption is that the robots
that are more likely to be in conflict are the most likely to be able to communicate as well.

In (Mahdoui, Fremont, and Natalizio 2018) the cooperative multi-robot exploration prob-
lem is tackled using a team of Micro-Aerial Vehicles (MAV). The authors focus on reducing
exploration time and energy consumption. To save bandwidth, the robots only exchange
information related to frontier points instead of the whole grid map. Experimental results in
simulated scenarios validate the benefits and feasibility of the proposed approach. In Fig.2.13
an exploration in progress is shown for different fleet sizes.

In (Otte, Kuhlman, and Sofge 2018) three different auction-based solutions to the Multi-
Robot Task Allocation problem are evaluated in the presence of unreliable communication
channels. Particularly, the authors study the effect of communication quality on the number
of tasks assigned to an agent and the probability of remaining idle.

2.2.3.1 Multi-Role based approaches

Mobile Ad-hoc NETworks constitute a particular example of scenarios where the topology of
the robot network varies dynamically over time. This kind of network is recommended when
the fixed infrastructure is no longer available, e.g. in disasters to support the communication
among rescue team members. In such cases, connectivity is of utmost importance because
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Figure 2.13: Projection of a Multi-MAV exploration (Mahdoui, Fremont, and Natalizio 2018). Mark-
ers and arrows indicate the initial position and trajectories of the agents, respectively.

the loss of communication could imply human losses. Since that, it is useful to consider relay
robots to guarantee the connectivity of the fleet. This kind of peculiar behaviour, that implies
selecting the best locations to forward the information among the remaining robots, may be
incorporated to the robot network either by means of fleet members with specific communi-
cation maintenance goals or changing dynamically the role of existing members depending on
the current conditions, e.g. when an explorer becomes a relay.

This strategy was followed by several authors in different ways. In (Pei and Mutka 2012)
the authors describe a heterogeneous multi-robot system for exploration tasks. They consider
several explorer robots and conceive a particular robot playing the role of relay dispenser. This
agent is in charge of place relays when and where it is necessary to support the video/audio
streaming generated by explorers. Fig.2.14 depicts an example scene where the explorer
robots need to move out of the communication range.

__Front.
Node
(FN)
Relay
Depl.
- Node
(RDN) ’

Relay
- (R)
RDN Travel

Path
(1: 1st iteration),

Stream
Trans. Path

Base
Station

Figure 2.14: Heterogeneous multi-robot system (Pei and Mutka 2012). A relay dispenser is sup-
porting the exploration activity by adding relays, accordingly. Explorer robots do not care about
connectivity at all.

A multi-robot system for crisis management is described in (Pralet and Lesire 2014). The
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system is composed of mobile sensors (Unmanned Ground Vehicles - UGV) and mobile relays
(Unmanned Aerial Vehicles - UAV). However, some robots may change roles dynamically
during the mission (e.g. UAVs equipped with both wireless routers and cameras). The
problem is modelled and solved using constrained-based local search on a communication
model based on graph theory.

In (Cesare et al. 2015) a multi-robot exploration algorithm based on multiple behaviours
is proposed. Quad-rotors are asked to explore and map an indoor zone with unreliable com-
munication and limited battery life. Robots are enabled to change roles both dynamically
according to intrinsic and extrinsic factors (e.g. boundaries/distances and battery level) and
hierarchically in order to explore and avoid collision among each other. Remaining battery
level is considered in order to avoid losing gathered information. Quad-rotors are also able
to leave the network, but after a fixed period they search for regaining connectivity. Re-
lay robots are designated to forward information from/to the more distant robots improving
communication between team members. Although no optimal relay placement is computed,
the existence of relays is crucial in the proposed scheme. The state diagram proposed for the
adaptive exploration algorithm is depicted in Fig.2.15.

(b)

Figure 2.15: Multi-role-based exploration strategy. (Cesare et al. 2015) (a) UAVs can “sacrifice”
themselves by continuing to explore even when they do not have sufficient battery for returning to
the base station. (b) State diagram. It concerns different behaviours that adjust for limitations on
communication and battery life.

