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SUMMARY

Effective multi-robot coordination for heterogeneous multi-robot systems to complete
a wide range of missions. Multi-robot task allocation (MRTA), a key component in multi-
robot coordination, aims to nd the appropriate assignments between robots and tasks.
Considering that communication can be unreliable or limited in real-world settings, it is
important to develop robust task allocation strategies that can function under these con-
straints.

This dissertation introduces two heterogeneous task allocation approaches for different
scenarios leveraging the Speeding-Up and Slowing-Down (SUSD) strategy [1]. The SUSD
strategy, a derivative-free optimization technique, achieves convergence in the direction of
the gradient through local function evaluations only [2]. Since MRTA can be treated as an
integer programming problem with ill-de ned gradients, SUSD is a suitable tool to search
for solutions since it does not need explicit gradient calculations.

In the rst scenario, each task in the task allocation can be completed by a single robot,
with a base station also available. We present a hybrid SUSD-based task allocation al-
gorithm combining a market-based algorithm with the SUSD strategy. Initially, robots
employ a market-based task allocation algorithm, well-suited for environments with lim-
ited communication, to generate preliminary results. Subsequently, the base station utilizes
the SUSD strategy to improve these results. We tested our method in simulated underwater
sensing missions. Our hybrid algorithm achieves signi cant improvement in terms of total
makespan (mission completion time) for medium-scale problems (fewer than 20 robots and
fewer than 50 tasks) compared with existing market-based approaches. The main limitation
of the hybrid algorithm is that initial market-based allocation results can signi cantly affect
the performance, since the SUSD strategy is susceptible to local extrema.

In the second scenario, we address a complex task allocation scenario where multi-

ple robots cooperatively complete each task, and each robot can select multiple tasks. To

XV



avoid a complex coordination mechanism, we formulate the task allocation problem as a
task allocation game. In the task allocation game, robots only share their task selections
with others and update their task selection to minimize their individual costs. We have
developed a new distributed task selection algorithm based on the SUSD strategy to allow
robots to converge toward a Nash equilibrium. Aligning the robots' cost functions with
collective goals can ensure that achieving a Nash equilibrium results in effective coordina-
tion. We validated our method through simulated underwater cooperative survey missions.
Our approach achieves a signi cant improvement in terms of total energy consumption for
medium-scale problems (fewer than 20 robots and fewer than 50 tasks) compared with ex-
isting methods. The main limitation of the distributed task selection algorithm is that the
SUSD strategy can provide limited improvement when the initial allocation is close to a

Nash equilibrium.
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CHAPTER 1
INTRODUCTION

To achieve goals beyond the capabilities of individuals, coordination becomes crucial for
intelligent agents. Ants need to coordinate to perform various tasks from nest maintenance
to foraging for their survival [3]. Humans collaborate to ef ciently complete complex
jobs ranging from construction to transportation. This principle extends to robots as well.
Although robots are becoming more capable, heterogeneous robots with various dynamics
and capabilities remain essential for successfully completing complex missions.

Multi-Robot Task Allocation (MRTA) is a key component of multi-robot coordination.
Following the decomposition of a mission into a set of tasks, robots need to perform task
allocation to nd an assignment between tasks and robots that can achieve some overall
goals, including maximizing the total task utility and minimizing the total completion time.

In real-world situations, communication is not always reliable or may even be limited in
some environments. Thus, it is important for robots to still achieve effective coordination
under such conditions. Therefore, there is a need to develop task allocation methods that
are suitable for communication-limited environments. In these settings, robots experience
intermittent communication and cannot communicate with other robots or a centralized
coordinator continuously. To address this challenge, researchers have developed methods
to build a temporary communication network either by dropping communication nodes
[4] or using robots as relay points [5]. Nonetheless, these approaches require robots to
carry bulky payloads for the communication nodes or some of the robots to serve as relay
points diverting them from task completion. Alternatively, given the limited information
about the overall multi-robot team due to communication constraints, robots need to act
as self-interested agents focusing on maximizing their own utility. By following certain

coordination rules and aligning their individual utilities with the overall objective, robots



can still achieve effective coordination. Market-based approaches, in which self-interested
robots follow auction rules to assign tasks, are popular methods for communication-limited
environments due to their decentralized mechanism [6]. Nevertheless, these market-based
approaches may sometimes yield poor results or require complex coordination mechanisms
in some scenarios.

In this dissertation, we have developed two different approaches to task allocation to
facilitate effective coordination among heterogeneous robots in communication-limited en-
vironments for different situations leveraging the Speeding-Up and Slowing-Down (SUSD)
strategy [1]. The SUSD strategy is a derivative-free optimization method that converges in
the gradient direction by using only local function evaluations [2]. Since MRTA can be
treated as an integer programming problem with ill-de ned gradients, we can apply SUSD
to search for solutions without needing explicit gradient calculations. In the rst scenario
where each task can be completed by a single robot and a base station is available, we have
developed a hybrid task allocation algorithm that combines a market-based algorithm with
the SUSD strategy. While the market-based task allocation algorithm is well suited for en-
vironments with limited communication, the hybrid algorithm empowers the base station to
improve the market-based task allocation results provided by robots through the utilization
of the SUSD strategy.

For the second scenario, we consider each task can be completed cooperatively by
multiple robots and robots need to select multiple tasks distributively. In communication-
limited environments, robots often lack global system and environmental information.
Therefore, each robot needs to make decisions using only local information. Market-based
approaches [7, 8] are commonly applied in such situations [6, 9]. However, these ap-
proaches focus on single-robot tasks (task can be completed by a single robot) and may
require a complex coordination mechanism for cooperative tasks. Different from market-
based approaches, we offer a novel approach by formulating the task allocation problem as

a task allocation game where each robot is considered to be self-interested and selects tasks



to minimize its own cost. In the task allocation game, robots only need to share their task
selections and adjust their own task selection based on the task selections of other robots,
avoiding the need for complex coordination mechanisms. We also introduce a new dis-
tributed task selection algorithm based on the SUSD strategy. The algorithm allows robots
to converge toward a Nash equilibrium where no robot can unilaterally decrease its cost.
By aligning robots' cost functions with the overall goal, converging to a Nash equilibrium

enables robots to achieve effective coordination distributively.

1.1 Applications

Developing task allocation approaches in communication-limited environments enables the
multi-robot team to have a wide range of applications. One of the common applications is
search and rescue. In search and rescue missions, heterogeneous robots are often deployed
in an environment where robots have limited communication ranges, such as underground
or disaster-stricken areas. Robots play a crucial role in assisting a rescue team in swiftly
nding survivors. However, due to limited communication, robots can only communicate

with a small subset of robots. Therefore, these robots must rely on local information to
coordinate with other robots for a successful mission completion.

