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Abstract

With the promise to shape the future of industry, multi-agent robotic technologies have the
potential to change many aspects of daily life. Over the coming decade, they are expected to impact
transportation systems, military applications such as reconnaissance and surveillance, search-and-
rescue operations, or space missions, as well as provide support to emergency first responders.

Motivated by the latest developments in the field of robotics, this thesis contributes to the
evolution of the future generation of multi-agent robotic systems as they become smarter, more
accurate, and diversified in terms of applications. But in order to achieve these goals, the individual
agents forming cooperative robotic systems need to be specialized in what they can accomplish,
while ensuring accuracy and preserving the ability to perform diverse tasks.

This thesis addresses the problem of task allocation in swarm robotics in the specific context
where specialized capabilities of the individual agents are considered. Based on the assumption
that each individual agent possesses specialized functional capabilities and that the expected tasks,
which are distributed in the surrounding environment, impose specific requirements, the proposed
task allocation mechanisms are formulated in two different spaces. First, a rudimentary form of
the team members’ specialization is formulated as a cooperative control problem embedded in the
agents’ dynamics control space. Second, an advanced formulation of agents’ specialization is
defined to estimate the individual agents’ task allocation probabilities in a dedicated specialization
space, which represents the core contribution of this thesis to the advancement and practice in the
area of swarm robotics.

The original task allocation process formulated in the specialization space evolves through four

stages of development. First, a task features recognition stage is conceptually introduced to

Xi



leverage the output of a sensing layer embedded in robotic agents to drive the proposed task
allocation scheme. Second, a matching scheme is developed to best match each agent’s specialized
capabilities with the corresponding detected tasks. At this stage, a general binary definition of
agents’ specialization serves as the basis for task-agent association. Third, the task-agent matching
scheme is expanded to an innovative probabilistic specialty-based task-agent allocation framework
to generalize the concept and exploit the potential of agents’ specialization consideration. Fourth,
the general framework is further refined with a modulated definition of the agents’ specialization
based on their mechanical, physical structure, and embedded resources. The original framework
is extended and a prioritization layer is also introduced to improve the system’s response to
complex tasks that are characterized based on the recognition of multiple classes.

Experimental validation of the proposed specialty-based task allocation approach is conducted
in simulation and on real-world experiments, and the results are presented and discussed in light
of potential applications to demonstrate the effectiveness and efficiency of the proposed

framework.
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Chapter 1 Introduction

1.1 Motivation

Robotic technologies, by providing smart and powerful solutions to support daily life activities,
are promising to take over some of the roles occupied by human beings for performing complex
and dangerous tasks. Swarm robots consist of multi-agent systems comprised of a group of
individual robotic agents working together toward a common objective. Swarm robotics is an
approach to the coordination of robots with the objective that a desired collective behaviour
emerges from the interactions between the individual robots and the surrounding environment.
Swarm robots will continue to play a prominent role in the manufacturing and service industry, as
well as in space and security/military applications in the future. Along this trend of development,
swarm robotics requires improvements in order to allow robotic agents to achieve a high level of
self-determination on task allocation and completion. In the context of this research, task
allocation, or task-agent assignment, refers to the process of selecting robotic agent/agents that are
to be allocated to a given task and ensuring that the selected agent/agents are sufficiently qualified,
in terms of the agents’ functional capabilities, to fulfill the execution requirements of the task to

the greatest extent.

To support such initiatives, the formation control of multi-robot cooperative systems has been
studied extensively in the literature. Collaboration in multi-agent systems provides extended
capabilities such as data exchange and cooperation control. Such cooperative approaches allow
robots to handle more complex tasks including data collection, environment exploration, search-
and-rescue, mining, harvesting, manufacturing, delivery, or damage assessment in disaster-

affected areas.



Motivated by the latest developments in the field of unmanned autonomous intelligent systems
and cooperative control, this research aims to contribute to the evolution of the future generation
of cooperative robots for them to be smarter, more accurate, and accessible to a broader range of
applications. For that matter, the individual components of cooperative robotic systems will need

to be specialized while ensuring accuracy and ability to perform diverse tasks.

Therefore, the goal of this research is to evolve the swarm team to be well functioning as a
cooperative team in which individual agents’ specializations are defined on the basis of their
heterogeneous functionalities. The resulting team of robots should be able to maintain a precise
level of accuracy while focusing on the specialization that leads to the distribution of the tasks,
where each task is to be mastered by an individual agent or a group of agents among the swarm.
The focus in this thesis is on the specific constraints set by the specialization of the individual
agents, and solutions are proposed for a swarm of specialized robots to be efficiently allocated or
dispatched to corresponding tasks that impose specific requirements for their satisfactory

completion. This perspective has not been extensively addressed in the literature.

Previous and current research on the coordination of multi-agent systems has mainly focused
on two directions. On one hand, the literature has focused on the coordination of equal agents, or
homogeneous coordination techniques, where the coordination of a group of homogeneous robotic
members is extensively studied. On the other hand, heterogeneous coordination is considered to
solve the coordination problems in multi-agent systems composed of individual robotic agents that
are different in their physical construction. However, while research on multi-agent systems has
focused on the above-mentioned directions, future development needs to go beyond the

consideration of only homogeneous or heterogeneous systems. The goal is to reach formal



considerations of specialization in order to optimize the functionalities of the swarm’s members
based on the specific constraints imposed by the given tasks to be performed. This concept opens
new directions based on the formal consideration of a swarm’s individual agents possessing

heterogeneous functionalities.

In this thesis, the problem of multiple robotic agents’ specialization is studied from two
perspectives. First, a specialty-based task allocation of the individual agents is formulated as a
swarm’s cooperative formation control problem. This rudimentary solution allocates the most
competent individuals over a given workspace while considering some specific tasks to be
performed. Second, a more advanced specialty-based task allocation solution is formulated in a
probabilistic form. At this level of development, a rigorous formulation of the agents’
specialization is developed to compute the respective agents’ task allocation probabilities in a

dedicated specialization space. This represents the core contribution of the thesis.

Ultimately, while being allocated to specific tasks based on their embedded functional
capabilities that best match task-related constraints, the individual agents should still interact as a
cooperative team. As a result, the significance of this study also emerges from the integration

between individual agents’ specialized skills and swarm effectiveness.

1.2 Objectives and Contributions

The main objective of this thesis is to address the design aspects of a cooperative coordination
framework for a group of robots that consists of specialized individual members. While each
member is prepared or equipped to perform specific tasks, the latter impose specific constraints.

The proposed system considers different types of unmanned systems such as unmanned ground,



aerial, or sea (UGV, UAV, USV) vehicles to be heterogeneous at the functionality level, where
heterogeneity is imposed by the specific constraints of the task recognized through an embedded
sensory layer. This research considers the multi-robot coordination problem as a two-level
coordination strategy. That is, agents’ coordination control is developed in two spaces: first, the
control space, which accommodates fundamental robot requirements (e.g. navigation, formation
control, and localization), and second, the specialization space, which addresses the specialization
required for interacting with the environment (e.g. exploration, sensing, tracking, and picking).
This trend contributes to enhance the individual’s particularities among a robotic team in terms of
specialization, quality, precision, and efficiency of the autonomous team operation, and
collectively in terms of the smartness of the swarm. The framework that emerges from this work
presents a comprehensive study and experimental evaluation of the proposed cooperative
coordination strategy for multi-agent systems in the two coupled spaces. The specialization space,
which includes several design aspects for coordinating the specialized individual agents to the
corresponding tasks, represents the main contribution of this thesis. A conceptual mechanism is
developed for task recognition under uncertainty, followed by a formal probabilistic representation
of task-agent specialty matching and allocation of the specialized agents to perform a task with
optimization of agents’ competencies while also considering the agents’ availability, the agents’
attendance level, and the potential influence of human-on-the-loop control. The proposed

framework is experimentally validated in simulation and on real robotic platforms.

1.3 Problem Statement

This work aims to fill technological gaps from previous works that have addressed the problem

of specializing individual members of robotic swarms. The outcomes of this thesis contribute to



advance the field of swarm robotics by the development of an innovative framework that leverages
sensing capabilities to support the conceptualization and implementation of specialization among
the agents. The focus is placed on defining the specialty of the individual agents and on their
matching with tasks to be mastered by these individual agents based on particular constraints
imposed by each task. To this end, the research intends to provide answers to the following

research questions:

Question 1: How can a swarm of robots with a relatively low-level of intelligence perform
complex tasks requiring specialization in the individual robotic agents?

Over the last two decades, cooperative formation control of multi-agent systems has received
significant attention from researchers. Building upon methodologies that are considered in the
literature review (Chapter 2), this thesis presents a solution to fill a research gap regarding the
specialization of individual members in a robotic team. The focus here is to reinforce the swarm’s
capabilities by benefiting from the agents’ non-homogeneity. To that end, this thesis extends the
concept of cooperative swarms and proposes a rigorous process to leverage the specialized

heterogeneities between individual agents.

To answer Question 1, an early investigation is first conducted to validate the concept. This
process defines different zones of a robotic team’s workspace as separated areas assigned to
different tasks. The developed solution allows robots to smoothly and safely switch their positions
and dynamically adapt the overall formation as a response to a specific task to be performed in
each visited zone. It defines how the swarm’s formation is managed over each zone. As a result of
a rudimentary form of specialization, the framework switches the agents’ leader role from one

agent to another as the group transfers from one zone to another. In the first phase of research, it



Is assumed that a specific agent (i.e. one member of the swarm) is the only specialized one for the
leading task in each zone. This agent is assigned as the specialized leader of the group in the related
zone until the task is completed. Details on this first part of the research are reported in Section

3.4.

Question 2: Can the initial approach be upgraded to allow specialized individuals to benefit
from automatic target recognition in their environment, and can the cooperation between
agents become robust and flexible enough to automatically assign the proper specialized
agents to their corresponding tasks upon discovery?

To answer this question, the original coordination system for task-based leadership assignment
among specialized robots is further extended. The problem is reformulated by evolving the
definition of specialized zones of influence that are distributed over the workspace for the group
of robots. Inspired by earlier formation approaches, an interesting solution emerges. Starting from
the assumption that automatic target recognition in the workspace is possible using on-board
sensors, the process of selecting a specialized agent, which is qualified to perform a recognized
task, should progressively proceed through three basic states which are respectively named
searching, task, and execution states. This approach is also extended to account for dynamic zones
of influence when a target is moving, as well as when multiple tasks share the same zone. This

better reflects realistic intervention scenarios with mobile robots. The work performed in this

direction is reported in Section 3.5.

Question 3: For improving the swarm’s management, can the specialized functionality of
each agent be properly defined and formulated in a probabilistic matching mechanism based
on a certain level of suitability of the agents’ specialization to respond to a given task?

To address this question, the framework design used for specializing the role of individual

agents can be refined by leveraging probability-based modelling. Building such a probabilistic



representation of the behaviour of the individual agents leads to a scalable mechanism. The latter
supports an automated process that is able to handle uncertainty in tasks and specialization
definitions, as well as cope with an imperfect match between task constraints and specialized
agents’ capabilities. The proposed solution for specialized agents’ selection is formulated in terms
of the confidence level in task recognition and on the probability of a given agent to be qualified
to meet the task’s specific requirements. The proposed specialty-based task allocation scheme aims
to calculate the matching suitability, or task-agent specialty fitting probability, of the individual
agents among the swarm based on the recognized task constraints. The development of this

framework is detailed in Sections 4.3 and 4.4.