In (Nestmeyer et al. 2017) the exploration problem is addressed ensuring a time-varying
connected topology in 3D cluttered environments but following a decentralised control strat-
egy which enables simultaneous multi-task exploration. In Fig.2.16a the four possible motion
behaviours are shown as well as their transitions while Fig.2.16b shows how the robots can
explore and continuously maintain connectivity.

In (Magén-Carrién et al. 2017; Magan-Carrién et al. 2016) the relay node dynamic re-
positioning problem is tackled. The proposed solution relies on optimisation procedures and
evolutionary algorithms to find the best relay locations and how the robots should move to
these points. The authors follow a centralised multi-stage approach where one node is in
charge of computing the best assignment regarding both connectivity and throughput.
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Figure 2.16: Multi-role-based exploration strategy (Nestmeyer et al. 2017) (a) State machine diagram
of the planning algorithm of the robots. (b) Snapshot of 20 UAV simulation. Dotted black curves
represent planned paths; blue dots represent the robots and line segments represent the communication
links between them (green is well connected, and red is close to disconnection).

In (Rahman et al. 2017), the problem of how to connect one or more remote units to a
base station investing a limited number of intermediate relay robots in constrained commu-
nication environments is investigated. The authors study the complexity of the optimal relay
placement problem and propose methodologies to create chains or trees of relays as required
by different static scenarios. By contrast, in changing environments static solutions cannot
be successfully applied because the location optimality does not hold over time. Different
examples of static scenarios are depicted in Fig.2.17.

-

(a) (b)

Figure 2.17: Multi-relay exploration strategy (Rahman et al. 2017) (a) Multi-relay chain. Four relay
robots are connecting a unit to the base station. (b) Multi-relay multi-unit tree. Three relay robots
are connecting several units to the operator.

Another centralised but asynchronous strategy (assuming that not all robots must be ready
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for new plans at the same time) is followed in (Banfi et al. 2018; Banfi et al. 2016) to address
the problem of multi-robot exploration under recurrent connectivity (robots are demanded to
regain connectivity regularly). In these works, the authors leverage a variant of the Steiner
tree problem that appears as a particular case of different known graph optimisation problems.
Robot placement is treated as an optimisation problem through Integer Linear Programming.
Exact and approximated algorithms are compared in particular scenarios.

In (Banfi, Basilico, and Carpin 2018) the problem of maintaining and restoring connec-
tivity among agents (human and robots) is tacked by redeploying a fleet of mobile robots
acting as communication relays. The authors provide an exact resolution method based on
Integer Linear Programming capable of computing optimal solutions in realistic instances in
a reasonable time.

2.3 Conclusions

Some conclusions arise from this brief survey of recent works. Firstly, it is remarkable that
despite being the most restrictive class of exploration algorithms, the exploration strategies
based on continuous connectivity are prevalent in applications where real-time image stream-
ing are needed (e.g. search and rescue), or simply when human operators at the base station
need to enforce timely information updates, or even when a high level of coordination is needed
(e.g. when globally shared knowledge between robots is assumed). Additionally, robustness is
also highly appreciated in hostile or inaccessible scenarios. In these missions, fault-tolerance is
typically achieved adding redundancy (e.g. systems that guarantee k-connected time-varying
network topologies) and employing distributed systems.

Nevertheless, when these strong requirements do not condition the mission, the event-based
connectivity —that is less restrictive than the former concerning the fleet mobility— seems to
be more appropriate.

Now, moving up from essential aspects as communication to the top of the software archi-

tecture stack. There exists a broad set of distributed reactive and behaviour-based proposals.
Compared to the centralised approaches, distributed approaches have the advantage of not
presenting the single-point-of-failure weakness. However, in many cases, it suffers from dead-
locks at the individual or collective level.
Market-based coordination methods represent another popular option. There exists a wide va-
riety of implementations that mainly differ from each other in the way the bids are computed
by the robots (e.g. single-item or multiple-item auctions). These difference are not insignif-
icant and typically trade simplicity and computational efficiency off for proper coordination
and local optima avoidance. Besides, since each auction involves a period of synchronicity
between robots, fully asynchronous market-based systems have no place. Nevertheless, asyn-
chronous systems may be advantageous over the ones which periodically ask the robots to
wait for others before making a decision.

Finally, in communication-restricted environments, there seems to be a general agreement
on the benefits of spreading out the fleet as long as the robots can regain connectivity in
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disconnection case. From this, and trying to balance these potentially opposed goals well,
some multi-objective utility-based approaches have been proposed.

