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Abstract

This thesis considers cooperation strategies for teams of agents autonomously
exploring an unknown indoor environment under limited communication con-
straints. The primary application considered is Urban Search-and-Rescue, al-
though other applications are possible, such as surveying hazardous areas. We
focus on developing cooperation strategies that enable periodic communication
between the exploring agents and the base station (human operators). Such
strategies involve an inherent trade-off between allocating team resources to-
wards facilitating communication and increasing the speed of exploration.

We propose two classes of approaches to address this problem: using oppor-
tunistic rendezvous to guide the team behaviour, and explicitly arranging ren-
dezvous between agents. In the opportunistic approach, the allocation of team
resources between exploration and communication can be indicated with a sin-
gle numerical parameter between 0 and 1 — the return ratio — which leads to
complex emergent cooperative behaviour. We show that in some operating
environments agents can benefit from explicitly arranging rendezvous. We pro-
pose a novel definition of a rendezvous location as a tuple of points and show
how such locations can be generated so that the topology of the environment
and the communication ranges of agents can be exploited. We show how such
rendezvous locations can be used to both improve the speed of exploration and
to improve team connectivity by allowing relays to contribute to the overall
exploration.

We evaluate these approaches extensively in simulation and discuss their ap-

plicability in search-and-rescue scenarios.



Acknowledgements

First of all, I would like to express my gratitude to my supervisor Stephen
Cameron. He got me interested in robotics when I was an undergraduate
student, and without his encouragement, I may not have ended up doing a
DPhil. His guidance and support made my time as a research student enjoyable
and rewarding, and I could not have asked for a better supervisor. Stephen
first interviewed me during undergraduate admissions more than a decade ago;
that interview included a question on the Fibonacci sequence. Interestingly,
the Fibonacci sequence also plays a role in this thesis. In a way, my time as a
student in Oxford comes to an end the way it started!

I was fortunate to have been supported in this work by the Clarendon and
the Mary Frances Cairncross Scholarships, without which I could not have
pursued this DPhil.

Many thanks to Arnoud Visser who hosted me at University of Amsterdam
several times and with whom we have had many fruitful discussions, and to
Julian de Hoog for sharing his codebase with me and for his valuable advice.

Special thanks go to my colleague Helen Flynn for the hours and hours of
fun we have had in the Skylab and at various RoboCup travels abroad, and who
showed me how to see the world from an Irish perspective. It is no exaggeration
that without her, this thesis might not have been completed! I am also grateful
to Helen for proofreading this thesis, even though she had no interest in the
subject matter.

Finally, I would like to thank my family for their support and understanding
over these few years: my Mum, as I would never have even applied to do my
undergraduate degree at Oxford, let alone pursue a DPhil, if not for her support
and confidence in me; my Dad, who had to drive on the wrong side of the
highway to get out of a traffic jam on the way to the airport to make sure I

got to my admissions interviews on time.



Contents

1 Introduction

1.1
1.2

Background and motivation . . . . ... ... ... ... .. ..

Approach . . . . . . . ...

2 Literature Review

2.1
2.2

2.3

24

3.1
3.2

3.3

History of rescue robotics . . . . . . . ... ... L.
Mapping and navigation . . . . . . ... ... ...
2.2.1 HectorSLAM . . . . . ...
2.2.2  Particle filter approaches . . . . . . ... ...
2.2.3 Visual SLAM . . . . ...
2.2.4 Representing the environment . . . . . . . ... ... ..
2.2.5  Merging maps from multiple agents . . . . . . ... ...
2.2.6 Pathplanning . . . . .. ... ... oL
Multi-agent exploration . . . . . . . . . ... ... ... .. ...
2.3.1 Frontier exploration . . . . . . . ... ... ... .....
2.3.2 Assigning agents to frontiers . . . . . . ... ...
2.3.3 Particle Swarm Optimization techniques . . . . . . . ..
2.3.4 Other approaches . . . . . . ... .. ... ... .....
Dealing with limited communication . . . . . .. ... .. ...
2.4.1 Keeping the team connected . . . . . . . ... ... ...

2.4.2 Periodic communication . . . . . . .. ... ...

Assumptions and Methodology

Assumptions . . . . . ...
Performance metrics . . . . . ... ...
3.2.1 Metrics directly capturing exploration goals . . . . . . .
3.2.2  Metrics with an indirect effect on the exploration goals .

Simulation environment . . . . . . . . . . ...

12
12
13
14
15
16
17
18
21
22
23
23
26

30
31
32
32
34



4 Coordination Without Explicit Communication Planning

4.1 Motivation . . . . .. .. L
4.2  Defining desired team behaviour . . . . . . . . ... ...
4.3 Method description . . . . . . ...
4.3.1 Representing the environment . . . . . . .. ... .. ..
4.3.2 State transitions during planning . . . . . .. ... ...
4.3.3 State transitions during communication . . . . . . . . ..
4.3.4 Preventing oscillations . . . . .. .. ..o
4.3.5 Reducing redundant space coverage . . . . . . .. .. ..
4.3.6 Merging occupancy grids . . . . . ... ...
4.4 Simulation experiments . . . . . . .. ...
4.4.1 Approaches under consideration . . . . . . . ... .. ..
4.4.2 Corridor environment . . . . . . .. ... ...
4.4.3 Four corridors environment . . . . . ... ... ...
4.44 Grid environment . . . . . ...
4.4.5 Large grid environment . . . . . . .. ...
4.5 Discussion of results . . . . . ...
4.5.1 Effect of parameters on team behaviour . . . . . . . . ..
4.5.2 Failuremodes . . . . . . . ...
4.5.3 Methodology . . . . ... ... ... ...

4.5.4 Communication . . . . . . . . . . ..

Explicitly Planning Communication in Team Coordination
5.1 Rendezvous assumptions and problem statement . . . . . . . ..
5.2 Method description . . . . . .. ..o Lo
5.2.1 Rendezvous locations . . . . . . ... ... .. .. ....
5.2.2  Selecting rendezvous tuples . . . . . .. ... ... ..
5.2.3 Non-line of sight rendezvous . . . . . . .. ... .. ...
5.2.4 Initial evaluation . . . . .. .. ... ... ... .. ...
5.3 Relay exploration . . . . . . ... ... 000
5.3.1 Increasing exploration speed . . . . . . . . ... ... ..
5.4 Scalability . . . . ...
5.5 Discussion . . . . . ...
5.5.1 Estimating agent communication range . . . . . . . . ..
5.5.2 Failuremodes . . . . .. ... ... ... ... ... ..

5.5.3 Sampling point density . . . . . ... ... ... ...

i



5.5.4 Methodology . . . . .. .. ... oL
5.5.5  Applicability . . . ... ...
6 Conclusions
6.1 Summary of contributions . . . . . .. ... .00
6.1.1 Applicability guidelines . . . . . . . ... ... ... ...
6.2 Future work . . . . . . .. ...
6.3 Summary . . ...
A MRESim, a multi-robot exploration simulator
A.1 Introduction . . . . . . . . .. ... ...
A2 Simulator . . . .. ... ...
A.2.1 Simulationcycle. . . . ... ... 0oL
A.2.2 User interface and environments . . . . . . . ... .. ..
A.2.3 Planning and Movement . . . . . . ... ... ... ...
A.24 Sensing and Mapping . . . . . . ... ... L.
A.2,5 Pathplanning . . . . . . . .. ...
A.2.6 Communication . . . ... ... . ... ... .......
A.2.7 Realism of Simulator Results . . . ... ... ... ...
A.3 MRESim as benchmark . . . . . . ... ... ... ... ... ..
A.3.1 Studies based on MRESim . . . . . ... ... ......
A.4 Discussion and Future Work . . . . . ... ... ... L.

A.5 Conclusions

References

iii

148
149
150
152
155

157
157
159
159
159
161
162
163
164
164
166
166
167
169

170



List of Figures

2.1
2.2
2.3
24
2.5
2.6
2.7
2.8

4.1
4.2
4.3
4.4
4.5
4.6
4.7
4.8
4.9
4.10
4.11
4.12
4.13
4.14
4.15
4.16

4.17
4.18

RoboCup Rescue League competitions . . . . . .. .. .. ...
Examples of Best-in-Class Autonomy RoboCup Rescue maps . .
Team Hector mapping and navigation system . . . . ... ...
Estimating information gain of a frontier . . . . . . . . . . ...
Deploying relay nodes in the environment . . . . . . . . ... ..
Multi-tier communication infrastructure . . . . .. .. ... ..
Example of a robot pack in a deadlock . . . . ... ... ....

Example of Role-Based Exploration agent hierarchy . . . . . . .

Flowchart of the exploration strategy using return ratios
Occupancy grid map of the corridor environment . . . . . . ..
Graph of team and base knowledge for the corridor environment
Schematic view of 2-agent rendezvous in a corridor . . . . . ..
Relationship between return ratio and explorer speed . . . . . .
Exploration speed on the corridor environment for 2, 4, 8 agents
Corridor exploration example . . . . . .. ... ... ... ...
Exploration speed on the corridor environment for RBE . . . . .
Exploration speed on the corridor environment for R0O.7 . . . . .
Corridor exploration example using return ratio 0.7 . . . . . . .
Corridor exploration example using Role-Based Exploration
Time breakdown for corridor environment . . . . . . .. .. ..
Latency graph for the corridor environment . . . . .. . .. ..
Occupancy grid map of the four corridors environment . . . . .
Exploration speed on the “four corridors” environment . . . . .
Exploration speed on the “four corridors” environment using low
return ratios . . . . . ... L.
Occupancy grid map of the grid environment . . . . . . . . . ..

Time breakdown for the grid environment . . . . .. .. .. ..

v

60



4.19
4.20
4.21
4.22
4.23

4.24
4.25
4.26

4.27

5.1
5.2
5.3
5.4
5.5
5.6
5.7
5.8
5.9
5.10
5.11
5.12
5.13
5.14
5.15
5.16
5.17
5.18
5.19
5.20
5.21
5.22
5.23
5.24

Latency graph for the grid environment . . . . . . . . . . .. .. 81
Exploration speed on the grid environment . . . . . . . . . . .. 82
Exploration speed on the grid environment using low return ratios 83
Exploration speed for the “large grid” environment . . . . . . . 86

Exploration speed for the “large grid” environment with low

return ratios . . . . ... L. 87
Time breakdown for the “large grid” environment . . . . . . . . 88
Latency graph for the “large grid” environment . . . . . .. .. 91
RoboCup Rescue Virtual Robot Competition 2013 Preliminary?2

MAD .+« « e e e e e e e e e e e e 95
Effects of agent failure on RO.7 strategy . . . . . . . . .. .. .. 96
Inefficient rendezvous illustration . . . . . ... ... ... ... 103
Problems with non-line-of-sight rendezvous . . . . . . . . .. .. 106
Using a low-discrepancy sequence for sampling . . . . . . .. .. 109
Areas from which starting locations are chosen . . . . . . . . .. 113
Graph of exploration speed using MP . . . . . .. ... ... .. 114
Latency graph when using MP . . . . . . . ... ... ... ... 115
Number of communications with the base station . . . . .. .. 116
Time explorer spent heading to rendezvous . . . . . . . . . . .. 117

Time spent sensing new areas with 2 agents using MP and SRL 118

Time agents spent on re-sensing . . . . . . . . ... ... . ... 118
Breakdown of cells sensed by agent for MP . . . . . . . ... .. 119
Time relay spent idle when using MP . . . . . . . ... ... .. 119

Comparison of exploration speed for SRL and SRL-RELEXP . . 121
Comparison of exploration speed for MP and MP-RELEXP . . 121
Breakdown of cells sensed by agent for SRL and SRL-RELEXP 122
Breakdown of cells sensed by agent for MP and MP-RELEXP . 123
Comparison of speed for MP-RELEXP and MP-RELEXP-ST . 124
Comparison of exploration speed for MP-RELEXP-ST and SRL 125

Latency graph for MP-RELEXP-ST . . . . ... ... ... ... 126
Time relay spent idle for MP-RELEXP-ST . . . . . . .. .. .. 126
Breakdown of cells sensed by agent for MP-RELEXP . . . . . . 127
Breakdown of cells sensed by agent for MP-RELEXP-ST . . . . 127
Hierarchy used for a team of 6 robots . . . . . . . . .. ... .. 129
Exploration speed for 2, 4, 6 agents . . . . . .. ... ... ... 130



5.25
5.26
5.27
5.28
5.29
5.30
5.31
5.32
5.33
5.34

[lustration of good starting locations . . . . . . .. . .. .. .. 131

Latency for 2,4, 6 agents . . . . . . . ... ... ... ... ... 132
Latency for 2, 4, 6 agents using good locations . . . . . . . . .. 132
Exploration speed for 2, 4, 6 agents using good locations . . . . 133
Signal loss over distance . . . . . . .. ... L 136

Effect of explorer failure on SRL and MP-RELEXP-ST strategies 140
Effect of relay failure on SRL and MP-RELEXP-ST strategies . 141
Graph of running time per number of sampled points . . . . . . 143
Exploration speed by number of sampling points . . . . . . . .. 144
Cells sensed breakdown by agent by number of sampling points 144

vi



List of Tables

4.1
4.2
4.3
4.4
4.5
4.6
4.7
4.8

5.1

Information stored for each cell of an occupancy grid . . . . . . 41
Effective return ratios using Role-Based Exploration . . . . . . . 57
Comparison of exploration strategies on the corridor map . . . . 63
Number of base station updates on the corridor map . . . . . . 68
Comparison of exploration strategies on the “four corridors” map 75

Comparison of strategies on the “grid” map . . ... ... ... 84
Number of base station updates on the “large grid” map . . . . 89
Comparison of strategies on the “large grid” map . . . .. . .. 90
Typical attenuation for building materials at 2.4GHz . . . . . . 135

vil



List of Algorithms

4.1 State transition during communication . . . . . . . ... .. ... 45
5.1 Choosing multi-point rendezvous . . . . . . . . .. ... ... .. 111
A.1 A single simulation cycle in MRESim . . . . ... ... ... ... 160
A.2 Description of agent takeStep method in MRESim . . . .. . .. 161

viii



Chapter 1

Introduction

1.1 Background and motivation

Recent advances in the field of robotics have allowed mobile robots to be used
in a wide range of applications, from search-and-rescue operations and envi-
ronmental surveying to exploration of other planets and bomb disposal. Teams
of robots can also be used in such areas as manufacturing, medical, military,

domestic and others. Using robots presents a number of advantages:

e Robots can have greater physical capabilities than humans. They may
be stronger and faster; have sensors that humans don’t have, such as
infra-red or sonar, allowing them to collect more information about the
environment than humans could; and they may be able to reach areas
that are not accessible to humans, due to their physical size and method
of locomotion (for example, flying robots may be able to reach high areas

unreachable to humans).

e Robots can be more durable than humans, and able to operate in envi-
ronments too dangerous for humans. They are able to withstand extreme

high and low temperatures, radiation, toxic chemicals, and lack of oxygen.

e Robots may be able to make better decisions, and more quickly. For
example, robots may be able to exchange information, plan paths, and

evaluate and decide on cooperation strategies much faster than humans.



e Robots may be able to operate for longer periods of time without the

risks of making mistakes due to tiredness.

e Robots are expendable.

Using teams of multiple robots instead of single robots offers a number
of advantages. Distributing the task among several robots can speed up the
completion of the task [107]. Such teams are more robust to individual agent
failure. However, effectively operating a multi-robot team by either a single
operator or by a team of operators is a difficult task. In order to increase the
effectiveness of the robot team and to reduce the stress for the human operators,
a degree of autonomous exploration and cooperation among the robots in the
team is important.

In [9], unmanned aerial vehicles (UAVs) were used to survey a severely
damaged power plant. The team consisted of more than 3 people to operate
a single UAV — one person was ensuring the safety of the operation, one was
piloting the UAV and one was controlling the camera on the UAV and moni-
toring the live video feed. Structural engineers were giving instructions to the
team in order to acquire the information that they needed to assess the sit-
uation. Furthermore, an additional person was needed to aid the navigation
of the UAV. Indoor exploration with the UAV was impossible due to clutter
inside the area to be surveyed and lack of GPS, creating problems for indoor
navigation. Time on site was limited and so full exploration of the environment
with a single UAV was impossible. Having a team of highly autonomous robots
to survey the environment would be highly beneficial in similar scenarios.

In 2012, after a series of earthquakes in Northern Italy, a team of robots
consisting of two unmanned ground vehicles (UGVs) and two UAVs was de-
ployed to survey the damage to the historical buildings in the area and to the
artefacts that they contain [70].

In Fukushima in 2011 a Quince robot was deployed. WiFi communication

would only have allowed the robot to be used in a very limited area, so cabled



communication was used. In one of the missions the communication cable
got damaged and the robot ended up stuck [139]. This highlights the need
for better robot autonomy and better strategies for dealing with the limited

communication in operating environments.

1.2 Approach

This thesis aims to address the problem of exploring an unknown indoor envi-
ronment by a team of autonomous robots where high-bandwidth communica-
tion is limited. The goal is to sense the environment as efficiently as possible,
balancing the speed of exploration with keeping the human operators updated
on progress as frequently as possible. To achieve this goal, some of the robots
from the team are diverted from the task of exploration to the task of providing
an ad-hoc infrastructure that provides periodic communication with the base
station. As a result, in many scenarios the speed of exploration is in conflict
with the frequency of periodic communication — one can be optimized at the
expense of the other. In this thesis, we explore this trade-off relationship and

propose a novel method for team coordination that is:

e Flexible to the desired trade-off between communication frequency and

exploration speed.

e Allows for an easy specification of the relative importance of exploration
speed vs communication frequency. This specification can be updated

during the mission and propagated throughout the team.

e Highly robust to individual agent failure and dynamic changes in the

environment.

Unlike other approaches based on periodic communication [30, 31, 32, 51,
76, 131] which use a fixed team hierarchy with a number of agents designated

as relays throughout the mission or arrange meetings at specific locations and



times, our proposed approach uses implicit coordination which improves the
robustness of team behaviour and still yields efficient performance. We show
that our exploration strategy leads to complex emergent behaviour where some
agents start acting as designated relays and form relay chains. The number of
agents in the relay role is automatically adjusted throughout the exploration
to satisfy user preference for team behaviour. In the proposed approach, the
human operators can specify the relative importance of exploration speed vs
communication frequency as a ratio, namely the ratio of information (or in a
more general case, utility) collected by the team but not yet delivered to the
operators, to the information already known at the base station. This lets the
operator specify team behaviour as a fraction between 0 and 1, where 0 means
that a greedy exploration strategy is used without any explicit attempts at
communication, and 1 means that the team attempts to communicate with the
operators after any new information is discovered.

The implicit coordination approach has a number of weaknesses. If an agent
gets lost, it may be difficult to trace the location of the agent as the rendezvous
are not arranged in advance and therefore do not have a pre-arranged time
associated with them, which may help to narrow down the time when the agent
got lost. In large open environments with relatively very small communication
ranges agents are unlikely to communicate with each other without explicitly
arranging a meeting, which may lead to inefficient exploration with lots of
repeated coverage of the environment. Additionally, in some situations explicit
planning for rendezvous location and timing can allow robots to exploit their
communication ranges to greatly reduce the distance they have to travel, saving
their energy, reducing risks of getting stuck when traversing difficult terrain,
and improving team performance. For example, when exploring a multi-floor
building, navigating the staircase connecting the floors can be difficult for many
robots and should be avoided. It could then be highly beneficial to arrange
rendezvous at either end of the staircase than to risk having one agent attempt

to traverse the staircase in order to reach the base station. In the second part

4



of the thesis we present a novel approach for incorporating the communication
ranges of the agents into their planning. Our approach builds on [30, 31, 32]
to enable robots to plan for communication through thin walls and hard-to-
navigate terrain. We show that using this approach can lead to improvements
in both communication frequency and exploration speed.

The contributions in this thesis include:

e A highly scalable, robust approach for exploration with implicit coordi-

nation for communication.

e A coordination approach that explicitly plans for communication through

obstacles and rough terrain.

e Development of a discrete-time simulator MRESim! which was originally
introduced in [30]. The simulator is proposed as a middle ground of ab-
straction between the Agent and Virtual Robot competitions of RoboCup
Rescue. Our work on MRESim won the 2014 Infrastructure competition

of the RoboCup Rescue Simulation League [114].

'https://github.com/v-spirin/MRESim


https://github.com/v-spirin/MRESim

Chapter 2

Literature Review

We start the literature review with a brief overview of the recent developments
in the field of rescue robotics. We then provide description of the state-of-
the-art in low-level autonomous mobile robot tasks on which the approaches
discussed in this thesis depend, such as Simultaneous Localization and Map-
ping (SLAM), environment representation, map merging and path planning. A
review of literature on multi-agent exploration is given next, followed by a dis-
cussion of state-of-the-art approaches for dealing with limited communication

in multi-agent exploration with a focus on exploration of indoor environments.



2.1 History of rescue robotics

The Great Hanshin Earthquake of 1995 in Kobe, Japan, claimed thousands
of lives and prompted the continuing development of rescue robotic systems
to help mitigate the consequences of such disasters. Rescue robots can assist
human responders during search operations in environments that are difficult
for humans to access or that might be dangerous. They can also increase the
speed of rescue operations, which can save lives [117]. One of the results of this
push for the development of rescue robotic systems was the proposal of the
RoboCup Rescue League in 1999 [61] and the creation of the league as part of
the RoboCup competitions in 2001. Robotic competitions provide a common
testing environment for robotic systems, make it easy to benchmark approaches
against each other, allow for comprehensive testing of the proposed systems and
steer the development towards applying the systems in the real world [54]. The
RoboCup Rescue League consists of several competitions, shown in Fig. 2.1.
The Rescue Robot competition focuses on low-level behaviour of individual
robots and features a testing arena built from standardized components that
must be navigated by teleoperated and autonomous robots to locate simulated
victims [110]. This competition includes Best-in-Class awards for teams that
demonstrate reliable and best-in-class performance in such areas as mobility,
autonomy and mapping, or manipulation. The Rescue Simulation competition
features a simulated large-scale city immediately after a disaster; hundreds of
simulated responder units must cooperate with each other in order to stop fires,
clear the roads and rescue potential victims [4, 118]. The Virtual Agents com-
petition provides a middle-ground between the two [26]. It uses a high-fidelity
3D physical simulator (formerly USARSim [67], now Gazebo [123]) with vali-
dated robot and sensor models, where a team of robots (usually up to 8) must
navigate an unknown indoor or outdoor environment and locate the victims.
The team is controlled by a single operator but in recent years the competi-

tion includes a “hands-off” period where the operator has no control of the



Figure 2.1: RoboCup Rescue League competitions. (a) Rescue Robot compe-
tition test arena [1]; (b) 3D visualization of a typical scenario in the Rescue
Simulation competition [125]; (c) A screenshot of 3 robots searching for victims
in a USARSim simulation as part of the Virtual Agents competition.

robots and the team must perform autonomous exploration, shifting the focus
from designing human-robot interfaces towards full autonomy. The DARPA
Robotics Challenge [96] was started in 2013 with the goal of creating robots
that can interact with human environments and use human tools. The focus
here was on low-level behaviour and control of a humanoid robot in a rescue
scenario. The virtual part of the competition, using the Gazebo simulator [3],

attracted nearly 100 participants.

2.2 Mapping and navigation

A good on-line mapping and navigation system is essential for a team of robots
to be able to cooperate successfully in exploring an unknown environment.
Simultaneous localization and mapping (SLAM) systems can be grouped
into two categories: online and full SLAM. The online SLAM algorithms are
incremental, estimating the current pose of the robot and discarding past mea-
surements after they have been processed. The full SLAM approaches estimate
the entire trajectory of the robot based on all the observations, instead of esti-
mating just the current pose [120]. When referring to graph SLAM algorithms,
there are similar concepts of front-end and back-end systems. Front-end sys-
tems can be thought of as dealing with local changes in the map, estimating

the current pose of the agent and building a graph representing the spatial



constraints between the local maps (usually using a form of scan matching).
Back-end systems deal with global changes, estimating the poses along the full
path of the agent that best satisfy the constraints (for example, for loop-closing)
46].

A survey of the history of the SLAM problem and the proposed solutions
is given in [36]. Here we present a brief review of the recent advancements in

this area.

2.2.1 HectorSLAM

RoboCup Rescue Robot League uses environments built from standardized el-
ements from the DHS-NIST-ASTM International Standard Test Methods for
Response Robots [93]. These aim to resemble real operating settings for rescue
robots and include terrain of various complexity. More detailed information
about the test environments used is available in [54]. One of the challenges in
the league involves having a robot autonomously navigate and map an arena
which includes ramps and other obstacles. Recent years have seen steady in-
creases in the quality of the maps produced by the robots (see Fig. 2.2) [93].
Here we will describe the approach HectorSLAM used by the Best-in-Class
Autonomy 2012, 2013, 2014 and 2015 award winning team Hector.