Another common application for multi-robot teams is survey missions, where robots
need to survey areas that can be too dangerous or inaccessible to humans, such as underwa-
ter environments. In these scenarios, coordination among robots is essential to minimize
either total completion time or total energy consumption. Nevertheless, these areas are usu-
ally vast and lack the communication infrastructure to maintain continuous communication
between all robots. As a result, it is important to develop a novel task allocation algorithm

suitable for these communication-limited environments.



1.2 Research Questions

1.2.1 PrimaryResearclQuestion

The overall goal of this dissertation is to address the following primary research question:
What is a novel distributed approach to heterogeneous multi-robot task allocation in a
communication-limited environment using a simple coordination mechanism that results in

a lower total cost than existing methods?

1.2.2 SubsidiaryQuestions

The following subsidiary questions are formulated to help explore and answer the main

research question:

1. How can the integration of a derivative-free optimization method improve the effec-
tiveness of decentralized market-based task allocation algorithms in a communication-

limited environment?

2. What is the appropriate game-theoretic multi-robot task allocation framework for

multi-task robots?

3. Under the game-theoretic framework, how could these self-interested robots coordi-

nate in a communication-limited environment?

1.3 Contributions

Through addressing the aforementioned research questions, several expected contributions

to the eld of heterogeneous multi-robot systems can be provided:

» A hybrid task allocation algorithm, combining the SUSD optimization method and
a decentralized market-based approach, is designed to address task allocation in

communication-limited environments. While the decentralized market-based method



can provide acceptable results, the integration of the SUSD optimization method sig-
ni cantly improves allocation results in terms of total makespan (overall mission

completion time), leading to more effective coordination.
» A game-theoretic task allocation framework for multi-task robots. It includes

— The formulation of a heterogeneous multi-robot task allocation game including

the individual cost function designs.

— A distributed SUSD-based task allocation algorithm for robots to converge to-
ward a Nash equilibrium and achieve a lower total cost in terms of total power

consumption than existing approaches.

1.4 Outline

The remainder of this dissertation is structured as follows: Chapter 2 provides a compre-
hensive review of related research. Chapter 3 describes the task allocation module that
incorporates human operator supervision for underground environments with limited com-
munication as my preliminary work is this area. Chapter 4 presents a hybrid task allocation
algorithm that uses the SUSD strategy at the base station to improve the results of decentral-
ized market-based approaches, addressing the rst subsidiary research question. Chapter
5 introduces a game-theoretic task allocation framework for heterogeneous robots. The
framework comprises the game formulation and a distributed SUSD-based task selection
algorithm. Along with the simulation results, this chapter addresses the second and third
subsidiary research questions. Chapter 6 concludes the dissertation and summarizes the

answers to the research questions.



CHAPTER 2
BACKGROUND AND RELATED WORK

This dissertation centers on heterogeneous multi-robot task allocation in communication-
limited environments, drawing insights from several related areas within multi-robot sys-
tems: multi-robot task allocation, human-supervised multi-robot teams, multi-robot coor-
dination in communication-limited environments, and game-theoretic approaches to multi-
robot coordination. Moreover, we will introduce the Speeding Up and Slowing Down
(SUSD) strategy which is used in our task allocation algorithms. In this chapter, we begin
by providing an overview of multi-robot coordination, focusing on task allocation. Next,
we review existing methods on human-supervised multi-robot teams, where researchers
leverage human operator inputs to enhance the performance of multi-robot teams. Fol-
lowing this, we examine various approaches developed to address limited communication
challenges. Finally, we look into game-theoretical approaches, an emerging eld in multi-
robot task allocation, and discuss their suitability for communication-limited environments.
A multi-robot system comprises a team of robots, sometimes augmented with a cen-
tralized server or computer that has access to global information about the team. A multi-
robot system can be a set of manipulators at xed locations in a factory setting. However,
the scope of the dissertation focuses on mobile multi-robot systems. Compared with a
single-robot system, a multi-robot system can provide several advantages, including better
robustness and improved performance in terms of energy consumption or mission com-
pletion time [10]. For instance, in an exploration mission, a multi-robot system can send
robots in different directions concurrently, thereby minimizing completion time and total
energy cost, whereas a single robot can only explore one direction at a time. Furthermore,
robot failures in a single robot can lead to an unsuccessful mission, but a multi-robot sys-

tem can still complete the mission successfully even if some of the robots encounter robot



failures. Multi-robot systems can be categorized into homogeneous multi-robot systems
and heterogeneous multi-robot systems based on the capabilities of the robots. A homoge-
neous multi-robot system has robots with identical capabilities, whereas a heterogeneous
multi-robot system has robots with different capabilities. In a scenario with different types
of tasks available, some robots in a heterogeneous multi-robot system can perform certain

types of tasks better than others.

2.1 Multi-Robot Task Allocation

Multi-robot coordination is pivotal for achieving successful mission completions in multi-
robot systems. Coordination typically involves three main steps, as outlined by [11]: task
decomposition, task allocation, and task execution. During task decomposition, the multi-
robot systems will break down a mission or a complex task into simpler tasks that are
executable by individual robots or sub-teams of robots. Subsequently, in task allocation,
the tasks are allocated to suitable robots or sub-teams to achieve some goals, such as min-
imizing total mission completion time or total energy consumption. After tasks are al-
located, robots perform task execution, which involves path planning and collaboration
between robots. Multi-robot coordination can be categorized into three dimensions [10]:
static vs. dynamic, explicit vs. implicit, and centralized vs. decentralized. Static coordina-
tion indicates that the system has generated a coordination plan prior to execution, whereas
dynamic coordination indicates that the system continuously updates its coordination plan
during execution. Explicit coordination represents the robots coordinate based on inten-
tional communication and explicit rules, while implicit coordination achieves coordination
via interactions with other robots and the environment. Centralized coordination relies on a
centralized node, which can be a robot or an external computer, to generate a coordination
plan, whereas decentralized coordination does not rely on a centralized node.

Multi-robot task allocation, as one of the key steps in multi-robot coordination, has

been studied by researchers for years. In [12], Gerkey and Mataric introduce a taxon-



omy to categorize task allocation problems into three dimensions: Single-Robot (SR) task
vs. Multi-robot (MR) task, distinguishing whether the task needs to be executed by a
single robot or multiple robots; Single-Task (ST) robot vs. Multi-Task (MT) robot, de-
termining whether the robot can execute a single task or multiple tasks simultaneously;
and Instanenous Assignment (IA) vs. Time-extended Assignment (TA), indicating whether
the allocation of tasks is static or dynamic. Many of the existing multi-robot task alloca-
tion approaches can be categorized into four main types: optimization-based approaches,

market-based approaches, behavior-based approaches, and trait-based approaches.