Question 4: Can the proposed framework be applied in real systems?

To demonstrate the validity of the proposed approach and its potential for real-world
applications, it is tested in two ways. First, the proposed framework is validated in simulation to
demonstrate its effectiveness. Extensive simulation experiments are presented in Chapter 5. Then,
a potential application of the proposed approach is presented as a case study, while the
implementation of the proposed framework on real robotic platforms is detailed to validate and
examine the performance of the specialty-based task allocation scheme to achieve the expected

level of coordination. This work is presented in Chapter 6.

1.4 Thesis Organization

The chapters of this thesis are organized as follows:

Chapter 2 provides an extensive survey of previous works related to coordination in swarm

robotics. The literature review covers six main directions to identify the research gaps and



evaluates existing solutions. The first part presents a generic review of the state-of-the-art efforts
on swarm’s formation and coordination control. In the second part, a more detailed survey is
conducted on the methodologies used in the literature where homogeneous agents or equal agents
are considered. In part three, a detailed investigation is performed on previous approaches and
solutions that consider heterogeneous robotic systems. Parts two and three shed light on the non-
homogeneous behaviour and coordination of individual members of a group of agents and
emphasize the existing research challenges. The fourth part of the literature review presents the
division of labour in social colonies such as social insects, which is what many researchers aim to
achieve with swarm robotics. Part five covers probabilistic modelling to support the formulation
of the proposed specialty-based task allocation approach. Finally, part six sheds light on the

literature that discusses possible cooperation between humans and robots.

Chapter 3 details the design aspects of specialty-based task-agent allocation as a cooperative
control approach. The research work that is reported in this chapter addresses the non-homogeneity
of individuals among a swarm of robots as specialized constraints that govern the automatic

process of selecting agents associated to specific tasks.

In Chapter 4, the original probabilistic approach for specialty-based task-agent allocation is
presented. In this chapter, the basis for the proposed probabilistic formulation of the tasks’
characteristics and the approach for their related agents’ assignment are detailed. The original
formulation of the individuals’ specialization is defined and a novel task-agent probabilistic
matching process is implemented. In addition, the original framework is extended to tackle more

complex tasks. The developments in this chapter represent the core contribution of this research.



In Chapter 5, the developments of the proposed framework that are introduced in Chapter 4 are
investigated under various conditions. A simulator is implemented to confirm the validity of all
components of the proposed framework that are introduced in Chapter 4. In addition, the efficiency
of the proposed framework is also investigated under different operational conditions. These
conditions include when the system deals with the detection of one task at a time, as well as when
it deals with the simultaneous detection of multiple tasks which must then be simultaneously
distributed to different robotic agents. Results of extensive simulation experiments are presented,
discussed, and analyzed in this chapter to demonstrate the reliability of the proposed framework
in pursuit of the mission goals. As well, the framework’s adaptability to lead specialized teams

over small, medium, and wider workspaces is demonstrated.

In Chapter 6, the proposed approach is analyzed in terms of its potential applications. A case
study considering a simulated search-and-rescue indoor application is presented. In addition,
results from experiments conducted on physical mobile robots are presented in this chapter to
demonstrate the effectiveness and evaluate the performance of the proposed task allocation

mechanism on a multi-agent robotic team.

Chapter 7 concludes this thesis. It emphasizes the achieved original contributions, as well as

proposes future extensions of the proposed framework.



Chapter 2 Literature Review

2.1 Introduction

A multi-agent system is composed of multiple interacting agents that operate with each other
within a bounded environment whereas the system behaviour is collectively produced from these

interactions.

A well-known approach for the coordination of multi-agent systems that consist of a large
number of robotic units is called “swarm robotics”. In other words, the concept of “swarms” from
the robotic perspective is a system that creates patterns or some kind of ordered structures. This
coordination approach is inspired from the behaviours of social insect colonies such as ants and
bees, which stand as examples of how collectively intelligent systems are created because of the
interaction between a large number of simple individuals. The concept of swarms upgrades the
capability of multi-agent systems to carry out useful and intelligent tasks [1]. The research found
in the literature is still improving upon existing multi-robot systems coordination capabilities with

the objective to reach the capabilities of social insects’ swarms.

Beni and Wang introduced the term "Swarm Intelligence™ to describe the collective behaviour
of decentralized, self-organized systems, in the context of cellular robotic systems [2]. The term

“swarm robotics” is defined in [3] as the study of:

“How a large number of relatively simple physically embodied agents can be
designed such that a desired collective behaviour emerges from the local

interactions among agents and between the agents and the environment”.
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The early research interests in multi-agent robotic systems that have a cooperative behaviour
were to emphasize various theoretical problems of cooperative robotics, which aimed to study
many issues associated with multiple robots such as group architecture, origin of cooperation, and
geometric problems. These ideas have been reported in survey papers [4] and [5]. Another essential
principle of multi-agent or multi-robot systems coordination is its control architecture. As the
robustness of a practical system requires a proper controller, the work in [6] pays a particular

attention to control.

While multi-agent systems are capable to solve problems that are difficult or impossible for
individual agent systems, as a prominent discipline, swarm robotics or cooperative multi-agent
systems have attracted a significant number of researchers to propose solutions to problems and
address specific demands from the industry as well. Multi-agent systems have been successfully
applied in the real world and many examples have been reported, such as mapping and exploring
of the environment, self-organization, distributing antennas and sensors, surveying areas, goal
searching, foraging, searching in risky areas, cooperative transport, mining, etc. The following
sections present an extensive literature survey on the topic. The focus is on previous studies that

analyze sophisticated algorithms for swarms’ coordination.

2.2 Coordination of Systems with Multiple Robots

This section focuses on previous art that analyzes general algorithms for multi-agents
coordination. Many problems related to multi-agent systems such as cooperative formation and

control, path and motion planning, as well as localization and mapping are considered.
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Multiple robot systems involve a group of robots that can work cooperatively to accomplish a
desired task. The overall performance of a group of robots depends on the level of cooperation,
coordination and communication among the robots in the group. These three concepts are essential
in multi-robot systems. A cooperative robotic system is defined as a group of robotic agents that
have a joint operation to perform. A collaborative robot is a robot intended to physically interact
with humans or with other robotic agents in a shared workspace. Coordination is a form of
cooperation in which the actions performed by each robotic agent takes into account the actions
executed by the other ones. Communication is the process that allows the robots to communicate
and exchange the data that is required to ensure the interaction between the agents in a proper way

to accomplish tasks [7].

2.2.1 Cooperative Coordination of Multi-Robot Systems
The significant benefits emerging from cooperation between the agents of multi-robot systems
attracted the interest of many researchers. This subsection presents some of the notable systematic

examples from the literature on the cooperation of multiple robots.

An environment boundary estimation algorithm is introduced in [8] to deploy a sensor network
based on a group of jointly operated mobile robots to obtain an optimal approximation polygon.
Each sensing agent exchanges the information with its neighbours along the boundary and
provides information about the tangent and curvature of the boundary. Multiple robots behavioural
coordination based on null space approach [9] is proposed in [10] to escort a moving target with a
team of mobile robots. Multi-robot cooperation can be taken advantage of to solve the problem of
localization and mapping. A solution proposed in [11] combines the localization technology of

wireless sensor network (WSN) with multi-robot cooperative localization to ensure a satisfactory
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accuracy. Multi-robot systems can also improve the efficiency of task allocation. As such, multi-
robot system algorithms to accomplish tasks are addressed in [12] and optimal task allocation
patterns are presented in [13]. A complex self-organization approach for a system with multiple

robots and based on task partitioning and allocation is proposed in [14].

2.2.2 Coordination Strategies
Multi-robot coordination is controlled either as a centralized system, a decentralized system, or
alternatively as a hybrid system, which is a combination of the two prior models. In this section,

centralized and decentralized coordination control strategies are considered.

A. Centralized Architectures

In centralized architectures, a central unit controls the coordination of the individual robots in
the team. Each robot can also communicate with the robots in the team via the same central unit.
This central unit makes decisions regarding the response to faults among the individual agents and
monitors task accomplishments. The central unit can be one of the robots or a computer. The
control unit of centralized architectures usually faces limitations when controlling large teams of
robots. The potential failure of the central unit makes for a highly vulnerable system. At the same
time, centralized controlled systems offer many advantages such as the reduction of effort
duplication as well as cost savings and reduced time consumption [15]. Many studies discuss
centralized architectures, including tasks assignments [16] [17] [18], and motion planning [19]
[20]. The details of a central planner to run a multi-robot system for outdoor applications is
discussed in [21]. In general, centralized architectures of multi-robot systems are robust to failure

of individual agents.
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B. Decentralized Architectures

A decentralized multi-robot system involves no coordination by any centralized control unit.
The team members can then be controlled individually, and the robots among the team can
communicate and talk to each other directly. Contrary to the limitations observed for centralized
architectures to control large teams of robots, decentralized architectures offer robustness and
scalability. The failure of any agent in a decentralized multi-robot system does not affect the entire

system.

A decentralized algorithm for a multi-robot system has been implemented in [22] for tasks
allocation. This decentralized approach allows the robots to exchange messages and operate
autonomously. Two decentralized task-allocation algorithms are presented in [23] to coordinate a
fleet of autonomous robots. Other works based on decentralized approaches for multi-robot
systems are proposed that include applications in exploration [24], traffic control [25] and

navigation [26].

2.2.3 Cooperative Control for Coordinating Multi-Agent Systems
From a control point of view, different coordination control techniques for multi-robot systems
are proposed in the literature, such as potential fields, leader-follower, virtual structure, behaviour-

based, and graph theory-based approaches. This section summarizes some of these techniques.

A generic framework is proposed in [27] to control a distribution and group formation
behaviour of a multi-robot system considering potential fields. In [28], force equilibrium is
analyzed to show how potential fields can be used for different shape generation and formation

control. A decentralized control approach based on potential fields for a holonomic multi-robot
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system is presented in [29] that allows not only to control robots shape formation, but also to

determine their positions.

The formation problem is addressed in [30] based on the principle of leader-follower formation.
Leader-follower formation is further investigated in [31], where it is assumed that each robot is
equipped with a local sensor and its sensor-based information can be used to control the leader-
follower formation. The control problem of leader-follower formation is considered in [32] as a
model switching control system. In [33], a framework is implemented for leader-follower
formation. A reactive tracking controller is proposed to make each follower maintain its desired

position relative to its leader.

A formation approach is presented in [34]. Using generalized coordinates, the agent’s location,
ordination, and the group’s shape are characterized with respect to a reference point. In [35] and
[36], the shape formation is also expressed in terms of generalized coordinates. Another formation
approach for multi-robot systems is introduced in [37], where the group of robots should maintain
a rigid formation based on virtual structure control. The formation control of multi-agent systems
is derived in [38] from general non-linear dynamics (servomechanism method). Alternatively, a
switching algorithm is proposed in [39] that combines equal agents’ formation and reinforcement

learning-based obstacle avoidance.

The idea of aggregate motion is modelled in [40] as a computer animation model achieved by
a combination of many separate agents that move together. The simulated animation results from
the dense combination of each individual agent behaviour. A non-colliding aggregate motion of

each agent is simulated and acts as an independent contributor to the total animation. The agents
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navigate based on their individual behaviour and on their interaction with the surrounding
environment and their groupmates. The approach addresses the problem of multi-robot group

formation and collision avoidance.