In their approach to SLAM, team Hector take advantage of the high fre-
quency of updates and the precision of modern laser scanner (LIDAR) systems.
In addition, they take into account the unreliability of odometry in USAR set-
tings due to high risks of wheel skid and robot drift when navigating uneven
terrain. A schematic view of the mapping and navigation system used is shown
in Fig. 2.3. The system consists of two modules running in parallel — the SLAM
module and the navigation module. The navigation module uses an Extended
Kalman Filter (EKF) to take the measurements from an Inertial Measurement
Unit (IMU), the 2D pose estimation from the SLAM module (which is sent to
the navigation module as soon as the pose estimation becomes available) as

well as measurements from other sensors if available (while GPS is generally



Figure 2.2: On the left is the final map produced in 2007 by the Best in Class
Autonomy team Resko from University of Koblenz-Landau (Germany). On the
right is the final map by the 2012 Best-in-Class Autonomy team Hector from
TU Darmstadt (Germany). This team also won Best-in-Class Autonomy in
2013, 2014 and 2015 [2]. Image taken from [93].

useless in indoor USAR scenarios, other sensors such as a compass, an altimeter
of odometry might be available and their measurements could be incorporated
into the EKF). The navigation module then outputs a full 6D pose estimate,
which is projected on the 2D mapping plane and fed into the SLAM module.
The SLAM module uses this pose estimate as the start estimate in the scan
matching process. The scan matching process uses a fast variant of gradient
descent (the Gauss-Newton method) to perform fast near-real-time matching of
the point cloud obtained from the laser scanner to the existing occupancy grid
map. Scan matching is performed on several separate occupancy grid maps
stored at different resolutions in an attempt to avoid getting stuck in local
minima during gradient descent. A more detailed description of the approach
is available in [66].

The SLAM system developed by team Hector is available as an open-source
ROS (Robot Operating System) package hector_slam [64]. ROS [97] is an open-
source middle layer between robot hardware and the software modules and is
widely used by the robotics community.

This is a purely front-end system which does not include pose graph opti-

10
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Figure 2.3: A schematic view of the mapping and navigation system developed
by team Hector. Image taken from [66].

mization, including loop closing. RoboCup Rescue Robot League has relatively
small but technically challenging environments, and the approach is able to pro-
duce accurate maps without explicit loop-closing. In [99], HectorSLAM was
successfully incorporated into a graph-based SLAM approach. HectorSLAM
was used to create local maps. New local maps were created and added to the
graph when the robot has either travelled a fix distance, or when the covariance
of the local map indicates that the robot is unable to localize itself within the
local map (for example, when navigating featureless corridors, where detecting
robot motion from the scanmatcher alone is difficult). When a potential loop in
the graph is detected, the graph is optimized — the positions of the local maps
are adjusted to satisfy the loop closing constraints, and the local maps them-
selves are adjusted to reduce the error between consecutive scans belonging
to connected local maps. [99] indicates that the resulting maps are improved
over HectorSLAM for large environments containing long featureless corridors,
while still being able to run on-line (with an overhead in each scan-matching

iteration of only 0.5ms, and an 8ms overhead when loop-closing is performed).
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2.2.2 Particle filter approaches

One of the most popular ROS SLAM packages is GMapping!, an approach
based on Rao-Blackwellized particle filters [48]. Using particle filters is a pop-
ular and promising approach to solving SLAM ([23, 47, 48, 60, 82, 83]). In
approaches based on particle filters, usually each particle represents a possible
trajectory of the robot (that is, a set of robot poses), and the associated map
(for example, an occupancy grid map). The samples are weighted with their
likelihood, given the sensor observations. When new observations become avail-
able, each particle samples a new pose given the measurements and updates its
map given the new pose. Then, the weights are recalculated for each particle,
and the particles are re-sampled. There are two main problems with using
particle filters. Firstly, due to the space complexity, it is important to keep the
number of particles small. Secondly, when the particles are re-sampled, it is
possible that important particles might get lost. In GMapping [48], the number
of particles required is reduced by using a scan-matcher on the observed laser
scans, which increases the quality of the particles. The frequency of resampling
is also reduced by only resampling when the set of particles is believed to re-
flect the target distribution poorly, which usually happens when a loop in the

environment is closed.

2.2.3 Visual SLAM

Visual SLAM has been an active area of research in recent years. The goal of
visual SLAM is to use image data from a visual light, infrared or an RGB-D
camera in order to produce a map of the environment and localize the robot
in the map. A comprehensive survey of literature on this topic is available in

[43].

thttp://wiki.ros.org/gmapping
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2.2.4 Representing the environment

One of the simplest and most common ways of representing the environment
is as a two dimensional grid. Each cell in the grid represents an area in the
environment, storing the probability that the area contains an obstacle. Maps
produced in this way are called occupancy grid maps [38], and are most use-
ful for representing environments that can be considered flat for navigation
purposes. The occupancy grid can be augmented with additional information,
such as elevation data, to create a “2.5D” representation of the world [65].
Quadtrees [106] can be used to store occupancy grids more efficiently, partic-
ularly when the grid is mostly empty [69, 128]. A similar approach based on
octrees has been used to represent maps in three dimensions [135]. However,
when a single surface is used for robot navigation, a 2.5D occupancy grid is
usually sufficient.

Topological maps, generally, are higher-level abstractions of occupancy grid
maps. They can represent whole locations (rooms or areas) as one node in
a connected graph. Nodes on the graph are connected with edges if there is
a direct path between the nodes, and the weights of the edges correspond to
path costs. This greatly reduces the state space, making path planning more
efficient. Building compact topological maps is more complicated than building
occupancy grid maps and they do not allow a robot to navigate effectively
within each location. Combining topological maps with occupancy grid maps
was originally proposed in [119]. In this approach, a topological map is built
from an occupancy grid by creating a Voronoi diagram, which consists of a
set of points equidistant from 2 or more obstacles. The points on the Voronoi
diagram where clearance is locally minimized are called critical points; the
occupancy grid is partitioned around these points.

Semantic maps are a concept related to topological maps. In a semantic
map, areas of the environment are labelled with human-level knowledge, such

as ‘corridor’, ‘room’, ‘kitchen’, ‘office’ etc. Such labelling can aid both human
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responders using the map produced by the robots and robot autonomous be-
haviour (for example, robots searching for human survivors in a building may
have prior information that victims are likely to be in particular types of rooms
[75]).

[42] uses conditional random fields on the Voronoi graph (called Voronoi
random fields) built from the occupancy grid in order to come up with semantic
labellings of areas of the map (room, corridor, doorway). Then, a semantic map
is built according to this labelling. [115] uses features extracted directly from
the laser scans in order to classify areas according to semantic labels. [77] uses
prior information about the type of building being mapped (e.g. school, office,

apartment building) to infer the likely semantic labelling of areas.

2.2.5 Merging maps from multiple agents

Merging maps produced by multiple exploring agents is a challenging problem.
Occupancy grid maps can be merged using computer vision inspired techniques
such as the Hough transform [24]. This approach has been shown to perform
well, merging maps from public data repositories in less than 200ms, even if
robots that produced the maps do not know their relative localizations in the
maps being merged [24]. In a USAR scenario, it can be assumed that robots
are localized at the start of the mission with regards to the base station and
to each other; frequent rendezvous among agents allow agents to re-localize
with respect to each other, making the map merging problem easier to solve.
In [53], accidental rendezvous among agents is used to facilitate map merging.
When two robots have line-of-sight communication, they are able to localize
themselves relative to each other. If they are also localized within their local
maps, the map merging process becomes straightforward. In [41], it is assumed
that robots start exploring the environment from unknown locations. When
two robots enter communication range, they attempt to localize themselves rel-
ative to each other and arrange a line-of-sight rendezvous to verify their mutual

localization. If the rendezvous succeeds, they assume that the localization was
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correct and merge their maps.

2.2.6 Path planning

One of the most crucial elements of efficient autonomous exploration which is
common to almost any strategy or approach used is the ability to quickly and
efficiently plan paths in the environment. The ability to generate accurate paths
through the environment enables agents to more accurately predict the time it
would take them to reach unexplored frontiers and other locations of interest.
This in turn allows them to generate plans that are closer to optimal. If it takes
too long for agents to (re)compute paths, it raises a number of problems. They
may need to use cruder estimates such as straight-line distances to estimate
costs, which can result in very sub-optimal plans. They may have to re-plan
less frequently which can reduce their ability to quickly react and adjust to
changes such as changes in the environment itself in the case of operating in a
dynamic environment or changes to the state of the agent or the team. And
finally, they may not be able to navigate to a certain area of the environment at
all if the path cannot be calculated in a reasonable time. In that case the agent
may have to assume that part of the environment to be not reachable from its
current location. Here we will give an overview of some of the techniques for

planning paths efficiently on occupancy grid maps.
2.2.6.1 A* search

Perhaps the most popular algorithms for path planning is A* [50]. It is essen-
tially an extension of Dijkstra’s algorithm [35], utilising heuristics. It performs
best-first search on the occupancy-grid map, using the lowest known heuris-
tic cost at each node. It always finds a path, if one exists. If the heuristic
never overestimates the real path to the goal and is consistent, then the path
will also be optimal. The implementation of this algorithm is very easy and
straightforward on occupancy grid maps. However, it can be very slow with

a sufficiently high resolution of the occupancy grid. A recent optimization of
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A*, Jump Point Search [49], significantly reduces the search-space by elimi-
nating the search-space symmetry. Unlike many other popular approaches, it
preserves optimality of A*, while being an order of magnitude faster on many

occupancy grid maps, particularly ones that contain large open spaces.

2.2.6.2 Rapidly exploring random trees

Another popular approach for robot path planning is using rapidly exploring
random trees [73]. This is an approach based on random sampling that does
not guarantee optimal paths, but is fast and allows for path planning for non-
holonomic vehicles, as well as in higher dimensions [74]. The algorithm starts
with the start location being in the path tree. Until a path to the goal loca-
tion has been found, a location is randomly sampled from the environment,
is checked for validity, and if there are no obstacles on the straight line be-
tween the sampled location and the nearest node already in the tree, an edge

is created between the two nodes.

2.3 Multi-agent exploration

When multiple agents are exploring the same environment, an important prob-
lem is to assign areas of the environment to different agents in such a way
that you don’t have several agents exploring the same area, resulting in wasted
effort. Also, in some cases it may be beneficial to send agents to completely
different sectors of the environment in order to avoid collisions. In addition,
it may be important to identify areas of the environment that, once explored,
would give other agents more new frontiers to explore and thus enable more
efficient exploration / frontier allocation (for example, in indoor environments
such areas could be corridors). In this section we will talk about some estab-

lished as well as emerging techniques for dealing with this problem.

16



2.3.1 Frontier exploration

Using frontiers to distribute the exploration task among multiple agents is a
common approach to multi-agent exploration. A frontier is a boundary between
the explored and unexplored parts of the occupancy grid map [137]. Agents
can choose a frontier to explore by estimating their path costs of reaching the
frontiers, as well as those of other agents in their vicinity, with the goal of
maximizing overall exploration utility. Estimating the expected information
gain from navigating to a frontier is important for efficient exploration. In [45],
the information gain from a frontier is estimated by sampling locations near a
frontier and simulating casting rays from that location that pass through the
frontier cells (see Fig. 2.4). The concept of frontier polygons was introduced
in [129]. Laser measurements at distances close to the maximum range of
laser range-scanners become sparse and therefore cannot guarantee absence of
obstacles. Areas sensed at a short range (2 metres given the full scanner range
of 20 metres) are considered safe space. A frontier polygon is then defined as
the polygon bounded by frontier cells, obstacle cells and safe space boundary
cells. The frontier polygons are likely to be free of obstacles but need to be
explored further, and their area can be used to estimate the information gain
from exploring the frontier polygon.

In order to allocate the frontiers to robots well, some metric is required that
measures how good each assignment is. Usually, an utility function is defined
which incorporates multiple criteria. The utility function in [137] simply favours
the nearest frontier; [45] incorporates both the distance to the frontier and the

expected information gain into the utility with the following utility function:
U(f) = A(f)e)

where U(f) is the utility of navigating to frontier f, A(f) is the measure of
information gain from frontier f, A is a tuning parameter and d(f) is the cost
of navigating to the frontier (often this is just the distance). A large A means

that the utility function favours nearby frontiers, meaning that the robot will
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Figure 2.4: The potential information gain of sensing through a frontier from
a candidate location ¢ is estimated as the area that is ‘visible’ by casting rays
through the frontier cells from ¢. Image taken from [45].

try to fully explore the local area before moving on. A small A\ will get the
robot to explore the largest frontiers first, meaning that it will often push deep
into the environment and ‘fill in the details’ later. [126] has a similar utility
function U(f) = A(f)/d"(f), where the parameter n plays a similar role to
A above. [127] additionally includes the probability of communication with
the base station at the target location into its utility function. The utility
functions are usually defined ad hoc, designed to combine specific criteria and
parameters. [14] proposed an approach to defining utility functions that is
grounded in decision-theoretic Multi-Criteria Decision Making (MCDM). This
allows the definition in a systematic manner of utility functions for any number

of criteria that can be mutually dependent.

2.3.2 Assigning agents to frontiers

In order for a robot team to explore an environment effectively, the exploration

task needs to be divided among the agents in the team. In the context of
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frontier exploration, that means assigning an exploration frontier to each agent
in such a way as to maximize overall team utility. [138] uses a naive approach
where each agent decides on the best frontier to visit independently of other
agents. This can often result in several agents picking the same frontier to
explore, leading to inefficient exploration. In [20], the utility of a frontier is
estimated based on the expected area that an agent may sense when it arrives
at a frontier. Once an assignment of an agent to a frontier that maximizes
utility is made, the utility of sensing the unknown occupancy grid cells in the
vicinity of the frontier is reduced. This makes it less likely that other agents
will be assigned to nearby frontier cells. [136] use the Hungarian method [71]
to get an assignment of agents to frontiers that is guaranteed to maximize
overall utility. In [127] a faster greedy assignment method is described. First,
approximate utilities are computed for every agent/frontier assignment using
Euclidean distance instead of the true path length which is costly to calculate.
For the assignment with the maximal approximate utility, the true utility is
computed. If the assignment still has the maximal utility, then the frontier
is assigned to the agent, and all pairings that include this frontier and this
agent are removed; otherwise, a new maximal approximate utility is considered.
This method of assignment can be used centrally (where one agent or the base
station computes the assignments for all the agents, and then communicates
the assignments to them) or in a distributed way, where each agent performs
the assignments for themselves based on their beliefs about the locations of
other agents — the latter being more robust to communication drop-out.
Often several frontiers can be located in the same area, and multiple agents
may be assigned to explore these frontiers. This may be inefficient as a single
agent may be able to quickly sense all frontiers in the area, while other agents
may be better utilized sensing other areas of the environment. Additionally,
several agents navigating the same area may interfere with each other, blocking
the paths and affecting the sensor measurements. To address this issue, [136]

partitions the available frontiers into groups by area and performs the assign-
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ment hierarchically. First, agents are assigned to areas; then, in each area,
agents are assigned to individual frontiers. [140] has agents planning tours of
frontiers, instead of only considering the utilities of visiting one frontier at a
time. A number of goals, up to a maximum, are added to the tour of each
agent in order of shortest distances between the goals. A market approach is
then used to exchange goals between agents. Each agent auctions off each of
the goals to all the agents who take into account their costs of reaching the
goal taking into account their own tours. The agents then place bids, and the
agent who can reach the goal while minimizing the costs acquires the goal.
Another class of approaches for allocating agents to frontiers are the ap-
proaches utilising potential fields. Using imaginary forces acting on a robot
for obstacle avoidance was originally proposed in [59]. The general idea be-
hind these approaches is that obstacles exert repulsive forces on the robots and
goals exert attractive forces. These forces diminish in effect with distance from
the source of the force. The sum of these forces determines the direction of
travel of the robot, steering them towards the target areas while avoiding the
obstacles on the way. In [72], an additional repulsive force between robots is
added to ensure that robots are spread throughout the environment. These
approaches are generally favoured for their simplicity and elegance and the
ability of robots to make good decision with only local planning. However,
there are several common problems associated with such approaches. Agents
can get stuck in local minima, unable to reach the goal. It may be impossible
to pass between obstacles that are close to each other, or robots may oscillate
when attempting to navigate narrow passages [68]. [101] attempts to overcome
the problem of getting stuck in local minima by assigning one of the robots to
act as a leader, acting independently of what the other robots do, using path
planning to reach the nearest frontier. In [100], a solution to the oscillation
problem is proposed. The main advantage of these approaches is that they
can lead to complex emergent behaviour by only making local decisions, which

increases the robustness of the system. However, they may not be able to fully
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utilize the additional information that may be obtained through higher-level
planning and coordination. A trade-off may involve using higher-level planning
to allocate navigation targets among agents and using potential fields for local

navigation and obstacle avoidance.

2.3.3 Particle Swarm Optimization techniques

In some multi-robot exploration scenarios, agents may be able to evaluate their
proximity to the goal of the exploration using on-board sensors. One example
of such a scenario would be attempting to locate the source of a gas leak in a
large indoor environment using a large team of homogeneous robots [78]. In
these types of scenarios, Particle Swarm Optimization (PSO) [37] techniques
can be useful. PSO is an optimization algorithm inspired by social biological
systems. A swarm of particles is searching a multi-dimensional space; initially,
the particles are moving in random directions with random speeds. At each
location, each particle is able to evaluate its utility function (indicating its
proximity to the goal). Each particle stores the location where it was able to
sense its maximal value of the utility function (locally best location), as well
as the location where the maximal utility was observed by all its neighbours
(globally best location). At every step, the velocity vector of the particle is
updated using a linear combination of its current velocity and the directions
towards the locally and globally best locations observed so far. By assigning
a particle to each robot, and using the concentration of gas in the air as the
utility function, teams of robots are able to efficiently locate the sources of gas
leaks [78].

When using the above approach, the search may get stuck in a local solution.
In addition, the approach does not take into account the potential presence of
obstacles in the environment. In [28] these weaknesses were addressed. The
utility function was augmented to take into account the presence of obstacles
nearby, with the effect of guiding robots away from sensed obstacles. Further-

more, the team of robots was separated into several swarms. If a swarm does
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not find an improved global solution after several timesteps, it is punished by
having the worst performing robot excluded from that swarm. The excluded
robots perform a random walk in the environment. If a swarm performs well, it
has a small probability of getting rewarded and including the best performing
unassigned robot. Experimental results in simulation show that this approach

is effective at avoiding local optima when performing the search task.

2.3.4 Other approaches

Reinforcement learning has been successfully applied in a variety of applications
in the field of robotics [63]. Using reinforcement learning for multi-robot explo-
ration tasks remains challenging, with problems including managing the large
state and action space, as well as assigning credit to the actions of individual
agents. In [44], hierarchical reinforcement learning is used for agents to learn a
policy to optimize the communication needed for proper coordination, given the
communication cost. In hierarchical reinforcement learning, the overall task is
decomposed into subtasks that are important for solving the problem. A policy
for each of the subtasks is then combined into the overall hierarchical policy.
The policies are learned using a temporal-difference learning method [116]. In
[80], a team of robots uses Q-Learning [132] in order to learn the allocation of
roles among the team in order to cooperatively perform a foraging task while
repairing broken or stuck robots. A survey of recent work in multi-agent rein-
forcement learning is available in [21]. While it remains a young field of study,
the use of reinforcement learning for multi-agent cooperative exploration shows
much promise for the future.

In [8], it is assumed that during the exploration mission access to some
areas of the environment may be blocked, requiring the cooperation of multiple
robots to clear the passages. Heuristics are proposed that can be used to decide
when a robot should stop its own exploration in order to assist other robots;
these heuristics are shown to decrease the time required to explore unknown

environments.
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2.4 Dealing with limited communication

In search-and-rescue scenarios there is often no functioning pre-existing com-
munication infrastructure available. Wireless communication often has limited
range and is unreliable due to attenuation caused by obstacles and debris that
might be present in the environment. Fiber-optic tethers may break or tangle
and can limit robot mobility [84]. In this section we outline the methods de-
signed to attempt to overcome the constraints of limited communication. The
approaches can be roughly separated into those that attempt to keep agents in
communication range of each other and/or with the base station (for example,
to enable teleoperation of the robots), and those that only aim to establish

periodic communication for data exchange.

2.4.1 Keeping the team connected

The probability of having communication with the base station near a frontier
is taken into consideration when deciding frontier utility in [127]. The result
is that agents avoid leaving the communication range of the base station. In
[10], agents attempt to maintain communication with the base station via a
multi-hop ad-hoc network [94]. If during the exploration, an agent loses line-
of-sight connectivity with the base station, it backtracks until connectivity
is re-established and then acts as a stationary relay node for other agents
which continue the exploration mission. While effective at extending the overall
communication range of the base station towards the goal, exploration may
proceed slowly due to most of the agents in the team acting as static relays. [86,
87, 88, 89] attempted to make the provision of the communication infrastructure
transparent to the operator of a single robot by using a convoy of simpler
relay robots which ensure the primary robot maintains communication with
the operator. In [102], communication with the base station is maintained by,
at every timestep, sampling the possible configurations of robot positions in the

following timestep. Then, the configuration with the best utility is selected;
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configurations which lead to a loss in team connectivity are penalized, while
the ones which lead to exploring a frontier are rewarded. Unlike the approach
in [94] described above which uses decentralized planning, in [102] centralized
coordination is used. In [92], a heterogeneous team of robots is used. The team
consists of exploring robots (called frontier nodes, or FN) and a relay-deploying
robot (referred to as a relay-deployment node, or RDN). While the exploring
robots use an efficient exploration strategy without regard for communication
constraints, the relay-deploying robot attempts to deploy relay nodes to provide
them with the communication infrastructure while minimizing its travel cost
and the number of relays deployed. An illustration of the approach is given in
Fig. 2.5. Another approach for maintaining communication in a robot team,
particularly when operating in an outdoors environment, is to use a multi-tier
approach [131]. A team consisting of 3 tiers is proposed: ground robots that
perform sensing, exploration, and carry out tasks on the ground; UAVSearchers,
providing communication links and sensing the environment from above; and
UAVCommBridges, which are high-altitude autonomous aerial vehicles, and
are there primarily to provide communication links for the other agents. An
illustration is provided in Fig. 2.6. In [18, 39, 55, 62|, agents communicate
implicitly by dropping tags in the environment that can be read and written to
by other agents, reducing the reliance on the availability of long range wireless
connectivity.

Some approaches try to keep sub-teams of robots connected to each other.
This leads to robot packs exploring areas of the environment together, main-
taining communication. [103] uses a centralized approach, where one agent
in the pack assumes the role of the central controller. Possible robot config-
urations for the next step are sampled and the utility of each configuration
is evaluated, with configurations where any agent gets disconnected from the
pack getting penalized. In some cases, the pack can end up in a deadlock —
the communication constraints may be preventing agents from reaching their

target frontiers or navigating around obstacles [104]. An example of a deadlock
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Figure 2.5: Using a heterogeneous team to deploy relay nodes in the environ-
ment. Image taken from [92].

UAVCommBridge

UAVEearcher i

Grownd
Gatherer
&€

vl

Figure 2.6: A multi-tier approach to providing communication infrastructure.
Image taken from [131].

is shown in Fig. 2.7. Once a deadlock is detected, one of the stuck robots is
selected as a meeting point, the connectivity constraint is temporarily dropped
as other agents in the team head towards that meeting point. Once they are
near, the connectivity constraint is re-enabled and exploration resumes as nor-
mal, with the deadlock situation resolved. This approach was shown to allow
packs of robots to fully explore the environment. In [111], a distributed bid-
ding mechanism is used to keep robots that are already within communication
range close to each other when exploring new frontiers. Agent may drop out

from the packs; then, if they establish communication with an agent in another
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Figure 2.7: An example of a robot pack in a deadlock. Robots are shown in
red, lines between robots indicate communication links. Explored area shown
in green, frontiers are in yellow, unexplored space in white, obstacles are in
black. Image taken from [104].

sub-team, they join it. If agents belonging to two sub-teams establish commu-
nication, the sub-teams merge together. Keeping agents within communication
range of each other leads to reduced total exploration time; simulation results

reveal that robots tend to form clusters during the exploration.

2.4.2 Periodic communication

While maintaining wireless communication within a robotic team is highly ben-
eficial, it can also hinder the progress of the team towards the goal of explor-
ing and mapping the unknown environment as quickly as possible. Relaxing
the connectivity constraints may allow the robots to explore the environment
more efficiently while periodically communicating with each other and with

the base station to exchange information. A naive approach would be to sim-
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ply have agents perform frontier exploration without regard for communication
constraints, and return to the base station when they run out of frontiers to
explore. This method has several downsides — if the team spends a long time
without communicating with the base station, the human operators may not
know what the state of the team is (the robots might have got stuck or got
disabled), and any information gathered by the team is not available to the
operators until the end of the exploration. Furthermore, if members of the
team spend a long time without the opportunity to communicate with each
other, team coordination may suffer. Consider, for example, the case where
two robots end up following the same path, with the second robot just outside
the communication range of the first robot at all times, re-sensing the same ar-
eas as the first robot. In this case, the work of the second robot is wasted — had
they been cooperating effectively, they might have explored the environment a
lot more efficiently. An natural extension of this strategy is a periodic return
approach, where agents return to the base station after progressively increasing
amounts of time spent exploring. While this improves the team coordination
by periodically sharing knowledge, this approach can still be very inefficient.
[51] examine a related scenario where a team of agents attempt to search an
environment for which a map already exists where the team must regain full

connectivity at fixed intervals and show that the problem is NP-hard.

2.4.2.1 Role-based exploration

Role-Based Exploration [30] allows a team to explore the environment with
periodic communication while reducing redundant behaviour among the agents.
This is achieved by dividing the team into two groups of agents: explorers and
relays. The task of the explorers is to explore as much of the environment as
possible and return it back to pre-agreed rendezvous points at pre-arranged
times. The task of relays is to communicate information between rendezvous
points (where they communicate with explorers or other relays), or between a

rendezvous point and the base station. Teams of agents have a rigid hierarchy
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Figure 2.8: An example of an agent hierarchy for Role-Based Exploration. At
the top of the tree is the base station; red agents are relays; blue agents are
explorers. Image taken from [32].

tree which is manually selected before the agents enter the environment, but
agents may switch positions in the tree throughout their mission [31]. However,
the shape of the tree itself does not change. Fig. 2.8 shows an example of such
a tree.