2.1.1 Optimization-basedpproaches

Optimization-based approaches aim to nd the optimal solution (e.g., maximum task utili-
ties) within a set of constraints from the problem formulation. For the SR-ST-IA problem,
the task allocation problem can be treated as an Optimal Assignment Problem (OAP) [13],
and the centralized Hungarian method [14] can solve for the optimal solution. Moreover,
Chopra proposed a distributed version of the Hungarian method [15]. Atay and Bayazit
also provide a mixed-integer programming solution to task allocation among heterogeneous
robots focusing on area coverage [16].

However, all problems in Gerkey and Mataric's taxonomy, except the SR-ST-IA prob-
lem, are strongly NP-hard [12], which makes nding an optimal solution within a time
limit extremely challenging. Consequently, researchers have developed various heuristic
methods to provide an acceptable solution within a reasonable time limit. In [17], Jones
et al. have developed a genetic algorithm-based approach to the task allocation problem
that considers intra-path constraints among mobile robots. Researchers have applied other
heuristic methods, including the ant colony optimization algorithm [18] and simulated an-
nealing [19] to solve the task allocation problem. To further dive into optimization-based

task allocation approaches, [20] provides a review of the current state-of-the-art.



2.1.2 Market-base@pproaches

Market-based approaches are decentralized approaches inspired by economics, where robots
utilize auction mechanisms to coordinate. In these approaches, robots bid on tasks based
on task utilities and auction criteria. The robot that wins the task will be responsible for
executing the task. Market-based approaches have several advantages [21]: ef ciency in
relying only on local information to nd a solution, robustness against robot and commu-
nication failures, and suitability for online allocation where new tasks are created during
missions. Because of these advantages, researchers have developed various market-based
approaches, including M + [22], Prim Allocation [8], Traderbot [23] and CBBA [7], to ad-
dress the task allocation problem. Among these methods, CBBA is one of the few methods
providing a provable lower bound on its performance.

However, market-based approaches face two main limitations [24]: they can be dif -
cult to formulate suitable auction criteria (cost/utility functions) and may require excessive
communication between robots. Furthermore, compared to centralized optimization ap-
proaches, market-based approaches require more complex coordination mechanisms and
may produce worse solutions.

Therefore, it is appropriate to adopt market-based approaches when robots lack commu-
nication with a centralized computer. Conversely, when a centralized computer is available,
robots should use a centralized optimization approach. Based on this observation, we have
developed a hybrid approach that combines a decentralized market-based approach with a

centralized optimization approach to improve the market-based results.

2.1.3 Behavior-basedpproaches

While optimization-based approaches and market-based approaches are explicit task al-
location methods in which task allocation requires explicit coordination between robots,
behavior-based approaches employ implicit coordination by changing the behaviors of

robots. Through observation or interaction with other robots and the environment, robots
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may change their current behavior to execute different tasks. Some of the earlier works,
such as BLE [25] and ALLIANCE [26, 27], have demonstrated the robustness and re-
sponsiveness of these approaches. However, behavior-based approaches can achieve lo-
cally optimal solutions and are challenging to design for complex scenarios with numerous
available tasks. Game-theoretical approaches, where robots select tasks based on the task
selections of other robots, are closely related to behavior-based approaches. We will delve

into these approaches in greater detail in the latter sections of this chapter.

2.1.4 Trait-basedpproaches

In trait-based approaches [28, 29], each type of robot in a heterogeneous multi-robot team
is characterized by a set of traits (capabilities). These trait-based approaches aim to nd the
allocation between robots and tasks so that the trait distribution of robots satis es the trait
requirements of their assigned tasks. Contrary to market-based approaches, trait-based
approaches focus on the coalition formation problem, where each task may require the

collaboration of multiple robots, with each robot being assigned to a single task.

2.1.5 Hybrid Approaches

Recently, researchers have introduced hybrid approaches that combine various approaches
[30]. In [31], the authors propose a hybrid approach that integrates a market-based ap-
proach [7] for task allocation and ant colony algorithms for constructing task bundles (or-
dered task lists) in a search and rescue scenario. Another hybrid task allocation algorithm
[32] combines pheromone maps and a market-based algorithm to provide UAVs with com-
munication network support for coordination. Different from these approaches, our hy-
brid algorithm in this dissertation uses the SUSD strategy, a derivative-free optimization
approach, to improve the solutions of a market-based task allocation algorithm for hetero-

geneous robots.
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2.2 Human-supervised Multi-Robot teams

Although multi-robot systems can operate autonomously and achieve effective coordina-
tion in some scenarios, a human-supervised semi-autonomous multi-robot team can take
advantage of its human operator's expert knowledge and contextual decision-making to
achieve better robustness and adaptivity, especially in challenging environments. DARPA's
Subterranean Challenge (SubT) [33] created one of these scenarios, where each team needs
to deploy a team of heterogeneous robots to search and identify some given objects (e.g.,
backpacks and helmets) in a complex underground environment under a time limit. This
resembles a time-critical underground search and rescue mission using robots. Instead of
robots operating fully autonomously, each multi-robot team can be supervised by a human
operator remotely to achieve better performance. Since robots operated in a communication-
limited environment, robots need to have high-level autonomy, since continuous low-level
control from the human operator is not permissible. Most teams [34, 35, 36, 37] did not
employ a task allocation module for coordination, instead, they sent their robots to explore
the area independently and required human operators to send high-level commands (e.g.,
waypoint command and exploration command) to achieve coordination between robots
or deploy a cooperative exploration strategy. Team MARBLE [38] used a market-based
task allocation algorithm for multi-robot coordination, but the operator cannot directly in-
uence the allocation process. Different from all these approaches, we have developed
a novel multi-robot supervisory method where the operator can not only send high-level
commands but also in uence the allocation process directly (including creating new tasks
or reassigning tasks). The applications of human-supervised multi-robot teams include not
only search and rescue missions, but also social navigation [39] and warehouse operation
[40]. Moreover, there can be more than one operator in a human-supervised multi-robot
team [41].

[42] and [43] are the two closely related works where human operators are involved in
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the task allocation process directly to guide the multi-robot team. However, both involved
a centralized module for task allocation at the basestation, whereas our method used a
decentralized task allocation algorithm for robots to have explicit coordination without
communication to the basestation. This makes our method suitable for communication-

limited environments.