Also, defining multiple roles (including communication relays) has demonstrated to be a wor-
thy strategy to address the multi-robot exploration problem when communication restrictions
are present. All surveyed multi-role approaches —in one way or another— start from accepting
that as a generalisation of the Euclidean Steiner tree problem, the minimum relay placement
is NP-hard (Krupke et al. 2015). Hence, it is natural either to try exact approaches only for
small and particular instances of the problem or to try approximated approaches instead (e.g.
based on meta-heuristics).

In conclusion, the survey suggests that in the context of decentralised systems there is room
to try new ideas related to connectivity-regaining policies and rendezvous places. On the one
hand, the event-based connectivity framework imposes the execution of connectivity-regaining
actions in the presence of some events. On the other hand, rendezvous-based approaches
imply the definition of particular meeting points where robots have to meet in order to regain
connectivity. Leaving apart the fact that the selection of these places could be a hard issue
itself, once the connectivity-regaining action is triggered and the meeting place is known by
robots, they should interrupt its exploration plans deviating from its current trajectories in
order to accomplish the new goal. This action probably leads to global time performance
degradation and individual energy consumption increasing. However, what would happen
if robots are only influenced to keep or recover connectivity at all times instead of being
demanded to regain connectivity? Furthermore, what would happen if they are free to meet
by chance, having been motivated to stay close but without having to meet at specific places?
This thesis tries to answer these research questions from the development of a decentralised
multi-objective approach where the robots, when selecting their targets, are always considering
the opportunity cost of keeping connected or regaining connectivity, implicitly. Besides, in
reconnection cases, the location of the selected task becomes the meeting point itself avoiding
deviations from planned paths.

The following chapters aim to state the exploration problem to be tackled in this document
as well as to introduce two novel exploration strategies that address these questions as their
main ingredients.
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This chapter defines the instance of the multi-robot exploration problem, which constitutes
the basis for the proposals formulated in this work. All particular assumptions are mentioned
throughout the following sections. Firstly, the environment, robot and communication mod-
els are defined. Namely, some real communication constraints are taken into account and
formalised into the model. A task definition is given as well as the task identification method.
Finally, the global exploration objectives are stated.

3.1 Environment model

The environment E is defined as a bounded planar workspace £ C R? previously unknown.
Besides, E is represented by an occupancy grid structure (Elfes 1989) where each cell ¢
can belong to three different probabilistic states S = {f,0,u}, standing for free, occupied
and unknown, respectively. Typically, P(state(c) = f) = 1 — P(state(c) = o) is assumed.
When |P(state(c) = f) — 0.5 < € the cell ¢ is labelled as unknown; otherwise it is labelled
as free or occupied, accordingly. These states represent all possible theoretical situations
in which a point of the environment can be classified over time. The mapping algorithm
frequently updates the probability value of each cell on each robot. Despite this, only the
current classification of each cell at a given decision time step is considered. Consequently, the
representation of E belongs to the domain of matrices S”™*". Furthermore, the region already
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explored Ejy,own and the remaining that is yet unexplored Eknown at time ¢ may be defined
from this representation as follows: Eypknown(t) = {c € E | [P(state(c,t) = f) —0.5| < €} and

Eknown(t) = {C ek \ Eunknown(t)}‘

3.2 Robot model

Given a robot team R = {Ry, Ra, ..., Ry} consisting of M homogeneous circular rigid mobile
robots with wireless communication capabilities, a traditional representation defines each
robot: R; = (x4,v:, 0,7, Si,c;) where i € [1..M] and X;(t) = {zi(t), yi(t),0;(t)} represents
the configuration vector of the robot i at time t (position of its centre and heading with
respect to the inertial frame), r; represents the radius of the robot body and s;, ¢; represent
the sensory capabilities as maximum radius of sensing and maximum range of communication,
respectively.

3.3 Communication model

This model aims to support the connectivity awareness ability of robots needed to deal with
disconnection situations during the exploration. Given the position of their teammates and
obstacles, robots can estimate the connectivity degree of a specific location considering some
of the communication constraints that are widely present in real scenarios, mainly indoor
(e.g. office-like and buildings).