Multi-robots formation control using a behaviour-based approach is also discussed in [41],
which means that the behaviour of each agent in the group is designed such that the proper position
of each robot is computed with respect to the other robots location. The positions of the robots in
the desired formation are referenced based on one of these techniques: unit centre reference, leader
reference and neighbour reference. The desirable group behaviour emerges as a result. In [42],
various behaviours are analyzed where the sensory input is used to choose an appropriate
behaviour for each robot. Behaviour-based formation approach is also adopted in [43] and a
genetic algorithm is used to determine the behaviour control parameters. A dynamic approach to
behaviour formation is addressed in [44], where formation control is modeled into nonlinear
attractor dynamics. Graph theory is also adopted to control the coordination of multi-robot
systems. Control of a group of mobile robots navigating while maintaining a desired formation
using graph theory is addressed in [45]. A leader-follower formation control based on graph theory

approach is also proposed in [46].

2.2.4 Applications of Multi-Robot Systems

Multi-robot systems have the flexibility, robustness and scalability to deal with tasks that are
difficult to be accomplished by a single robot. A team of robots may contribute cooperatively to
solve or perform several difficult tasks in an easier way beyond what is possible with an individual

robot. Several application areas can benefit from the use of multiple robots, such as exploration,
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monitoring, surveillance, hazardous environments, military, agricultural and industrial

applications.

Some applications of multi-robot systems have been studied more extensively, for example, for
the military sector [47-48]. The main parts of a multi-robot based architecture for landmines
detection are developed and described in [49] to support the demining process. The problem of
environment monitoring is also targeted by multiple robot systems. An autonomous distributed
multi-robot solution for monitoring and confrontation of oil spills is proposed in [50].
Alternatively, monitoring physical phenomena can be of extreme importance when the safety of
people is concerned. Maglogiannis [51] presents a multi-robot system forming a robotic sensor

network designed to monitor electromagnetic fields.

A cooperative formation of multi-agents is also proposed in [52], to transport an overweight
object based on a pusher-puller formation [53]. The problem of cooperation between multiple
robots and a human operator is addressed in [54] to carry out an inspection task. Moving target
tracking with a group of mobile robots is developed in [55]. Several tasks that can be performed
using multi-robot systems such as cooperative localization, mapping, exploration, and object
transportation are reported in [56]. Multi-agent systems are also used to execute complicated tasks.
In [57], a multi-robot system is developed and equipped with advanced telecommunication
technology, to share and distribute knowledge, and to improve the efficiency of manufacturing
operation. Similarly, a framework is proposed in [58] for a large class of industrial task scheduling
problems. Multi-robot systems are also found in disaster relief applications. In [59], a system is
presented as a solution for disaster relief tasks when communication reliability is limited. Multi-

agent systems are also applicable in the healthcare field, as exemplified in [60] and [61].
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2.3 Multi-Agent Systems Coordination Methodologies

The coordination of a group of mobile robots is widely studied in the literature through rules
that govern the local interaction between the robots. The coordination of a fleet of robots can be
defined as a collective behaviour [62] that results from interactions between robots. From a control
engineering point of view, the behaviour of a group of robots is usually designed to tackle a real-
world task or to form desired shapes or behaviours such as aggregations, patterns and chains

formation, clustering objects, group navigation and path planning, etc.

2.3.1 Robotic Teams Formed of Individuals with Identical Functionalities

Soysal and Sahin [63] present a gathering model of swarm robots, which are initially distributed
into a bounded space. The proposed gathering behaviour is a result of switching between three
basic steps, namely random walk, wait and approach. Each step is activated and controls the robots
behaviour for a certain duration. Then it expires to allow the second step to start and control the
robots for another certain duration. By the end, the final group gathering creates one robot
aggregate. Single robot transitions happen among the aggregations based on the assumption that
the robots have equivalent transition properties, which depend on the transition probability. The
transition probability is constrained by the parameters of the swarm system, which include the
sensing characteristics of the robots, the number of robots and the area of the workspace. Their
results show that they achieve a significant gathering behaviour, but for equal robotic agents and
for missions consisting of a single task objective, that is gathering between the individuals to create
one robot aggregate. The authors also mention that their model excludes the spatial positions

information.
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Shucker and Bennett [64] simulate the coordination of a scalable physical system that deploys
a large number of robots as a distributed remote sensing array. The proposed algorithm treats the
robots as equal particles to localize them in a specific pattern, creating a hexagonal lattice. The
proposed system can be tasked to behave as one system, with robotic members having equal

functioning properties, for exploring unknown environments or tracking targets.

In order to address the connectivity problem of cooperative swarm robotics as an autonomous
control problem, Hettiarachchi et al. [65] consider local interactions between the robots to propose
a physics-based framework. The latter allows the robots to act as a distributed mobile sensor
network and maintain a high connectivity during their movement and self-organization. The
physical forces drive the robots to contribute equally to reach the desired formation of the mobile
sensor network. Each of such connected robots has duplicated task to go through a field of

obstacles, or to create chains of sensors.

O’Grady et al. [66] propose a decentralized technique, called SWARMORPH, for controlling
a group of robots. The proposed approach is implemented on a real-world multi-robot system. The
robots can be physically connected to create stable morphological structures to navigate easily
through rugged terrains. However, the proposed approach shows that the autonomous robots are

individually operated and demonstrate an equal ability to be physically connected.

A multi-robot system is adopted by Beckers et al. [67] to cluster a large set of randomly
distributed objects (pucks) into a single cluster. The authors address three behaviours for the robots
based on the assumption that the system activates only one robot at any time. The robot activates

its default behaviour to move in a straight line to search for an object. On detecting an obstacle,
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the obstacle avoiding behaviour is activated (pucks are not considered as obstacles). When the
robot finds an object, a pick-dropping behaviour is triggered to pick it up, then the robot reverses
its movement’s direction to back to the clustering point to deposit it. Every individual robot is
randomly exploring the surrounding environment, finding an object that it might face, picking it
up, dropping it off and avoiding the obstacles. All objects are picked-up and deposited equally
with a probability proportional to the observed number of objects, and each individual robot

behaves as a copy of each other.

Wawerla et al. [68] provide a multi-robot based solution to the construction industry. They
address a cooperative construction problem using a behavioural control approach. This approach
allows letting the robots build a 2D structure from colored blocks. The robots move within a
bounded environment to search for blocks and collect them. The robots pick-up the blocks and put
them into place in order to build up a wall. While each robot in the team repeats the same job, each
one also checks if any other team member has the same status, meaning that another robot is
already placing a block, using inter-robot communication. After that, the block is placed. The
proposed system assists multiple robots to search for the blocks and pick them up at random, but
the main focus of the work is on improving the task of cooperative construction by using inter-

agent communication.
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Inspired by the concept of “Virtual Pheromone” where a scent produced by mammals or insects
is released to the environment to be used for their communications, Payton et al. [69] propose
“Pheromone robotics” to coordinate a large number of robots to navigate towards a common goal
or locate a certain resource. Transceivers mounted on each robot corresponds to the idea of a
virtual pheromone. The robots are randomly distributed on the field. When the first robot detects
the resource of interest, it emits a “virtual pheromone” signal to trigger the swarm that the source
is discovered. The emitted signal is distributed by the transceivers between the robots. To establish
a path that leads to the source using a line-of-sight communication, each robot directs itself towards
the closest robot that received a message, which then serves as a guidepost. The proposed scheme
accomplishes coordination activities without centralized control, but one message is diffused to
all robots. At the same time, all robots are reacting equally to transmit the message to their

neighbours and navigate towards the same source (Figure 2.1).
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Figure 2.1 Robots distributed throughout field to find the shortest path to a source.
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Motion coordination or flocking of multi-robot systems is inspired from animals flocking,
which can be a useful approach to improve the abilities of the swarm. A classical potential fields
motion coordination approach, for multi-robot exploration, is proposed by Howard et al. [70].

Each robot in such a system serves as a sensor node and is subject to virtual potential forces. These
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potential forces are divided into two types: attractive potential forces, which are used to attract the
robots toward each others and toward goals or targets; and repulsive potential forces, which are
used to repeal the robots from colliding and to avoid obstacles (Figure 2.2). Sabattini et al. [71]
also present a decentralized approach based on potential fields to control multi-robot formation.
Their proposed strategy is not only to handle robots formation, but also to determine the robots’
positions. The proposed potential fields approaches mentioned in [70] and [71] provide a
distributed scalable solution to the swarm deployment problem, to control the position of each
robot, and to serve as sensor nodes. However, each single agent does the same exploration task
and copies the function of each other. A similar approach of using potential functions to control

homogeneous multi-robot teams is presented in [72].
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Figure 2.2 Attractive and repulsive virtual potential forces.
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Baldassarre et al. [73] present a set of experiments to implement a swarm's flocking technique
for a group of robots equipped with various types of sensors, that is infrared sensors to detect
obstacles and other robots, microphones to determine the relative position of other robots, and
light sensors to identify the targets. The group of robots presents different flocking behaviours.

The authors evolve the individual robots’ behaviour, which is an important factor that affects the
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swarm behaviour, and they display different patterns. However, the group of robots that creates

each pattern acts as a single unit.

Turgut et al. [74] report a flocking behaviour method of a swarm of robots. The proposed
method uses a digital compass, infrared sensors and wireless communication to estimate the
orientation and the distance between neighbours. The digital compass readings can be broadcasted
through the communication channel, and the relative headings can be obtained among the group
of robots based on the assumption that the North direction is fixed over the neighbouring robots.
With the estimated information on robots orientation, which allows each robot to know the heading
of each other, and the distance from each other (using IR sensors), the behaviour control of the
swarm is designed to create a desired flocking. A motion coordination of a group of mobile robots
to efficiently navigate between two targets, without the need for knowledge about their neighbours
orientation, is introduced by Stranieri et al. [75]. Ferrante et al. [76] extend this idea by proposing
that instead of a control approach based on neighbours’ information, motion control can consider
only relative distance and bearing angle to the neighbours to execute the attraction—repulsion
dynamics to achieve a flocking behaviour. The methods that are presented in [74], [75] and [76]
report that a motion controller leads to self-organization or flocking of robotic swarms, but it only
provides solutions to multi-robot systems from a flocking coordination point of view, while the
coordination of the individual agents creating the desired flocking task is controlled with equal

coordination properties for all agents.

A collective transport method is proposed by Ferrante et al. [77] for a group of three robots to
collect an object to be transported between two locations. The robots are equipped with different

types of sensors to perceive the surrounding environment. The proposed method manipulates the

23



heading angle regarding the perception of all members of the group towards achieving the
collective transport of the object. However, the resulting collective behaviour moves the entire
group of three robots together from the start to the goal position, and the main task of the swarm

Is to transport the target object by the whole group of robots.

Wessnitzer and Melhuish [78] propose a multi-robot behaviour mechanism for a group of
robots, which possess minimal sensing capability or short communication range, to enable a swarm
of robots, and to decide which one of two targets to be captured first. Two mechanisms are
proposed. First, a majority voting approach is adopted to cooperatively decide which target to
follow, then the other one is pursued. In the second mechanism, the robots measure the distance
towards the target, then they follow the robot that is closest to the target. Finally, the surrounding
decision is made based on the spatial distribution of the robots around the target. An emergent
cooperative behaviour is achieved, but at the end, the distributed robots converge into one large
group to hunt one target, while the distributed individuals are initialized with equal coordination

characteristics.