When an explorer meets its parent relay, they exchange information about
the environment, ensuring that they both have the same knowledge about it.
Then, the explorer suggests a rendezvous point, normally near a frontier that
it plans to explore next, and a fall-back rendezvous point in case the primary
one cannot be reached, which is especially useful in dynamic environments (if
the explorer and the relay happen to meet before they both reach their meeting
point, they act as if they have reached it and proceed to exchange information
and to re-plan their next meeting). Because the explorer and the relay share
the same information, the explorer can predict how long it will take for the
relay to get back to its own parent, and then travel to the new meeting point,
and can therefore decide when it should stop exploring the new frontiers and
get back to the agreed rendezvous point [30].

The selection of the rendezvous points is therefore crucial for the perfor-

mance of the algorithm, as it affects how long the agents get to spend exploring
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the environment, and how often they deliver their information back to the base
station. The further away from the base station the meeting points are, the
more biased the exploration effort is to exploring deeper into the environment
instead of relaying the information back. Also, selecting meeting points at
junctions and in corridors where the communication range is wider leads to
increased performance of the exploration approach [32].

In [130], this approach is extended to teams of UAVs performing search-and-
rescue in outdoor wilderness scenarios. Here, all of the team-mates periodically
meet at the pre-arranged rendezvous locations where they decide how many
and which members of the team will be acting as a relay chain for the team
in order to closely meet the communication latency requirement specified by

human responders.
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Chapter 3

Assumptions and Methodology

In this chapter we describe the assumptions about the problem domain and
define key performance metrics that we will use throughout the thesis to eval-
uate proposed approaches. This is followed by the description and discussion

of the simulation environment used.
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3.1 Assumptions
In this thesis we make the following assumptions:

1. Robots are able to build reasonable planar maps of their environments,
and are able to localize themselves within those maps well. Given the per-
formance of recent scan-matching algorithms, we believe it is a reasonable
assumption to make even today. In discussing the approaches presented

in this thesis, we do consider the possibility of some localization errors.

2. Robots have reasonable low-level control, obstacle avoidance, and low-
level wireless communication protocols. Robots are able to navigate
obstacle-free paths in their operating environment. While we do not
assume any particular type of robots, the assumption is that the robots
are equipped with a laser range scanner sensor and have on-board com-
puting and storage capacity. Additionally, the robots are equipped with
high-bandwidth communication hardware and are able to form ad-hoc

multi-hop communication networks when in range.

3. The environments are assumed to be indoor and static, and can be repre-
sented adequately as 2D maps of obstacles (that robots cannot navigate
through) and free space (that robots can navigate through). The free
space may be further subdivided into various degrees of traversability
(that is, robots may be able to move with different speeds through dif-
ferent types of free space). In the latter case we assume that robots are

able to sense the type of free space in their near vicinity (for example, as

in [121)).

4. All robots start their exploration next to each other and next to a base
station. There is only one base station, which does not move during the
mission. The goal of the robots is to sense and map the environment and

deliver the information back to the base station. We do not make any
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assumptions about how much of the environment is known prior to the

start of the exploration.

3.2 Performance metrics

In order to analyse and compare exploration strategies, we define the following
performance metrics. We make a distinction between the metrics that measure
the overall performance of the team with regards to the mission goals, and the
metrics that measure the internal state of the team and affect the mission goals

indirectly.

3.2.1 Metrics directly capturing exploration goals

The following metrics reflect the exploration goals directly:

1. Total time to complete the mission tcompiete- In the scenarios we are inter-
ested in, the mission is defined as mapping the entire environment (or, the
target percentage of the environment), and delivering that information

back to the base station. This metric is to be minimized.

2. Knowledge about the environment at the base station at time ¢, Kpgg(t).
The mission itself can have a time limit imposed on it (in RoboCup
Rescue Virtual Robots league, this is typically 20 minutes), and in that
case, information known at the command centre at the end of that time
limit is important. Also, as soon as information is available at the base
station, it can be used by human responders to aid them in their decision-

making. Therefore, this metric is to be maximized for every time t¢.

3. The responsiveness of the team to base station commands. As new in-
formation becomes available to human responders, it may be useful to
prioritize the exploration of a particular region on the map or to change

the exploration strategy of the team. If the environment becomes too
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dangerous, it may be necessary to terminate the mission early. In addi-
tion, this metric also gives an indication of how often information from the
agents becomes available at the base station, allowing the human respon-
ders to have visibility of the team progress. We define this metric as the
average and the maximum time it takes for messages from the base sta-
tion to reach a particular agent, as well as all the agents in the team. We
assume that the base station sends out a message to all agents once in ev-
ery timestep, and measure the times it takes for each of these messages to
reach every agent in the team. An agent does not have to directly commu-
nicate with the base station in order to receive messages - such messages
can be ferried by other agents. Let A be the set of agents in the team. Let
Lt be the timestep at which the agent i € A received the message that
the base station sent out at time k. Then we define the maximum latency
for agent 7 at time ¢,,4, as MaxLat" = max;(L! — t) and average latency
as AvgLat’ = Zi’i:;ifi—t)_ Correspondingly, the maximum and average

latencies for the whole team are defined as MaxLat = max; MaxLat!

4 AvgLat® . e
and AvgLat = Z‘“TQ. These metrics are to be minimized.

A somewhat related metric, used in [91], is the maximum amount of time
that an agent has spent without a wireless connection to the base station.
This latter metric is more useful when there is a requirement for a robot
to be teleoperated, and is not very useful for evaluating strategies with
periodic communication like the ones discussed in this thesis, as agents
are expected to only maintain connectivity with the base station long

enough to periodically exchange information.

Note that the above metrics are conflicting to some extent: while it is

possible for one exploration strategy to be better than another in all of these

metrics, in most cases a trade-off has to be made. For example, minimizing

tcomplete 18 likely to require all agents in the team to be exploring areas outside

of the communication range of the base station, while minimizing MaxLat or
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AvgLat is likely to require most of the agents in the team to be providing a
multi-hop network to increase the communication range of the base station.

Specifying the desired trade-off is non-trivial.

3.2.2 Metrics with an indirect effect on the exploration
goals

The metrics below have an indirect effect on the overall exploration goals.
Nevertheless, they give us valuable insight into the behaviour and performance
of the strategies, and allow us to better analyse the relative strengths and

weaknesses of the approaches.

1. The combined knowledge of the whole team at time ¢, Kyeqn(t). While
generally, this information is of little use to human responders until it is
delivered to the base station, it nevertheless gives us a valuable insight
into the overall speed of the exploration and gives us an indication of
where a strategy could be improved by allocating more resources to deliver

the information to the base station faster.

2. The amount of time each agent spent sensing new areas of the environ-

ment Y tsense

3. The amount of time each agent spent providing communication infras-
tructure. This can be measured as teompiete —tsense. Another related metric
that could be useful is the amount of time each agent spent navigating

towards its parent in order to deliver the information.

4. Number of times base station received new information from the agents

throughout the mission.

5. The amount of time spent on replanning. An important factor when
comparing various exploration strategies is the amount of time required

to decide where to go next.
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3.3 Simulation environment

Evaluating new multi-agent approaches in simulation offers a number of advan-
tages over evaluations with physical robots in a real environment. Conducting
simulated experiments in simulation is cheap, as it does not require access to
expensive hardware. It does not require the time or the space for building
large-scale test environments. An appropriate choice of simulation abstraction
allows for rapid prototyping of multi-agent exploration strategies, where the
researchers do not have to worry about the implementations of low-level com-
ponents that they are not interested in evaluating. The simulated experiments
are highly repeatable — any configuration can be reproduced exactly. A greater
amount of data from the simulation can be acquired, stored and analysed.
Finally, the simulated experiments can run in faster-than-real-time; many dif-
ferent simulations can be running at the same time, meaning that many more
parameters, configurations and scenarios can be explored. However, simulation
results may not always translate well to physical experiments — any model or
abstraction can only approximate the behaviour of the real multi-agent sys-
tem. Furthermore, even experiments with real robots using a test arena may
not translate well to highly unpredictable real robot deployments.

In this work we used a discrete-time multi-agent exploration simulator
MRESim [114], originally introduced in [30] and further developed as part
of this DPhil. Here we will give a brief description of this simulator; a more
thorough description is available in Appendix A. Environments are modelled
as two-dimensional occupancy grids, where each cell represents a fixed area
of the environment (typically a square 5cm by 5cm). Each cell can either be
free or occupied by an obstacle. Each agent occupies a single cell at any time;
collisions between agents are not considered, so multiple agents can occupy
the same cell. In each timestep, each agent can re-plan, move a fixed distance
determined by their speed, sense the area with a simulated laser range scan-

ner and communicate with other agents within communication range. Perfect
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sensing and localization are assumed. While this assumption is unrealistic, it
allows us to abstract away from solving the SLAM problem and focus on the
higher-level behaviour. The effect that imperfect sensing and localization may
have on the approaches proposed in this thesis is discussed in later chapters.
Given the assumptions made in section 3.1, we believe MRESim presents the
right level of abstraction and the results obtained in simulation should translate

reasonably well to the real world.
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Chapter 4

Team Coordination Without
Explicit Communication
Planning

In this chapter we explore the trade-off between using team resources for ex-
ploration and providing the communication infrastructure. A novel approach
for periodic communication is presented where rendezvous between agents is
not explicitly planned. This approach is extensively evaluated in simulation,

and is followed by a discussion of the results.
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4.1 Motivation

An agent in a team deployed on an exploration mission in an unknown envi-

ronment can be performing the following roles:

1. Tt can be sensing new areas of the environment.

2. Tt can be providing communication infrastructure for other agents in the
team, which are sensing areas of the environment beyond the communica-
tion range of the base station. For example, it can be acting as a relay in a
multi-hop ad-hoc network. In that case, it will need to be positioned in a
location where the communication ranges of at least two other agents (or
static communication points, such as the base station or a retransmitter
deployed in the environment) overlap. It can also be ferrying information
from one agent to another, by moving from the communication range of

one agent to the communication range of another.

While an agent can be performing both of these roles at the same time, usu-
ally it will have to fulfil one role at the expense of another. For example, when
ferrying information, the path of the agent will usually be planned through
previously mapped territory, and any new sensing along the way will be done
opportunistically. Because of that, spending more total team time on provid-
ing communication infrastructure will usually mean slower overall exploration
time, although it can have a number of benefits. Such expected benefits are as

follows:

1. Help prevent repeated coverage by sharing information on explored areas

across the team.
2. Facilitating more efficient task allocation among the members of the team.

3. Providing more frequent updates on the progress of the team to the base

station.
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4. Giving greater control over the overall team and individual agents to

human operators over the course of the mission

In section 4.3 we describe a novel approach to providing periodic commu-
nication between agents in the team and the base station. The approach does
not rely on pre-arranged meetings between two or more agents (specifying the
meeting place and time in advance), and is therefore highly robust to individual
robot failure, errors in localization of robots or changes in robot plans. In addi-
tion, the approach is highly flexible in specifying the team resource allocation

between communication and exploration.

4.2 Defining desired team behaviour

The desired allocation of resources between exploration and communication in
a robotic team can be specified by a human operator in a number of ways.
The most obvious approach would be to specify communication goals directly;
an example might be to stipulate a maximum time that agents are allowed to
remain out of range of the base station. A similar approach used to allocate
resources in a team of unmanned aerial vehicles performing a search mission
in a wilderness rescue scenario is described in [130]. However, the human
operator may not know in advance what that parameter should be, or how it
should increase as the exploration mission progresses further away from the
base station. Values too low may lead to inefficient exploration, where agents
do not have enough time to explore new frontiers before having to return to
the base station again.

Another return condition for the agents could be the amount of new in-
formation obtained — for example, every 10 square metres covered. However,
the cost of delivering information to base increases as the exploration effort
progresses and the team explores new frontiers further away from the base sta-
tion; it may seem to be beneficial to correspondingly increase the amount of

new information (or, more generally, its utility) that should be obtained before
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returning with it to the base station.

4.3 Method description

In the proposed approach, an agent can be in one of two states: the Fxplore
state, in which case the agent is heading towards a frontier, or the Return state,
when the agent is heading back to the base station.

At the start of the exploration, all agents start in the Fxplore state. At
each timestep, when an agent is in the Ezplore state they will first check if
it is time to replan; replan if necessary; and continue on the planned path to
their goal. The replan step consists of two stages. First, the agent checks if it
needs to change into the Return state. The process for that is outlined below.
If the conditions for changing the state are not met, the agent remains in the
Ezxplore state, selects a new frontier cell to navigate towards, and plans a path
to it. In this thesis, the frontier cell selection is performed using the “Beyond
Frontier Exploration” strategy [129], however our approach does not depend on
using any particular planning strategy. When an agent is in the Return state,
it is heading back into the communication range of the base station in order
to deliver the new information that it has obtained. The flowchart of the state
transitions is presented in Fig. 4.1.

In our approach, state transitions can happen in two circumstances. They
can either happen during the planning phase of the timestep, or during com-

munication with other agents (as well as with the base station).

4.3.1 Representing the environment

In the sections below we assume that occupancy grid maps [38] are used to
represent the environment. However, the proposed approach can be adjusted
to be used with other map representations. Usually, when occupancy grid maps
are used for frontier exploration, it can be assumed that each cell contains two

bits of information — whether the cell represents free or unknown space, and
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Bit Information

0 Free space

1 Safe space

2 Obstacle

3 Known at base

4 Relayed by another agent

Table 4.1: Information stored for each cell of an occupancy grid for each agent.

whether the cell has an obstacle in it or not (the actual occupancy grid rep-
resentation includes probabilistic measures of whether each cell represents an
obstacle or free space, however for navigation and planning a binary represen-
tation can be obtained by thresholding each cell with an appropriate value).
In [129], this representation was expanded to include an additional bit of in-
formation — whether the cell represents safe space or not. In our work, we add
two additional bits — (i) whether the cell is known by the base station or not,
and (ii) if we are responsible for delivering the information about this cell to
the base station or it is being relayed to the base station by another agent — a
total of 5 bits, meaning that each cell can be represented by a single byte. The

role of these two additional bits is explained in subsection 4.3.3.

4.3.2 State transitions during planning

During the replan stage, agents that are in the Faplore state may change into
the Return state (see Fig. 4.1). The condition for changing the state of the
agent that we propose in this work is the ratio between the amount of informa-
tion about the environment known by the base station, and the total amount
of information collected by the team of agents. For example, if we are sim-
ply interested in mapping out the environment, then we could use the ratio
of mapped area known at the base station to the area that has been sensed
by the exploration team. This target ratio is a parameter that is set for all
agents in the team at the start of the exploration, but may be changed by the
base station during the mission. When an agent believes this target ratio is

exceeded, they change into the Return state. As each individual agent does
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not always have full knowledge about the location of other agents, how much
information they have collected or delivered to the base station, each agent has
to estimate these variables. In this thesis, we calculate the current information

ratio as follows:

BaseKnowledgeBelie f
BaseKnowledgeBelief + NewlInfo

Ratio =

where

BaseKnowledgeBelief = freeCellsKnownAtBase + freeRelayedCells

NewlInfo = freeCells — freeCellsKnownAtBase — freeRelayedCells

The agent then switches into the Return state if the following inequality holds:

Ratio < Target Ratio

In the above equations, freeCells is the total count of known free space cells
in the occupancy grid of the agent, freeCellsKnownAtBase is the num-
ber of those free cells that are marked as being known by the base station,
freeRelayedCells is the number of free cells that are marked as being relayed
by another agent and TargetRatio is the target ratio parameter set for the

explorations strategy.
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No frontiers left

Cannot find path

Success

Figure 4.1: Blue squares represent general frontier exploration framework.
Green and red squares represent our additions to the framework. Red squares
are steps where an agent changes its state.
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4.3.3 State transitions during communication

When two agents enter communication range of one another, they exchange
their occupancy grid maps, merging the information they receive on the location
of free space, obstacles, safe space and cells known at the base station into
their own map. Both agents then go into the Ezplore state, so that they can
reevaluate the state they need to be in given the new information available to
them in the subsequent replanning step. After this exchange of information
takes place, both agents will have the same maps, which means that during the
next replanning step, both agents may end up switching to the Return state.
Since they have the same occupancy grid maps, they will both be trying to
relay the same information back to the base station, resulting in duplication
of effort. We overcome this problem by having only the agent that is closest
to the base station at the time of data exchange assume responsibility for new
information; the other agent marks those cells as being relayed by someone
else, and will not count them as new information when considering changing
to the Return state in the subsequent replanning stages. For the description of
the process for merging the occupancy grid maps and marking cells as being

relayed, see subsection 4.3.6.

4.3.4 Preventing oscillations

The state transition above depends on which of the two communicating agents
is located nearest to the base station. Suppose that agent A is in communication
range with agent B, and agent A is located nearest to the base station. Agent
A is in the Fxplore state, while agent B is in the Return state. Then after
communicating with each other, both agents will change states: agent A, being
the one nearest to the base station, will proceed to base, and agent B will head
out to the next frontier. It is possible, however, that in the following timestep,
agent B will end up nearest to the base station, while A and B are still in

communication range, which will lead to the two agents changing state again
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Input: Agent deciding on state transition A
Data communicated from the teammate B
Distance threshold threshold

Ju

if (|A.DistToBase() — B.DistToBase()| > threshold) or
(A.HasNewInfo() and B.HasNewInfo()) then
A.MergeCells(B.OccupancyGrid());
if A.DistToBase() < B.DistToBase() then
| A.SetState(Return);
end
else
| A.SetState(Explore);
end

© WO N o oA WwN

end

Algorithm 4.1: Algorithm for preventing oscillations when deciding whether
to change state when communicating with a teammate.

and may cause them to pass each other, returning to the original situation
and leading to oscillating behaviour. This could happen due to errors in path
planning, localisation or mapping, or if the agents happen to move past each
other while the communication is actually taking place.

In order to prevent such oscillations from happening, we impose the fol-
lowing additional condition on performing state changes and relaying of data
during communication between two agents A and B: the difference in distances
to base between agents A and B needs to be greater than a specified thresh-
old, where that threshold is set to at least twice the distance that each agent
can travel in one timestep. Note, however, that this rule should only apply
if only one agent is already responsible for relaying all the new data between
agents A and B — otherwise, it may lead to a situation where A and B, if the
distance between them is less than the threshold, never allocate a relay among
themselves, and both head back to the base station to try to deliver the new
information. To avoid that, we only invoke the above rule if at least one of
the agents has all their new data already marked as being relayed by another

agent. The process is described more precisely in Algorithm 4.1.
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4.3.5 Reducing redundant space coverage

The state transition functions defined above, together with the fact that agents
have limited information about the true state of the world at the time of their
state transitions, may mean that an agent that had previously changed into
the Return state may need to reevaluate that decision after receiving additional
information from communicating with another agent. As a result, the agent
will switch back into the Fzxplore state, having to backtrack to the frontier it
had been exploring before (or to a new, nearby frontier), resulting in wasted
effort in previously attempting to navigate back to the base station. There
are several ways of attempting to reduce such wasted effort. Each agent can
act conservatively: that is, be optimistic about the amount of information
known by the base station and pessimistic about the new area sensed by their
teammates. This, however, may result in the agent deciding to switch to the
Return state too rarely. Instead, the approach we took in this thesis is to
ensure that once an agent changes into the Return state, information is to
be delivered to the base station even if the agent later finds out that it was
not yet necessary to switch to the Return state. More specifically, when two
agents communicate with each other, and one agent was in Return state and
had non-zero amount of information that it was responsible for delivering to
the base station, the agent that assumes responsibility for that information
after the communication (typically, the agent nearest to the base station) will
change into the Return state, with the other agent switching to Ezplore state
(as opposed to both agent switching to the Ezplore state and then deciding
whether they need to change to the Return state during the replanning stage).
This is reflected in the state transition to the Return state in the communication

stage shown in Fig. 4.1.
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4.3.6 Merging occupancy grids

When two agents enter each other’s communication range, they exchange their
occupancy grid maps. The maps exchanged are in a state before communica-
tion and map merging has taken place. Once the maps have been exchanged,
each agent attempts to merge the map received into their own. After the com-
munication and map merging by both agents is complete, both agents should
end up with mutually consistent merged maps (e.g. the first 4 bits of each
cell should be the same in both maps, and only at most one agent must be
responsible for relaying the new information back to base). The merging of the
first 3 bits for each cell is a straightforward process if one agent has already
explored that cell but for another that cell is still unexplored. In that case,
the first 3 bits of the unexplored cell in the agent’s map are replaced with the
corresponding bits of the explored cell from the received map.

However, it is possible that both agents have already explored a cell and
hold conflicting information about it in the first 3 bits. This can occur due
to sensor error, localization error or dynamic obstacles being sensed, such as
another robot. In this work, we resolve the conflicts when merging maps as

follows:

1. Safe space always has priority over unsafe space. For example, if
a cell is marked as an obstacle in safe space for one agent, but as free
unsafe space for another agent, the merged map will have the cell marked
as an obstacle in safe space. The reason for this is that measurements
in safe space (which is a shorter range of the laser scanner than its full
range, typically 10% of the scanner’s full range [129]) are likely to be

more accurate than at longer ranges.

2. Free space has priority over obstacles. That is, if both (or neither)
agents have the cell marked as safe, but one has it marked as an obstacle,
the resulting map will have the cell marked as free space. This increases

the likelihood that robots do not get trapped in narrow spaces, unable
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to plan a path out, due to erroneous “obstacles” on the map blocking
their way out. A robot planning a path through an actual obstacle that
it thinks is free space is less of a problem, as when the robot gets closer to
the obstacle it will usually be able to sense it and stop before a collision
takes place, and replan the path accordingly. In addition, local planners
may be used to manoeuvre around some obstacles if their planned path

ends up lying through them.

In order to merge information stored in the 4th bit (which denotes if the
cell is known by the base station), a simple disjunction of the corresponding
bits in the cells of each map is performed. If the agent is communicating with
the base station, the agent sets that bit to 1.

Finally, we need to merge the 5th bit, which denotes if we are responsible
for relaying the information about this cell to the base station, or if this cell is
being relayed by someone else. Information in this bit is only necessary if this
cell is not yet known at the base station, that is if the 4th bit is 0. This bit
of information needs to be merged in such a way that, until the information
about the cell is delivered to the base station, exactly one agent is responsible

for relaying the information. We accomplish this as follows:

1. If the agent did not have any information about the cell before the merg-
ing took place, it sets the ‘relayed’ flag to be the same as it is set in the

teammate’s occupancy grid.

2. If at least one agent has the cell marked as ‘new’ (not marked as ‘relayed’),
then the agent marks the cell as ‘new’ if the agent is closer to the base
station; otherwise, it marks the cell as ‘relayed’. This ensures that only
one agent is responsible for delivering the information about the cell to

the base station after communication has taken place.

Note that it is still possible for several agents to be trying to deliver the same

information back to the base station. An example of that would be two agents
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that have independently explored the same area of the environment. Then, as
long as two agents relaying this data — originating from different explorers — do
not communicate with each other, there will be more than one agent relaying

the same information to the base station.

4.4 Simulation experiments

The goal of this section is to evaluate the behaviour of the proposed strategy
in different types of scenarios. Experiments are conducted in simulation, with

the goal of exploring 95% of the free space of the environment.

4.4.1 Approaches under consideration

In this section we compare the performance of the following exploration strate-

gies:

e Greedy Exploration — with this strategy, agents allocate frontiers among
themselves whenever possible, explore the environment and only attempt
to return to base after the whole environment has been explored. Agents
communicate with each other and with the base station if they happen to
enter the communication range, but otherwise they do not deliberately

make an effort to communicate with other agents.

e Role-Based Exploration (RB) [30] — agents are divided into two equal
groups, explorers and relays. Each explorer gets assigned one designated
relay. It is true that in certain types of environments, it would make
sense to have different hierarchy of agents (for example, in a corridor
environment, it would make sense to have a long chain of relays serving
one explorer; but in an environment with 4 separate areas to be explored,
it would make sense to have at least 4 explorers, with the remaining agents
equally distributed as relays to those explorers). However, this thesis

deals primarily with the situations where there is little prior information
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about the environment when the robotic team is sent in; as such, the goal
is to use the same configuration for all of the tested environments in order
to evaluate the adaptability of each approach. Role-based exploration
with a branch depth of 2 (where half of agents are assigned the role of
explorer, and each explorer gets assigned one relay) has been shown to
adapt to various types of environments [31] — in fact, it was suggested
that more complex configuration may actually lead to worse performance
due to the increased amount of planning required. Therefore, we chose
that configuration in order to evaluate the adaptability of our proposed
opportunistic approach against an approach with pre-configured roles and
pre-planned rendezvous locations. In the version of role-based exploration
used in these simulated experiments, explorers allocate frontiers among
themselves and return to pre-agreed rendezvous locations with their relays
at pre-agreed times. Relays move between the base station and the pre-
agreed rendezvous locations. The meeting times are determined by the
time it takes for the relay to navigate to the base station and then get to
the rendezvous location. The subsequent rendezvous location is selected
as the point at which the explorer had to turn back to go to the previous

rendezvous location to meet its relay.