2.3 Coordination in Communication-limited Environments

Centralized approaches can use a powerful planner to provide instructions to robots given
global information about the environment. However, in communication-limited environ-
ments, robots cannot connect to the centralized planner continuously to receive instructions.
Therefore, researchers have studied extensively on multi-robot coordination in communication-
limited environments. Amigoni et al. [44] conducted a survey on multi-robot coordination
for exploration in communication-limited environments. There are different approaches
for robots to coordinate in these types of environments. One of the popular approaches is
communication-constrained control [45, 46] where robots need to maintain communica-
tion connectivity with other robots during missions. In [46], Giordano et al. developed a
exible decentralized gradient-like controller to allow robots to achieve various goals while
maintaining global connectivity between all other robots. Another popular approach is to
use robots as relay points [47, 48, 5] to create a temporary communication network. In
[48], a team of robots was sent to explore an environment with unreliable communications.
Some robots would stop exploring and act as a relay point when the communication quality
between robots was signi cantly degraded. Instead of using robots as relay points, [49, 50]
enabled robots to carry and deploy communication nodes. In [50], each tracked robot can
carry four communication nodes. The tracked robot would drop the nodes when it is out-
side the communication range of the basestation to maintain connectivity. Recently, some
works [51, 52] have used machine learning techniques to predict signal strength in complex

environments to improve robot communication performance.
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Maintaining continuous communications can be challenging, alternative methods have
been developed, including rendezvous [53] and intermittent communication [54]. In these
methods, robots need to determine the location and time to meet in order to share their infor-
mation periodically. Some researchers have addressed communication limitations from a
different perspective by developing communication recovery methods to re-establish com-
munication [55, 56]. In [55], Ulam and Arkin proposed several recovery behaviors for
robots to reconnect with other robots when unseen communication failures occur. Instead
of imposing communication constraints or modifying the behaviors of the multi-robot team,
our proposed approach focused on how robots leverage limited information from the com-
munication between robots to achieve effective task allocation.

Since take allocation is a critical part of multi-robot coordination, it is important to
study task allocation in communication-limited environments. [57] compared the perfor-
mance of ve state-of-the-art decentralized task allocation algorithms (CBBA [7], ACBBA
[58], DHBA [59], HIPC [60], and PI [61]) in communication-limited environments. It
extensively tested these algorithms with different realistic communication models and con-
cluded that CBBA outperformed other algorithms when the communication level was low.

Therefore, CBBA will be used as a baseline when evaluating our approaches.

2.4 Game-theoretic Approaches to Multi-robot Coordination

Game theory studies the interactions between rational agents, where each agent makes its
decision independently [62]. It re ects the common decision-making processes of humans
in a group setting, where each human as a player needs to choose the “best” action based
on available information. Game-theoretic approaches in robotics are receiving increasing
attention in both the human-robot interaction [63, 64] and the robot-robot interaction [65,

66].
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2.4.1 Multiplayer Game

One type of game closely related to multi-robot coordination is multiplayer games. In a
multiplayer game, players communicate through a communication graph, and each player's
cost function depends on the actions of other players to which it may not have direct access.
Therefore, players need to estimate the actions of other players to calculate its cost. [67]
provides an in-depth review of current progress in multiplayer games. One of the popular
approaches [68] leveraged the leader-following consensus to estimate other players' actions
and a gradient-based optimization method to update each player's own action. In [69], Gad-
jov and Pavel proposed a passivity-based approach using incremental passivity properties
for robots to reach a consensus on a Nash equilibrium. More recently, researchers have
proposed an algorithm for players to reach Nash equilibria over dynamic communication
networks [70]. The main frameworks of these approaches are similar. a consensus mech-
anism to estimate the actions of other players and a gradient-based optimization method
to update a player's own action. Under assumptions on the connectivity of the communi-
cation graph and the convexity of players' cost functions, these methods can converge to

Nash equilibrium.

2.4.2 Existingapproaches Multi-Robot TaskAllocation Game

Researchers have formulated the multi-robot task allocation problem as a game where
robots are treated as self-interested players and the actions become task selection [71, 72,
73]. Compared with other existing approaches to task allocation, game-theoretical ap-
proaches allow robots to make their task selection distributively with limited information
and coordinate with a simple mechanism by sharing their task selections. However, unlike
in multiplayer games where the action space is continuous and players can converge to a
Nash equilibrium using gradient-based methods, the action space in the multi-robot task al-
location game (MRTA game) is binary. Consequently, direct application of gradient-based

optimization methods is infeasible. Hence, we employ the SUSD strategy, a gradient-free
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optimization method, to nd the Nash equilibrium in MRTA games.

Some researchers have developed game-theoretic approaches in communication-free
environments. Kanakia et al. [74] introduced a threshold-based response mechanism for
swarm robots to decide whether to participate a global task based local sensing input. Dai
et al. [75] developed a role assignment method for soccer robots where robots used en-
vironmental information (e.g., soccer position) to determine their roles. Although these
methods do not require any communication, they are more suitable for simple task alloca-
tion problems with a limited number of available tasks for single-task robots.

Arslan et al.[71] have formulated multi-robot task allocation games as potential games
where each robot's utility function is aligned with a global potential function [76]. There-
fore, robots can converge to a Nash equilibrium by increasing their own utilities until they
reach a local optima of the potential function. Researchers have extended it for different
scenarios. In [77], Wu and Shuang considered the scenario in which robots have dynamic
constrained task sets. In [78], Bakolas and Lee considered the scenario in which the utility
of a robot depended not only on the actions of all robots in the team, but also on the states
of these robots. Researchers have also developed methods for large-scale homogeneous
robots. In [79], Park et al. proposed a probabilistic task-switching algorithm in a dynamic
environment described by an aggregated model. [73] proposed a fast partition algorithm to
assign robots to various groups/coalitions. However, these methods only focus on single-
task robots where each robot can select only a single task, whereas my thesis focuses on the
heterogeneous robot that can select multiple tasks (multi-task robots). In this case, robots
have much larger task selection spaces.

Several existing game-theoretic approaches consider multi-task robots for task alloca-
tion. In [72], Chapman et al. formulate the same as a series of static potential games and
allow these multi-task robots to converge toward a Nash equilibrium using a distributed
greedy local search algorithm. Qu et al. [80] proposed another distributed greedy search

algorithm considering submodular task rewards. More recently, [81] relaxed the MRTA
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games to a continuous weight game and developed a projected, best-response, ascending
gradient dynamics (PBRAG) method to nd NE. Each NE corresponds to a valid task as-
signment. However, in this setting, each task can be assigned to the robot with the highest
reward, similar to market-based methods. Moreover, since the robot's utility in all these
works only takes into account the payoffs of completing selected tasks, robots can consider
the reward of each task independently. One of the closely related works is [82]. They de-
veloped a distributed planning framework for each to generate a trajectory for its selected
tasks within a time window. The use of time window minimizes the action sets and makes
the computation more trackable. However, a small time window can provide suboptimal
actions and fail to convert to an NE. However, each robot in the MRTA game in this thesis
needs to consider not only the payoff of its completing tasks, but also the travel cost be-
tween the tasks it selected. In this case, robots cannot consider whether to select each task
separately, but to select a subset of tasks (task bundle) that provides the most payoff with
the minimum path-dependent travel cost. Table 2.1 summarizes these different approaches

to MRTA games.