A resource selection mechanism is proposed in [79] to choose the best resource, which can fit
the group's needs, or accommodate a group of robots. The individuals make their switching
decision, to select the best resource, based on the density probability function of the detected
agents that have already reached the resource of interest. The collective group’s behaviour leads
the available agents to enter and stay at the same resource. The discrimination is applied to select

the best resources, but the proposed mechanism deals with robots as similar agents.
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Chamoun [80] proposes a multiple robots system to push an object considering that the object's
orientation and its alignment have to be preserved while it is moving along the path. The robots
are divided into sub-groups, each of which assigned to a different task such as pushing the object
and aligning it with the desired path. The proposed approach associates specific tasks to different
sub-groups of robots but it is assumed that the system has a global controller, which has a full
knowledge of the object and keeps monitoring its path during the course of the operation. The
global controller provides the robots with the required data such as the target point that the robots
must move toward, the object orientation and the task to be performed by each robot. As a result,
the sub-group of robots perform specific behaviours towards the desired tasks to be achieved, such
as moving the object or correcting its orientation. But they do not adapt their allocation to the

corresponding tasks based on an allocation scheme or matching cost function.

Ma and Koenig [81] introduce an optimal target assignment and path finding (TAPF) approach
for swarms of robots to partition the swarms into groups and to assign each agent among each
group to a target, given that each group has the same number of targets. The proposed TAPF
approach also plans collision-free paths for the agents between their current locations and
corresponding targets, and minimizes the targets’ make span. However, it addresses the problem
of assigning equal agents to equal targets. Similarly, a software application for task assignment
purposes in a heterogeneous swarm is designed in [82]. The proposed algorithm divides the tasks

into smaller sub-tasks which are then assigned to an optimal number of agents.

Recently, Scheidler et al. [83] proposed a collective behaviour decision-making method for
multi-robot systems or swarms. The proposed method enables the robots among the swarm to

select action priority, based on identifying the fastest mean execution time and using the observed
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information of the robots state. Initially the swarm is supposed to execute many actions in equal
time. The developed procedure breaks this equality and chooses the fastest action based on a
stochastic process of the observations. The executed action is the action that owns the fastest
execution time out of a set of possible actions, and the proposed procedure increases the accuracy
of the decision-making process. However, the authors mention that the collective behaviour leads

all of the robots to execute the same action.

Alitappeh et al. [84] also recently addressed multi-agent deployment and redeployment
problems in a dynamic environment as an optimization problem. They assume that a fleet of robots
is deployed within a partitioned area where the size and location of the regions that should be
covered by the robots might change, thus the robots must be redistributed over time. The number
and position of objects to be served in each partition are also varying in time; therefore, robots
must be redeployed periodically. Each object has a sensor to send its current position to the main
system. After updating location information of the objects after each period of time, t, the densities
are changed and redeployment can be triggered. A solution to the deployment in the environment
is proposed as an optimization problem by considering two objectives to form the optimal cost
function: 1) the estimation of final position of the robots after the deployment, and 2) finding the
shortest path from the robots initial location to their final position. To perform the optimization
they apply an "Elimination and Choice Translating Reality (ELECTRE I)” method [85]. The start
position of the robots in the environment is initialized and the configuration of each individual
robot in the final deploying positions is given. The classical graph theory concept and optimization
algorithms are then used to solve the optimization problem. The proposed algorithms deal with

the robots as equal agents, to be assigned to perform repeated tasks in different places.

26



2.3.2 Robotic Teams with Specialized Individuals

As shown in Section 2.3.1, consistent research has focused on the cooperative coordination and
applications of equal agents but, so far, few studies explicitly addressed the problem of specialized
agents’ missions. This part of the literature review examines recent research concerned with

specialization or different individual agents’ behaviours in robotic swarms.

O’Hara and Balch present the coordination of a heterogeneous multi-robotic system in [86],
which is composed from distributed embedded sensors and a group of larger mobile robots, to
explore the environment with the purpose of finding a route, and to lead the group of robots
towards a specific target. The group of sensors work together as a wave front to provide the
necessary information to plan the path, but the robots are coordinated similarly along the path to

perform one task in each mission.

Mathews et al. [87] use a communication link to enable the cooperation between flying and
ground robots. The necessary number of ground robots, that can perform an upcoming task, is
estimated by a flying robot based on its spatial information. A communication link is established
and the flying robots send instructions to ground robots on how to form the morphology or chain,
that is appropriate to perform the task. Globally, the proposed system is a heterogeneous robotic
system, as it consists of two different types of robots, respectively ground agents and quadrotors.
However, the ground robots have equivalent capabilities to create the desired monograph or chain.
Similarly, the flying robots are tasked equally to estimate the task type or to identify the

morphology of the ground robots.
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Sadeghi and Smith [88] propose an optimal task allocation method for a team of heterogeneous
mobile robots. The objective of their research is to find an optimal sequence of task-agent
allocation to minimize the task time or energy consumption for performing the tasks. In their work,
the tasks are defined as points to be visited by robots in the workspace and the robots are
heterogeneous with differential motion constraints. The proposed approach addresses the nearest
path, between the tasks and the robots, and an optimal method of energy consumption is

implemented for the robots to perform the tasks. But all tasks are treated as equal events.

Ferrante et al. [89] propose a novel tool to synthesize a collective behaviour of swarm robots
based on the individuals’ behaviour, which is called Grammatical Evolution for Swarm Robotics
(GESwarm). In this method, a swarm's collective behaviour depends on analyzing the internal
states and behaviours of the individual agents. Each robot, R, in the swarm executes a composed

set of rules, Rule;, where:

Rule; = {P;(preconditions) X B;(behaviors) X A;(actions)}.

The rule Rule; can be presented as a conditional statement that is satisfied if all the
preconditions of the environment (P;) are true, and if the robot is executing any of its low-level
behaviours contained in (B;) such as moving in the direction of the light source that has the highest
intensity, or performing a directed random walk over the swarm workspace, and if all actions
‘control events’ contained in A; can be executed. The GESwarm method takes into account the
individuals’ behaviour to generate a collective behaviour of the swarm, but it assumes that all
individual agents in the swarm execute equal behaviours. This work is extended in [90] to

specialize two robots in collecting two objects from their sources and bring them back to specific
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nests. The specialty of agents is formulated based on the difference in the environmental
conditions. The first robot is specialized to transport an object across a slope environment, whereas
the second one is specialized to transport an object across a flat environment, but each one can

handle the two behaviours in different times.

The stick-pulling problem [91] is used by Hsieh et al. [92] to investigate the advantages of
specialization in the case where two of the cooperative mobile robots are required to execute a
cooperative task. This work is extended by Halasz et al. [93] to find the collective behaviour
optimal configurations, for any number of robots, based on individual adjustment of the agents.
The robots are initialized to search for randomly distributed sticks in their vicinity. The stick that
can be discovered by the robot might be in one of two statuses: 1) free stick, or 2) held by another
robot. The robot deals with the discovered stick based on its status. The behaviour of the robots is
summarized in Figure 2.3. The specialization level of the robots does not address any absolute
specialty of the individual robots. The provided specialty is defined by assigning two of the robots
among the swarm to pick up any discovered stick, hold it, and then release it after a designated
period. The robot that discovers the free stick should hold it for a while, while the robot that
discovers the held stick should assist the robot that holds it until it releases it. Any one of the robots
can hold the free stick or assist the robot that is already holding it. The proposed system is

optimized considering the stick holding and releasing times.
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Figure 2.3 Robot behaviour of stick-pulling problem.

Quinn [94] uses a team of two robots to present two approaches, called clonal and aclonal, to
evolve motion controllers for coordinating a group of robots. In clonal, all individuals among the
group share a same physical construction (homogeneous team). In the aclonal approach, the group
consists of different types of robots (heterogeneous team). Simple task allocation performance
behaviour of the individuals in the aclonal approach is computed separately based on the fitness
of each robot and its task. In the clonal approach, the individuals’ homogeneous controller is
implemented based on the average fitness of the group. The individual’s fitness evaluation is not
considered in the clonal approach to find the fitness of each single robot. Based on the assumptions
made for the system modelling of these two approaches, the author argues that the aclonal team
performs better than the clonal team. The homogeneous controller in the clonal approach [94] is
extended by Tuci and Trianni [95] to consider an individual’s oriented evaluation function. They

simulated two Khepera mini-robots to test a task allocation problem in a simple scenario of nest
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patrolling and foraging. The robots remain individually in the nest or move between the nest and
foraging source. The results show that the clonal-based design successfully solves the proposed

task-allocation scenario and outperforms the aclonal design approach.

Pini et al. [96] propose a task partitioning strategy to split the task of object retrieval between
the source and nest into sub-tasks. Initially the robots explore the surrounding space to find the
objects. When a robot finds the object, it captures it, and then the robot navigates towards the nest.
The distance between the source and the nest segments is based on distance thresholds, each of
which is called a partition length. When the robot is holding the object and heading to the nest, it
stops at the end of the segment and waits for another robot to hand over the task and pass the
object, as shown in Figure 2.4. In order to improve the proposed system, Buchanan et al. [97]
overcome the effect of the errors that are induced by sensors or actuators. They propose a
dynamical mechanism to let the robots divide the distance between the source and the nest into a
varying number of partitions based on the success and failure probabilities of the robot’s object
exploration. The proposed mechanisms [96-97] partition the tasks among a robotic swarm but the

tasks are partitioned between the individuals as a consequence of repeated distance-based subtasks.
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Figure 2.4 Robot’s behaviour based on employing a partitioning strategy.
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Behavioural specialization [98] in a multi-robot system can emerge as the result of interactions
among the robots and with the environment. In the domain of multi-robot systems, Montanier et
al. [99] focus on behaviour specialization as behaviourally heterogeneous systems that show
potential in a number of tasks. Their experiments introduce two constrained resources. The first
set of robots can only feed from one specific resource while the other set feeds from the other
resource. The members of each group are selected based on a designated cost function, which
emerges from the energy function of the agents and the availability of the resources. This work
addresses the specialization as involving the robots into similar groups, each group having a

specific specialty and employing many agents that share an equal behaviour.

Gigliotta et al. [100] propose a communicative interaction-based technique to address the
problem of specialization among the individual agents as a dynamic role allocation in the case
where each single robot can take one of two different roles. The individuals are evolved to
distinguish themselves from each other using different communication signals. The proposed
system evolves the groups of equal agents to become different or specialized groups, whereas each
individual agent differentiates itself and identifies its role through the differentiation of the signal
that they can send. Then, each agent can be categorized to which group it belongs to. Each group
has its specialized role. For example, some of the robots maximize the power level of their
communicative signals, while the others should minimize the power level of their signals. As a
result, the team of robots is categorized into two specialized groups based on the power level of
the output communicative signal. This work is extended twice. First, Gigliotta [101] evolves the
ability of the communicative system. The author focuses on fostering a successful role allocation

strategy. The efficiency of communication based signaling differentiation is investigated in this
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work with respect to how this technique is essential to differentiate the tasks in a dual patrolling
or role allocation system. Later on in [102], this work is further extended to address the efficiency
of the originally proposed system [100] using a neural network controller with lower
computational power. This work categorizes the individuals into specialized groups and the fitness

function of specialization has varying values, which depend on the environmental conditions.