Our approach (opportunistic relaying) with return ratios between 0.2
and 0.9 (R0.2, R0.3, ..., R0.9) — the approach described in this chapter.
When an agent believes that the amount of information known by the
base station represents less than the defined ratio of the total information
known by the agent, the agent attempts to return to the base station. If
they meet another agent, the agent closest to base proceeds to the base

station, while the other agent continues the exploration.

Our approach (opportunistic relaying) returning after each 10% of the
environment has been explored (R10%) — similar to above, except this

time we explicitly tell agents the total amount of information they are to
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Figure 4.2: Corridor environment, 12 square cells wide and 12 square cells tall
for a total of 144 cells. Base station is in the top-left cell. Communication is
limited to line-of-sight.

discover in the environment, and ask them to attempt to relay the infor-
mation after they have sensed each subsequent 10% of the environment.
This is likely to be unrealistic in practice, as we would need to have a
priori knowledge of the size of the accessible environment to be mapped,
but is included here for comparison of returning after a constant size of

area is sensed.

4.4.2 Corridor environment

The first environment we use in our evaluation is a simple corridor environment,

shown in Fig. 4.2. It consists of 144 equally sized square “rooms”, and is 12

“rooms” wide and 12 “rooms” tall. Each square “room” is a 20 by 20 occupancy

grid.

. Agents can only sense one square

The obstacles are positioned in such a way, that:

. There are no junctions or dead-ends, the environment can be navigated

from start to finish without backtracking and represents one long corridor.

¢

‘room” at a time and they need to be

inside the “room” to fully sense it.
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3. Agents can only maintain line-of-sight communication if they share the

same square “room”, or sometimes when they are in adjacent “rooms”.

We only allow line-of-sight communication in these simulations. Our pro-
posed strategy relies on chance encounters between agents to establish relay
chains; reducing the communication range of each agent to their immediate
vicinity allows us to reduce the effect of chance and to study the performance
of the strategies under pessimistic assumptions. In all of the simulations in
this subsection, the base station is located in the top-left square, which is also
where all of the agents start the exploration mission.

First, we consider a mission with only two agents. A simple setup like this

should allow us to see the basic properties of each examined strategy.
4.4.2.1 Greedy Exploration

Greedy exploration has a very simple behaviour in this environment, which is
independent of the number of agents in the team. At any time, there is only
one available frontier, and agents do not return back to base until they have
explored all of the environment. Therefore, agents simply navigate along the
corridor to the end, and then turn back. The consequence of this is that increas-
ing the number of agents does not lead to a significant increase in performance,
agents simply end up traversing the corridor side-by-side. An interesting obser-
vation is that when running the simulation with one agent, it takes the robot
608 time steps to sense every cell in the corridor, but 398 time steps to re-
turn back — agents move slightly slower while sensing unknown territory due to
both less efficient path planning, and the need to fully sense each part of the
corridor before moving forward. The speed of agents while sensing is therefore
398/608 ~ 0.65461 times the speed of agents through known territory. While
these exact figures are specific to the simulation used, this effect is consistent
with what we would expect to happen in the physical world, assuming the
world is static. The total time to explore the environment with one robot and

return to the base station is 1023 timesteps (the agent spends a few time steps
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Figure 4.3: Percentage of the environment known by the overall team (dashed
lines) and the base station (solid lines) for missions with 2 agents exploring the
corridor environment.

at the start of the exploration moving randomly to accumulate some initial
data). There is no relaying in this configuration, so the base station only has
information about less than 5% of the environment until after 1023 timesteps
have passed from the start of the mission (see dark red line in Fig. 4.3). After
the agents leave the communication range of the base station at the start of the
mission, they are not able to receive commands from the base station until they
return back at the end of the mission, so the base station has no information

about the progress of the mission until the very end.
4.4.2.2 Planned rendezvous

Role-based exploration with two robots on this map gives us an interesting in-
sight into the fundamental behaviour of role-based exploration. Let us consider
a discrete corridor environment, similar to the one we are considering in this

subsection, but where:

1. Agents can communicate only when they are sharing the same discrete
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cell in the environment.
2. Agents start in cell 1, where the base station is located.
3. Any number of agents can be in the same cell at the same time.

4. Tt takes 1 time step for any agent to move from their current cell to an

adjacent cell.

5. Agents agree to rendezvous in the farthest explored cell, that is the cell
where the explorer had to turn back to meet its relay. This is the farthest
cell from the base station at which rendezvous can be arranged, if it is to

be arranged in explored space.

Then the behaviour of the robots looks like what is shown in Fig. 4.4. The
rendezvous locations are selected in cells 1, 2, 3, 5, 8, 13, 21, etc., following the
Fibonacci sequence. Because the following rendezvous location is selected to
be the furthest explored cell, the ratio of the number of cells known by the base
station to the number of cells known by the explorer at the moment when the
explorer turns back to meet the relay is going to be the ratio of two consecutive
Fibonacci sequence numbers (e.g. 1/2 in step 2, 2/3 in step 5, 3/5 in step 9,
5/8 in step 16 etc.). This ratio is calculated in the same way as we calculate the
condition for agents to turn into the Return state in our approach. The limit
of this ratio is the inverse of the golden ratio, which is = @ ~ 0.618. Note
that in role-based exploration, the next rendezvous location has to be agreed
upon during the previous rendezvous. As such, the new rendezvous has to be
located in an area that has already been explored by that point. This means

that if the following conditions are true:
e The relay has the same speed or faster than that of the explorer

e Rendezvous is timed such that the explorer and the relay arrive at the

rendezvous at the same time
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Figure 4.4: An explorer and a relay exploring a corridor of length 21 using
role-based exploration over 46 timesteps. Cell containing the Base Station
is indicated with the letter B, E represents the location of the Explorer and
R represents the location of the relay. The current rendezvous location is
indicated with letters rv. Agents can only communicate when they share the
same cell. The starting cell is shown in yellow, green cells are known by the
base station and blue cells have been mapped by the explorer.

e Two agents have to be near each other to communicate

then the return ratio is not going to be smaller than ~ 0.618, as that would re-
quire for the rendezvous to happen in space that is yet unexplored at the time
of the previous rendezvous. Larger return ratios are possible by selecting a
rendezvous location deeper in explored territory (or if the relay has a short-cut
to the rendezvous location, i.e. the environment is not corridor-like). Alterna-
tively, if agents have a relatively large communication range and take that into
account when planning, the effective return ratio can also be increased.

We previously established that in our simulation exploration speed is 7 =

0.65461 times that of the relaying speed. That is, Vele,, = 7Vel,, where
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Velegp is the velocity of a robot moving through previously unexplored terrain,
and Vel,, is the velocity of the robot when moving through known terrain.
What then can be said about when the explorer has to return to rendezvous
with the relay in role-based exploration, given the difference in exploration
speed and relaying speed? Let RV; and RV; be the cell numbers of where two
subsequent rendezvous take place, and RV3 be the point at which the explorer
turns back to head back to RV, (and, correspondingly, the location of the
following rendezvous). Both the explorer and the relay start at RV;, at which
point the relay heads back to the base station in cell 0 and then proceeds to RV5.

Therefore, the explorer has time TimeAvail = %le to explore new cells and
. (RVa—RV, — RV3—RV; , ,

return to RV,. That is (RVo—RVA) 4 RVs—RVy 4 (RVs—RVo) _ o Agail. Hence

’ Velyer Velexp Velyer ’

RVi+RV; = (RVo— RV})+ 8512 1 (RV5— RV;), and so RVs = 25 RVi+RVa.
Let 8 = 72—11 Then,

RV, = BRV, + RV, (4.1)

We are interested in finding the ratio a = lim,, R@—Vil, which is what the
ratio of the area known by the base station to area known by the explorer, at
the time when the explorer turns back to head to rendezvous, converges to. As

n — 00, by definition of «:

RVn+1 = C(Rvn+2 (42)

and

RV, = a*RV,, 5 (4.3)

Then, substituting (4.2) and (4.3) into (4.1), we get:

RVn+2 = ﬁOézRVn+2 + OéRVn+2 (44)

As RV, 1o # 0, we can simplify (4.4) to get the following quadratic equation:
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Ratio of base station
known occupancy grid
cells to explorer’s

Timestep at which explorer
headed back to RV

11 67.279%
26 70.449%
39 71.200%
59 67.677%
90 73.969%
138 63.303%
216 67.921%
326 66.243%
498 66.579%
755 66.918%
1136 66.006%

Table 4.2: Ratios of the number of occupancy grid cells known by the base
station to total number of cells explored by the explorer at the timesteps when
the explorer turned back to head to the meeting point with its relay using
Role-Based Exploration on the corridor environment with 2 agents: 1 explorer
and 1 relay.

Ba*+a—-1=0 (4.5)

Solving (4.5) for a > 0 we get:

g VAT (4.6)
20

Therefore, if exploration speed is 7 = 0.65461 times that of the relaying speed,
a converges to &~ 0.658. The relationship between o and 7 is shown in Fig. 4.5.
In simulation, the behaviour of the agents ends up being similar to what we
predicted above. The information ratios at the time when the explorer turns
back to return to the relay are shown in Table 4.2. This result implies that in
the simple corridor environment, we should be able to obtain the same effec-

tive behaviour as Role-Based Exploration using our opportunistic rendezvous

approach with the return ratio of approximately 0.658.
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Figure 4.5: Graph showing the ratio « of area known to the base station to area
known by the explorer, at which explorer should head to rendezvous in order
to meet the relay at the boundary between area that is known and unknown
to the base station. The relationship between a and the ratio of explorer
speed while sensing new areas to its speed when navigating known territory is
displayed. Exploration of a corridor environment with one explorer and one
relay is assumed.

4.4.2.3 Opportunistic rendezvous

It may appear that due to the exploration speed being significantly slower than
relaying speed (which is also a sensible assumption to make in a real-world res-
cue scenario - sensing a room should take longer than simply navigating through
it along a pre-planned path), it would be more efficient to have an explorer ren-
dezvous with the relay in territory already known to the relay - this way, the
relay would always be traversing pre-explored space and therefore its naviga-
tion speed will be maximized. However, the simulation results contradict that
assumption. The most consistently good results are achieved with our approach
with return ratios between 0.2 and 0.7. Performance gets a lot worse at return
ratios higher than 0.7. The reason for this is that relaying information too
often leads to the explorer spending a lot of time in already explored territory,
and little time sensing new areas, resulting in slow progress. Such behaviour

could still be desirable if a mission is not time-critical and the base station
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requires close control over the actions of the exploring robots. However, better
alternatives could include setting up a communication infrastructure to enable
teleoperation of the robot, or requiring the agent to communicate with the base
station for new instructions after a specific area or amount of area has been
sensed — the precise return conditions for each exploration leg could be given to
the explorer at subsequent rendezvous. Note that unlike exploration strategies
where the rendezvous time and location have to be explicitly agreed during the
previous rendezvous, with our approach the return conditions for the explorer
can be more flexible, such as “return after fully exploring this corridor”.

Fig. 4.6 shows the number of timesteps after which the base station has
information about at least N% of the environment for each N. With 2 agents,
the greedy strategy performs reasonably well compared to other approaches
— it takes only 850 timesteps to obtain and deliver to base the full map of
the environment. Other approaches have less than half of the map known at
base at that point. The downside is that in the first 850 timesteps human
responders get no information from the exploration team whatsoever. Both
R0.9 and R0.8 appear to perform slower than approaches with return ratio of
0.7 and smaller at nearly every stage of the exploration mission. Role-Based
exploration behaves very similarly to R0.7 and RO0.6, as expected. Approaches
with return ratios between 0.2 and 0.5 behave similarly to each other, as can be
seen in Fig. 4.7. As expected, as we increase the return ratio from 0.2 to 0.9,
the overall mission time increases. With linear increases in the return ratio,
the overall mission time appears to increase exponentially.

As expected, using a lower return ratio performs better in the later stages
of exploring the environment, while using a higher return ratio yields better
performance in the early stages (that is, the base station gets information
about some of the environment faster, at the cost of delaying the completion
of the overall mission). To help assess which method yields better overall
performance over the whole time of the mission, Table 4.3 presents a comparison

of exploration strategies evaluated on the corridor environment for teams of 2, 4
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Figure 4.6: Graphs showing the number of timesteps after which information
about each percentage of the environment becomes available at the base station.
2, 4 and 8 agents are exploring the corridor environment using Greedy, Role-
Based, as well as our approach with return ratios of 0.6, 0.7, 0.8 and 0.9. The
graphs for return ratios between 0.2 and 0.5 are available in Fig. 4.7.
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Figure 4.7: Graphs showing the number of timesteps after which information
about each percentage of the environment becomes available at the base station.
2, 4 and 8 agents are exploring the corridor environment using our utility return
approach with return ratios of 0.2, 0.3, 0.4 and 0.5, as well as with a policy of
returning after each 10% of the environment has been explored.
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and 8 agents. For each increment of 1% of the total area of the map, we consider
the timestep for each strategy at which at least that amount of information had
become available at the base station. Let the best time of getting n% of the

map known at base be %!, Then for each exploration strategy s and each

S
n

tbest ?

percentage of the total map n% we can calculate which represents how
many times slower strategy s is at getting n% of trllle environment known at
base compared to the strategy that is the fastest at getting n% of the map
known at base. The maximum such value over n between 3% and 95% for
each strategy s is presented in the column labelled “Max (ratio)”. The average
such value over the values n considered is listed in the “Avg (ratio)” column.
Likewise, the “Max (timestep)” and “Avg (timestep)” present the maximum
and average values for t§ — t%** which takes into account the absolute number
of timesteps by which each strategy is worse than the best one considered for
each n. The best value in each column is highlighted in green. As more agents
are available in the team, using a higher return ratio appears to yield better
overall results. Using a return ratio between 0.6 and 0.7 seems to give good
performance for team sizes between 2 and 8 agents.

As the number of agents in the team is increased, greedy exploration on the
corridor environment is unable to make good use of the additional resources.
At any given time, there is usually only one frontier to explore, meaning that all
robots stay close together leading to little change in the overall team efficiency.
An interesting result here is that as the number of agents is increased from
2 to 4 and 8, the speed of the role-based strategy to deliver each percentage
of the environment to the base station does not seem to improve significantly
either. We can see this in Fig. 4.6. Our approach adapts to the availability of
additional resources well — with 8 agents, even R0.9 ends up performing better
than Role-Based exploration; R0.6 outperforms greedy exploration for most of
the mission, getting information about the first 91% of the environment to base
faster than the greedy approach. Using return ratios between 0.2 and 0.4 leads

to little improvement as the number of agents in the team is increased, with
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2 agents

Max (ratio)

Avg (ratio)

Max (timesteps)

Avg (timesteps)

Greedy | 65.38 3.89 837 311
RB 2.21 1.65 793 364
RO.2 4.76 1.63 524 239
RO.3 2.85 1.51 416 200
RO.4 2.88 1.41 379 196
RO.5 2.62 1.48 528 250
RO.6 1.87 1.5 644 283
RO.7 2.31 1.65 816 377
RO.8 2.81 2.07 1540 633
RO.9 4.75 3.33 3190 1384
R10% 7.31 1.74 1649 454
4 agents
Max (ratio) | Avg (ratio) | Max (timestep) | Avg (timestep)
Greedy | 93.44 4.67 832 373
RB 2.06 1.68 751 328
RO.2 7.66 1.56 333 106
RO.3 5.11 1.43 342 114
RO.4 3.77 1.43 461 153
RO.5 2.44 1.40 432 172
RO.6 2.22 1.33 363 147
RO.7 2 1.36 440 178
RO.8 1.94 1.54 979 270
RO.9 2.78 2.25 1383 645
R10% 12 1.49 620 174
8 agents
Max (ratio) | Avg (ratio) | Max (timestep) | Avg (timestep)
Greedy | 55.26 4.05 814 375
RB 2.14 1.71 718 329
RO.2 12.5 1.80 568 199
RO.3 8.875 1.51 359 119
RO.4 5.125 1.47 479 136
RO.5 3.875 1.27 245 80
RO.6 3.25 1.21 256 70
RO.7 3.25 1.21 214 79
RO.8 1.87 1.20 255 93
RO.9 1.74 1.5 575 240
R10% 13.25 1.39 169 o8

Table 4.3: Comparison of exploration strategies evaluated on the corridor en-
vironment for teams of 2, 4 and 8 agents. The best value in each column is
highlighted in green. Detailed explanation of the values in this table is given
in Section 4.4.2.3.
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team behaviour being similar to the greedy approach.

Let us examine the behaviour of Role-Based exploration as the number
of agents in the team is increased. The result that the performance of this
approach does not appear to improve significantly when more resources are
available seems counter-intuitive. Let us look at how the frequency of base
station updates is affected by the increase in the number of agents for each
strategy. That is, how many times does the base station get communicated
new information throughout the exploration mission. The figures for a number
of different strategies are presented in Table 4.4. We can see that for all strate-
gies apart from role-based exploration, the number of times that information
is returned to the base station stays relatively constant, or decreases, as the
number of agents is increased. That means that the extra available resources
help reduce the time it takes for the exploring agent to backtrack to meet the
relays to allow the explorer to spend more time exploring. If agents had larger
communication range, it would also allow for the information to be delivered
faster to base, but since in our simulation agents need to be very close to each
other to communicate, the actual speed of delivery is not improved by intro-
ducing more agents. The number of times that the base station gets updated
increases quite a lot for role-based exploration as we increase the number of
agents, unlike with other approaches. This suggests that the extra resources
contribute more to increasing the frequency of base station updates, deliver-
ing information in smaller bits. The addition of the additional agents ensures
that this does not negatively affect the amount of time it takes to explore and
deliver each part of the environment to the base station. Fig. 4.8 shows what
percentage of the environment is known to the team overall and to the base
station over time for role-based exploration on the corridor environment with
2, 4 and 8 agents. Note that all of the graphs have the same slope, and as
the number of agents is increased, the only difference is the increase in the
frequency of base station updates. In contrast, Fig. 4.9 shows what happens

when the number of agents is increased for our strategy with return ratio of
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Figure 4.8: Graph showing percentage of the environment known to the team
overall and to the base station over time for role-based exploration on the
corridor environment with 2, 4 and 8 agents.

0.7 — the slopes of the graphs change, ensuring that the mission is completed
in less time.

Fig. 4.10 shows how our strategy behaves in the corridor environment with
2 and 4 agents. On the left, at timestep 372 we can see that agent B has
just hit the return ratio of 0.7 and is returning to the base station in the top
left corner. Agent A has recently communicated with the base station and
is heading to explore a new frontier (and therefore, moving towards B). At
timestep 417, A and B have just moved into communication range; A turns
back to relay the new information (shown in green) to the base station. B marks
the green area as being relayed by another agent (and assumes that the base
station will soon have information about that area) and heads back to explore
new frontiers. At timestep 499, A has just delivered the new information
to the base station. Finally, at timestep 551 B hits the return ratio again
(while correctly assuming that the green area is known by the base station)

and turns back. The situation is now similar to that at timestep 372, and
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Figure 4.9: Graph showing percentage of the environment known to the team
overall and to the base station over time for R0.7 strategy on the corridor
environment with 2 (blue), 4 (red) and 8 (yellow) agents.

the exploration cycle continues until all of the environment is explored.

In the sequence on the right, the corridor is being explored with 4 agents
using the same strategy as before. At timestep 243, D has just hit the
return ratio and is attempting to deliver the information back to base. In the
meantime, B and C are heading towards the frontiers near D, and A is relaying
the information about the green area to base. At timestep 253, A has just
exchanged information with the base station; D has encountered C, given the
new area information to C and marked it as being relayed (shown in green),
and turned back to go back to explore new frontiers. At timestep 274, D
is exploring new areas, while B is now in charge of relaying the map of the
area shown in green. At timestep 358, D hits the return ratio again, and the
exploration cycle continues.

Fig. 4.11 illustrates the effect of increasing the number of agents with role-
based exploration. On the left we can see the corridor being explored with

2 agents. At timestep 326, agent B and its relay A are heading towards
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Figure 4.10: Exploration of the corridor environment using return ratio of 0.7.
Obstacles are shown in black, explored space is in white, space known at the
base station is yellow, green space is being relayed by an agent to the base
station, represented with a black square in the top left corner.

the rendezvous point, shown as the purple circle. At time 367 they make
contact and arrange the next rendezvous. Agent A delivers the information
to the base station at time 440, and at time 498 agent B heads back to
the rendezvous location. The figure on the right shows the effect of doubling
the number of agents has on the performance of the team. Here we have two
pairs of agents — explorer B with its relay A and explorer D with its relay
C. At timestep 267, agent D has just had a rendezvous with its relay C,

giving it information about the area shown in green. They also agree on their
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Exploration = Number of times base station is
strategy ~ updated (after 5 simulation steps)
2 agents 4 agents 8 agents

Role-Based 13 24 29
RO.2 5 5 4
RO0.3 6 5 5
R0.4 7 6 6
RO.5 8 7 7
RO.6 10 9 9
RO.7 14 11 12
RO.8 20 18 16
RO.9 35 35 31

Table 4.4: Number of times base station knowledge is updated for each strategy
on the corridor map for 2, 4 and 8 agents.

next rendezvous, which is on the edge of the green area, which is the furthest
explored area that they know about (you can see the location of the rendezvous
as the purple circle in the bottom picture). In timestep 296, B starts heading
back to the rendezvous with C shown in purple (remember that the timing of
the rendezvous is determined by the time it takes for the relay to navigate to the
rendezvous location). Relays A and C have just communicated and swapped
roles (for simplicity, here they will also swap names to keep the explorer-relay
pairs consistent). At time 311, explorers B and D meet and swap roles.
Finally, at timestep 332 B meets with its relay A, and the exploration cycle
continues. Note that the total area explored by agents B and D combined
here is roughly the same size as the area explored by B alone in Fig. 4.11a,
illustrating our earlier observation that doubling the number of agents in role-

based exploration does little to increase the overall speed of exploration.
4.4.2.4 Distribution of team time

Fig. 4.12a shows the breakdown of team time on various activities for teams
of 2 agents exploring the corridor environment. We can see that total team
sensing time, shown in blue, stays relatively constant across all the strategies.

That is to be expected, as for any exploration strategy it takes roughly the same
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(a) Exploration of the corridor en-
vironment with 2 agents using role-
based exploration. Snapshots at
timesteps 326, 367, 440 and 498 are
displayed.

(b) Exploration of the corridor en-
vironment with 4 agents using role-
based exploration. Snapshots at
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Figure 4.11: Exploration of the corridor environment. Obstacles are shown in
black, explored space is in white, space known at the base station is yellow,
green space is being relayed by an agent to the base station, represented with
a black square in the top left corner. Purple circles are rendezvous locations.

amount of time to sense each square room in the environment. However, we can
see that as we require agents to relay information to base more frequently, they
seem to spend exponentially more time in transit, not sensing new areas. We
can also see that with return ratios less than 0.7, the relaying agent spends more
and more time trying to explore the same parts of the environment that have
already been explored by its teammate. The reason for this is that with the

smaller return ratios, the explorer and the relay end up meeting in unexplored
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Figure 4.12: Breakdown of team timesteps spent on several different activities
for 2, 4 and 8 agents exploring the corridor environment. On the left, total
number of timesteps agents in the team spent sensing new areas, total time
spent sensing areas that have already been sensed by another agent (but not
communicated to teammates or to base yet), and total time agents spent not
sensing (i.e. navigating from one location to another — in this environment it
corresponds to the amount of time spent ferrying information back to base by
the team). On the right, the same stats are shown as a percentage of total time
spent on the mission by the team.

territory for the relay; as a result, the relay has to explore that area before it
can meet with the explorer. The tradeoff of such double-covering of unexplored
area is that the exploring agent can spend more time exploring and backtrack
less to meet the relay, which leads to improved team performance, particularly

as the exploration effort moves deeper into the environment. This outcome
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is impossible with pre-arranged planned rendezvous, as the explorer has to
arrange the rendezvous location with its relay in an area that is known to
both the agents at the time of their previous meeting. Double-covering is still
possible with pre-arranged rendezvous by two explorers that are in different
branches of the agent hierarchy tree.

With 4 agents using greedy exploration all agents still explore the environ-
ment together as a pack, with all agents within the communication range of
each other. The behaviour is similar with return ratios under 0.3, with agents
gradually dropping off from the pack to relay the information back to the base
station until only one agent completes the exploration and returns back. With
return ratios over 0.4 agents start off as before, but get to form a chain of relays
before the environment is fully explored. Fig. 4.12b shows the breakdown of
total team time spent on sensing, navigating and re-sensing areas that have
already been explored. We can see that with 4 agents some re-sensing happens
even with pre-agreed rendezvous (RB). The reason for this here is that we used
two branches, one explorer and one relay each. While it ends up behaving as
one long chain, some double coverage by the two explorers still occurs. We can
see that this time no re-sensing occurs with return ratios above 0.9, where the
relays never leave the already explored territory.

The breakdown of team time with 8 agents in the corridor environment is
shown in Fig. 4.12c. Having 8 agents in the environment allows for efficient
chains of relays to be established with return ratios even as high as 0.9. A
relay ends up following the explorer quite closely at all times, resulting in the
explorer not needing to backtrack much. Due to frequent encounters between
agents, repeated sensing of the environment is also kept very low. Evaluating
how much the agent that is actually sensing new frontiers has to backtrack
with each strategy is difficult, as the agent that is sensing new frontiers may

change throughout the mission.
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Figure 4.13: The maximum and average latencies of delivering a message sent
each timestep to all the agents for the corridor environment. Top-left is for the
corridor environment with 2 robots, top-right for 4 robots, bottom for 8 robots.