The signal strength function! T'; : N x §™*" x R — R is defined as follows:

Li(j, Exnown (), ) = T = dau(i, j, t) — wa(i, j, Exnown(t), )
F? =10 Dgy - logio(ci/74)
das(i,7,t) =10 - Dyy - logio(di(j,t)/ri)
di(5,t) = [ Xa(), X;(0)]l,
Wi (J, Bxnown(t),t) - Wayp  if wi(j, Egnown(t),t) < C
C - Wey otherwise

(3.1)

W Att (i, J» Eknown (t)7 t) =

where, d a4 and way stand for distance attenuation and wall attenuation terms, respectively.
In addition, d;(j,t) represents the Euclidean distance between two robot locations at time
t: typically the transmitter (X;(t)) and receiver (X;(t)), wi(j, Exnown(t),t) represents the
number of walls? present in the known region between transmitter and receiver locations at
time ¢, D,y represents a distance attenuation factor and W, represents a wall attenuation
factor. Finally, C' represents the maximum number of walls up to which the W, ¢ factor causes
a significant effect in function I';. When w;(j, Exnown(t),t) > C, the distance attenuation

IT'; represents a slight adaptation of the signal strength function presented in (Bahl and Padmanabhan
2000)

2Robots cannot distinguish between different kind of rigid obstacles but the term wall is used for simplicity
and in order to be consistent with the underlying proposal.
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effect dominates. Finally, note that in (Bahl and Padmanabhan 2000) the independent term
I'Y is suggested to be either derived empirically or obtained directly from the wireless network
device specification. Nevertheless, in this work the model is adapted in order to become
independent from specific deployments (communication devices), deriving the TV value so
that the signal strength I';(j, Frnown(t),t) = 0 when d;(j,t) = ¢;.

In Fig. 3.1 the shape of the function I';, as well as the attenuation effects caused by both
distances and walls, are plotted.
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Figure 3.1: Behaviour of the signal strength model. (a) The signal strength function T'; (dBm)
is plotted for a [0..5] range of walls and [0..30] (m) range of distances. (b) Attenuation caused by
distance. (c¢) Attenuation caused by wall interference.

Unfortunately, due to uncertain and incomplete knowledge, the I'; function only can either
confirm the absence of connectivity or deliver an optimistic estimation of connectivity level
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instead. Although this model represents a valuable improvement in relation to others (e.g.
the classic disk or line of sight models (Amigoni, Banfi, and Basilico 2017)), for the sake of
simplicity other impairments also common in communication (e.g. bandwidth, information
losses, fading and multi-path propagation phenomenon (Caccamo et al. 2017; Fink, Ribeiro,
and Kumar 2013)) are not considered in this work.

3.4 Task Identification method

Given that the lack of knowledge is essentially inherent to exploration missions, the best
choice for the robots is to visit the places where the gain of information can be potentially
higher. Consequently, the task identification problem is addressed following a frontier point
approach (Yamauchi 1998) where the free cells (cf. Section 3.1) that belong to a frontier are
over labelled as frontier points (FP). Besides, the resulting set of FP cells is clustered (using
procedures such as K-Means (MacQueen 1967) or Affinity Propagation (Frey and Dueck
2007)) in order to identify the cells that better represent each frontier, defining a set of tasks®
T ={T1,T,...,Ty} | Tj € R?,Vj € {1...N}. Thus, T represents at each moment, the
smallest set of promising locations that the robots could be interested in visiting to explore
all frontiers. In Fig.3.2 these task cells are coloured in yellow.
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Figure 3.2: Frontier points. The different cell types are identified according to the following colour
code: dark blue cells are Obstacles, light blue cells are Unknown, green cells are Free, orange cells
are FP cells, and yellow cells are tasks.

3.4.1 Multi-robot Task Allocation problem - MRTA

Following the classification proposed in (Gerkey 2004), the MRTA problem to be tackled is
described as a single-task robots (ST), single-robot tasks (SR) and instantaneous assignment
(IA) problem. ST means that each robot is able to visit at most one task at a time. SR means
that each task requires only one robot to be explored. IA means that the available information
about the robots, the tasks and the environment permits only an instantaneous allocation of

3In the remainder of the document, the terms task and target are used indistinctly.
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tasks to robots, preventing the possibility to plan future allocations. Additionally, an ST-SR-
1A can be formulated as an instance of the well known Optimal Assignment Problem - OAP
as follows. Given M robots, N tasks and utility estimates U for each M N possible robot-task
pair, the goal is to assign tasks to robots so as to maximise overall expected utility. Finally,
from an Integer Linear Programming perspective, the problem can be formalised as: find the
M N nonnegative integers «;; that maximise (3.2).