Zavlanos et al. [103] propose an auction algorithm that allows every agent to independently
determine a task to be assigned to. The agents can bid for the tasks to which they wish to be
assigned to. However, the task-agent assignment cost is a function of the distance that the agents
need to travel to the tasks, the time and power that are required to accomplish that task. The
proposed actuation algorithm treats the agents equally and assigns the individuals based on the
local information without considering any specialized constraints, neither in the agents nor in the
tasks. An auction method of task-agent allocation for multi-agent systems is also proposed in [104]
based on the well-known Contract Net Protocol. The auctioneer agent explores the workspace and
publishes announcements for the tasks. The announcement message contains the individual tasks
details. These messages are circulated among the group of agents and evaluated by each individual
to assign the capable agent to perform the corresponding task. This approach assigns the applicable
robots based on minimized distance cost to perform the current task but the cooperation is at the
level of the task-agent assignment only, while the individuals cannot operate as a cooperative
swarm at the task execution level. This approach only enables cooperation between the auctioneer
agent and the capable agent to respond to the current task, and then the agent undertakes the

execution process as a single agent system.
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2.4 Labour Division

The division (specialization) of labour is the separation of tasks in any cooperative system, or
the participant’s specialization in narrow tasks. In manufacturing processes, the specialization of
labour is meant to assign different tasks to different specialized people. Division of labour or task
partitioning is one of the essential features of sociality; the division of labour has been extensively
studied in biological science as observations of social insects’ activities [105]. Dividing the tasks
benefits the social insects in several ways and facilitates the team of insects to become either
specialized or heterogeneous workers [106]. As a result of task partitioning between the
individuals, the swarm can be more efficient [105]. Many studies quantify the division of labour

as a statistical pattern across social groups [107].

Biological research studies found that the division of labour in social insects, based on different
response thresholds such as spatial location and individuals’ matching sizes, allows the individuals
to segregate themselves amongst different tasks. With increased task specialization, it often leads
to increase the group efficiency [108-109]. The division of labour increases the organism
efficiency because it can perform many physiological processes simultaneously [109]. Goldsby et
al. [108] study the division of labour by evolving digital organisms; the efficiency of division of
labour is analyzed as a cost function of task-partitioning behaviours of the individuals or
specialized groups. They found that the groups of organisms are increasingly evolving the division
of labour strategies as the cost function of the task partitioning is raised. Rueffler et al. [110]
predict that specialization for different tasks by different organs or cells can be beneficial if the

effectiveness of the task performance can be accelerated by employing different specialized units.
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2.5 Representation of Task-Agent Matching

The concept of allocating the individual agents of a multi-agent system to given tasks is
addressed extensively in the literature. Previous research works introduced many robot-task
assignment or matching solutions in many ways and matching algorithms have been proposed
such as maximum matching algorithms [111] that match equal number of vehicles and tasks. These
algorithms simply assign one vehicle to one task. Alternatively, the perfect matching problem
[112] involves having a convention to map a set of n robots to a set of m tasks. Task-agent

assignment is addressed in [111] and [112] without considering task-agent specialty.

The rest of this section covers the literature that focuses on a stochastic or probability-based
representation of task-agent assignment. Jones and Mataric [113] build a state transition
probabilistic model to respond to changed tasks. Two agents perform a foraging task with equal
probabilities. These agents keep their current foraging state and observe the vicinity environment.
The current foraging state is re-evaluated based on new observations, and the probability of the
foraging state priority of the robot changes with respect to the observed foraging task. Then, based
on the current probability, the robot can change its foraging state. For example, if the current
foraging state of a robot is RED and an observed Puck (current task) is RED, then the robot can
grasp this Puck. However, if the current foraging state of the robot is RED and the observed Puck
(current task) is Green, then the robot should change its current foraging state to Green. After that,

it can grasp the observed Puck.

Smith and Bullo [114] propose a task-agent assignment probabilistic algorithm called “grid

assignment algorithm” to partition the targets environment to a grid of cells. Then the available
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robots in each cell are assigned to the targets that occupy the same cell. They analyze the time
complexity bounds of assigning uniformly distributed agents and targets. The completion time
upper bound with higher probability is addressed based on the diameter of the environment. They
found that the completion time of task-agent matching reached its highest probability when all of
the available agents are assigned to the available targets. The task-agent assignments are

formulated in their simpler manner, without considering any specialized matching features.

Claes et al. [115] address the spatial task assignment problem as a multi-agent planning problem
using the Markov decision process. The proposed model aggregates the effect of the other team
members into a probabilistic model to control the individual agents that are trying to perform
spatially distributed tasks. From the multi-agent planning perspective, the individual robots need
to know the performed tasks, which are already served by the other robots, to plan the individuals’
response. The main objective of the assignment process is to plan the behaviour of a swarm or a
multi-agent system in order to ensure that all spatial tasks can be serviced. However, this proposed
solution is not applicable when a distinct agent must serve a specific task, and it is impossible to

coordinate particular agents to specific spatial tasks.

The architecture of a constrained tasks model for autonomous robots, to be acting in a human
environment, is presented in [116] for a single household service robot. This model couples the
probabilistic knowledge of task parameters with the robot controllers. The task’s parameters are
represented based on people heuristics such as their activity in the kitchen, the positions of the
individual seats around the table, as well as meals time. The robot controller is implemented as an

integration of a high-level reasoner, which manages the probabilistic information, to control a
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simple path planning of the household robot. The proposed models are applicable only for a single

household service robot with an accurate knowledge of the surrounding environment.

Lang and Toussaint [117] introduce a probabilistic model to define object-action relevance.
The proposed model involves only a subset of objects that are relevant for specific planning
purposes but it is not reliable enough to estimate the features of the objects for a convenient
matching process. The model that is presented in [117] is used in [118] to compute a sequence of
actions and apply approximate inference to control the robot planning, grasping and reasoning for

the arrangement of table-top objects.

Yasuda et al. [119] propose a response threshold probabilistic model to control the individuals
that perform a food foraging process. As a result, the robots that have a probability that exceeds a
specific threshold can leave the nest. Then they search for food. This paper investigates the effect
of the individual’s response threshold, which allows the robots to divide the labours among the

swarm. However, the individuals can only perform two different tasks, nesting and searching.

Recently, Wu et al. [120] introduced a task assignment probabilistic model based on an
environmental stimulus and the agent’s response threshold. The environmental stimulus is
modeled based on a specific increment at each time, t, and decrement with every active agent. The
proposed model is implemented to allow the agents to react individually with categories of tasks.
Then the individual agents can carry out different types of performance based on the threshold
level. This threshold level is increased when the total number of similar agents is decreased. The
system is modeled for battle field attacks and the transition probability can only transfer the

individual agents among the swarm between two task state probabilities for the entire targets,
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which are the inactive and reconnaissance/attack states. As such, the swarm members are
specialized to be reconnaissance agents or attack agents. The stimulus from the environment is
used to categorize the available agents based on their specialities, but it neither matches nor takes

the decision to make the specialized agent interact with the current tasks.

2.6 Human on the Loop

Based on real-world experiences with automated swarms, many studies suggest that a human
operator should stay in the operational loop and supervise the automated process to avoid causing
problems to its components [121]. As well, human supervision should remain involved on the
control loop of automated systems to evaluate, interpret the data, reason about it and coordinate
the automated process at the decision stage, and to improve the process situational awareness as

general solutions move toward smarter autonomous systems [48].

The literature divides the decision making process into three types, whether decisions are taken
by human, by an intelligent system, or both. Systems that have a high-end decision component,
which involves a human operator and an intelligent layer to share the decision making process, are
called mixed-initiative systems. The flexibility of mixed-initiative systems depends on the
intervention level of the operator, the available cognitive resources, and critical conditions of the

work environment [122].

Valero-Gomez et al. [123] found that the operational effectiveness of an adjustable automated
process, in which a human operator can intervene to reconfigure critical events, is improved over
that of fixed automated processes. It is also demonstrated that high workload missions present an

improved performance with adjustable approaches compared to fixed adaptive systems [124-125].
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2.7 Summary and Research Gaps

This chapter presented a literature study of previous works related to swarms’ coordination
from the perspective of task allocation. The first part (section 2.2) offered a generic overview of
swarms’ coordination by reviewing general algorithms and summarizing the main concepts of
multi-agent coordination. Emphasis was placed on the coordination problems of multi-agent
systems such as cooperative formation and control. In addition, multi-robot coordination strategies
such as centralized and decentralized coordination approaches were reviewed. As well, several

applications of swarm robotics were presented.

To identify research gaps, the second part of the literature (section 2.3) focused on
homogeneous and heterogeneous swarm agents’ coordination methodologies, which represent the
vast majority of the literature on swarm robotics. The study introduced details and provided greater
depth into the coordination methodologies. A homogeneous system is defined as a group of agents
that have equal kinematics, sensing, and actuation capabilities to achieve certain mission goals.
As such, the reviewed methodologies show that the proposed approaches do not pay attention to
which agent performs a given action. While in some applications the system values how many
agents perform the task, for optimization purposes, the individual agents are initialized with equal
coordination probabilities. On the other hand, heterogeneous systems are defined as a group of
agents that have different kinematics and/or sensing and/or actuation capabilities; that are meant

to achieve different goals, or that are designed to perform different actions.

More attention was given, in section 2.3.2, to studies that have explicitly addressed the problem

of specialized agents’ behaviours among robotic swarms, which represents the core research
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direction of this thesis. Existing solutions often consider the individual agents specialized
interactions with the surrounding environments. However, the considered specialty level does not
generally achieve a specialization level that allows for agents to divide the labour among the
individuals based on the specialized functionalities embedded in each individual agent or the
specific characteristics of the given tasks. In spite of the specialization factor that is considered in
this part of the literature, robots are usually coordinated similarly [84], have equal capabilities
[86], intervene with the tasks as equal events [87], have equal behaviours to allocate robots to the

tasks [88-89] [98], or the cooperation between agents remains at a limited level [103].

The third part of the literature study examined specialization among social insects. In section
2.4, biological studies show that the division of labour facilitates the members of a team of insects
to become specialized workers. It is observed that partitioning the work between the individuals
based on their specialized functionalities results in adaptive swarms that lead to more efficiency.
Many studies have quantified the significant impact of the division of labour among cooperative
swarms as a statistical pattern across social groups. This sheds light on a research gap, which is
the labour division within multiple-agent systems. That is, one important objective that must be
achieved in swarm robotics. For this to happen with some form of optimality, the agents need to
be matched with tasks such that a certain form of specialized labour division emerges in robotic

swarms.

Finally, to support the development of solutions to the problem considered, part four of the
literature review (section 2.5) focused on relevant representations for task-agent assignment using
probabilistic formulations. This opens the door to probabilistic modelling directions to perform

task-agent matching, with the goal to also take advantage of the collaboration between human and
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intelligent robots to strengthen the decision-making process. For the matter, the last section of this
literature survey (section 2.6) reviewed several studies that shed light on the role of human beings

involved on the control loop of automated processes.

As a conclusion, a significant technological gap among existing solutions for swarm robotics
is identified, which is the consideration of formal specialization of the individual agents among a
group of robots based on their respective embedded functionalities. In order to take advantage of
cooperation in a robotic swarm consisting of agents that possess specialized functionalities, a
formal probabilistic mechanism for task-agent matching is designed in this research. The proposed
framework encodes robots specialization and achieves efficient strategic allocation of specialized

agents to specific tasks as a form of collaboration in the swarm.