4.4.2.5 Base station message latency

The maximum and average latencies of delivering a message from the base
station to each agent in the team over the course of the exploration mission are
shown in Fig. 4.13. As expected, the values are highest for greedy exploration,
and tend to get lower as more team resources are spent on communication as
we increase the return ratio. The values for role-based exploration are close
to the corresponding similar return ratios for a given number of agents in the
simulation. An interesting result here is that the latencies seem to be getting
smaller linearly and rather slowly as we increase the return ratios. Meanwhile,
the total time to perform the mission seems to be increasing exponentially (see

Fig. 4.6).

4.4.3 Four corridors environment

The next environment that we use for evaluation is an environment consisting

of 4 separated corridors, shown in Fig. 4.14. The purpose of this evaluation is
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Figure 4.14: Four corridors environment. The base station is located in the
centre of the map in the white area, which also serves as the starting location
for the agents. The 4 separated corridors are highlighted with different colours.

to find out the effects of having multiple separate sectors in the environment
that sub-teams of agents can explore. Is it beneficial to have sub-teams of
multiple agents explore each sector, with some agents relaying for the explorers
in their sub-team, or is it better to send smaller sub-teams off to explore each
sector independently, relaying the information for themselves?

With four agents using role-based exploration, we have two explorers start
by exploring one corridor each. They are followed by two relays. Once the first
two corridors have been explored, the agents proceed to explore the remain-
ing two corridors. In contrast to this, when either greedy exploration or our
approach is used, all four agents get assigned a frontier in each of the corri-
dors, resulting in all four corridors being explored at the same time. With our
approach, the agents end up relaying the new information for themselves.

With eight agents, all strategies behave similarly — two agents go into each
corridor, with one agent exploring and one agent relaying for them (apart from
greedy exploration, where both agents explore the corridor side-by-side).

Once again, we examine the performance of the strategies by checking how

many timesteps are required to get progressively more information about the
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environment to the base station. The results are shown in Fig. 4.15 and Table
4.5. As we can see from the results, the return ratio of 0.2 behaves nearly
exactly the same as greedy exploration, as the agents reach the ends of their
respective corridors before they are triggered to relay the information. It takes
both approaches almost 10 times as long as R0.9 and R0.8 to deliver infor-
mation about the first 10% of the environment back to the base station for
teams of both 4 and 8 agents. When role-based exploration is used with 4
agents in this environment, it performs worse than most other approaches con-
sidered, especially in the middle and later stages of the exploration. With 8
agents, using role-based exploration results in all four corridors being explored
simultaneously. In this scenario its performance is closer to that of the other
approaches. This result suggests that it is better to send out one agent into
each corridor to explore sections of the environment simultaneously, instead of
sending agents into corridors in pairs and exploring the sections of the envi-
ronment sequentially (in this case, only exploring the last 2 corridors after the
first 2 corridors have been explored). With both 4 and 8 agents, using return
ratios between 0.3 and 0.8 appears to show good performance compared to the
benchmarks, with values between 0.6 and 0.8 outperforming the benchmarks
in most metrics for teams of both 4 and 8 agents.

The main conclusion from running the simulations on this environment
is that it appears to be better to explore all of the separate regions in the
environment simultaneously with smaller sub-teams of agents, than to focus on

a few of the regions first with bigger sub-teams.
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4 agents

Max (ratio)

Avg (ratio)

Max (timestep)

Avg (timestep)

Greedy | 20.67 2.90 236 92
RB 3.43 2.53 581 236
RO.2 20.67 2.90 236 92
RO.3 12.42 2.08 137 71
RO.4 7.83 1.79 162 74
RO.5 5.41 1.75 193 80
RO.6 3.67 1.57 157 72
RO.7 2.58 1.53 244 80
RO.8 2.18 1.61 242 99
RO.9 2.67 1.90 393 161
8 agents
Max (ratio) | Avg (ratio) | Max (timestep) | Avg (timestep)
Greedy | 24.8 3.24 238 112
RB 3 1.56 170 7
RO.2 24.8 3.24 238 112
RO.3 8.27 1.71 109 28
RO.4 5.46 1.48 91 33
RO.5 3.8 1.39 92 34
RO.6 2.73 1.34 110 40
RO.7 1.87 1.31 133 45
RO.8 1.66 1.34 120 50
RO.9 1.99 1.58 194 91

Table 4.5: Comparison of exploration strategies evaluated on the “four corri-
dors” environment for teams of 4 and 8 agents. The best value in each column
is highlighted in green. Detailed explanation of the values in this table is given
in Section 4.4.2.3.
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Figure 4.15: Graphs showing the number of timesteps after which information
about each percentage of the environment becomes available at the base station.
4 and 8 agents are exploring the “four corridors” environment using Greedy,
Role-Based, as well as our approach with return ratios of 0.6, 0.7, 0.8 and 0.9.
The graphs for return ratios between 0.2 and 0.5 are available in Fig. 4.16.
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Figure 4.16: Graphs showing the number of timesteps after which information
about each percentage of the environment becomes available at the base station.
4 and 8 agents are exploring the “four corridors” environment using our utility
return approach with return ratios of 0.2, 0.3, 0.4 and 0.5.
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4.4.4 Grid environment

Next we evaluate the performance of the strategies on a grid environment,
shown in Fig. 4.17. This map is very open; each square room is connected
to its four neighbouring rooms. The purpose of this map is to assess how
the strategies behave when accidentally encountering another agent is not very
likely. This increases the chances that without explicitly negotiating rendezvous
locations, agents may miss each other, not share information or form relay
chains, which may result in a lot of repeated coverage of the environment and
poor team performance.

Fig. 4.18 shows the breakdowns of overall team time spent on sensing new
aras of the environment, re-sensing the areas that have already been sensed by
other agents (but not known to the whole team), and time spent navigating
from one location to another through previously explored territory. As we can
see here, all approaches that do not explicitly negotiate rendezvous locations
spend a large percentage of their time on repeated coverage of areas of the
environment.

Fig. 4.19 shows the maximum and average latencies in delivering the mes-
sages from the base station to all the agents in the team throughout the explo-
ration missions for 2, 4 and 8 agents. Here we can see that explicitly agreeing
on rendezvous locations appears to lead to significantly faster propagation of
messages from the base station in environments where agents are unlikely to
accidentally enter the communication ranges of each other. As the number of
agents in the team is increased, this advantage is diminished. While role-based
exploration maintains similar communication latency with the increase in team
size, the latency is decreased for the other approaches, as with an increased
number of agents in the environment agents are more likely to communicate
opportunistically, sharing information throughout the team.

Greedy exploration on this map with 2 agents does worse than most strate-

gies considered even in terms of time taken to explore 90% of the environment,
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Figure 4.17: Grid environment. The base station and the starting positions for
the agents are in the top left corner.

as shown in Fig. 4.20. Additionally, on this environment, decreasing the return
ratio does not always lead to speeding up the completion of the mission. The
reason for this is that agents are unlikely to enter each other’s communication
range and therefore may not know when the team has completed exploring
the environment and it is time to return to the base station. This leads to
significant repeated coverage of the environment and a delay in delivering the
information to base. As the number of agents is increased to 4 and 8, greedy
exploration performance improves, as agents are more likely to accidentally
meet each other and share information. While the total team time spent on
re-sensing the environment seems to be less affected by the number of agents
in the team, the average time spent on re-sensing the environment per agent
goes down, which leads to the increase in performance.

While using role-based exploration with explicitly agreed-upon rendezvous
reduces the amount of repeated coverage, it also halves the number of agents
actively involved in exploring the environment, which appears to result in worse
overall performance than most of the other approaches considered. This result
seems to hold for 2, 4 and 8 agent missions. Role-based exploration appears

to behave similarly to our opportunistic rendezvous approach with the return
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Figure 4.18: Breakdown of overall times spent by the team on sensing new
areas, repeated coverage of areas already sensed by other agents, and time
spent navigating between areas for the grid environment. Statistics from the
run with 2 agents on top, 4 agents in the middle and 8 agents on the bottom.

ratio of 0.9, with similar amount of team time spent on facilitating communi-
cation and with similar communication latency. Interestingly, with 8 agents in
the team, the opportunistic approach actually appears to outperform planned
rendezvous in all of the metrics. The likely explanation for this is that the
opportunistic approach is able to allocate resources better at different stages
of the exploration — having more explorers in the early stages, when the ex-
ploration takes place closer to base and agents are able to self-relay effectively,
and allocating more agents to facilitate communication as the exploration effort
moves deeper into the environment. The density of agents in the environment is

high enough such that agents are able to communicate opportunistically often
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Figure 4.19: The maximum and average latencies of delivering a message sent
each timestep to all the agents for the grid environment. Top-left is for the
grid environment with 2 robots, top-right for 4 robots, bottom for 8 robots.

enough to maintain chains of relays.

From Table 4.6 we can see that overall, using return ratios between 0.3 and
0.8 appears to produce good results on this map with team sizes between 2 and
8. Using a fixed return trigger of each 10% of the environment being explored
appears to actually give the best overall performance, most likely because with
this environment being open there is a short direct-line path from any location
to the base station. Therefore, the cost involved in delivering information to
base has little dependence on the current progress of the mission (knowledge
at base station), and so delivering a constant amount of information to base

all the time gives good performance.

4.4.5 Large grid environment

In the previous subsection we used a grid environment with a width and height
of 12 20x20 rooms. To see how the size of the open environment affects the
performance of the exploration strategies, here we use a similar environment,

but with a height of 24 and width of 34 20x20 rooms, for a total of 816 rooms
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Figure 4.20: Graphs showing the number of timesteps after which information
about each percentage of the environment becomes available at the base station.
2, 4 and 8 agents are exploring the grid environment using Greedy, Role-Based,
as well as our approach with return ratios of 0.6, 0.7, 0.8 and 0.9. The graphs
for return ratios between 0.2 and 0.5 are available in Fig. 4.21.
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Figure 4.21: Graphs showing the number of timesteps after which information
about each percentage of the environment becomes available at the base station.
2, 4 and 8 agents are exploring the grid environment using our utility return
approach with return ratios of 0.2, 0.3, 0.4 and 0.5, as well as with a policy of
returning after each 10% of the environment has been explored.
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2 agents

Max (ratio)

Avg (ratio)

Max (timesteps)

Avg (timesteps)

Greedy | 62 5.71 671 416
RB 2.88 1.85 408 203
RO.2 6.39 1.90 415 147
RO.3 3.64 1.45 246 89
RO.4 2.66 1.42 267 97
RO.5 2.69 1.39 200 76
RO.6 2.34 1.35 205 63
RO.7 Z 1.35 220 83
RO.8 2.57 1.40 203 84
RO.9 3.16 1.90 489 224
R10% 6.27 1.27 241 33
4 agents

Max (ratio)

Avg (ratio)

Max (timestep)

Avg (timestep)

Greedy | 58.33 4.34 344 190
RB 2.11 1.57 181 86
RO.2 6.58 1.73 127 68
RO.3 3.5 1.51 159 63
RO.4 2.42 1.26 133 31
RO.5 1.92 1.24 105 34
RO.6 1.94 1.40 118 64
RO.7 1.82 1.27 110 42
RO.8 2.13 1.50 222 84
RO.9 2.09 1.65 231 112
R10% 4.67 1.29 140 34
8 agents

Max (ratio)

Avg (ratio)

Max (timestep)

Avg (timestep)

Greedy | 18.27 2.87 190 89
RB 241 1.97 233 103
RO.2 19.25 2.47 146 58
RO.3 7.125 1.64 107 50
RO.4 5 1.54 100 40
RO.5 3.25 1.25 64 22
RO.6 2.625 1.29 85 31
RO.7 2.125 1.24 74 28
RO.8 1.73 1.25 133 31
RO.9 1.90 1.48 142 57
R10% |5 1.21 47 7

Table 4.6: Comparison of exploration strategies evaluated on the grid envi-
ronment for teams of 2, 4 and 8 agents. The best value in each column is
highlighted in green. Detailed explanation of the values in this table is given

in Section 4.4.2.3.
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compared to 144 in the smaller grid environment. The starting position for the
agents and for the location of the base station are in the top-middle room of
the environment. We ran the simulations with 2, 4 and 8 agents.

As can be seen from Figs. 4.22 and 4.23, pure greedy approach performs
really badly here for 2, 4 and 8 agents. This highlights the importance of team
communication in large open environments to prevent redundant covering of
the environment by explorers. However, role-based exploration is surprisingly
slower than our proposed approach nearly throughout the whole exploration
mission for simulations with 2, 4 and 8 agents. One may assume that this may
be due to there being half as many explorers with role-based exploration as
there are with our approach. However, Fig. 4.24 suggests otherwise — with
our approach, agents spend more time re-sensing parts of the environment that
have already been sensed by other explorers compared to the actual first-time
sensing time for the team (shown in blue). The amount of re-sensing when
using role-based exploration is minimal, as expected. This suggests that the
number of active explorers is not what gives our approach the edge. It is pos-
sible that one factor could be the selection of rendezvous location in role-based
exploration — sometimes, the locations picked can be in areas with small fron-
tiers which can be quickly explored; then, an explorer may move to a different
part of the environment and will have to backtrack a lot to navigate back
to the meeting location in time for rendezvous. Another factor could be the
frequency of communication with the relays and, consequently, with the base
station. The number of times the base station receives updates from the agents
for various strategies is shown in Table 4.7. When using role-based exploration,
the base station receives updates from the agents a lot more frequently than
with other strategies, which could explain the overall performance degradation
— agents are spending too much time relaying small updates of data to the
base station. The reason for this is that in role-based exploration, rendezvous
timing is determined by the amount of time required for the relay to navigate

to the communication range of the base station and then get to the rendezvous
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Figure 4.22: Graphs showing the number of timesteps after which information
about each percentage of the environment becomes available at the base station.
2, 4 and 8 agents are exploring the “large grid” environment using Greedy, Role-
Based, as well as our approach with return ratios of 0.6, 0.7, 0.8 and 0.9. The
graphs for return ratios between 0.2 and 0.5 are available in Fig. 4.23.
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Figure 4.23: Graphs showing the number of timesteps after which information
about each percentage of the environment becomes available at the base station.
2, 4 and 8 agents are exploring the “large grid” environment using our utility
return approach with return ratios of 0.2, 0.3, 0.4 and 0.5, as well as with a
policy of returning after each 10% of the environment has been explored.
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Figure 4.24: Breakdown of overall times spent by the team on sensing new
areas, repeated coverage of areas already sensed by other agents, and time
spent navigating between areas on the “large grid” environment. Statistics
from the run with 2 agents on top, 4 agents in the middle and 8 agents on the
bottom.

location. In the large grid environment, paths between any two points in the
environment tend to be reasonably short (almost a straight line), which means
that rendezvous between relays and explorers happen rather frequently. A way
to mitigate this issue could be to impose a minimum limit on how long ex-
plorers should explore before heading back to the rendezvous location, however
that variable may be environment-specific and require prior knowledge of the
environment type. Relays may then have to remain idle while they wait for
the explorer at the rendezvous location, but they may use this time to explore

frontiers near to the rendezvous point. These ideas are explored in more detail
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Exploration Number of times base station is
strategy =~ updated (after 50 simulation steps)

4 agents 8 agents
Greedy 4 2
Role-Based 67 80
RO.2 6 6
RO.3 9 9
RO.4 10 11
RO.5 13 13
RO.6 16 16
RO.7 16 19
RO.8 23 28
RO.9 46 48

Table 4.7: Number of times base station knowledge is updated for each strategy
on the “large grid” map for 4 and 8 agents.

in the next chapter.

On Fig. 4.25 we can see that role-based exploration does lead to greatly
reduced latencies in receiving and propagating messages from the base station
to all the agents. An interesting observation here is that as the return ratio is
increased from 0.5 to 0.9, the overall speed of exploration is not much reduced,
while the communication latency is improved significantly. This suggests that
diverting resources to improving communication among the team may be offset
by improvements in coordinated behaviour of the team in large open environ-
ments, where lack of communication between team members is likely to lead
to significant amounts of redundant coverage of the map. According to Table
4.8, using return ratios of between 0.5 and 0.8 appears to yield good overall

exploration performance compared to all considered approaches.
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2 agents

Max (ratio)

Avg (ratio)

Max (timesteps)

Avg (timesteps)

Greedy | 63 0.87 4826 3083
RB 2.23 1.77 3272 1407
RO.2 5.8 2.70 4894 2771
RO.3 3.39 1.73 2407 1082
RO.4 3.08 1.64 2705 1061
RO.5 2.37 1.43 2091 722
RO.6 2.13 1.39 1933 736
RO.7 1.91 1.24 1516 426
RO.8 1.54 1.20 1721 418
RO.9 1.85 1.45 1553 753
R10% | 7.41 1.31 500 136
4 agents
Max (ratio) | Avg (ratio) | Max (timestep) | Avg (timestep)
Greedy | 70.96 4.87 1679 858
RB 2.5 1.46 759 314
RO.2 4.20 1.71 959 363
RO.3 2.80 1.67 1142 014
RO.4 3.17 1.42 782 292
RO.5 1.84 1.25 661 207
RO.6 1.08 1.34 886 293
RO.7 1.84 1.19 342 128
RO.8 1.85 1.16 485 125
RO.9 2 1.33 473 212
R10% 16.5 1.93 875 377
8 agents
Max (ratio) | Avg (ratio) | Max (timestep) | Avg (timestep)

Greedy | 65.85 5.28 1297 764
RB 2.14 1.41 690 203
RO.2 4.15 1.84 652 331
RO.3 3.02 1.45 427 198
RO.4 2.18 1.34 508 193
RO.5 1.87 1.32 533 184
RO.6 1.81 1.14 281 60
RO.7 1.52 1.13 454 70
RO.8 1.75 1.14 373 69
RO.9 1.66 1.20 367 106
R10% 19.15 2.10 536 254

Table 4.8: Comparison of exploration strategies evaluated on the “large grid”
environment for teams of 2, 4 and 8 agents. The best value in each column is
highlighted in green. Detailed explanation of the values in this table is given
in Section 4.4.2.3.
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Figure 4.25: The maximum and average latencies of delivering a message sent
each timestep to all the agents on the “large grid” map. Top-left is for 2 robots,
top-right is for 4 robots, bottom is for 8 robots.

4.5 Discussion of results
4.5.1 Effect of parameters on team behaviour

We have shown in simulation that the approach proposed in this chapter allows
to allocate team resources between exploration and communication by tuning
a single parameter, the return ratio, between 0 and 1. Values closer to 0 lead
to greedier exploration behaviour, while values closer to 1 encourage increased
frequency of communication with the base station. Greedier team behaviour
tends to result in faster overall exploration at the expense of obtaining infor-
mation — about some of the environment — early on in the mission. Increasing
the frequency of communication tends to improve performance early on in the
mission, but is usually slower than greedier approaches at getting information
to the base station at the later stages of exploration. The approach involves
little explicit planning between agents and is therefore very robust, yet it can
lead to complex emergent behaviour with agents taking on relaying tasks as

becomes necessary, as well as forming relay chains. Lack of explicit rendezvous
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planning can also offer increased robustness when operating in dynamic en-
vironments. Additionally, the proposed approach allows for flexibility in the
‘return’ conditions for the agents. For example, in a search-and-rescue scenario,
locating a surviving victim would require informing the human responders of
this event as soon as possible. By assigning very high utility to this infor-
mation, agents will be forced to immediately relay this information to base.
In different scenarios, it may be beneficial to delay relaying the information.
For example, consider an agent that has nearly fully explored a big room or a
dead-end corridor (and is aware of it, for example by having prior knowledge
of the structure of the environment). In this case, relaying the information to
base, and then returning to the area to complete the exploration may waste
time and energy. Instead, the agent could finish exploring the area and then
relay the information. Incorporating such behaviour into our approach would
be straightforward compared to approaches with explicit rendezvous planning.

According to the simulation results, using return ratios between 0.6 and 0.7
produces good overall results on all of the environment types considered with
teams consisting of between 2 and 8 agents. With these parameter values, the
proposed approach seems to adapt very well to different types of environments
considered, allocating the appropriate number of explorers, relays as well as
adjusting the frequency of communication with the base station without any
prior knowledge of the environment being required. These results were obtained
for the specific parameters used in the simulated experiments, in particular the
ratio of the speed of exploring agents moving through new area to the speed of
agents while relaying through known territory. Observations in Section 4.4.2.2
and Fig. 4.5 suggest that these results should hold for speed ratios between
around 0.4 and 1.

4.5.2 Failure modes

The coordination approach proposed in this chapter is highly decentralized and

robust to the failure of individual agents. There is no explicit reliance of any
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agent on other agents in the team. If any exploring agent becomes disabled,
other agents in the team will continue their mission as usual, and the frontiers
originally assigned to the disabled agent will eventually be explored. If an
agent acting as a middle link in an emergent relay chain fails, the chain will
automatically adapt to exclude that agent. In both of the cases described
above, the team will simply behave as if the failing agent was never a part of
the team.

An agent carrying a lot of ‘relayed’ information failing can cause more
disruption to team performance, even though the team will still be able to
recover and continue on with the mission. Other agents will still keep a copy
of the information that was to be relayed by the failed agent, and share it with
other agents and the base, but they will assume that the disabled agent will
succeed in relaying the information, and so will not attempt to communicate
with the base station until they have obtained enough new information. This
means there might be a delay in getting important data to the base station and
the sharing of information throughout the team might be temporarily impaired.
One way to ensure the flow of information to the base station is maintained is
to equip each agent with an additional, more robust means of communicating
to their teammates that they are ‘alive’. Low frequency, low bandwidth radio
can be used for this purpose, as it has a long range and good penetration
through obstacles that may be encountered in indoor environments. Then, if
an agent goes out of service and its teammates stop receiving the corresponding
‘alive’ message, they can unmark all of their cells as being ‘relayed’ as they
can no longer assume that that information is actually being relayed to the
base station. While this will ensure agent data gets delivered to base in a
timely manner even in case of a relay failure, it may temporarily disrupt the
exploration effort as multiple agents may attempt to relay the same data to
base. Additionally, this introduces some additional risks in case the ‘alive’

message cannot be sent or received by any agent for any reason.
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4.5.2.1 Evaluation in simulation

We evaluate the recovery of the team from agent failure on the RoboCup Rescue
Virtual Robot Competition 2013 Preliminary2 map, modified with some addi-
tional clutter. The map is shown in Fig. 4.26. In the simulations, we attempt
to explore the environment with two agents, starting from random locations on
the edges of the map. We script the simulations such that at timestep 1000,
which is around the middle of a typical simulation run, the explorer that is
carrying the most new information fails. The failing agent is unable to move or
communicate with any other agent. A total of 25 simulations are performed.
The average total agent knowledge, as well as knowledge at the base station
for each timestep are shown in Fig. 4.27, and compared with the averages of
25 simulations without agent failure. For these simulations our approach with
return ratio of 0.7 was used, but the results here should give an indication of
how our approach is able to deal with failure in general. In particular, as long
as at least one agent remains operational, our approach will be able to finish
the mission, exploring the full environment and delivering the information to
base.

As can be seen from Fig. 4.27b, losing one agent at timestep 1000 leads
to correspondingly slower accumulation of total agent knowledge. Fig. 4.27a
shows that there is an initial drop in the rate of base station knowledge ac-
cumulation, most likely because the remaining agent believes that the failed
agent has already relayed some of the data it has to base, and therefore delays
its own return trip to base. The team seems to revert to a higher rate of base
station knowledge acquisition towards the end of the mission, however, most
likely after the remaining agent makes contact with the base station and is able
to proceed with the exploration mission normally without making assumptions

about the actions of the failed agent.
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Figure 4.26: RoboCup Rescue Virtual Robot Competition 2013 Preliminary2
occupancy grid map, modified with some additional clutter. Obstacles are
shown in black, free space is in white.

4.5.3 Methodology

In this chapter we evaluated the proposed approach against several benchmark
strategies in a discrete-time simulator with a carefully chosen level of abstrac-
tion. Indoor maps that are currently available for high-fidelity robot simulators
are not very realistic; there have been attempts at improving the plausibility of
the available simulated environments [5]. Here, we used a number of different
maps which are characteristic of environments that may be encountered in an
indoor exploration mission — a long corridor, multiple corridors, a small and a
large cluttered open space. While simulated experiments in these environments
allow us to get an idea of how the proposed approach may perform in different
situations, more exhaustive experiments, both in real life and simulation, are

required before the proposed method can be applied in real life scenarios.
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Figure 4.27: Effect of one of the agents failing at timestep 1000 on the speed
of exploration when using the R0.7 exploration strategy with 2 robots.
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4.5.4 Communication

The simulations in this chapter were conducted with a very short communi-
cation range to examine the performance of the cooperation strategies under
pessimistic assumptions. Larger communication range will mean that agents
will opportunistically communicate with each other more frequently, improving
the overall team performance.