2.5 Speeding up and Slowing Down Strategy

The Speeding-Up and Slowing-Down strategy (SUSD) is a derivative-free optimization
method inspired by the schooling behaviors of sh [1, 84]. In the SUSD strategy, a team
of virtual agents, each representing a candidate solution, is deployed in the solution space
to search for a solution to the given optimization problem. Based on its local function
evaluation and local function evaluations from its neighbors, each virtual agent determines
its forward and formation movement directions. These virtual agents that adopt the SUSD
strategy will move towards the local minimum based on local function evaluations without
explicit gradient calculations [2]. In subsection 4.2.3, we provide a detailed explanation of

the SUSD strategy.
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Table 2.1: Comparison of different approaches to MRTA games.

Method MRTA type Communication | Action (task selection
network space
Threshold-based ST-MR Communication-free Binary
response [74] (local measurement
Role switching ST-SR Communication-free Discrete
[75] (local measurement
Spatial Adaptive ST-MR Fully connected Discrete
Play [71]
Log-linear ST-MR Connected Discrete
learning [77, 83]
GRAPE [73] ST-MR Connected Discrete
PBRAG [81] MT-SR Connected Combinatorial
(path-independent)
Distributed Greedy MT-MR Connected Combinatorial
learning [80] (path-independent)
Task allocation with MR-MR Connected Combinatorial with a
trajectory planning [82] minimized action set
SUSD-based MR-MR Connected Combinatorial
(our) (path-dependent)

The SUSD strategy has been used mainly in distributed source seeking [1, 84, 85], but
has also been used for optimization applications (especially in cases where the gradient is
ill-de ned [2]). Since MRTA can be formulated as a mixed-integer programming problem
where the gradient is ill-de ned, SUSD becomes an appropriate method for the MRTA

problem.
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CHAPTER 3
MULTI-ROBOT TASK ALLOCATION IN SUBTERRANEAN ENVIRONMENTS

This chapter presents my preliminary work on multi-robot task allocation in communication-
limited environments. We have developed a multi-robot task allocation module designed
speci cally for a heterogeneous multi-robot team supervised by a human operator remotely
in subterranean environments. The module comprises a distributed market-based task allo-
cation algorithm suitable for communication-limited environments and a multi-modal user
interface for the human operator to guide the robots. This module has been used by Team
CSIRO Data61 in the DARPA Subterranean (SubT) Challenge [33] and has won 2nd place

in the nal event.

3.1 Subterranean (SubT) Challenge

Heterogeneous multi-robot teams have potential in search and rescue missions where ar-
eas are dangerous or inaccessible to human responders. The DARPA Subterranean (SubT)
Challenge [33] was a multi-year grand international robotic challenge that intended to push
the development of multi-robot systems deployed in subterranean environments. In this
challenge, robots controlled by a human operator at a remote base station needed to ex-
plore the different complex subterranean environments including caves, tunnels and urban
environments to locate important objects (e.g., survivors, backpacks and helmets) within a
time limit. These environments are challenging for robots because of unreliable communi-
cation, lack of GPS for localization and dif cult terrain. The goal of SubT was to promote
research on multi-robot systems in a subterranean environment for time-critical missions
(e.g., search and rescue missions). Our team, Team CSIRO Data61, is an international
team composed of Georgia Tech (US) Emesent (Australia) and CSIRO (Australia). In this

challenge, we deployed a heterogeneous multi-robot team including tracked robots, legged

18



robots, and UAVs for the challenge while the human operator was acting as a superior to
guide the team via the base station.

The heterogeneous multi-robot team of CSIRO Data61 includes three types of robots
and each type of robot has its unique capabilities (Figure 3.1). The tracked robots (BIA5
Ozbot All-Terrain Robots or ATRs) are heavier ground robots capable of carrying and
deploying communication nodes to establish a mesh communication network, as well as
deploying an unmanned aerial vehicle (UAV). Legged robots (Boston Dynamic Spots) are
lighter ground robots that can navigate through challenging terrain and narrow cave corri-

dors. The UAVs (Emesent Hovermaps) can search areas inaccessible to ground robots.

Figure 3.1: The heterogeneous multi-robot team of Team CSIRO Data61 for the DARPA
Subterranean Challenge Final Event: two BIA5 OzBot ATRs (tracked robots), two Boston
Dynamics Spots (legged robots) and two Emesent Hovermap drones.

Due to the nature of underground environments, it is challenging to maintain communi-
cation connections between the base station and the robots continuously during the whole
mission. Therefore, robots need to have a high level of autonomy and can operate with
limited or even no human intervention. Unlike other teams in SubT [34, 38, 35, 36, 37],
we formulated multi-robot coordination as a multi-robot task allocation (MRTA) problem.
During a mission, robots can acquire available tasks based on their heterogeneous capabil-
ities and execute them automatically.

We have developed a task allocation module speci cally for the SubT challenge where
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a team of heterogeneous robots, guided by a human operator remotely, needs to perform a
time-critical search mission in a communication-limited and unknown underground envi-
ronment. The task allocation module comprises a distributed market-based task allocation
algorithm and a multi-modal user interface for the human operator to guide the multi-robot
team. The distributed market-based algorithm allows robots to assign tasks without a cen-
tralized coordinator suitable for a communication-limited environment. Although these
robots can complete the mission fully autonomously, the heterogeneous multi-robot team
can still take advantage of human expert knowledge and contextual decision-making to
achieve better robustness and adaptivity in this challenging environment. Therefore, we
have developed a multi-modal user interface for controlling a heterogeneous multi-robot
system. The interface provides various levels of control options from task assignment
between robots to teleoperation. The operator can switch to different control options seam-
lessly if needed. Task-based control is the default mode of control. In task-based control,
while robots are coordinated using multi-robot task allocation autonomously, the human
operator can guide the robots by in uencing the task allocation process via the interface.
For the task allocation module, Matthew O'Brien and Jason Williams contributed to
the overall design. Matthew O'Brien, Jason Williams, Alex Pitt, and | contributed to the

implementation, experiment, and analysis. | contributed to the human supervision part.

3.2 Task setup

For the SubT challenge, we consider a multi-task robot single-robot task scenario [12]
where each robot can perform multiple tasks while each task requires only one robot to
complete. Each task contains both the information of task details (type, location, and base
reward) and auction process (state, winning bid, winning robot, and update time) from the
market-based algorithm. During the mission, each robot maintains a xed-size task bundle
which is an ordered list of tasks. Robots continuously update the task bundle and execute

the rst task of the bundle. Figure 3.2 shows state transition of a task. After a task is
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created either by a robot or a human operator, it is in the unassigned state available to be
assigned. Once it is assigned either by bidding between robots or the human operator, it
is added to a robot's bundle and in the assigned state. Once the task moves to the head
of the bundle, it will be executed. If the robot executes the task successfully, the task will
be transition to the completed state. Otherwise, the robot will log the failure information
into the task and the task will transit back to the unassigned state. The human operator can

assign/unassign/cancel a task in any state except completed and canceled states.