M N
ZzaijUij (3'2)

i=1j=1
s.t.

M
d a;=11<j<N
=1
N
dj=1,1<i<M
j=1

3.5 Global Objectives

The exploration aims for the full coverage of a bounded indoor environment, a priori totally
unknown, with a team of terrestrial robots, in minimal time and avoiding isolation situations
as much as possible. In this context, isolation refers to the fact of being unconnected from any
other fleet member. Therefore, in this thesis, the multi-robot system is designed to address
these objectives from the following definitions.

3.5.1 Full coverage

Given the Ernown and FEypknown previously defined in Sec.3.1, it is possible to claim that
the completion condition is reached when E = Ej,oun or equivalently Eypinown = 0. Al-
though this condition is straightforward, it is useless in practice. Alternatively, the com-
pletion condition is conceived considering the sensing activity of the robots over time. Let
sen;(t) = sen(X;(t)) be the information gathered by the robot ¢ at time ¢ in the configuration
X;(t). From this Ey,own at completion time 7T is defined as follows:

Enown = U U Seni(t> (33)

Finally, the completion condition may be written as in (3.4) implying that there are no
reachable configurations where any robot can gather new information.

ﬂXi | SEn; ﬂ Eynknown 7& 0 (3'4)
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3.5.2 Completion time optimisation

Additionally to full coverage, the multi-robot system is asked to perform the exploration in
minimal time. Therefore, from (3.4), the minimal completion time condition can be expressed
as:

min T | EXZ (T), SEN; (T) m Eunknown 7é Q) (35)

3.5.3 Isolation avoidance

In multi-robot exploration missions the individual isolation situations (when a robot becomes
unconnected from any other) are non-desirable. The key motivations to avoid them are
i) When robots are unconnected they have no possibilities to coordinate their actions hence
they could visit the same regions. Therefore, keeping the fleet connected is a way to decrease
inefficiency. 7)) Damages or inner failures during isolation periods can lead to information
losses. Therefore, keeping the fleet connected is also a way to decrease the risk of re-work
and to prevent time performance degradation, consequently.

Thus, in addition to (3.5), the last of possible individual disconnections should be minimised.
To this end, concepts of graph theory are borrowed in order to model a time-varying network
topology of mobile robots. Such network is represented by means of an undirected graph
defined as G(t) = (V, £(t)) where the nodes V = {1... M} represent the robots R; | ¢ € [1..M]
and the edges £(t) = {i,j | 4,7 € V,j € N;(t)} represent the operative communication links
between any pair of robots (R;, R;).

The function N;(Exnown(t),t) = {7 | Ti(4, Exnown(t),t) > 0} computes the neighbours of a
robot ¢ at time ¢. From this is possible to define the isolation situations of any robot ¢ like the
periods when the corresponding node ¢ has no incident edges (degree(i) = 0). Furthermore,
isolation situations may repeat several times along the exploration.

In Fig.3.3 an example of an exploration timeline concerning disconnections is depicted.

dE, dE, dE, dE_,

Figure 3.3: Disconnection events representation. The disconnection events dFEj can appear dis-
tributed along the exploration timeline. Its last is variable and depends on the movements realised by
the fleet during the exploration. The starting and ending times of each disconnection are represented
by the timestamps tik and tik, respectively.