The performance of the proposed approach can be impaired in open environ-
ments with severely limited communication where agents are unlikely to enter
each others’ communication range by chance, which can lead to a lot of repeated
sensing of the environment. Using a higher return ratio can help mitigate this
effect by sharing information through the base station. An additional downside
is that the operators have very limited information about the potential where-
abouts of the agents (with explicitly agreed rendezvous they will at least know
where and when agents are to rendezvous and when to expect them back); it
is more difficult to predict or adjust how often communication with agents will
take place, and it is more difficult to reliably disseminate messages from the
base station to all the agents (such as control commands, for example, or new
priority search areas, or even changes in the team exploration strategy). Adding
an additional high-range low-bandwidth control communication channel to be
used in team communication may help alleviate some of these problems. In
addition, opportunistic rendezvous does not allow to fully exploit the topology
of the environment and the communication ranges of agents to shorten their
travel paths and avoid traversing terrain that may be hard to navigate. For ex-
ample, when exploring a multi-level building, a staircase connecting two floors
can be difficult for robots to navigate, but two robots may be able to establish
line-of-sight communication on either end of the staircase, keeping one robot
on the ground floor to act as a relay while another agent explores the other
level. When using opportunistic rendezvous, the exploring agent assumes that

it will need to relay the data for itself and it is only by chance that it may meet
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another agent that will assume the relaying task; it will therefore attempt to
navigate the staircase. It may happen that it meets another robot after it
traverses the staircase on the way to the base station, passes the data to be
relayed to the other robot, and then has to traverse the staircase again to get
back to exploring the frontiers — an undesirable scenario which slows down the
progress of the mission, uses up energy and puts the robots at risk of getting
stuck. In the next chapter we attempt to address this problem by proposing a
novel approach for rendezvous planning that uses the communication ranges of
agents to improve team coordination and performance. In particular, we use
the fact that agents are often able to establish wireless communication over
thin walls, obstacles or even just rough terrain that is difficult to traverse in

order to improve the planning of rendezvous among agents.

98



Chapter 5

Explicitly Planning for
Communication in Team
Coordination

Explicitly arranging rendezvous between agents can offer advantages in certain
scenarios. We describe some such scenarios and propose the novel concept of
multi-point rendezvous to address them, along with a method for generating
such rendezvous locations. This is followed by several improvements to the
original algorithm with simulated experiments. The discussion of the results

and the applicability of the proposed approaches concludes this chapter.
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5.1 Rendezvous assumptions and problem state-
ment

While using opportunistic rendezvous for periodic team communication can
enhance the robustness of the team and offer good performance in terms of
exploration speed and communication frequency as indicated in the previous
chapter, explicitly arranging rendezvous can offer several advantages. Some of
these potential advantages have already been mentioned in Sections 1.2 and
4.5.4. Carefully selected rendezvous locations can allow agents to take ad-
vantage of their communication ranges and the layout of the environment to
reduce agent travel times, increase the frequency of communication or avoid
navigating through difficult or dangerous areas. Where the communication
ranges of agents are much smaller than the size of the environment to be ex-
plored, the probability of opportunistically entering the communication range
of another agent can be low; explicitly arranging rendezvous can help facilitate
communication between agents in such scenarios. If the times and locations of
rendezvous are explicitly arranged, human operators may have tighter control
over the exploration mission and greater visibility into the potential where-
abouts of agents in the team at any given time.

In this chapter we aim to answer the following question. Given two robots
in communication range of each other at some time ¢y, where and when should
they agree to enter the communication range of each other in the future? We
make the following assumptions, in addition to the assumptions from the pre-

vious chapter:

e Both robots are in communication range of each other at time .

e Both robots use occupancy grid maps with the same resolution to repre-
sent the environment. However, it should not be too difficult to adapt the

approaches in this chapter to other representations of the environment.

e High bandwidth communication link between the two robots is available
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at time ty, and so both robots share the same occupancy grid maps at

time ¢y and can localize each other well in this map.

e Only one of the robots will plan the next rendezvous, and then commu-
nicate the information to the other robot. Both robots know in advance
which of the two robots should do the planning (for example, the one

with the higher ID number).

The primary goal of each rendezvous is to share information among the
team. One of the robots may then act as a relay with the base station in order
to facilitate the exchange of information between the robot team and the base
station. Secondary goals include improving shared localization and arranging
subsequent rendezvous.

We select Role-Based Exploration [30] with Beyond Frontier Exploration
[129] as a multi-agent exploration framework for the initial implementation
and evaluation of our approach in this chapter. The summary of Role-Based
Exploration is available in Section 2.4.2.1; a brief description of Beyond Frontier
Exploration is given in Section 2.3.1. Role-Based Exploration already includes
the concept of an arranged periodic rendezvous among each pair of agents,
which provides us with a benchmark and allows for a straightforward integra-
tion and evaluation of our rendezvous calculation methods. Beyond Frontier
Exploration is an easy to implement and robust frontier exploration method
that allows the exploring agents to collaboratively explore the environment.
A rendezvous in this context is a periodic meeting between an exploring agent
and its assigned relay agent. The methods described can, however, be extended

to other or more complex scenarios.
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5.2 Method description
5.2.1 Rendezvous locations

Usually, a rendezvous location (RV) for a number of agents is defined as a single
point p towards which each agent involved in the rendezvous attempts to navi-
gate at an agreed time. This definition has been used both for ground [32] and
aerial [130] vehicles. If the agents use an occupancy grid to represent the envi-
ronment, then p would be a single occupancy grid cell. In the applications that
we consider in the thesis, agents usually have a communication range that is
much larger than a single occupancy grid cell, and may even allow for non line-
of-sight communication through some obstacles, such as thin walls. Therefore,
in practice, communication at a rendezvous usually occurs before all agents
actually arrive at the rendezvous location. The effective communication range
of robots is not explicitly used in planning the rendezvous; communication
between robots before reaching the rendezvous location happens opportunisti-
cally. There are advantages to such an approach — it is highly robust to the
variability in agent communication ranges in different environments, as well as
to localization errors among the agents (as agents do not usually need to reach
the rendezvous location exactly in order for rendezvous to take place, thereby
relaxing the requirement for robots to localize themselves well relative to the
rendezvous location).

However, using a single rendezvous location as described above can be in-
efficient in some scenarios. Consider, for example, a scenario where two robots
can meet and communicate on different sides of a thin wall with minimum
travel time, or have to travel a long distance to meet at the same rendezvous
location. Fig. 5.1 illustrates such a scenario. Rendezvous location 1 is near the
unexplored frontier and near the explorer, but will require the relay to cover
a long distance to get there and back to the base station. As a result, the
flow of information to the base station will be slow. Rendezvous location 2 is

half-way between the explorer and the base station. If this location is selected,

102



RV Location 1

Explorer

\

RV Location 3

Relay BaseStation
— o RV Location 2

Figure 5.1: An explorer has partially explored an environment (obstacles are
black, unexplored space is grey and explored space is white), and needs to de-
liver the new information to the base station (green) via a relay. Three possible
rendezvous locations are shown. Locations 1 and 2 are single points, where both
the explorer and the relay head to the same destination. Rendezvous location
3 is split into two points on different sides of a wall — the explorer heads to the
red location, while the relay heads to the blue.

the explorer will have to take a lot of time “off” exploring, resulting in slow
exploration. Rendezvous location 3 is much more efficient — both the explorer
and the relay have to travel relatively short distances to make the rendezvous.
Another example could be two robots on different floors of a building trying
to rendezvous, where a staircase between the two floors can be very difficult to
traverse. With a single rendezvous location, it is very likely that at least one of
the robots will have to navigate the staircase, while it would be more efficient
for the two robots to meet on either end of the staircase without actually trying
to climb it.

In order to address these issues, we define a rendezvous tuple as a gen-
eralisation of a rendezvous location. A rendezvous tuple is a tuple of points

(p1,p2, ..., Pn), Where n is the number of robots planning to attend the ren-
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dezvous, such that if each robot ¢ arrives at the corresponding position p;, all
n robots can communicate with each other. Note that a rendezvous location is
then simply a special case of a rendezvous tuple, with p=p; =py =p3 = ... =
pn- Using a rendezvous tuple has two main advantages over using a rendezvous

location:

e [t allows us to specify individual robot rendezvous locations p; that are
not necessarily on paths of the robots to the single rendezvous point p,
which can reduce robot travel time and energy usage. This can also be
useful in situations where a robot is able to communicate with the other
robots through obstacles but is unable to physically reach the other robots

due to environmental constraints.

e It lets us specify rendezvous points that lie outside of difficult to navigate
terrain, making sure that robots do not enter such terrain. For example,
it allows us to explicitly arrange for two robots to meet on either end of a
staircase. If we use a rendezvous location instead of a rendezvous tuple,
we would need to specify that location to be, for example, in the middle
of a staircase, and may therefore not be able to avoid one of the robots
entering the staircase, which could be very costly in terms of travel time
and energy usage (or could even lead to a robot getting stuck) if one of

the robots is slightly late to the rendezvous.

The main disadvantage of using a rendezvous tuple is that if the locations
in a tuple are not chosen carefully, robots may still be outside of the communi-
cation ranges of one another after they arrive at their corresponding locations.
Estimating wireless signal ranges can be difficult in indoor environments (see
section 5.5.1 for more details). When there is line-of-sight between agents, they
may be able to improve the strength of the wireless signal by moving closer to
each other in a direct line, in case the signal is too weak to establish communi-

cation. This is not always possible when there are obstacles on the line-of-sight
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between the two agents. Sometimes they may be able to establish communica-
tion by moving towards each other. In some situations, however, they may find
themselves in a local maxima with regards to the communication probability
with other agents in the rendezvous — that is, they might find themselves unable
to increase the chances of communicating with the other agents by moving to a
neighbouring location, for example, because of the presence of an obstacle. In
that case, robots may have to backtrack in order to reach another rendezvous
location from which successful communication is more likely. An illustration
of the two situations described above is shown in Fig. 5.2. When using a ren-
dezvous location instead of a tuple, agents are guaranteed to enter the line of

sight of each other by the time they reach the rendezvous location.

5.2.2 Selecting rendezvous tuples

A process of selecting good rendezvous tuples should follow the steps below:

1. Obtain a set of candidate rendezvous tuples

2. Evaluate expected utility of each candidate rendezvous tuple given some

utility function

3. Select the rendezvous with the highest utility as the next rendezvous

Consider a variant of Role-Based Exploration as described in [32]. Here,
single-point rendezvous location P is chosen by the explorer at a prior meet-
ing with the relay to be near the next frontier to be sensed by the explorer,
but preferably in an open space or at a junction. [32] shows that choosing a
rendezvous location this way tends to improve the exploration performance of
the robot team, which means that this is a convenient meeting location for the
explorer (that is, the explorer does not need to deviate from its exploration
plan too much to make the rendezvous). The relay, however, has to navigate
to the same location for rendezvous with the explorer. By using a rendezvous

tuple < P, P, > instead, where the explorer heads to point P as before, but
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Figure 5.2: Two scenarios where agents have overestimated their communica-
tion ranges when planning rendezvous. Obstacles are shown in black, free space
is shown in white. The explorer arrives at the red location and the relay ar-
rives at the blue location, but they fail to establish communication as they are
outside the communication range of each other. Top: there is line-of-sight be-
tween the rendezvous locations, and agents are able to enter the communication
range by moving towards each other in a straight line. Bottom: the relay enters
area from the right and heads to the originally planned rendezvous location,
where it fails to establish communication. Agents are unable to improve signal
strength by moving towards each other as they are in a local maxima w.r.t.
signal strength; the relay has to backtrack and head to the backup rendezvous
location to establish communication.

the relay heads to point P, which is in communication range of P and is more
convenient for the relay to reach than P, we can explicitly take into account
the communication ranges of the agents. The outcome is that the relay has to
travel less to make the rendezvous, meaning that communication among the
team and with the base station can occur more frequently. Given the point P,

how do we select a good corresponding point P,.?

106



5.2.2.1 Obtaining a set of candidate tuples

A set of candidate points for P, can be obtained by sampling a number of points
P; from the occupancy grid within Euclidean distance r of P, where r is the
maximum line-of-sight distance at which communication between two agents is
possible. We can then use a communication model, such as a path loss model
with wall attenuation factor [11], to estimate the likelihood of communication
between points P; and P. If the likelihood is less than a certain threshold,
we discard P;. Finally, we calculate the utility for each tuple < P, P; > and
select the pair with the best utility as the next rendezvous. One measure of
such utility would be the inverse of the distance from P; to the communication
range of the base station, aiming to reduce the distance that the relay has to
travel to deliver the information from the rendezvous to base.

In this particular case, the points within communication range of P can also
be sampled in a more straightforward way by casting rays of length r from P
and sampling points P; along those rays. In general, however, the assumption
that the explorer rendezvous point P is given to us may be relaxed. Consider,
for example, the scenario in Fig. 5.1. If location 1 is chosen as the explorer
rendezvous location P, the corresponding relay rendezvous candidate locations
P, may all end up being in the top part of the environment, away from the
base station. Selecting both points in the tuple from among sampled points
may, however, lead us to selecting “RV Location 3” as the rendezvous location,
which would yield far greater utility. The algorithm that we propose in this
section, which samples points from the whole environment known to the agents
and predicts the connectivity among all the sampled points, is more general
and can be easily extended to incorporate other utility measures — for example,
to allow us to select both rendezvous locations in the pair from among the
sampled points as described above.

The full algorithm for selecting the point P; is presented in Algorithm 5.1.

While establishing connectivity among the sampled points, in lines 11 - 13 we
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also predict which of the sampled points have connectivity to the base sta-
tion and add them to a separate list. To reduce the number of costly path
calculations in line 19 when looking for the nearest point in base station com-
munication range, only K points with the smallest Euclidean distance to P;
may be considered as a heuristic. In that case, an extra condition can be
added in line 11 accordingly. In our implementation, we used K = 25.

Other approaches to generating the set of candidate tuples were considered.
In [112], we proposed using thinning on the occupancy grid map to obtain a set
of points that are near obstacles. The candidate locations for the rendezvous
location for the explorer were sampled from these points. From each of those
points, we would cast rays and sample points along those rays that are within
communication range of the candidate rendezvous location for the explorer in
order to obtain rendezvous location pairs, which can then be evaluated accord-
ing to some utility function. We believe, however, that the method described

in Algorithm 5.1 is both more efficient and more general.
5.2.2.2 Sampling of points

In the proposed approach, we want to uniformly sample points from the free
space of the occupancy grid map. If a pseudo-random sampling method is
used and the number of sampled points is small, sampled points are likely
to end up clumped together and areas of the environment can end up being
under-sampled, as shown on the left side in Fig. 5.3. Using a quasi-random
low-discrepancy method for sampling points can help ensure the sampled points
are more uniformly spread throughout the environment. Several such methods
exists; in this work we chose to use a quasi-random low-discrepancy Sobol
sequence [57] for sampling points from the occupancy grid map. Other low-
discrepancy sequences can be used in its place. Using a Sobol sequence allows
us to generate points that are more equally distributed on the occupancy grid
map than the points obtained using a pseudo-random sampling method. Fig.

5.3 shows a comparison between using a Sobol sequence and pseudo-random
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Figure 5.3: On the left, red points are sampled using a pseudo-random number
generator. On the right, the same number of points is sampled using a Sobol
sequence. On the right, the sampled points are more evenly distributed across
the free space of the occupancy grid map (shown in white; obstacles are shown
in black). Blue ellipses on the left show areas with low density of sampled
points. A Sobol sequence ends up sampling the points more uniformly.

number generator in order to sample points from the occupancy grid map. The

algorithm for generating a Sobol sequence is described in detail in [19].

5.2.3 Non-line of sight rendezvous

It is possible that P and P, may not have line-of-sight between them, however
communication is still possible. Having line-of-sight between P and P, makes
the rendezvous configuration robust to errors in the communication model used
to predict the possibility of communication between agents in P and P,. If there
is no communication after the agents arrive at their positions, they can move
in the direction of each other in a straight line, increasing the probability of
sufficient signal strength for communication, and are guaranteed to eventually
enter each other’s communication range. This is usually not possible when
there are obstacles on the straight line between P and P, — agents moving
to the areas of expected better signal strength will find themselves in local

maxima, and will need to navigate around obstacles if communication is still
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not established at that point. Depending on the environment, they may need
to backtrack significantly and spend a lot of additional time navigating to a
single rendezvous point P, where communication between the two agents will be
guaranteed (see Fig. 5.2). Therefore, it is important to take into consideration
the amount of time it would take for the relay to reach P from P,, especially
if the probability of communication at points P and P, is low according to our
communication model.

In addition, it is easier to predict path loss when there is line-of-sight, than
it is to predict the attenuation factor of (possibly unknown) obstacles that
lie between the agents when there is no line-of-sight. Therefore, we should
attach more confidence to our predictions of line-of-sight (LoS) communication
than to non-LoS predictions and weigh the risks against the advantages of non-
LoS rendezvous in each case. In our implementation we take such risks into
account by adjusting the communication model used by the agents to predict
signal strength between two points on the occupancy grid map. We set the wall
attenuation factor to be 1.1 times higher than the predicted maximum obstacle
attenuation factor in the environment. This choice, as well as the problem of

estimating communication ranges, are discussed in more detail in section 5.5.1.
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Input: Explorer rendezvous location Explorer RV Loc
Occupancy grid OccGrid
Density of points to sample SamplingDensity
Output: Corresponding relay rendezvous location P,

N = OccGrid.GetFreeCellCount()/Sampling Density;
Sample N points P; from OccGrid;
Pyx = Explorer RV Loc;

// Establish connectivity among sampled points
for:=0to N +1do
for j=ito N+ 1do
if PropModel.IsConnected(P;, P;) then
P,.Connections. Add(P;);
P;.Connections. Add(F;);
end
end
if PropModel.l1sConnected(P;, BaseStation) then
| ConnectionsToBase. Add(P;);
end

end
MinDistToBase = oo;
P’r = PN7

// Locate the point P, connected to FExplorer RV Loc that has
the shortest distance to a point within the communication
range of the base station

foreach P, € Py.Connections do

foreach P,,.. € ConnectionsToBase do

dist = OccGrid.Calculate Path(P;, Pyase).Length();

if dist < MinDistToBase then
MinDistToBase = dist;

P.=F;
end

end
end
return F,;

Algorithm 5.1: Choosing a rendezvous location for the relay, given a ren-
dezvous location for the explorer
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5.2.4 Initial evaluation

We will evaluate our approach against the benchmark of Role-Based Explo-
ration with single rendezvous locations as described in [32] (we will refer to
this benchmark approach as SRL). The evaluation will be performed in the
MRESim simulator. The goal of these simulated experiments is to evaluate
if, and how well, the proposed approach is able to exploit the topology of the
environment to obtain improved team performance, assuming that the commu-
nication model used to estimate the communication ranges of agents does not
overestimate the real communication ranges. Given this assumption, our ap-
proach will perform very similarly to SRL on unfavourable environments where
communication through obstacles does not yield significant advantages, as the
rendezvous locations selected will be nearly identical. We are therefore only
interested here in evaluating performance in an environment where we expect
arranging rendezvous through obstacles to yield an advantage. An example of
such an environment is the RoboCup Rescue Virtual Robot Competition 2013
Preliminary2 map, with some clutter added to the map. The map is shown in
Fig. 4.26, and we will be using it for our initial evaluations.

As the entry point for a team of robots exploring the environment is going
to be on the outside edge of the map in many scenarios, we used the areas
shown in Fig. 5.4 to randomly select 25 starting locations. In each starting
location, we had a static base station and 2 robots with initial locations near
the base station (and within its communication range). From each starting
location, we performed one run each with SRL and our approach described so
far in this chapter, where a rendezvous location consists of multiple points (we
will refer to this approach as MP).

Fig. 5.5 shows the average percentage of the environment known at the base
station for each time step across all 25 runs from starting locations described
above. As we can see, the strategies behave similarly up to around step 1000,

after which MP produces slightly worse results. However, the average time it
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Figure 5.4: Starting locations are randomly selected from the areas shown in
red.

takes for a message sent from the base station to reach each agent in the team
is much lower when using the MP approach, as shown in Fig. 5.6, particularly
after the first 500 time steps. These two results indicate that when using the
MP approach the relay is able to deliver information between the explorer
and the base station more frequently, but by causing slight disruption to the
explorer in the process.

Looking at the number of times the base station gets new information from
the agent at each time step, shown in Fig. 5.7, further confirms that when
using MP, the frequency of communication with the base station is increased.
This is expected — the timing of subsequent RV is decided at the time of the
previous RV. It is based on the time when the relay will be able to arrive at
the following RV location (but taking into account the minimum amount of

time required for the explorer to reach the next frontier and spend some time
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Figure 5.5: Average percentage of the environment known at base station for
each timestep.

exploring it). Therefore, shorter travel distances for the relay generally lead
to less time between each subsequent rendezvous and therefore more frequent
updates of the base station and lower communication latency. When using the
MP strategy, the relay has to travel less to get from RV to the base station
communication range, and then to the new RV than when using the benchmark
SRL strategy, which explains the increase in the frequency of communication
with the base station.

Fig. 5.8 shows the average number of timesteps an explorer has spent
heading to a rendezvous location (instead of heading to a frontier to sense new
areas of the environment). We can see that after around step 500, the explorer
does tend to spend more time returning to RV when using the MP approach.
At this point approximately 25% of the environment has been explored, and
so there is enough information for agents to start exploiting the topology of
the environment and their communication ranges with the MP strategy. The
frequency of rendezvous should not in general affect the total time the explorer

spends returning to RV. The most likely reason why the explorer spends less
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Figure 5.6: Average latency in delivering messages from the base station to all
the agents.

time returning to RV when using SRL than when using MP is that when
using the SRL strategy, both relay and explorer head to the same location for
RV. This means that as the relay is approaching the RV location, especially
if it arrives early, the explorer will enter its communication range before it
actually reaches the RV location. Using the MP strategy, however, the relay
and the explorer head to different locations for the RV (with the assumption
that communication between the two locations is possible). Therefore, even if
the relay arrives to the RV location early, the explorer will likely have to travel
all the way to its RV location (which is the same as the location used for SRL),
and therefore will end up spending more time in transit to RV.

According to Fig. 5.9, after around timestep 500 fewer timesteps are spent
sensing new areas of the environment on average when using MP compared
to SRL. This metric seems to converge for the two strategies after around
timestep 2500. When using the SRL strategy, a lot more repeated sensing of the
environment happens compared to when using the MP strategy, although the

number of timesteps in which repeated sensing occurs is very small compared
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Figure 5.7: Average number of times the base station received new occupancy
grid information from the agents up to the current timestep.

to the overall number of timesteps, as can be seen in Fig. 5.10. Since we are
only using two robots for the mission, one of which is a relay, the most common
case of double-sensing would be when a relay arrives at the RV location, which
is usually selected near an old frontier, and therefore senses some of the area
it perceives as new (but which has already been sensed by the explorer since
the previous rendezvous). This again confirms our explanation for why the
explorer spends more time returning to the RV when using the MP strategy
and hence why the average percentage of the environment known by the base
station is slightly lower when using the MP strategy.

Another interesting observation are the relative contributions of both agents
to the sensing of the environment. Because agents can exchange their roles (of
Explorer and Relay) during the mission, we track the number of occupancy
grid cells sensed while in the agent role, rather than by individual agents.
The results are shown in Fig. 5.11. We can see that with both strategies, as
expected, the area sensed by relays is negligible compared to that sensed by the
explorers. The amount of area sensed by the Explorer with the SRL strategy
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Figure 5.8: Average number of timesteps explorer has spent heading to ren-
dezvous up to the current timestep.

appears slightly higher than that of the MP strategy for most of the mission;
this is likely related to our prior observation of explorers spending more time
returning to the RV when using the MP strategy.

The number of timesteps that relays remain idle (either due to the explorer
being late to the RV, or because the relay is early) for both strategies is shown
in Fig. 5.12. After around timestep 500, the total idle time appears to be
increasing at a similar rate for both strategies. Initially, the MP strategy has
the relay spend a lot more time idle than the SRL strategy. The reason for this
is that we require that the explorer spends at least some time (100 timesteps
in our implementation) exploring a frontier before heading to RV. The relay
has to travel less in the MP strategy, hence more time spent idle. After the
explorer moves deeper into the environment, the time it takes for the relay
to head to base and return to RV is generally sufficient to give the explorer
enough time to explore the frontier, and so rendezvous is scheduled at around
the time when the relay is expected to be able to arrive at the RV location,
which likely explains why the idle times for relays increase at a similar rate for

both strategies.
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Figure 5.9: Evaluation of MP against SRL with 2 agents. Average number of
timesteps agents have spent sensing new areas of the environment, averaged
across 25 runs on the modified Robocup Rescue Virtual Robot Competition
2013 Preliminary2 map.
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Figure 5.11: Average number of occupancy grid cells sensed by explorer and
relay for each strategy.
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Figure 5.12: Average number of timesteps the relay has spent being idle up to
the current timestep.
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5.3 Relay exploration

From Fig. 5.12, it appears that with both strategies, relays spend almost
10% of their time idle. Is it possible to use that idle time to use relaying
robots to explore more of the environment? To evaluate that, we implemented
two new strategies SRL-RELEXP and MP-RELEXP. In these strategies, the
explorer continues to behave as before (and so we do not impose any additional
constraints on the exploration strategy used by the explorer). The behaviour

of the relay, however, is changed and now follows the following steps:

1. When the relay meets its child, the explorer, the two agents agree on the
time and location of the subsequent rendezvous. This step is the same as

before.

2. After the relay exchanges information with its parent (in our case, the

base station), it calculates the path to its rendezvous location.

3. By dividing the path length by its projected average speed, the relay can
find out how long it will take for it to reach the RV location. If the relay
expects to be at least IV timesteps early (we used N = 15), then it may
be able to take a detour and explore a frontier before heading to RV.

Therefore, the relay enters the Faplore state.