Figure 3.2: The state transition diagram of a task. The task can be controlled by au-
tonomous robot actions (brown circles) and manual operator override actions (blue circles).
For the assign action, the operator can assign the task to a robot even if it is already assigned
to another robot or is being performed.

This setup allows robots to explore different areas for rapid exploration. Moreover, the
MRTA framework is task-agnostic for incorporating different types of tasks. We created

four types of tasks, where two of them can only be manually generated by the operator:
» Explore task: perform frontier exploration.
» Sync task: perform data sync between robots and the base station.
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» Drop node task (manually generated): drop a communication node for expanded

communication coverage.
» Goto task (manually generated): drive to an assigned location.

The majority of tasks for robots to execute are the explore tasks. During exploration,
each robot builds its local traversability map using SLAM data and navigation data [50].
With communication with other robots, each robot builds its own global traversability map.
Given its traversability map, the robots generate explore tasks at the frontiers of their global
traversability map. A sync task requires a robot to synchronize its data with the base station.
However, instead of driving back to the base station, another robot can acquire the task if
it holds the synchronized data. A sync task is generated when the robot is out of sync
for too long or the mission is almost over. A drop node task requires a robot to deploy a
communication node at a given location to expand communication coverage. Goto tasks

simply ask a robot to navigate to a given location.

3.3 Distributed Task Allocation

For task allocation, each robot maintains two collections of task datéaskeset contain-

ing all tasks generated during the mission, andésé& bundle, comprising tasks acquired

by the robot and ready for execution. The task set represents the current state of the mis-
sion as known by a robot. Robots use a consensus protocol to maintain a consistent task set
with every communicating robot and the base station. Any changes to a task (e.g., highest
bid, winning robot and state) in one of the task sets will trigger all other connecting robots

to update their task sets directly. However, the communication links between robots are
not always connected. Therefore, con icts between robots' task sets can occur after recon-
necting. To resolve these con icts, update time is used as the resolution, with more recent
updates taking priority. Speci cally, the robot with an earlier update time synchronizes its

bundle with the one having the most recent update time. During the task allocation process,
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each robot selects tasks from the task set and adds them to its task bundle for execution.
The task bundle is an ordered list of tasks for the robot to execute.

We have developed a consensus-based task allocation algorithm based on the Consensus-
Based Bundle Algorithm (CBBA) [7]. Robots follow the auction rules to bid on different
tasks (including exploration tasks) and determine the winning robot (highest bid). By ac-
quiring and executing tasks, robots can achieve explicit coordination. Instead of having
a single robot as an auctioneer to determine the winners in traditional market-based ap-
proaches [22, 23], the consensus-based approach allows distributed task allocation where
robots use maximum consensus to determine the winners. Because communication in an
underground environment is limited, the consensus-based approach is more suitable for our

multi-robot team.

3.3.1 TaskSelection

In task selection, each robidtas a task bundle and a path bundlg; (the execution order)
for the tasks it won. We de ngjj as the base reward of robiobn taskj. The expected

total reward of robot's bundlep; is

S(p)= & 1105 (3.)
j2pi
where O< | < 1 is the time-discount parameter anjCQpi) Is the expected time for robot
to complete tasl along pathp;.
For an available task (unassigned or assigned), robatalculates the task rewany

and uses it as a bid value. Robawill add the task to its bundle if it wins the task. We
use the insertion operator,,, to designate the inclusion of a new task into a bundle at the
indexn. Similarly, enddenotes the operation of appending the new task to the end of

the bundle. The task rewamg (bid value) is the maximum increase in the expected total
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Algorithm 1 Bundle building algorithm from [7]

Require: bundlebj, pathp;, winning agent lisiz; and winning bidsy;
1: while kbik L;j do
22 = maxfS(pi ni)g S(pi)

3 hij = I(cij > hij), 8]

4 J = argmax cijhyj

5 n;j=argmaxSS(pi nji)
6: b b endfiig

P Py flig

8: Yisii = Giji

o: 45 =1

10: end while

reward by adding taskinto its bundlep;.
Cij = Cizn(Pi) = maxXS(pi n))g  S(pi) (3.2)

Given all the available bids to the tagkthe task will be assigned to the highest bidder
| = argmax Uxj(px). The bundle building algorithm is shown in Algorithm 1.

Moreover, robots can continuously bid on tasks even when these tasks have been added
to task bundles. A robot will release a task when it receives a higher bid than its winning
bid. In [7], when a task is released from its bundle, the robot needs to release all the
tasks added after this task. However, this creates additional communication overhead and
interrupts the execution plan of the robot. Therefore, instead of releasing all these tasks, the
robot will re-evaluate them while maintaining the same execution order using Algorithm 2.

Since new tasks are generated during the mission and the size of a task bundle is lim-
ited, robots need to release tasks in their bundle to add new tasks to accommodate new
tasks and respond to dynamic changes in the environment. We adopt a simple but effective
approach in which robots can drop the last tasks of their bundle when nding other tasks
that can increase their expected total rewards. This simple method allows robots to be more
responsive to dynamic changes in the environment (e.g., more important tasks are gener-

ated and need to be completed before other tasks). It also avoids a large communication
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Algorithm 2 Bundle Update algorithm, for re-evaluating rewards when a task is removed
from the bundle. A reminder that andp; refer to the same bundle, and are simply ways to
represent different orderings (insertion vs execution). Thus Equation 3.1 is valid for either:

Sbi) = Spi).

3: bP bi  endJi:ko (Preserving previous execution order)
5: b; bio
6: end for

overhead for robots to continuously rebuild their task bundles.

3.3.2 TaskMonitoring

In complex real-world environments, robots may struggle or spend too much time on a
task, affecting the completion time of the mission. However, we also do not want robots
to switch tasks too quickly, as this may result in only a small number of tasks being com-
pleted. A concept of failed attempts is applied to tasks when the robot cannot make progress
in completing the task for a long period of time. Inspiration from communication networks
on managing transmission failures [86], after a failed attempt to thejtaie task be-
comes unassigned and blocks from being selected for a period of time dendﬂ?&kgg,
seconds. The tim@ljlockedincreases exponentially with the number of failufgsbased on

the equation

. ) o
Tolockeg= 30 21 (3.3)

Therefore, robots will naturally avoid tasks with repeated failures while still trying to

complete the task with only a few failed attempts.
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3.4 Operator Supervision

Deploying a heterogeneous multi-robot team in a real-world underground environment is
challenging. Tough terrains can cause robot failures and limited communication can dete-
riorate the coordination between robots. Although robots can perform coordinated explo-
ration via task allocation process, leveraging the expert knowledge of humans can enable
a multi-robot system to complete missions in challenging environments with a high degree
of adaptivity and robustness. As a result, we have developed a multi-modal task-based
graphical user interface (Figure 3.3) for a human to guide the multi-robot team by in u-
encing the task allocation process. The operator's base station runs a modi ed version of
the task allocation process using the same consensus protocol to maintain a consistent task
set with the robots in the team, and forward bids between agents. The task allocator in the
base station can relay task information including task status, task location and task type.
Moreover, the operator can interact with the task allocators of robots via the task allocator
in the base station to update the task set, and these changes are then broadcast to the robots.
However, since the base station cannot execute tasks like robots, its task allocator will not
bid on the tasks itself.