The research that is discussed in the remaining chapters is conducted to implement a framework
that addresses a specialized task-agent assignment approach for a swarm of robots working as a
cooperative team. The proposed framework is presented following a progressive research and
design methodology, providing a comprehensive study that covers the swarm’s cooperative
formation and the agents’ dynamic control. Primarily, the focus is given to specialized task
exploration, estimation, and matching of the specialized robotic individuals with tasks that are
dynamically detected and recognized in the environment of the robotic swarm. The approach
matches the tasks’ specific requirements with the agents’ specialized predefined capabilities. The
original task-agent specialty-matching scheme is proposed and developed in a probabilistic form

with different matching paradigms, which forms the core contribution of this thesis.

41



Chapter 3  Specialty-based Task-Agent Allocation —
Cooperative Control Approach

3.1 Introduction

In this research, the individual agents are considered specialized with respect to each
individual’s functionalities. In other words, the agents’ specialized capabilities form a level of
sophistication to be emphasized and directly leveraged in this study. In this chapter, the findings
from the early phase of research are presented. They contribute to fill research gaps inferred from
the analysis of the literature in Chapter 2, namely the fact that specialization of individual agents,
as a definition of non-homogeneity of a robotic swarm, has not yet been extensively investigated.
The proposed approach addresses the allocation of specialized individuals in response to
corresponding tasks, as a cooperative formation control problem. The research examines the
general design of multi-agent systems involving specialized agents, each possessing different and
specific capabilities. It extends the concept of cooperative formation found in the literature and
proposes a rigorous process taking into account such specialized agents to dispatch the robotic

resources in a given operational scenario.

In this chapter, the proposed approach is presented in two phases of development. In the first
phase, the concept of specialization is addressed as a zone-based specialization assignment. In
response to a new specific task, the swarm of robots changes its current formation and adopts a
new one. The swarm’s reformation is controlled by subdividing the plane of movement into
different zones based on the assumption that each zone involves a specialized task to be performed
by a specific robotic agent. As such, the robots adapt their new formation in accordance with the

swarm’s leading task as soon as they hit a new zone. The leader robot is assigned as the agent that
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best responds to the new task requirements, as discussed in Section 3.4. The approach defines how
the formation is managed in each zone and how the formation transition happens from one zone
to the other. The first research problem that is addressed studies the transition strategy of the swarm
formation for a group of cooperative mobile robots. The key idea that is formulated makes the
swarm switch to a new formation in order to assign the specialized agent to handle a corresponding

specific task.

Next, the proposed approach for the swarm’s coordination and task-agent specialty-based
assignment is extended by evolving the definition of specialization to match with target
recognition, such as detecting specific landmarks via embedded sensors. In this phase of the
research, the specialization zones are refined as circular areas, called zones of influence, around
each detected target corresponding to a specific task meant to be assigned to a specialized agent.
A specialized task-agent assignment approach is also formulated in an algorithmic manner that
evolves the agents’ specialization to match with target recognition. In addition, an Automatic Task
Selection Unit (ATSU) is introduced and implemented to operate in two possible modes: either
under close supervision of a human operator or in a more automated way. Both modes perform
each specialized task in three phases that ensure target search, target detection and recognition via
virtual embedded sensors, and finally the execution of a given task that is compatible with the
resources available on a selected agent. The selected agent also serves as the specialized swarm’s

leader for the duration of a specialized assignment, as explained in Section 3.5.

For the sake of system’s validation, the proposed approach was modeled for a swarm of ground
robotic agents and simulation experiments were conducted. The proposed system is modeled using

nonholonomic mobile robot dynamics. A kinematic and torque controller for nonholonomic
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mobile robots is adapted to control path following and swarm formation. Collision avoidance is
also introduced using repulsive potential forces to prevent the agents from colliding during
formation transition and to control inter-agents separation. Simulation results are presented which
show that the group of robots effectively coordinate themselves within each zone of influence in
a desired formation. Coordination involves selecting a new robot to be the specialized leader while

ensuring smooth switching of the swarm formation from zone to zone without collisions.

In Chapter 4, the concept of task-agent specialty assignment will be further developed in the
specialization space. The framework will be refined with an expanded formulation of the proposed
task-agent assignment approach from a probabilistic perspective, which represents the core

contribution of this thesis.

3.2 System Modelling and Assumptions

In general, the proposed approach solves the problem of specialized task-agent assignment as
a cooperative formation problem upon the recognition of task specific constraints. The
specialization of each agent can be related to the type of unmanned system considered (UGV,
UAYV, USV), or take the form of particular embedded sensors, actuators, computational power, or
communication links. The main concept is to make each robot best prepared or equipped to
respond to a certain range of tasks, such as exploring, collecting, holding, tracking, etc. For
example, if search-and-rescue scenarios are considered, the task could be to search for a person
who disappeared in a forest or to search for a specific object that might be placed there, whereas
the forest contains lakes and different land terrains. In this case, the swarm will consist of

specialized agents that have different capabilities (e.g. agents able to function on specific terrains
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and others on water-covered areas). The agents’ functionality is also specialized toward agents
that have specific capabilities to rescue humans and others with different capabilities to grasp

objects of specific types.

For validation of the proposed approach in simulation, the agents are assumed to be
homogeneous at the level of the agents’ construction and heterogeneous at the level of the agents’
functionality. In this chapter, a model of nonholonomic mobile robot with an n dimensional
configuration space subjected to m constraints and a two-dimensional coordinates workspace, D =
2, is considered. The coordinates configuration of the robot is described in the global coordinates
configuration by g, and the coordinates configuration of a swarm consists of a number, a, of agents

defined by {q1, q, -.-, q4}- The Euler Lagrange form [126] of the robot model can be expressed as:

M(@)§ + Vm(q,@)q + F(@) + G(q) + 7q = B(@)T — AT(q)€ 3.1)

where M(q) € R™™is a symmetric positive definite inertia matrix; V,,(q,q) € R™" is a
centripetal and coriolies matrix; F(q) € R™ denotes the surface friction; G(q) € R™ refers to the
gravitational vector, and t; € R™ denotes unknown disturbance. B(q) € R™*" is the input
transformation matrix (r is the number of control signals); T € R" is the input vector; and A" (q) €
R™*™ is a matrix associated with constraints. Finally, £ € R™ is a constraint forces vector. If we

consider that all kinematic equality constraints are not time-dependent [126], it follows that:

A(@)g =0 3.2)
Let o(q) be a full rank matrix of a set of smooth and linearly independent vector fields in the null

space of A(q), i.e:
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" (A" (q) =0 (3.3)

If we consider (3.2) and (3.3), it will be possible to find a vector time function v(t) € R™*~™ such
that:

q =e(@v(®) (3.4)

The position of the robot shown in Figure 3.1 in an inertial Cartesian frame {0, X, Y} can be

represented by the vector g = [x, y, 8]7. The motion kinematic relation, (3.4), can be represented

in terms of translational, v, and angular, w, velocities as:

cos(0) —d,sin(6)
o(q) = [sin(@) d.cos(8) ] (3.5)
0 1
v =] (36)
X cos(0) —d,sin(6) v
q= H = [sin(@) d, cos(6) ] M 3.7)
6 0 1

where d,. is the distance between the centrepoint of the robot and the back axel defined in Figure

3.1.

O - »X
Figure 3.1 Coordinates of mobile robot in inertial global Cartesian frame {0, X, Y}.

The matrices that define the model dynamics based on Figure 3.1 are expressed in equation

(3.1) above where,
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mg 0 m,d, sin(8)

M(q) = 0 m, —mgd, cos(0) (3.8)
myd, sin(6) —m,d, cos(6) I

—mgd,0%cos(8)

V(a.9) = [ -m,d,6%sin(6) 3.9)
0
G(g) =0 (3.10)
[cos(8) cos(0)

B(q) =~ |sin(6) sin(6) (3.11)

L6 )
T= 2] (3.12)

where m, is the mass of robotic platform. It is also assumed that the gravity impact on the robots’
2-D motion that moves on the ground equals zero, from equation (3.10). The system represented
by (3.1) can be transformed to be more appropriate for control consideration. Equation (3.4) can
be differentiated to obtain ¢ and substituted into equation (3.1). The final motion equations of the

nonholonomic mobile robot is given as:

0TMov + oT(M¢ + V,o)v+ F + T, = oTBt (3.13)

where v(t) € R™ ™ is a vector of the translational and angular velocities. Equation (3.13) can be

rewritten as:

M@V +V,(q,¢)v+F(v)+7T; =Bt (3.14)

il
Il

oe]

(~]

(3.15)
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where M(q) € R™" is a symmetric positive definite inertia matrix; V,,(q,4) € R"™" is the
centripetal and coriolies matrix; F(v) € R"™*! is the surface friction; T, refers to unknown

disturbances and T € R"*! is the input vector.

Equation (3.14) describes the system behaviour in the vehicle coordinates frame, (X4, Y4). This
means that o(q) is a transformation matrix which relates the velocities ‘v’ that are represented in
the vehicle coordinates to Cartesian coordinates velocities, §. Finally, the dynamics of the it" robot

system should satisfy the following assumptions [126]:

1. Boundedness:
M;(q), the norm of V},,.(q, ¢), and 7, are bounded.
2. Skew Symmetric:

The matrix M;(q) — 2V;,,(q, ) is skew symmetric such that:
x" (1\711'(61) — 2V, (a, c’z)) x=0 (3.16)

3.3 Formation Control Design

The proposed system combines two cascaded stages. The first stage controls the robot dynamics
system and the second one controls the formation. The schematic structure of the proposed system

IS presented in Figure 3.2.
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Figure 3.2 Schematic diagram of the proposed formation controller.

3.3.1 Dynamics Control

A method for controlling the dynamics nonlinearities of the nonholonomic mobile robot is
implemented based on the output feedback. In particular, feedback linearization [127] is used to
cancel the nonlinear part of the vehicle dynamics. The resulting system is an adequate linearized
system for both navigation and group formation. In the sake of modelling simplicity it is assumed
that the surface friction, F(v) = 0, and the unknown disturbances, T, = 0. The robot dynamics

can be linearized as follows:

v=M1(-V,(q,¢)v+ Bt) (3.17)

v=-M"1,(q,¢)v+ M BT (3.18)

Then using feedback linearization (FBL), one can choose the input torque, T, to be:

1= (M1B) Y(u; + M~V,,(q, ¢)v) (3.19)
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where u; is the proposed control signal which controls the whole system dynamics behaviour in

the vehicle local frame, as shown in Figure 3.2. Substituting (3.19) in (3.18) leads to

V=1 (3.20)

This means that the translational and the angular velocity of the robot can be controlled directly
by the proposed control signal u;. The v dynamic in (3.20) is in the robot’s body frame

representation (i.e. its local frame (X, , Y,) as shown in Fig. 3.1).

3.3.2 Steering Control

The resulting robot’s velocity, v, which is the integration of the output signal v, is used to
contribute in robots’ torque control u; (as shown in Fig. 3.2). More details are given below. For
that purpose, (3.20) satisfies the desired behaviour such that the robot’s deriving velocity, v, can

be converted to a control signal (input torque).

For the system to track a reference trajectory resulting from path planning, it is assumed that a
full knowledge of the system dynamics is available. Therefore (3.19) can be used to calculate the
input torque, 7, from a given control signal, u;, which means that the control signals, u; and z, can
be derived from a tracking control signal, v, in order to control the linearized steering system

(3.20). In this control design, back-stepping control is used.