4. When in Ezplore state, the relay only evaluates frontiers that it can reach
in time. To do that, it calculates the time it should take to reach the fron-
tier, and the time it may take to reach either its own or the explorer’s RV
location from the frontier (it picks the shortest distance out of the two).
If it can reach the frontier and then make the rendezvous in time, it con-
siders the frontier in the standard frontier selection/allocation algorithm,
otherwise it discards the frontier. If there are no frontiers to explore or
all of them have been discarded, the relay enters the GoToChild state

and heads back to RV. Otherwise it continues to explore the frontiers.
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Figure 5.13: Average percentage of the environment known at base station for
each timestep for SRL and SRL-RELEXP strategies.
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Figure 5.14: Average percentage of the environment known at base station for
each timestep for MP and MP-RELEXP strategies.

As we can see from Figs. 5.13, 5.14 both strategies show similar minor
improvements in base station knowledge at each timestep over the original ones.
Most of the improvements come in the early stages of the exploration — after
that, base station knowledge increases at a similar rate to that of the original

approaches. At the start of the mission, the relay has a lot of “free time” to
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Figure 5.15: Average number of occupancy grid cells sensed by explorer and
relay for strategies SRL and SRL-RELEXP.

explore frontiers as it either has to travel little or not at all to perform the
relaying functions. At the same time, there are usually still some unexplored
frontiers near the base station (and the location of the relay) that can be
explored. At the later stages of the mission, the relay has little free time, and
so the new strategies behave similarly to the original ones. This behaviour
can be seen more clearly by looking at the graph of information sensed by
explorer and relay separately, shown in Figs. 5.15, 5.16. We can see that in
the RELEXP strategies, as expected, the relay ends up sensing a lot more area
than in the original approach, and most of the difference is made in around the
first 500 timesteps. The explorer ends up sensing less towards the end of the
mission (due to some of the environment already having been sensed by the

relay).
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Figure 5.16: Average number of occupancy grid cells sensed by explorer and
relay for strategies MP and MP-RELEXP.

5.3.1 Increasing exploration speed

So far we have managed to improve significantly on the communication latency
between the agents and the base station by exploiting the communication range
of agents in rendezvous planning, while also having a minor improvement in
the overall rate of exploration by incorporating the relay in the exploration
effort. In many search-and-rescue missions, however, the rate of exploration
is the more important parameter. In this subsection, we attempt to improve
the rate of exploration significantly with a tradeoff of communication latency.
The goal is to have the same communication latency as that of the benchmark,
and therefore free up the relay to do more exploration, leading to a significant
improvement in the rate at which the environment is sensed. We define the
MP-RELEXP-ST strategy to be the same as MP-RELEXP, with the following

modifications:

1. When the relay meets with its explorer, the timing of the rendezvous is
calculated in exactly the same way as in the benchmark approach, SRL.

This is done to keep the frequency of rendezvous to be roughly the same
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Figure 5.17: Average percentage of the environment known at base station for
each timestep for MP-RELEXP and MP-RELEXP-ST strategies.

as in the benchmark approach.

2. Instead of choosing the relay RV location to be nearest to the communi-
cation range of the base station, the location is selected to be nearest to

the frontier that the relay will plan on exploring (reachable in time).

3. If the relay is unable to reach any frontier in time, the relay RV location
will be chosen to be the same as the explorer’s RV location. In this case,
the rendezvous process will be the exact same as in the benchmark SRL

strategy.

As shown in Figs. 5.17, 5.18 MP-RELEXP-ST outperforms the benchmark
at nearly every timestep when it comes to information available to the bases-
tation. The main difference in performance with MP-RELEXP is that after
the initial timesteps, MP-RELEXP-ST continues to accumulate information at
the base station at an accelerated rate relative to MP-RELEXP. The average
message latency is slightly worse than the benchmark, and significantly worse

than MP-RELEXP, as shown in Fig. 5.19. The relay spends a very similar
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Figure 5.18: Average percentage of the environment known at base station for
each timestep for MP-RELEXP-ST and the benchmark SRL strategy.

amount of time idle compared to MP-RELEXP, as can be seen in Fig. 5.20.
Figs. 5.21, 5.22 show that after around step 500, the relay gathers more infor-
mation compared to other approaches, with the corresponding decrease in the

amount of information sensed by the explorer towards the end of the mission.
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Figure 5.19: Average latency in delivering messages from the base station to
all the agents at each timestep.
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Figure 5.20: Average number of timesteps the relay has spent being idle up to
the current timestep.
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Figure 5.21: Average number of occupancy grid cells sensed by explorer and

relay for MP-RELEXP and SRL.
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Figure 5.22: Average number of occupancy grid cells sensed by explorer and
relay for MP-RELEXP-ST and SRL.
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5.4 Scalability

So far in this chapter, we have been discussing the approaches for arranging
rendezvous between an explorer and a relay, as well as evaluating their perfor-
mance when the team consists of only 2 agents. These approaches can be easily
scaled up to larger teams consisting of 2N agents, where N relay-explorer pairs
are formed before the start of the mission. The agents and the base station
then form a tree hierarchy, 3 levels deep, with the base station at the root of
the tree, the N relays as its children, and each relay having an explorer as their
child, forming the leaves of the tree (see Fig. 5.23). Agents can occasionally
swap positions in the tree, including between different branches of the tree, if
this leads to decreased travel time, according to the role-swap rule [31]. Each
relay-explorer pair can then plan their rendezvous independently as described
earlier in this chapter. Explorers can still interact with each other to allocate
frontiers among themselves, according to the exploration strategy used. Ap-
proaches described in this chapter can also be adapted to other tree structures,
such as longer chains of relays or multiple explorers served by a single relay, in
a relatively straightforward way.

We evaluated the MP-RELEXP and MP-RELEXP-ST approaches intro-
duced in this chapter using the same environment as before, and benchmarked
them against the SRL approach. We randomly selected 20 starting locations
from areas shown in Fig. 5.4, and ran simulations with 2, 4 and 6 agents. The
resulting speed of exploration is shown in Fig. 5.24. From Fig. 5.24a we can
see that, as expected, the more agents we have in our team, the faster they
are able to explore the environment. It seems that the rate of improvement
in the speed of exploration diminishes as we increase the number of agents.
Furthermore, the improvement from our approach MP-RELEXP-ST compared
to the benchmark SRL appears to get smaller as the number of agents is in-
creased. Fig. 5.24b shows the same effect more clearly. The likely explanation

for both of these observations is that as the biggest frontiers are sensed by
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Figure 5.23: Tree hierarchy used for a team of 6 mobile robots (plus a static
base station). Base station is the root of the tree, relays are red middle nodes,
explores are blue leaves. Based on the image in [31]

some of the explorers, there are few major frontiers for other agents to explore,
including the relays when using the MP-RELEXP-ST strategy, which leads to
the diminishing returns when more agents attempt to contribute by exploring
the environment.

It would therefore appear that as the number of agents in the team is in-
creased, it could be more effective to use the additional resources to improve
team communication. As a reminder, in MP-RELEXP, we exploit the com-
munication ranges of the agents in the team to increase the frequency of ren-
dezvous. In MP-RELEXP-ST we reduce the frequency of rendezvous in order
to give relays a chance to explore nearby frontiers. Fig. 5.26 shows the maxi-
mum number of timesteps, averaged across 20 simulation runs, that it takes for
a message from the base station to reach all agents in the team. As expected,
using the MP-RELEXP approach leads to significantly decreased message la-
tency for runs with 2, 4 and 6 agents. These results suggest that as the number
of explorers in the team is increased, MP-RELEXP should usually be preferred
to MP-RELEXP-ST.

The average results for 20 starting locations selected from the “good” areas
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Figure 5.24: Speed of exploration for SRL, MP-RELEXP, MP-RELEXP-ST
approaches for 2, 4 and 6 agents.
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Figure 5.25: Starting locations where MP-RELEXP-ST performs particularly
well are selected in the areas shown in red.

in Fig. 5.25 are shown in Figs. 5.28, 5.27. The effects described above still
hold, but are emphasized more. It is interesting to observe that MP-RELEXP-
ST with 4 agents in the team performs almost as well as the benchmark SRL

approach with 6 agents.
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Figure 5.26: Maximum number of timesteps, averaged across 20 simulation
runs, that it takes for a message from the base station to reach all agents in
the team.
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Figure 5.27: Maximum number of timesteps, averaged across 20 simulation
runs for the “good” starting locations, that it takes for a message from the
base station to reach all agents in the team.
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Figure 5.28: Speed of exploration for SRL, MP-RELEXP, MP-RELEXP-ST
approaches for 2, 4 and 6 agents for the “good” starting locations.
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5.5 Discussion
5.5.1 Estimating agent communication range

The process of selecting good rendezvous tuples depends on the agents hav-
ing a good model for predicting their communication range at the potential
rendezvous locations. If the model used is too conservative, the agents will
be unable to exploit their communication range to improve team performance,
when compared to using a single rendezvous location (which we use as a bench-
mark in this chapter). It is important to note that in this case using rendezvous
tuples will result in a performance very similar to that of the benchmark, as
the rendezvous tuples will simply collapse to either a single point or two points
with line-of-sight between them. If the communication model is selected to be
too optimistic, agents may end up selecting rendezvous tuples with no commu-
nication available between the locations of the agents. If there is no line-of-sight
between the locations, the agents will have no way of knowing why there is no
communication when they arrive at the rendezvous. For a discussion of the
failure modes, see section 5.5.2. The more our model overestimates the real
communication ranges of the agents, the more often the rendezvous will fail.
In this chapter we use a path loss model with wall attenuation factor (WAF')
originally proposed by Bahl and Padmanabhan [11]. This model is also known
as the RADAR model. This is the communication model that is used by
the Wireless Simulation Server (WSS) [85] to simulate wireless communication
between robots in USARSim, a high-fidelity simulator that had been used in
the RoboCup Rescue Virtual Robots league between 2007 and 2015 [12]. An
equivalent of WSS is going to be used in the league with a different simulation
environment Gazebo from 2016 [7]. In this model, communication strength is

calculated as follows:

dpm, )
S =P, —10 x N x loglod— x min(nW, C) x WAF
0
where P, is the signal strength at reference distance dy, N is the rate of
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Range Materials Loss (dB)
Low Non tinted glass, Wooden doors, | 2 — 4

Cinder block walls, Plaster
Medium | Brick wall, Marble, Wire mesh, | 5—38
Metal tinted glass

High Concrete wall, Paper, 10 — 15
Ceramic bullet-proof glass
Very high | Metals, Silvering (Mirrors) > 15

Table 5.1: Typical attenuation for building materials at 2.4GHz

path loss, d,, is the distance, nW is the number of obstructing walls, WAF
is the wall attenuation factor and C' is the maximum number of walls where
the attenuation factor needs to be considered. This model has been shown
to have good accuracy in indoor environments [25]. Approaches described in
this chapter do not depend on the use of any particular communication model,
however.

Parameters Py,, dyo, N, d,, and C can be estimated for a particular loadout
of the robots before the rescue mission. However, the wall attenuation factor
WAF can be highly variable between different environments (or even within
one environment) so it can be difficult to get a good estimate of it before the
start of the mission. Prior knowledge about the materials used for the walls
and floors of the building as well as for other obstacles that the agents might
encounter in the environment might help to get an initial guess of what that
value should be. Table 5.1 shows typical attenuation values for some building
materials at 2.4GHz [98].

We can then obtain empirical observations of the attenuation factors of the
obstacles during the actual exploration mission as follows. When agents are
communicating with each other, they are able to measure the signal strength
between them. From the occupancy grid map, they will be able to estimate the
number of obstacles between them. Knowing the parameters Py, do, N, d,,

and C, they are then able to estimate WAF. As shown in Fig. 5.29, distance
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Figure 5.29: Variation in rate of loss over distance (taken from [17])

between the agents has a much greater effect on loss when the distance is
small. Therefore, to make the estimate more robust to distance estimation
errors, for example due to small localization errors, we only obtain empirical
observations when the distance between the agents is greater than 4 meters.
In a simple pessimistic model, agents then use the maximal WAF empirically
observed during the mission in subsequent range estimations (multiplied by
a fudge factor greater than 1 if we want to be even more conservative — we
used the factor of 1.1 in this chapter. We leave the empirical studies of the
appropriate fudge factor for particular environment types, agent configurations
and payloads as future work). Agents also share their observed WAF with
other agents during communication.

More interesting methods may include taking into account that different
types of obstacles in the environment are likely to have different attenuation
factors. Topological data obtained from the occupancy grid, or even raw laser
measurements may then be used to infer the appropriate type of some of the
obstacles in the environment (load-bearing walls, thin walls, debris and others),
and assign appropriate observed WAF's to different obstacles. These estimated

attenuation factors could then be stored in the occupancy grid map and used
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for signal strength estimation. Furthermore, in some cases the measured atten-
uation of the obstacles may be valuable in its own right — it might provide the
human responders with additional information about the materials and types
of obstacles present in the environment. In less structured environments, such
as heavily collapsed buildings, such data may be less reliable and the simple
pessimistic model described above with WAF assumed homogeneous through-
out the environment could possibly perform better than the more complicated

approaches.

5.5.2 Failure modes

It is possible that when an agent arrives at the rendezvous location at the pre-
agreed time, it is not able to establish communication with its partner. Here
we consider two such scenarios — where the agreed rendezvous locations for
the two agents had line-of-sight between them and when they did not due to
the presence of obstacles between the corresponding locations. If there is line
of sight between the two locations, the agent arriving at the rendezvous can
improve the chances of communication with its partner by navigating towards
the rendezvous location of the partner, as shown in Fig. 5.2. If, after arriving
at the rendezvous location of the partner, the agent is still unable to establish
communication, it can wait for a designated amount of time in case the partner
is late and then either navigate to a backup rendezvous location, continue the
exploration mission independently, or head towards the base station.

In case of non-line-of-sight rendezvous scenario, navigating towards the area
of greater probability of communication may not be easily possible, as the
agent may be stuck in the local maxima with regards to the probability of
communication with its partner (see Fig. 5.2). In this case, the following

reasons for not being able to establish communication need to be considered:

1. It is possible that the rendezvous partner is simply late, in which case

the best course of action could be to wait some more.
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2. It could be that the other agent was disabled, in which case we should

cancel the rendezvous and re-evaluate the agent hierarchy.

3. While we make the assumption of the environment being static in this
thesis, in practice this is often not the case. In a dynamic environment,
paths could get blocked, in which case our partner may not be able to
make the rendezvous (or may be late, as in case 1). In this situation,
we may attempt to meet at a backup location, or, if the agents become

irrecoverably separated, re-evaluate the agent hierarchy.

4. If both agents are actually present at their respective rendezvous posi-
tions, but they are not able to establish communication due to being
outside of the communication ranges of each other, they should proceed

to a backup rendezvous location where communication is more likely.

The first three situations described above could happen even when a single
rendezvous location is used (and so do not depend on our choice of communi-
cation range modelling) [32]. Using rendezvous tuples introduces an additional
mode of failure described in the last point above. As the individual agents
will not in general be able to distinguish between the four modes of failure, we
assume that the agents respond in a way that is consistent with all of them.
That is, they should wait for a pre-agreed timeout interval; after that, they
should attempt to navigate to a pre-agreed backup rendezvous location where
communication is more likely. If the rendezvous at the backup location fails
as well, they should re-evaluate the agent hierarchy (by either heading to the
base station for new instructions, or changing their role to that of an explorer

with the base station as their parent).
5.5.2.1 Evaluation in simulation

In order to evaluate the potential impact that agent failure can have on the

proposed exploration strategies, we ran simulations where two agents explore
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the environment using the MP-RELEXP-ST and the benchmark SRL strate-
gies. In each simulation run, we had one agent fail at timestep 1500, which
is around the middle of the mission. We assume that a failing agent is not
able to navigate the environment or communicate with its teammates. In all
cases we used the recovery procedure described in section 5.5.2 — when using
the SRL strategy, the agent arriving at rendezvous waits for its partner for 60
timesteps. With the MP-RELEXP-ST strategy, after waiting for its partner
for 60 timesteps, the agent heads to the backup rendezvous location, where it
waits for a further 60 timesteps. After that in both strategies the agent finishes
exploring the environment using greedy frontier exploration before returning
to base.

The effects of the explorer failing are shown in Fig. 5.30. As expected, when
using the multi-point rendezvous location, the recovery takes slightly longer,
as the relay has to wait for 60 timesteps at the original location, then go to the
backup location and wait for an additional 60 timesteps. After that the agent
can assume that the explorer has failed and proceed to explore the environment
using greedy frontier exploration. Rendezvous in the benchmark SRL strategy
guarantees line-of-sight in static environments, and as such the relay can enter
exploration mode without the need to head to the backup location. Note that
in this scenario the relay has to re-explore the areas that have already been
explored by the explorer that failed.

The behaviour is similar when the relay fails instead. However, the team
has a slightly faster recovery as can be seen in Fig. 5.31, as the relay would
generally have less new information at the time of failure compared to a failing
explorer, and therefore the failure may have a lower impact on the overall team

performance.
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(a) Average percentage of the environment known at base station for
each timestep. Figures for each timestep are averaged across 25 runs
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(b) Average percentage of the environment known by the overall team
for each timestep. Figures for each timestep are averaged across 25 runs
with random starting locations for each scenario evaluated.

Figure 5.30: Effect of the exploring agent failing at timestep 1500 on the speed
of exploration when using the SRL and MP-RELEXP-ST strategies.
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(b) Average percentage of the environment known by the overall team
for each timestep. Figures for each timestep are averaged across 25 runs
with random starting locations for each scenario evaluated.

Figure 5.31: Effect of the relay agent failing at timestep 1500 on the speed of
exploration when using the SRL and MP-RELEXP-ST strategies
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5.5.3 Sampling point density

What effect does the density of sampled points have on the MP-RELEXP-ST
approach? In order to evaluate that, we randomly chose 25 starting loca-
tions in areas of the map where MP-RELEXP-ST strategy gives the biggest
improvements. These areas are shown in Fig. 5.25. We then ran simula-
tions with 3 different sampling densities: on average one point per each 20x20,
70x70 and 120x120 occupancy grid squares (1 sampled point on average per
1.6m? 19.6m? 57.7m?). In order to benchmark the performance, we also
ran simulations using the SRL-RELEXP approach, which is similar to what
MP-RELEXP-ST would perform as if too few points are sampled.

Fig. 5.33 shows how the performance of the MP-RELEXP-ST strategy
degrades and approaches that of SRL-RELEXP as we reduce the number of
sampled points. The breakdown of area explored by explorer and relay is shown
in Fig. 5.34. We can see that as the number of sampled points decreases, the
relay is less effective as an explorer which is what leads to the degradation in
overall performance shown in Fig. 5.33.

To evaluate how the number of sampled points affects the performance of
the algorithms, we randomly positioned the explorer, relay, as well as 5 frontiers
of random utility on the free space of the full map, using the same map we have
used so far in our evaluations; then, we ran the MP-RELEXP-ST rendezvous
location selection algorithm in MRESim on the chosen configuration. The full
map contains 261419 free occupancy grid cells. We varied the number of points
sampled; for each number of sampled points we repeated the process 25 times
on an Intel i7 CPU @ 2.2 GHz, Windows 7 laptop, noting the average times
to select the rendezvous locations. When sampled one point per each 20x20,
70x70, 120x120 occupancy grid squares, the numbers of points sampled were
653, 53, 18, and the average processing times were 1008 ms, 439 ms, 407 ms. The
SRL rendezvous selection process took 322 ms on average (note that it had to

be performed as part of each MP-RELEXP-ST selection process, contributing
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Figure 5.32: Cumulative time per number of points sampled for calculating the
rendezvous location using the MP-RELEXP-ST algorithm on an occupancy
grid with 261419 free cells.

to the overall processing times). The breakdown of average time spent on each
part of the MP-RELEXP-ST algorithm and the relationship of the running
time to the number of points sampled is shown in Fig. 5.32.

Given that, with a small number of points sampled, MP-RELEXP-ST be-
haves similarly to the benchmark, with performance improving as the number
of sampled points increases, and that the actual time available to calculate
the new rendezvous location could be limited, it could be beneficial to use the
MP-RELEXP-ST algorithm as a “just-in-time” method. This way, an agent
could start by calculating the new RV location by sampling a small number of
points from the environment. Then, more points could be iteratively sampled,
improving the resulting generated rendezvous location, until a time limit is

reached.
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5.5.4 Methodology

In this chapter, we evaluated the proposed approaches against the benchmark
on a single map, shown in Fig. 4.26. The map was selected specifically because
its layout was expected to offer significant benefits to team performance if team
members were able to plan their communication through obstacles in a sensible
way. The goal of the simulations was then to establish that the proposed
approaches were able to take advantage of such favourable environment layout,
as well as to investigate the potential trade-offs between exploration speed and
communication latency that arise from using the proposed approaches. In other
types of environments, such as environments consisting of large open spaces or
rubble that is easy to navigate around, arranging rendezvous through obstacles
would not yield significant benefits for the team. That would mean that the
proposed approaches would plan single-location rendezvous and as such behave
very similarly to the benchmark as the selected rendezvous locations would
be nearly identical. Therefore, we believe that the simulations performed on
a single map in this chapter are sufficient to evaluate whether the proposed
approaches are able to take advantage of favourable environment layouts and
to justify the qualitative results presented in this chapter.

Before the approaches proposed in this chapter are used in real search-and-
rescue situations, it would be necessary to perform experiments in environments
that are representative of the types of environments where the robots are likely
to be used. Such experiments will need to be conducted both in simulation
and in the real world. That would require for the appropriate test datasets and
standardized benchmarks to be created, similar to the smaller scale standard-
ized arenas used in the Rescue Robot competitions of the RoboCup Rescue
League [110]. Such benchmarks will require highly realistic wireless communi-
cation models that include models of signal attenuation from obstacles that are

consistent with what robots may encounter in a real operating environment.
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5.5.5 Applicability

We have shown that the approaches proposed in this chapter, MP-RELEXP
and MP-RELEXP-ST, are efficient in exploiting the topology of the environ-
ment and the communication ranges of the agents in order to improve the speed
of exploration and communication within the team. While in our evaluations
we considered primarily the advantages of communicating through obstacles,
the approaches can be easily extended to other scenarios. In particular, in the
simulated experiments we assumed that the environment can be represented
as “free space” and “obstacles”, where agents can navigate at a uniform speed
through free space and cannot navigate through obstacles. In real search-and-
rescue environments, terrain can have various degrees of traversability. The
methods in this chapter could then be used to arrange rendezvous in such
a way as to avoid navigating through areas of poor traversability (the most
straightforward way would be to simply treat such areas as obstacles while
planning rendezvous).

Simulated experiments suggest that with few agents in the team, MP-
RELEXP-ST should be preferred to MP-RELEXP as it results in faster explo-
ration of the environment and the delivery of information to the base station.
With higher numbers of agents the improvement in the speed of exploration
becomes smaller, and so MP-RELEXP should be preferred as it offers improved
team communication compared to other approaches considered. However, ex-
tensive experiments in real physical environments with similar communication
constraints as may be encountered in real missions are required before the
system can be deployed in the real world.

Compared to the opportunistic rendezvous approaches discussed in chapter
4, the methods proposed in this chapter allow agents to take advantage of the
topology of the environment and the communication ranges of agents to reduce
agent travel times and improve communication within the team. Additionally,

pre-arranged rendezvous gives greater control and awareness of the team to
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human operators with the behaviour of the team being more predictable. In
particular, the behaviour of the team is less affected by the specific frontier
allocation strategies used by the exploring agents as the agents will still aim to
meet at the designated locations at pre-agreed times that will be communicated
to the base station by the relays. On the other hand, opportunistic rendezvous
approaches offer greater flexibility of the team in terms of allocating the re-
sources between communication and exploration and improved robustness of
the team due to there being fewer potential points of failure. A combination
of the two approaches is possible — for example, agents using opportunistic
rendezvous can use the methods described in this chapter to select improved
rendezvous locations for communicating with the base station. We leave the

in-depth consideration of such combined approaches as future work.
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Chapter 6

Conclusions

This chapter gives a summary of contributions in this thesis, followed by direc-

tions for future work.

148



6.1 Summary of contributions

The problem we intended to address in this thesis was this: how should a ho-
mogeneous team of robots explore an unknown indoor environment where high
bandwidth communication has a very limited range, while maintaining periodic
communication with a static base station? We identified the inherent trade-off
between the speed of exploration and the provision of communication within
the team and proposed two classes of approaches to address this problem: using
opportunistic rendezvous to guide the team behaviour and explicitly arranging
rendezvous locations.

We proposed an opportunistic approach where the allocation of team re-
sources between exploration and communication, and the corresponding time
preference for information by the base station, can be parametrised with a sin-
gle numerical parameter between 0 and 1, which we call the return ratio. This
approach is highly robust and we showed in simulation that it can lead to com-
plex relay chains being formed in different types of environments. Additionally,
we showed that this approach is very flexible in adjusting to the desired alloca-
tion of resources between exploration and communication, as well as to varying
numbers of agents in the team. Simulated results suggest that using return ra-
tios between 0.6 and 0.7 tend to provide a good trade-off between the speed of
exploration and the rate of communication on different types of environments
for team sizes of between 2 and 8 agents. Furthermore, we showed that the
return ratio set to the inverse of the golden ratio means that when a corridor
environment is explored by two agents, they will end up meeting at what was
the boundary of explored and unexplored space at the time of the previous
meeting.