Figure 3.3 shows the graphical user interface for multi-robot task allocation that in-
cludes a map-based interface and the executive panel. The map-based interface provides
an intuitive visualization of tasks and robots within a representation of the world, allowing
the operator to see their location and other state information at a glance. The map is gen-
erated using SLAM and navigation data in real-time during missions. The executive panel
contains four main parts: the robot selection subpanel, mission subpanel, task subpanel,
and a robot state table. Since task mode is the default mode of operation, the human op-
erator primarily uses the task subpanel. The robot selection subpanel is used to select the
corresponding robot(s) for the action the human operator wants to perform. The mission

subpanel is for setting the time threshold for operating out of communications, and a nal
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Figure 3.3: An overview of the task-based user interface, which includes an executive
panel on the left and a map-based interface on the right. The map is generated using
local navigation data and SLAM data. The map shown is composed of a point cloud map
and a traversability map. The operator can use the executive panel to generate tasks and
priority-regions, which are shown on the map as pin markers and large gray shapes with
markers on top, respectively. The green colored markers are the executing tasks and red
colored markers are the unassigned tasks. Robots are highlighted by green hexagons and
connected to their executing tasks (green colored markers). The areas in the traversability
map highlighted by purple spheres are prioritized by graph-based priority-region (the large
gray sphere, labeled Task:r1/2).

mission curfew time, to control when robots will generate a sync task and bring data back
to the base station. This feature enables the operator to balance between deep exploration
and updating the base station, as the mission requires. The task subpanel is for creating
tasks and prioritization regions. Prioritization regions can change the priority of multiple
tasks. The robot state table is to show the current state of robots.

With tasks shown in a 3D map as pin markers, the operator can control task allocation
at both a single-task level interacting with task markers in the 3D map and a region (multi-
task) level using prioritization regions to modify the priorities of included tasks. The ow
of control on a task is shown in Figure 3.2. For creating a new task, the operator selects the

task type from the task subpanel and its location in the 3D map. For controlling an existing

task, the operator needs to select an operation in the context menu of the corresponding
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task marker. The control ow at the region (multi-task) level has a similar structure without
setting the task type. Instead, the operator needs to set the region type and priority. This
video' demonstrates how the operator can utilize the interface to guide the multi-robot

team.

3.4.1 SituationAwarenes£nhancement

One of the main goals of this multi-modal graphical user interface is to provide the oper-
ator with continuous situation awareness about the mission progress and the environment.
Compared to a camera-based user interface, a map-based user interface requires a lower
operator workload on multi-robot navigation tasks [87]. Furthermore, since the use of
models and markers has been shown to be effective for providing the operator perception
and comprehension of important information of the environment [88, 89], the interface
adapts a map-based approach, where the 3D map of the environment shows locations and
state information through task markers and robot models. The 3D map is generated and
updated continuously using SLAM data and navigation data from robots. Each task marker
is an interactive marker and represents a task, where the color of the marker indicates the
state of the task and the text above the marker shows the name of the task. The name of
the task contains the information about task type, task creator, and task ID. For instance,
EXPLOREr1=1=10) indicates this is an exploration task represented by task type equals
to 1, and it is created by the robat with the task ID of 10. Left-clicking a task marker
shows additional information including its assigned robot, its bid value and its priority as
shown in Figure 3.5a. Blue line segments are used to connect tasks in a robot's task bundle
to indicate their execution order (Figure 3.3). In the case of only one task in the robot's
task bundle, there will be a single blue line segment connecting the robot to its executing
task. In the case of multiple tasks in the robot's task bundle, there will be a path containing

multiple blue line segments to connect the robot model and its bundle's tasks (executing

https://www.youtube.com/watch?v=Hz8u6u210
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task and assigned tasks) in execution order. This map-based interface allows the operator to
have a clear overview of the multi-robot team's current progress in a complex and partially
unknown environment.

The robot state table in the executive panel shows the current state of each robot through
four columns: elapsed indicates time passed since the last message received by the base sta-
tion, E-stop indicates if the emergency stop is activated; status represents the current action
the robot is performing; and error contains additional information if the robot encounters
errors. Cells in each table will be lled with various colors to re ect the state, where green
signi es a normal state, yellow signi es a warning state, and red signi es an error state. As
a result, the operator can have a good understanding of the robot state at a glance.

Since the multi-modal user interface can improve human operator concurrent task pro-
cessing ef ciency by leveraging multi-channel communication [90], the multi-modal inter-
face will send an audio message when the robot is in a warning or error state. This reminds
the operator to switch back to supervise the multi-robot team from artifact identi cation.
Since the audio message contains information about which robot is in a warning or error
state, it also helps the operator to examine the robot needing attention when focusing on a
different robot.

These features aid the operator's understanding about the current state of tasks and
robots in the environment intuitively without the need of context switching between robots
as recommended by the guidelines in [89] on creating an at-a-glance display and using

multi-modal alert techniques to maintain situational awareness.

3.4.2 InjectingOperatorKnowledge

Along with providing good situation awareness, another goal of the graphical user interface
is to allow the operator to inject his/her knowledge conveniently during the mission for
effective control. To do so, the operator can use the interface to manipulate tasks at both

the single-task level and the region level to in uence task allocation and guide the multi-
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robot team.

(a) Task tab (b) Priority tab

Figure 3.4: The task subpanel of the executive panel contains a task tab for creating tasks
and a priority tab for creating the prioritization regions

Robots automatically generate tasks during a mission, and the operator can also gen-
erate tasks using the task tab (Figure 3.4a). These manually created tasks have a higher
priority by default. To control single tasks, other than left-clicking it for additional infor-
mation (Figure 3.5a), the operator can create/cancel/assign/unassign a task directly using
the context menu of the corresponding interactive task marker by right-clicking it (Fig-
ure 3.5b). These actions will change the state of a task during the task allocation process
as shown in Figure 3.2. Before the introduction of interactive markers, an operator needed
to rely on the task table in the executive panel to nd the corresponding task from the map
and control it using the buttons in the task tab. This improvement makes single-task level
control more intuitive and streamlines the control process.