U =ve +K(ve,—v) (3.21)

where K is a positive definite diagonal matrix and
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_ v, coses + kieq ]
Ve = [a)r + k,v,e, + kyv,sin eg (3.22)

v = [ 0, ]" (3.23)

qr = [xr yr 6,]" (3.24)
€ cos sing O)[*r — X

with €| =|—sin@ cos® O||Vr—Y (3.25)
e3 0 o 1ll6,—-¢6

and v,. is the reference velocity, g, is a given arbitrary configuration, and e is the tracking error.

3.3.3 Inter-Agent Collision Avoidance

In order to achieve the ability to navigate safely and switch to a new formation without any
inter-agent collisions, a potential field based control technique [29] is used. A repulsive potential
force controller is developed to generate internal repulsive forces between the robots to keep a
minimum distance, L, to separate them from collision. The collision avoidance control along with
the steering control and dynamics controllers work together to keep the swarm members in a
collision-free formation during navigation and formation transitions preserving the predefined
separation, L, between the robots. The repulsive potential between every two neighbouring agents

i, j, can be expressed as:

F,

repij —

—Vp,Vi; (P, Py) (3.26)

T
Vo= 55 Pi= [,y 17, B = [x,] (3:27)
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Define: #;;(t) as the vector relating the Euclidean distance between agents i and j with || ;|| =
fl],We havef f]l Let, ‘Bl](t)z ”Pl(t)—P](t)”, i=1,2, ...... ,a;j=1,2,...,a;andi¢

Jj; where a is the total number of swarm members. P; and P; are the coordinates of the robots R;

and R; respectively.

1 L IN2 p..
vijz{zxa(&, L)?, 4 <L (3.28)
0, Otherwise.

where L is the minimum desired separation between each two agents, and V;; is continuously

differentiable. If £;; < L, this potential produces a repulsive force, and it will produce a null force

if £;; = L. Now suppose that:
T T
by = J (P& = B®) (B - P®); £; = J (Bt -P®) (P©) - P®)
SO,
a(ie:,)]) [_ (P& - P (t)) - (P - P (t))T] (3.29)

‘%’ = K, (£ — L) (3.30)

using the chain rule we get,
Vi _ Vi 0%y (3.31)

a(Pi,Pj) - a{)ij a(Pi,P]')

substituting (3.29), (3.30) in (3.31) leads to the inter-agent repulsive potential to be given by
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T T
Frepy = Koty =) | (RO - B®) - (BO- RO) | (632
ij
Then u; in (3.21) will change as illustrated in Figure (3.2) to

U = Ve + by, + K (vC + Frepyy — v) (3.33)
where u; is the proposed swarm’s formation control signal.

3.4 Zone-Based Specialization Assignment

In a first exploratory phase of the task allocation problem with specialized robotic agents, the
proposed formation transition strategy for a multi-robot system that involves specialized agents
assumes that specialized zones of operation subdivide the robots’ workspace and are
interconnected in a way that the robots can change their formation when transferring from zone to
zone. This formulation generalizes the definition of specialized tasks associated with various parts
of an operation to which specific agents, or robots, would be assigned based on their on-board
sensing or tooling devices. In this context, the problem of transitioning the swarm between

different formations as a response to different tasks is addressed in the following subsections.

3.4.1 Formation Transition

The swarm formation is monitored with respect to a global reference frame (X,Y) in order to
create a global representation of the formation and to preserve a stable formation with all robots.
The swarm starts searching the workspace in a stable formation scheme. The approach builds upon
the assumptions that the workspace is divided into specialized zones, each of which involving a
specific task, and that a dedicated swarm’s member is supposed to be the most competent leader

for the swarm while this task is performed. Then, when the swarm hits a new task zone, the system
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must assign another specialized member to become the leader of the swarm. At that point, the

swarm switches to a new formation around the newly assigned leader.

3.4.2 Local to Global Frame Position Conversion
The position of the robot is initially referenced in its local frame (X4, Y4), shown in Fig. 3.1,

and then transformed from its local frame to the global formation frame (X,Y), as follows:
Pglobal = 0Py + qr (3.34)

where Py, = (x4,V4,0) is the robot current pose in its local frame, g, = (x,, y, 6,) defines the
generated reference trajectory, and Pyopq; defines the resulting trajectory in a global reference
frame (X, Y, 0). The latter, equation (3.34), denotes the pose of the robot in the global frame,
shown in Fig. 3.1, where O is the origin of the global coordinates frame, with:

cos(8,) —sin(6,) O

0 = |sin(6,) cos(6,) O (3.35)
0 0 1

While the robots are moving, the angles of their references are changing based on the generated
trajectory, q,.. For stable reference following and proper swarm’s formation control, each robot is
required to update its new global heading angle based on the direction of the movement with
respect to its trajectory. The updated heading angle of the robot is obtained using the differences

in x and y between their pre-planned path (x, , ¥, ,) and current positions (x,,, yr,)

Qupdated =0+ atanz((yriﬂ - yrl-)' (er_l - xrl-)) (3.36)
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Based on the updated value of the heading angle of the robot in the global formation frame the
corresponding translational and angular velocities, (v, w), of the nonholonomic mobile robots

defined in (3.6) must be updated. Based on (3.7) we got:

g=Sv (3.37)

v=S"1g (3.38)
Uupdated] — 5_1 . (3 39)
wupdated q '

Coseupdated _drSineupdated 0 v
where, S = [sinbypaatea  Arc0SOypaareq 0] aNd v = [a)]
0 0 1

3.4.3 Switching to New Zone Formation

The procedure for switching to a new formation is implemented based on subdividing the
workspace in several zones. Each individual agent is associated to one zone, such that each zone
requires a specific formation. This concept can be used to rearrange the positions of the robots
based on their specialty or zone’s requirements to handle and execute its specified task. When the
group of robots hits a new zone in the subdivided workspace, the corresponding specific task is
associated with one of the robots. The latter becomes the group leader for as long as the formation
remains within that zone. For example, if robot 1 is assigned to be the leader in zone 1, and robot
2 is assigned to be the leader in zone 2, the proposed control system manages the cooperative
formation and determines how the group leader is changed automatically from the first zone to the
second one. The proposed framework includes a number of specific procedures for managing the

specialized tasks, as defined below:
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A. Zone Definition

With no loss of generality, the zones are predefined as rectangular sectors with different width
and length in this first phase of the research. In a sample case, zone parameters are defined as
shown in Figure 3.3. The pose is the (x, y) coordinates with respect to the lower left corner of the
zone. Dim, is the dimension length along the x axis, and Dim, is the dimension length along the

y axis. Table 3.1 summarizes the parameters of the sample case shown in Figure 3.3.

5
N

0 2 14 25 > X

Figure 3.3 Example of zones subdivision.

Table 3.1 Structured environment zones borders parameters.

Zone (ZoneX ,ZoneY) | (Dimy,Dim;)
A (0,-5) (2,10)
B (2,-5) (12,10)
c (14,-5) (11,10)

B. Zone Detection

The robots detect their zone by calculating the centrepoint of their formation. Then this point
is checked against the subdivisions of the workspace to determine in which zone the group of
robots is located. The central position of the formation is calculated by averaging all of the robots

positions, Position; € R%,i = 1, ...,a, where a is the total number of robots.
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a . 3
i=1 Position;

Pcenter = a (3'4’0)

C. Zone Based Formation Switching

When the centrepoint, p..ncer» hits @ new zone, the robots positions are updated such that the
references of the previous and new leader of the swarm are exchanged and the robots are re-
organized into a new formation distributed around a new leader. The latter is selected as the

specialized agent for the task at hand in the zone where the formation just entered.

D. Assigning a Specialized Leader for Corresponding Zone

When the group of robots hits a new zone, the first step is to determine which robot should
become the leader in that new zone. The proposed leader changing approach is summarized in
Figure 3.4 for a variable number of zones and robots. The switching and re-formation algorithm

for each robot is further detailed in pseudo-code in Algorithm 3.1.

If (Pcenter € zone A);

Then OutA = 1; ,O +

Else OutA = 0. oua\_/ L
E
A

If (Pcenter € zone B); D

Then OutB = 1; OutB >\>< E

Else OutB = 0. y R
I
N
D
E
X

If (Pcenter € zone Z); /‘

Then OutZ = 1; Outz X

Else QutZ = 0.

Robot ID
Figure 3.4 Leader index selection.

It relies on the assumption that a new leader index is selected as soon as the centre of the

formation exits the current zone, that is, any of the Out signals defined in Algorithm 3.1 transitions
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to 0. As such, the Out signals are mutually exclusive. For example, when the pepier Passes from
zone A to zone B, as shown in Fig. 3.3, it will lead to OutA = 0 and OutB = 1, and the new leader

for zone B is identified. Then, when the centre of the formation hits the new zone, the switching

process starts to take place.

Algorithm 3.1: Swarm’s formation switching.
Step1:
Compute the swarm center point position, pcenter = (X,¥);
Step?2:
Lower left corner point in zone = (zoneX, zoneY);
Length of the zone on x axis = Dimy;
Length of the zone ony axis = Dim,;
If(x < zoneX || x = zoneX + Dim,);
out = 0;
elseif (y < zoneY ||y = zoneY + Dim,);
out = 0;
elseout = 1;

Step3:
If out =0
change the formation to the new zone
elseif out =1
keep the same formation, move swarm, and repeat steps 1 & 2;

3.5 Task-Agent Specialization Based on Target Recognition

A specialty based task-agent allocation approach is formulated in this section by evolving the
definition of specialization to match with targets recognition, such as detecting specific landmarks
via embedded sensors, or the presence of an object in the environment. In this section, a
supervisory layer, called Automatic Task Selection Unit (ATSU), is added to manage the decision-
making process of the proposed approach. In addition, the idea of specialization zones that are
mentioned in the previous section is extended and zones are generally defined as a circular area of
influence around each detected target corresponding to a specialized task to be dealt with by a

specific robot. Entering within an area of influence triggers the switching of the specialized leader
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as well as the reconfiguration of the swarm formation. Appropriateness, smoothness and safety of
the transition remain the major factors of performance considered. The framework is further
refined by making the targets, and therefore the corresponding zones of influence, dynamic, which
leads to the consideration of combined specialization areas. The robot control and the specialized
leader switching processes are studied in relation with target recognition and adapted to

accommodate real-time dynamic leadership allocation and swarm reformation.

3.5.1 Proposed Deterministic Task-Agent Allocation Framework

The proposed coordination and control structure combines two cascaded stages, as shown in
Figure 3.5. The first stage is the supervisory layer, namely the Automatic Task Selection Unit
(ATSU), which is the extension to the initial framework from Section 3.4 that is further developed
in this section. The second stage is the proposed formation control stage that was presented in
Section 3.3 to control the robot dynamics and swarm’s formation. In the proposed framework, the

task selection system operates in two main modes, a manual mode and an automatic mode.

B Automatic Task Selection Unit

g ) (Supervisory Layer) <]
© ¢
E = RS Z
<
N
Formation Dynamics S

Control Control

Figure 3.5 Proposed control structure.
The system’s operator can switch in between these modes at the beginning of the operation by

choosing whether the robots should look for a specific task, in manual mode, or run in automatic
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mode where the swarm of robots will use an embedded sensory layer to explore its environment

and identify tasks at hand.