We showed that certain types of environments can benefit from explicitly
arranging rendezvous. These types of environments include large open areas
where opportunistic communication between agents is unlikely, and environ-

ments with areas of low traversability or including thin obstacles through which
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communication is possible, where carefully planning rendezvous locations can
save agents navigation time, improve team connectivity and keep agents out
of dangerous areas. We proposed a novel definition of a rendezvous location
as a tuple of points. Using such rendezvous locations could allow agents to
exploit the topology of the environment and their communication range. We
outlined an algorithm for obtaining such rendezvous locations and proposed
exploration strategies MP-RELEXP and MP-RELEXP-ST which can reduce
the travel time of the relay in certain environments. We showed in simula-
tion that MP-RELEXP can improve team connectivity and MP-RELEXP-ST
can improve exploration speed in some settings. Simulation results suggest
that as the number of agents in the team is increased, MP-RELEXP-ST offers
diminishing returns and MP-RELEXP should be favoured.

As part of this DPhil, the discrete-time multi-agent exploration simulator
MRESim, originally introduced in [30], was extensively developed. The simu-
lator was proposed as a middle ground of abstraction between the Agent and
Virtual Robot competitions of RoboCup Rescue. Our work on MRESim as
part of this thesis won the 2014 Infrastructure competition of the RoboCup
Rescue Simulation League. The simulator is described in detail in Appendix

A.

6.1.1 Applicability guidelines

In this thesis two types of exploration strategies were proposed. While more
validation is required before these approaches can be applied in real life sce-
narios (see Section 6.2), here we present guidelines based on the simulated
experiments in this thesis on when each of the proposed approaches should be
favoured.

Opportunistic approaches utilizing the return ratio should be used when:

1. Teams consist of a relatively large number of homogeneous expendable

robots.
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2. Environments are corridor-like, where agents are likely to communicate

opportunistically.

3. Mission priorities or search areas are unlikely to change throughout the
mission, as reliable quick propagation of messages from the base station

to the whole robot team may be unavailable.

4. The operating environment is dynamic, making planning for communi-

cation difficult.

If the goal of the mission is to complete the full exploration of the environ-
ment as quickly as possible, lower values of the return ratio should be preferred.
If getting early information about some of the environment is more important,
higher values of the return ratio should be used.

Explicit planning for rendezvous using approaches such as MP-RELEXP
and MP-RELEXP-ST should be done when:

1. Teams consist of either a small number of robots, or the robots are het-
erogeneous where some may be more suitable for exploration tasks and
some may be more suitable for relaying, or some robots in the team are
highly specialized and are critical to the mission, requiring closer control

over their whereabouts.

2. Environments consist of large open areas where opportunistic communi-
cation between robots is unlikely, or there are areas in the environment
where careful planning for communication can yield significant advan-
tages (for example, multi-level environments containing staircases, maps
with areas of low traversability or including obstacles through which com-

munication may be possible).

3. Close control over the whereabouts of the robots is required; messages
from the base station may need to be distributed to the robot team, for

example to change mission priorities.
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4. The operating environment is static, allowing robots to arrange ren-

dezvous locations and to reach them at pre-agreed times.

For small robot teams consisting of 4 robots or less, MP-RELEXP-ST
should be used to improve the speed of exploration. For teams consisting
of 6 robots or more, MP-RELEXP should be preferred, offering improved com-

munication latency.

6.2 Future work

The work presented in this thesis can be extended in many different ways. In

this section we discuss some of the possible extensions.

Environment representations

In this work we assumed that operating environments can be represented as
a two-dimensional occupancy grid map for the purposes of planning and nav-
igation. In many real-world scenarios this assumption may not hold. Surfaces
may be uneven and covered with debris, there may be complex rubble and
environments may consist of multiple levels. Some approaches at building 2.5
dimensional maps that incorporate such information have been proposed in
[121] and [16]. While we expect the opportunistic rendezvous approach to
adapt very well to such scenarios, extensive evaluations under these new as-
sumptions are required. The methods in this thesis which arrange rendezvous
explicitly will need to be modified to take the different environment represen-
tation into account. A straightforward approach could be to consider the areas
of low traversability as obstacles for the sake of planning rendezvous, however
more complex and efficient approaches may be possible.

In this work we made the assumption that the operating environments re-
main static throughout the exploration mission. In practice, in many scenarios
it is likely that the environment may change as the exploration effort progresses.

Such dynamic environments pose significant challenges for both simultaneous
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localization and mapping (SLAM) and planning. In addition, a standardized
benchmark for evaluating the performance of multi-agent exploration systems
in dynamic environments is required, analogous to the standardized arenas used

in the Rescue Robot competition of the RoboCup Rescue League [110].

Prior information

In practical deployments, some information about the operating environment
may be available prior to the mission, although this information may not be ac-
curate. Architectural plans of the building to be explored may provide valuable
information about the relative locations of rooms and corridors, as well as the
potential types of obstacles that may be encountered (including an estimate of
their possible attenuation factors). Even just knowing the type of the build-
ing that is being explored can offer valuable information about the topology
of the environment, as shown in [77]. Making use of this information during
the exploration presents an interesting area of future research. For example,
rendezvous can be timed in such a way so that an area can be fully explored
before the explorer heads back to rendezvous, preventing situations where the
explorer leaves a small fragment of an area unexplored, having to then return
back to the same area to finish exploring it.

In addition, agents may be able to predict the likely trajectories of their
teammates to intercept them in order to facilitate communication. This could
greatly improve the performance of both opportunistic and pre-arranged ren-
dezvous approaches. In [52], agents gather statistical information about the
trajectories of their teammates in order to intercept them on the way to ren-
dezvous. Agents may also mark the environment that they operate in in order
to provide information about their trajectories. Another option could be the
use of a low frequency, high range radio channel to exchange small amounts of

information that may help agents intercept each other.
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Control channel

The use of an additional low frequency (bandwidth), high range radio commu-
nication channel may be used to exchange short status messages between the
robots, facilitate planning, increase the efficiency of opportunistic rendezvous
and further reduce the risks of rendezvous through obstacles vs line-of-sight
communication. Loosely speaking, radio signal attenuation through debris in-
creases with transmission frequency, which means that it should be possible to
have extended communication range on a low frequency, low-bandwidth chan-
nel. That would mean that high-priority short messages can be sent to most of
the agents most of the time (such as agent locations, notifications of delays or
cancellations to planned meetings, or announcing that an agent is proceeding
to the fallback meeting point). In practice it should be easy to transmit such a
signal at high power from the outside using (temporary) fixed aerials, so that
such an approach could be used by the situation commander to change agent
priorities. Conversely, getting such messages from the robots may be harder,
as the agents would presumably have their aerials in fixed positions relative
to their bodies. Depending on reception conditions (interference) the most
practical scheme is probably to transmit to the outside, and have inter-agent
messages relayed from there.

The reliability and the range of such communication channels will need to
be evaluated. We have looked at demonstration LoRa units from Semtech for
proof-of-concept experiments. These operate in the VHF waveband (868MHz),
and are sold mainly for remote sensor interrogation applications, with line-
of-sight ranges of kilometres. The demo units can be used to test for signal
range using hand-held devices through thick walled structures. Our preliminary
experiments indicate that these have very good range in indoor environments

and offer a lot of potential.
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Towards real world deployments

A number of barriers still need to be overcome before the proposed approaches
can be used in practical deployments. Emergency responders are generally
reluctant to apply autonomous robots in disaster situations as they present
an additional risk factor in an already highly unpredictable environment. We
believe that verification could play a crucial role in convincing users about the
properties of the autonomous multi-robot systems in terms of both robustness
and performance. Standardized benchmark scenarios need to be created that
bear close resemblance to the operating environments in which these multi-
robot systems will need to operate. Using such benchmarks for evaluation will
allow to demonstrate adequate reliability of the robotic platforms, accuracy of
SLAM approaches in those specific operating environments as well as allow for
the collection of accurate quantitative results on the performance of both the
approaches presented in this thesis, as well as of competing approaches, that

should translate well to real world deployments.

6.3 Summary

Exploration of indoor environments with teams consisting of multiple agents
operating under limited communication constraints remains a young field of
study. We hope that the contributions in this thesis provide a stepping stone
for future work. The improvement of low-level robotic capabilities and the
increased use of robots in search-and-rescue missions means there is likely to

be a lot more interest in this area in the future.
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Appendix A

MRESim, a multi-robot
exploration simulator

This appendix gives an in-depth description of the multi-agent exploration
simulator MRESim. Originally introduced in [30], it was heavily developed as
part of this DPhil and was used for the experiments in this work. The contents

of this appendix were published in [114].

A.1 Introduction

The RoboCup Rescue competitions provide benchmarks for evaluating robot
platforms’ usability in disaster mitigation. Research groups should demonstrate
their ability to deploy a team of robots that explore a devastated area and
locate victims. RoboCup is moving towards long-term goals of sophisticated
resource allocation in disaster situations, both at a large scale (the Agents
competition) and at a small scale (the Virtual Robots competition). FEach year
the benchmarks are made more challenging to accommodate and encourage
progress by all teams. The Infrastructure competition showcases innovations
that have enabled extensions of these benchmarks.

The Infrastructure competition was started in 2004 with the aim of promot-
ing the development of new tools to improve rescue simulation. The simulation
of various disaster situations turns out to be complicated and difficult to val-

idate. Therefore, the infrastructure competition was launched to promote the
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maintenance and development of simulation environments. For example, the
fire simulator [90] was developed by the winner of the infrastructure competition
in 2004. Another nice example of a component developed in the infrastructure
competition is the flood simulator [108]. Recently, an extension towards flying
robots has been proposed [34].

The Amsterdam Oxford Joint Rescue Forces, and their predecessor the UvA
Rescue Team, has participated several times in the Infrastructure competition.
In 2010 the simulator of the Virtual Robot competition was extended with
a realistic response of laser scanners to smoke; a circumstance which is quite
common in disaster situations. The response of the laser scanners was validated
in a number of experiments in a training centre of the Dutch fire brigade [40].
In 2011 a model of a humanoid robot was introduced in USARSim, which
made it possible to model one of the robots in the RoboCup@Home League
[122]. In 2012 a validated flying robot was introduced to USARSim and it was
demonstrated that such a robot allows for fast exploration of disaster areas,
while creating a visual map of the area [34]. This resulted in the UvA Rescue
team winning the Infrastructure award in 2012.

What was still missing inside the Rescue Simulation League is an environ-
ment which is a common ground for both the Agent and Virtual Robot compe-
titions. Inside the Agent competition the focus is on the coordination of rescue
teams [61, 125]. The competition consists of a simulation environment which
resembles a city after an earthquake. Teams of fire brigade, police and ambu-
lance team agents try to extinguish fires and rescue victims in the collapsed
buildings. In contrast, inside the Virtual Robot competition the focus is on
sensor-data fusion on maps automatically generated by teams of robots which
explore inside buildings. The multi-robot exploration simulator MRESim!, de-
scribed in this appendix, is proposed as a middle ground between the Agent
and Virtual Robot competitions.

In the following section the background behind this new infrastructure is

'https://github.com/v-spirin/MRESim
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given, followed by a section which gives an overview of the research performed

with this multi-robot exploration simulator.

A.2 Simulator
A.2.1 Simulation cycle

MRESim is a discrete-time simulator. Unlike the existing Virtual Robot com-
petition simulator USARSim, which uses a three-dimensional representation,
MRESim works from a two-dimensional grid representation. In each time step,
the simulator moves the robots to their new positions, updates their sensor in-
formation, simulates communication between the robots and outputs the cur-
rent state of the simulation. The ordering of the events that happen in each
time step are outlined in Algorithm A.1. This is equivalent with the discrete-
time step procedure in the simulator environment of the Agent competition.
All of the robots process their next steps simultaneously. Since this tends to
be the most computationally intensive part of each time step, planning robot
movements in parallel allows the simulator to take advantage of modern multi-

core CPUs. Other events in each time step are processed sequentially.

A.2.2 User interface and environments

The user interface (Fig. A.1) contains a panel on the right for each robot with
toggle buttons to visualize the information which is the basis of each robot’s
decisions. Example of information that can be made visible is the following:
location; path; free space; safe space; frontiers; communication range; skeleton
and potential rendezvous points; exact rendezvous points; potential rendezvous
points through obstacles; exact rendezvous points through obstacles. There are
further toggle buttons for the environment walls and the team hierarchy at the
bottom right, and a run may at any time be paused, continued, or stopped
using the green buttons at the bottom. This means that it is very easy to

examine specific aspects of any supported exploration approach. In addition,
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Input: Set R of robots
// Simulate movement, range data
1 foreach r; € R do

// described in Section A.2.5
2 while distance_moved(r;) < max_speed(r;) do
3 nextStep = r;.takeStep();
4 if isValid(nextStep) then
5 move(r;, nextStep);

// described in Section A.2.4

6 rangeData = findRangeData(r;, nextStep);
7 r;.receiveRangeData(rangeData);
8 else
9 ri.setError(true);
10 break;
11 end
12 end
13 end

// Simulate communication, described in Section A.2.6
14 foreach r; € R do

15 foreach r; € R,i # j do
16 if isInRange(r;, r;) then
17 r;.receiveMsg(r;.createMessage());
18 r;.receiveMsg(r;.createMessage());
19 end
20 end
21 end
// Complete cycle
22 logData();

23 updateGUI();
Algorithm A.1: A single simulation cycle

simulation logs produced by MRESim can be replayed in the simulator; this
means that each simulation run can be analysed in detail after the run has
completed.

Environments in MRESim can be uploaded from text-based or PNG files,
as can be found on dataset repositories like Radish?. The environments are

occupancy grid models, with each cell being either free or an obstacle.

*http://radish.sourceforge.net/
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Input: Robot r;, simulator settings simCon fig
// Replan if necessary, then retrieve the next path point
if r;.timeToReplan or r;.getPath().isEmpty() then
‘ simCon fig.getExplorationStrategy().replan(r;);
end
return r;.getPath().getNextPoint();
Algorithm A.2: Description of the agent takeStep method

BW N =

2 A 0
Explorer Explos
A | B < 4 &
3 B
Explorer Explof
¥ | B < 4 &
4 ¢ 20572
plorer Explof
s | E 4 |4 <
5 D 0
plorer Explore
s - 4 |4 |4

o v i» 2 =:Et:wc"e: ﬂ:‘ @ 123

Avg Cycle: 1ms

Figure A.1: Screenshot of MRESim. Obstacles are shown in black (=), unex-
plored area is shown in grey (=), area known at base station is shown in green
(). The blue arrows (») represent exploring robots, and the communication
range of robot D is shown as the blue polygon ().

A.2.3 Planning and Movement

In every time step, each robot has to decide where to move next. The next
destination is decided by the robot by calling the takeStep method (line 3 of
Alg. A.1). If the robot has a path to its destination, and has replanned the
path recently, then it simply continues on the current path by retrieving the
next path point. Otherwise, it calls the corresponding replan method of the
exploration strategy assigned to the robot team to generate a new path (line
2 of Alg. A.2). The exploration strategy then selects the best destination for

the robot, and generates a path to the destination. The exploration strategy
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can use all the information known to the robot when making that decision —
including the information about last known locations of the robot’s teammates
and agreements made in previous communication with other robots or the base
station. Note that this information is not globally available, but communicated
when in range. When no recent information is available, reasonable estimates
are made.

Each robot r can move a maximum distance of d, in each time step (line 5 of
Alg. A.1). This is defined as the robot “speed”, and can be set up to be different
for each robot, allowing for heterogeneous teams of robots to be created. By
default, this parameter is set for each robot to DEFAULT SPEED = 3,
configured in the Constants class of the config package. In each time step,
each robot moves a maximum distance of d, along the path generated in the
planning stage (see line 2 in Algorithm A.2). If the robot reaches the planned

destination before d, is exhausted, it will not move any further in that timestep.

A.2.4 Sensing and Mapping

Once a robot has taken a step, the simulator provides it with sensor data at
its new location (lines 6-7 of Alg. A.1). This sensor data is generated using
raytracing from the robot’s location at 1-degree intervals in the 180-degree field
of view of the robot (the same field of view as many real laser scanners, as for
instance the SICK LMS200). A maximum sensor range can be configured for
each robot, allowing for heterogeneity of sensors across the team. An array of
181 measurements is returned to the robot. The measurements are assumed to
be noise-free (see §A.2.7 for more detail).

The robot subsequently turns this sensor data into a polygon of free space,
detecting obstacles where two points are sufficiently close to one another and
below the sensor’s range limit. This free space and obstacle detection is main-
tained in an occupancy grid. When robots are within communication range
of one another, they can decide to exchange their local maps in the form of

occupancy grids.
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A.2.5 Path planning

Several path planning algorithms have been implemented in the MRESim simu-
lator. The most straightforward one is the A* algorithm [50], operating directly
on the occupancy grid representation of the map. While A* generates optimal
paths, it can be very slow with a sufficiently high resolution of the occupancy
grid. In an attempt to overcome this problem, we have implemented several
more efficient path planning algorithms. One of them is Jump Point Path
search [49], which is a modification of the A* algorithm which significantly
improves the performance in environments with large open areas. However,
complex paths can still take several hundred milliseconds to compute.

We found that using A* search on a combination of a simple topological map
that captures the connectivity between regions and the underlying occupancy
grid map can significantly improve performance over the other implemented
approaches. In each time step, if the map of the environment has been updated,
we can generate a new topological map as follows. First, we perform thinning on
the occupancy grid map in order to obtain a skeleton of the free space. Then, we
uniformly select a set of nodes from the skeleton. Each point of the occupancy
grid is then assigned to the nearest node. The set of nodes and edges connecting
the nodes then represents a simple topological map of the environment. An
illustration of the process is given in Fig. A.2. We can then plan a path between
any two points on the occupancy grid map by using the A* algorithm to find
a path in the graph between the two corresponding nodes on the topological
map, and using A* on the occupancy grid map to find paths from start and
finish locations to their corresponding node locations. Generating paths then
becomes very computationally efficient, which improves the speed of running
the simulation and can increase the performance of exploration strategies by
allowing them to calculate more accurate path lengths, instead of relying on

crude approximations.
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A.2.6 Communication

MRESim supports a variety of communication models. In principle messages
from both robots are exchanged (as indicated in lines 17 and 18 of Alg. A.1),
but only when the robots are inRange (line 16 of Alg. A.1). Simple models
include a straight-line model (any robot within radius z is considered in range,
regardless of obstacles) and a line-of-sight model (any two robots that can
be connected by a line that doesn’t hit an obstacle are in range). A more
realistic communication model implemented in MRESim is a path loss model,
originally proposed by Bahl and Padmanabhan [11]. This model is also used
for simulating communication in the USARSim simulator used at RoboCup
until 2015, and is considerably more realistic as it takes attenuation by walls

into account. In this model, communication strength is calculated as follows:

S =Py —10 x N x loglo(fi—? x min(nW, C') x WAF
where Py, is the signal strength at reference distance dy, N is the rate of path
loss, d,, is the distance, nW is the number of obstructing walls, WAF is the
wall attenuation factor and C' is the maximum number of walls where the

attenuation factor needs to be considered.

A.2.7 Realism of Simulator Results

Clearly MRESim does not take into account a number of factors that any robot

system in the real world would have to consider. The most significant ones are:

1. There is no sensor noise. In reality, wheel encoders provide inexact data,
and laser range finders often have spurious measurements at either close or
maximum range. Localisation remains a significant challenge in robotics,
even if a number of techniques such as particle filters and scan matching

show great promise.

2. Environments are two-dimensional and flat. In the real world this is

almost never the case.
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Figure A.2: Illustration of the process used by MRESim to generate topolog-
ical maps from occupancy grid maps. On top, we see an occupancy grid of
a partially explored environment, shown in white. In the middle, we apply
“thinning” to obtain a skeleton, and sample uniformly points, shown in red
(=), from the skeleton to act as nodes in the topological graph. In the bottom
picture, we map each point of the occupancy grid map to the nearest node.

3. The simulator is discrete-time. Real robots would each run their own
(multi-thread) processes, take different amounts of time to do the required
processing, and would not always move the same distance in each time

segment.

4. Communication in reality is highly variable and very difficult to predict.
Nevertheless, for purposes of quick, simple, controlled, and repeatable

comparison of exploration algorithms, MRESim remains a useful tool.

In the next section we give an overview of published work that used MRESim
to evaluate exploration strategies. In some of the work, results are compared
with those obtained from high-fidelity simulators such as USARSim, as well as
with results obtained on real robots. Those experiments suggest that results
obtained in MRESim have much in common with the results obtained in real

life experiments.
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A.3 MRESim as benchmark

A number of exploration strategies have already been implemented in MRESim
and are available “out-of-the-box”. This makes it a potentially useful tool for
benchmarking various exploration strategies against each other. According to
[58], the performance of most algorithms is compared using the following three

methods, from the best to the worst:
1. Using the same implementation that was used in other work.

2. Using a custom implementation, created from descriptions of the algo-

rithm in published work.

3. Simply taking the results from those in other papers, without re-running

the algorithm.

According to [6], most algorithm comparisons in robotics are currently con-
ducted using the second approach. Publishing of the team’s source-code, as
done inside the Rescue Simulation League, made it possible to reimplement
existing algorithms and to make a fair comparison (see for instance [6, 109]).

Using MRESim, the first approach can be used more often:

1. Results of using different exploration strategies can be directly compared

with each other.

2. Existing implementations of exploration strategies can be used.

A.3.1 Studies based on MRESim

MRESim was first mentioned in [30]. In this study the effect of robots with
a relay role was studied, when exploration was needed outside the direct com-
munication range from the base station. This study inspired several other
researchers [14, 22, 27] to base the coordination decisions on multiple criteria.

Important for the coordination of the explorer and relay role is the selection

of an appropriate rendezvous point [32]. When those points are selected near
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gateways, the locations inside indoor environments become important junctions
for a navigation algorithm. This work was followed up by several researchers
[76, 81, 95] (although the concept of rendezvous points has already been known
for a long time [105]). In addition, in [112] the possibility of communicating
through obstacles, such as thin walls, was introduced into the planning.

Dividing the work into explorer and relay roles is already valuable, but
sometimes the explorer finds a dead-end. This is an example of a situation
where it is beneficial to switch roles dynamically using the role swap rule, as
described in [31]. Other researchers have validated this results with real robots,
such as [56].

In the study [134], the exploration indoors is extended to open areas which
can be encountered in outdoor scenarios. The robots still use rendezvous points,
but no longer near gateways. Instead, the robots divide the work into sectors
and meet at the sector boundaries. This work has motivated several other
studies [15, 52, 133].

The algorithms implemented in MRESim have been validated with Pioneer
robots [33] and TurtleBots [13], although it is difficult to scale indoors to ex-
tensive environments with large robot teams. The MRESim environment was
discussed in several dissertations [29, 79, 133] and a workshop contribution
[124].

The latest extension are robot teams which can adjust their exploration
strategy based on the information need of the base station [113]. When it is
important that the base station gets timely updates more resources are allo-
cated towards the relay role; when fast exploration is needed more resources

are allocated towards the explorer role.

A.4 Discussion and Future Work

MRESim is a simulation environment with a well chosen level of detail, as

discussed in A.2.7. When the algorithms developed inside MRESim are applied
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in the real world issues will arise, which can be studied in separation inside the
simulation. Precisely those issues could be identified as directions for future
research.

In addition, the simulator itself can be extended in a number of ways to
increase its realism and allow for using it to study a wider range of research

problems:

1. Variable terrain. In real applications, the terrain of the environment
being explored can vary significantly, affecting the speed of robots nav-
igating over such terrain. For example, robots are likely to be able to
travel much faster just outside a partially-collapsed building, than inside
where there is likely to be a lot of rubble. It may then be possible to im-
prove the exploration speed by reducing the amount of travel over rough

terrain, particularly for the relays.

2. Additional communication channels. It may be possible to use low-
frequency, low-bandwidth, high range radio communication channels in
disaster scenarios to transfer some control information between robots, as

suggested in [112]. (We are about to test this hypothesis experimentally.)

3. Robustness against Failing Robots. Robots may fail for a number of
reasons (and often do). In greedy approaches this does not affect the failed
robot’s teammates, which continue exploring as if nothing happened. In
some other approaches, meetings between robots at pre-agreed times and
locations can be planned for explicitly. In those cases, the failure of
robots is a scenario that must be dealt with carefully. A useful extension
to the simulator could therefore be the ability to specify scenarios that
include robot failure, making it a useful tool to evaluate the robustness

of exploration strategies to individual robot failure.

4. Dynamic Environments. In many robotics applications, the environ-

ment may change as the exploration effort progresses. A possible exten-
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sion to the simulator would be to specify how the environment should
change over time, or allow for random changes to the environment. This
is precisely where the current Agent competition accelerates and it would
be nice if for example part of the fire, earthquake or flood simulation

could be incorporated in MRESim.

5. Prior knowledge. In practice, some knowledge about the environment
may be available to the team before the start of the mission, even though

this information may not be accurate.

A.5 Conclusions

The original motivating questions for this research were: How can a team of
robots be coordinated to explore a previously unknown and communication-
limited environment as efficiently as possible; and how can new information
obtained by this team be gathered at a single location as quickly and as reliably
as possible?

These are precisely the research questions studied in both the Agent and the
Virtual Robot competition of the RoboCup Rescue Simulation League. The
studies performed with the simulation environment MRESim are well recog-
nized, both inside the RoboCup community and outside. MRESim is applied
to compare several coordination algorithms and could be easily extended with
other coordination algorithms. In this paper some ideas for future research are

given, but many other extensions are possible.
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