The operator can create prioritization regions using the priority tab of the task subpanel
( Figure 3.4b) to change the priorities of multiple tasks. These regions can be speci ed for

a speci c type of task or a speci ¢ subset of robots using the agent selection subpanel. This
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(a) Left-clicking (b) Right-clicking

Figure 3.5: To interact with the task marker, left-clicking shows additional information
while right-clicking allows task-level operations.

method can attract robots to execute tasks in an area the operator believes is important by
setting a high-prioritization region, or repel robots from executing tasks in an unimportant
or dangerous area using a low-prioritization region. There are two types of prioritization
regions. One of them is a geometric prioritization region (Figure 3.6a), represented either
as a cube or half-plane to specify an exact volume or in nite boundary respectively. These
modify the priority of tasks within the region. The other type is a graph-based prioritization
region (Figure 3.6b) represented as a sphere region. It modi es the priorities of tasks that
are inside or downstream of the prioritization region in the topometric graph commencing
from the origin (the location of the base station in SubT). The topometric graph is a coarse
representation of traversability through the world used for planning, and is generated by
combining local navigation data and SLAM data sequentially. Figure 3.6b highlights the
vertices of the topometric graph impacted by the prioritization region, where tasks located
near these vertices will be prioritized.

These two types of prioritization regions are suitable for different scenarios. Geometric
prioritization regions are more suitable for known environments. The operator can create a
geometric prioritization region over an important/dangerous area so that robots will prior-

itize/deprioritize tasks within the region. Alternatively, graph-based prioritization regions
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(a) Geometric (b) Graph-based

Figure 3.6: The two types of prioritization regions: geometric prioritization regions and
graph-based prioritization regions. Geometric prioritization regions modify the priorities
of tasks within its geometric shape, whereas graph-based prioritization regions modify the
priorities of tasks near the highlighted topometric graph vertices.

are more suitable for partially unknown environments. Robots prioritize both the tasks
within the graph-based prioritization region and tasks downstream of the region deeper into
the environment. This is particularly useful for exploration in complex environments like
tunnels. A graph-based prioritization will continue to guide robots deep into the unknown

environment for exploration.

3.5 Results

This task allocation module has been used in various challenging underground environ-
ments and demonstrated its advantages in enabling effective coordination between robots
guided by a human operator. Our team, Team CSIRO Data61, achieved second place and

tied for the top scores in the Systems Track using this task allocation module.
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Figure 3.7: The activities of each ground robot during the nal run. Prioritized tasks were
the tasks modi ed by prioritization regions; manual tasks were the tasks manually assigned
to the robot by the operator, default tasks were the tasks with unchanged priorities. Note
that Rat failed to operate after 40 minutes and Bingo failed to operate after 20 minutes due
to inability to recover from falls. During the nal run, three out of four ground robots (Rat,
Bluey, Bingo) primarily executed tasks generated from the task allocation module until

they encountered robot failures
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Table 3.1: The distributions of various levels of controls (autonomous, guided control,
direct control) in runtime for each ground robot during the nal runs. At the autonomous
level, the robot was executing default tasks autonomously without any human interventions.
A robot under guide control indicates it was executing tasks guided by the operator via task-
based control (manual tasks and prioritized tasks). A robot under direct control indicates it
was executing commands from the operator or being teleoperated. Robot Rat, Bluey and
Bingo mainly executed tasks autonomously or under high-level guidance from the operator.
In contrast, robot Bear was primarily under direct control, with the operator providing low-
level commands the majority of the time.

Robot Autonomous Guided Control Direct Control
Rat-r1 (ATR) 65.84% 4.13% 30.03%
Bear-r3 (ATR) 12.46% 15.53% 72.01%

Bluey-r2 (Spot)| 14.11% 72.76% 13.13%
Bingo-r5(Spot) 10.50% 72.94% 16.56%

3.5.1 DARPA SubterraneafhallengeFinals

The DARPA Subterranean Challenge Final Event was hosted in the Louisville Mega Cav-
ern. The subterranean environments include tunnels, urban settings, and caves which are
challenging due to tough terrain and limited communication. Each system track team
needed to deploy its multi-robot team supervised by a single human operator to locate
and identify artifacts correctly with a 60-minute time limit. Team CSIRO Data61 used a
heterogeneous multi-robot team (Figure 3.1) including two BIA5 OzBot ATRs (tracked ve-
hicles named Bear and Rat), two Boston Dynamics Spots (legged vehicles named Bingo
and Bluey), and two Emesent Hovermap drones. Only the ground robots (ATRs and Spots)
were controlled by the task-based approach, while the drones were launched by operator
commands and independently explored afterwards.

The point clouds and trajectories for the ground robots in the nal run are shown in
Figure 3.8. Robots performed explicit coordination using the multi-robot task allocation
module to explore different areas. Figure 3.7 contains the timetable of each ground robot
in the SubT nal run, respectively. Each timetable illustrates the robot's current operation
at each time step. During the nal event, Bluey and Bingo (Spots) entered the environ-

ment rst. To avoid Bluey (Spot) entering the dangerous area (like the railway tunnel

34



where it had tripped in preliminary runs), it was controlled by the operator using way-
point commands periodically in the beginning. Then, both robots autonomously executed
prioritized tasks in prioritization regions or tasks assigned to the robot by the operator, au-
tonomously exploring distant parts of the course before falling outside the communication
range. Rat (ATR) was mainly executing tasks autonomously until hardware failures. Bear
(ATR) was controlled using waypoint commands after the communication with Bingo was
lost around 20 minutes in. Since Bluey also lost communication later in the run, the op-
erator used waypoint commands to guide Bear to act as a mobile relay point to attempt
to regain communication with Bingo and Bluey while dropping communication nodes to
maintain communication with the base station. Table 3.1 summarizes the distributions of
how robots operated under various levels of control. These results shows that our interface
provided the operator a clear overview of the situation to allow robots to run with a high
level of autonomy, and enabled effective high-level control to guide the multi-robot team
in a complex and challenging environment.

The graph-based prioritization region has proven to be a powerful tool for the operator
to guide robots in a high-level interface. Since graph-based prioritization regions not only
change the priorities of tasks within the regions, but also the tasks extended from the region
based on the topometric graph, this makes it suitable for exploration where the boundaries
are unknown. Figure 3.9 provides a scenario showing how the operator used graph-based
prioritization regions to guide the exploration of Bear (r3) to the area on the right, since
the operator speculated that there was a large unexplored area. To do so, he created a low-
prioritization region on the left to deprioritize exploration tasks that were extended to the
left and a high-prioritization region on the right to prioritize exploration tasks that were
extended to the right. As a result, taSKKPLOREr3=1=130) was deprioritized and task
EXPLOREr3=1=110 and EXPLORHKr3=1=111) were prioritized. Bear (r3) executed
EXPLOREr3=1=111) to keep exploring the area on the right. Later, Bear (r3) found a

large cave area, which con rmed the operator's speculations. These results demonstrate
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