From this model, the expression for the disconnection last optimisation may be obtained by
the equation (3.6):

min » ) " AdE; (3.6)

eV k
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where : k indexes the disconnection events dE
AdE), = t', — t',, represents the last of the disconnection dE},
tik = mintg | Ni(Eknown(t), tx) = 0, represents the starting time of the disconnection dFj

tik = maxtg | Ni(Egnown(t), tx) = 0, represents the ending time of the disconnection dE},

3.6 Closing statements

In this chapter, a particular instance of the multi-robot exploration problem has been defined.
It is delimited by both the models employed and the goals to be pursued. Next, in Chapter 4,
a novel multi-objective based approach that takes these previous definitions as its working
assumptions is introduced.
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CHAPTER 4

Auto Adaptive Multi-Objective
Task Selection Approach
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In this chapter, a novel multi-objective based approach for multi-robot exploration mis-
sions is introduced (Benavides et al. 2018). In order to make the system robust and efficient, a
decentralised and asynchronous coordination mechanism is defined. An auto-adaptive multi-
objective task utility function is defined in accordance with both the objectives of the explo-
ration problem defined in Sec.3.5 and the task identification method presented in Sec.3.4. Its
primary purpose is to integrate travelling costs and connectivity levels finding solutions with
a right balance between the benefit of visiting the closer targets and the usefulness of keeping
the team connectivity level as high as possible.

Given that the lack of knowledge is inherent to exploration tasks, the best choice for
the robots is to visit the places where the gain of information can be potentially higher.
Besides, gaining information is the only way to conclude the exploration task. Therefore,
the connection between path-cost-based target selection strategies and the completion time
performance obtained resides in the fact that this way the fleet expand its territorial knowledge
potentially faster.
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Nevertheless, when communication is not ideal, there exists a good reason to do something
else. The key motivations in considering communication constraints are i) when robots are
unconnected they have fewer possibilities to coordinate their actions hence they could visit the
same regions unnecessarily. Thus, keeping them connected is a way to decrease inefficiency.
i1) in the presence of damages or inner failures the exploration strategy should take those
events into account preventing the need of re-exploration.

Furthermore, to make the system more flexible, an analytic approach through which
the relative importance of each goal is set independently of the scenarios is followed. As a
result, an auto-adaptive procedure —where the human operator is asked to use his application
field expertise in order to influence the robot decisions defining a criterion to balance the
importance of both objectives— is developed. Several proofs of correctness on such a procedure
are conducted demonstrating that the robots are always capable of auto-adapt the objectives
weight to select the tasks accordingly with the human-operator criterion.

4.1 Task utility function

This function! will guide the optimal task distribution search regarding well-balanced solu-
tions where both the travelling cost and the team connectivity level are considered to evaluate
the current targets. The objectives are implemented using utility functions such as 7) path
utility function takes the travelling costs to deliver a notion of how beneficial —concerning dis-
tance— are the tasks under consideration. i) connectivity utility function gives to the robots
the connectivity awareness ability.

The task utility function ®; : [0,1] x T' x RM x §™*" — [0, 1], is defined as follows:

(I)i(aa Tja R, Eknown) =« \I]l(T]a Eknown) + ﬁ . Qz(T‘ja R) (41)

s.t.
i€[1.M]| M =|R|
j€[L.N]| N =T
a+B=1la,fe01]

Given the current state of the fleet R and the current environment knowledge Finown, the
function ®; estimates the utility obtained by a robot R; in case of selecting the task Tj. The
current fleet state refers to both the location of the assigned tasks in case of assigned robots
and the robot positions otherwise. The terms ¥ and §2 represent path utility and connectivity
utility functions, respectively. The weights o and 8 work as tuning parameters that permit to
adjust the kind of solutions the system will search for. If @« = 1 during the whole exploration,
then the system would only intent to spread out the fleet. On the contrary, if & = 0 then
the system would always search for potentially fully-connected solutions. Otherwise, when
(0 < a < 1) the system will balance both path utility and connectivity utility. As a result,
sometimes the robots could choose other tasks than the closest to favour the team connectivity

'Some promising preliminary results were published in (Benavides et al. 2016).
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level. This possibility is deeply analysed further below in Sec.4.2.

Although in this double-objective function the symbol 8 could be substituted by 1 — «, it is
preserved for the sake of generality: if the weighted sum had more than two terms, it would
not be possible to express all weights as o functions.

4.1.1 Path Utility

Path utility measures the relative effort needed for a robot to reach a task from its current
location. The path utility function ¥; : T' x S™*"™ — [0, 1] is defined as follows:

A—Ai(Tj)y
1

A

\IJZ(TJ, Eknoum) = 2< (4'2)

s.t.
i€[l.M]| M =|R|
j€[L.N]| N =|T|

where:

Y|

—d

= max H