3.5.2 Supervisory Layer

In this research, a centralized task allocation mechanism is adopted. The ATSU is proposed as
a system’s supervisory layer or central unit that assigns the detected tasks to the specialized agents.
Thus, the team members have to be fully connected with this central unit to exchange the agents’
local information (i.e. agent’s dynamics control variables such as agent’s location, velocity and
energy level) and surrounding environment information (i.e. targets and navigation information).
The central unit’s role is to process this information and return the appropriate commands to the
individual agents to be assigned and execute the estimated tasks. To support extensive data
processing operations, a centralized approach is the best-suited solution. The proposed central unit

can be built in one of the mobile agents or as a static central station.

A. Task Allocation Approach
The group of robots navigates over three independent and successive zones surrounding a
given task. Accordingly, the system evolves through three corresponding states: a Search state, a

Task state, and an Execution state. Fig. 3.6 presents a schematic diagram of these three states.

In the Search state, depicted by the gray area in Fig .3.6, the robots adopt a cooperative leader-
follower formation until the sensors that are on-board the robots recognize a target. The system
switches to the Task state when the centrepoint of the group of robots enters the zone of influence
that surrounds the detected target, delimited by the task zone border, shown in blue in Fig. 3.6.

The robots then change their formation according to the specialty that the task requires while
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continuing the navigation towards the target position and until they approach the execution zone
border, shown in orange in Fig. 3.6. Then the Execution state takes place, as the specialized agent,
which became the swarm’s leader in the Task state, approaches towards the target and executes
the task associated with the detected target. When the task is completed, the mission automatically

switches back to the Search state to further explore the environment for a new task.

Figure 3.6 Three states of operation (Search, Task, and Execution).

B. Operation modes

As mentioned above, the task assignment problem is modeled under two different modes: the
manual and automatic modes. Under manual operation, the target location is predefined by an
external operator, while under automatic operation the leader robot uses embedded sensors to
search for a target while patrolling the workspace, therefore generating the path for the group of
robots that follow it. Once the group of robots is located within a given subspace, their initial
priority is to navigate over that subspace and search for a recognizable target upon which they can

perform a specific task. During this searching process, the robots navigate and keep a cooperative
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formation where a by-default group leader is generating the path that the group of robots follows.
Moreover, under the operation of the proposed framework, robots can perform the task while the
target is static or dynamic. The specific formulation for both modes of operation and three possible

states is detailed in this section.

i. Manual Mode

The manual operation mode provides the system with the capability to be semi-automatically
driven, under the supervision of a human operator. This mode is suitable when there are a known
number of tasks to be performed at predefined locations in the workspace. The operator identifies
a specific target to reach, on which the group of robots is to execute a specific task. Then, the
cooperative group of robots proceeds through the three states defined above. During the Search
state, the group of robots navigate over the workspace and keep their cooperative formation while
following their default leader until its on-board sensors recognize the desired target. Then the
system switches to the Task state, and later on to the Execution state at the execution zone border
to perform the predefined task. After the task is completed, the ATSU takes control and robots
stand and wait for the operator to command them to change the mode of operation to automatic,
or keep to the manual mode, in which case the operator needs to identify another specific task to

accomplish.

ii. Automatic Mode

When the number, location and specificity of tasks to be executed are unknown a priori, the
automatic task selection mode is preferable, as it supports automation of the task detection and
recognition, allocation of the proper specialization agent, and execution processes. When the group

of robots is operating in automatic mode, they aim to complete the entire set of tasks that are
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available in the workspace, based on the nature of targets that can be detected using embedded

sensors without consulting the system operator.

C. Operation States
To accomplish each individual task, the automated mission of the swarm can go over three

states that are:

i. Search State

To make the proposed framework generic, specialized agents identified as R;,i € {1, ..., a},
where a is the number of specialized agents available, are considered. Also, different tasks are
assumed to be available in the environment, each identifiedas T € {1, ..., t}, where t is the number
of possible tasks. A specific agent is chosen to perform each specific task in a deterministic way,
as defined through a lookup table. Based on the assumption that the agents start their navigation
while targeting one of the tasks existing in the workspace, for example T,, the corresponding
specialized robot, R, is assigned as the default group leader during the Search state. The path of
the swarm is then planned to begin from the initial positions of each of the agents. The trajectory
is designed to make the swarm survey the entire workspace in order to successively perform all
tasks that can be detected. The position of each robot in a global reference frame (X, Y) is defined
as (x;,y;). The path planning, swarms’ formation and stabilization during the Search state are

further discussed in sections 3.3 and 3.4.

ii. Task State
When the sensing system mounted on robots recognizes a given target and localizes its position,

(x7, yr), and type T, the system measures the Euclidean distance between the target and the centre
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of the swarm as the group of robots continues to approach the given task position. This process
continues until the robots enter the area that surrounds the selected target, defined by the zone of
influence of the target. A variable radius, ., characterizes that zone of influence surrounding
any target, limited by the task zone border in Figure 3.6. The radius is predefined as a switching
edge to trigger the group of robots to transit to a new formation in preparation to execute the
specialized task. As soon as the swarm enters the zone of influence, considering the specialty
assigned to each robotic agent, the ATSU identifies which agent is appropriate to perform this
specific task based on Algorithm 3.2. In the present case, each agent is deterministically associated
to a specific type of task, T. The ATSU then triggers the Task state and assigns the relevant agent
to become the leader of the swarm, and switches the swarm’s formation around the assigned agent.
During the Task state, the swarm smoothly transitions its formation to a new distribution adequate
to perform the given specialized task, with the most competent agent now leading the formation.
While the transition to the new leader takes place, the robots continue approaching the target until

they reach close to it.

Within the zone of influence of a target, the new leader coordinates (x;, y;) are assigned based
on the current position of the proper specialized agent, (x;, y;), selected to become the leader, and
from the position of the target, (x1, yr). The former leader and all other robots involved in the
swarm become followers. The follower robots continue their progression up to the execution zone
border and then hold their positions until the leader completes the task and another transition

happens.

When the switching to a new leader takes place, its current state, which was reached during the
Search state, is considered as the start point to further reach toward the target, that is:
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State(Leader;p) = [x;, v, 0, Vi, w]T (3.41)
where 6, represents the current heading angle of the leader robot, and V;, w; correspond to its

current linear and angular velocities.

Algorithm 3.2: Task-agent specialty based assignment.

Step 1: Simulated sensing stage detects task and estimates Task State = (x1,y1,T)

Step 2a: Estimate Euclidean distance (ED) between task position (xr, yr) and current center
point position of the swarm p.enire = (Xcentre» Ycentre); @Nd compares it with radius
of the Task Zone (7qsx)

ATSU: if  ED < ryuek
then switch to Task State.
else
remain in Search State;
Step 2b: ATSU checks Task Type (T);
Select suitable specialized robot to perform the recognized task, via lookup table
Assign a specialized robot as new specialized leader R; ; where i € {1, ..., a}
Return leader agent identity, Leader;, = i.
Step 3: Assign new leader coordinates:
ATSU: if Leader;, = i;
new leader position (x;, y;) < (x;, v);
Return the new leader coordinates (x;, y;);

Then an iterative path planning process is defined where the next desired position for the leader
within the task zone is computed iteratively as the middle point between the task position and the
current position of the assigned leader. Collision avoidance is dealt with at a formation control
level using repulsive potential fields, as discussed in Section 3.3.3. Assuming that the current
position of the leader is (x;, y;) and the task position is (xr, yr), then the next desired state for the

leader in the task zone is:

State'(L) = [x],y/,0,,V/, w]]" (3.42)
where the new leader position is defined in eq. (3.43) and (3.44), and the heading angle of the
robot, 6;, is set to aim toward the target’s position, as defined in eq. (3.45).

Xr = % (3.43)
2

x| =x +
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Yr — Vi (3.44)
2

%—w) (3.45)

yi=y+

!

0, =6, + atan2<

The updated velocities (V;, w;) of the leader, equation (3.39), are calculated as follows:

T (3.46)
[Zfl] =q's™
where:
g = [(x; —x), (v —y)I" (3.47)
_ [cos(8;) —d, sin(6;) (3.48)

~ Isin(8)) d, cos(6))

where d,. is the distance between the centre of the robot and its back axle, as shown in Fig. 3.1.
iii. Execution State

Robot embedded sensors continue to monitor the distance separating the task position, (xr, yr),
from the current leader coordinates, (x;, y;). Simultaneously, the leader continues to approach the
target. From the moment that the leader hits the execution zone, of radius 7, ecution, the ATSU
switches the swarms’ formation to the last state of the process. The Execution state ensures that
the selected specialized robot performs the task. The follower robots then reconfigure themselves
to reach a distribution around the leader, and they stop at the execution zone border. During the
Execution state, the followers provide a cooperative coordination and can be exploited as
stationary sensors to support the leader robot with extra sensing capabilities while it performs the

task.
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D. Special Cases
i. Overlapping zones of influence

Overlapping zones of influence correspond to areas that are within reach of more than one
target, as a result of targets that exhibit a large area of influence, or moving targets which make
their respective area of influence to be overlapping with others for certain periods of time. Such a
situation is illustrated in Figure 3.7, where the blue and red targets’ respective areas of influence
share a mutual portion of the workspace. The proposed ATSU is designed to tackle such situations.
Whenever overlapping areas of influence are detected close to the location of one of more targets,
the system switches to a semi-automated mode and the operator is consulted to choose which target
is given the execution priority. Then, the system operator commands the system to give priority to
one of the detected targets. After that, the ATSU drives the system to perform operations on the
selected target and the robots continue their operation while concentrating on the selected target.
Once that target is resolved, they go directly to the second recognized target, which is located in
the same area, and so on for more targets. When all targets have been visited, the ATSU switches
formation control back to the Search state, which resumes the regular operation to look for a new

task in the workspace.

Zone of Target 1

Robot 1

Robot 2 >

Robot 3

Overlapping z6ne Zone of Target 2

Figure 3.7 Overlapping zones of influence.

67



ii. Moving Targets

Another important case to be considered is when the targets are changing their position over
the workspace, such as in scenarios where people, animals or motorized devices are associated
with tasks to be performed (e.g. people following, assistive robotics, or vehicle interception). Such
scenarios are also supported in the proposed automatic mode of operation. When a robot embedded
sensor reports different positions for successive measurements on a given target, the formation
control scheme exploits a specially designed Target Following state, which temporarily replaces
the Task State. In the Target Following State, the swarm keeps following the target all together
until the target becomes static. Once the target is stopped, then the usual Execution State is
triggered and the task completion proceeds as usual. The Target Following State is assumed to
work only when a target is moving slower than or equal to the maximum speed of the swarm. In
the case where the target speed is faster than the maximum speed of the swarm, this means that
the target is assumed to be outside of the sensing range and the system will return to the Search
state. An overview of operational modes and full mission operation is presented in the flowchart
of Figure 3.8. The color of each state in Figure 3.8 is matched with its corresponding zone in

Figure 3.6.
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Figure 3.8 Schematic structure and sequencing for all operational modes.

3.6 Simulation Experiments

This first version of the proposed conceptual framework has been validated in simulation using
Simulink. In this phase of the research, three robots are considered for acting as specialized agents
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and three different types of target are also considered. Each robot is specialized to execute only
one type of task. Therefore, the task allocation process is deterministic and the objective of this
experimental evaluation is mainly to confirm the coherence of the proposed framework as a whole,

before the task allocation scheme is refined in Chapter 4.

To validate the first approach that considers simplistic rectangular subdivision of the workspace
to form zones that will trigger the response of specific specialized robotic agents, addressed in
section 3.4, the robot parameters used in the simulation, as depicted in Figure 3.1, are m, =
10kg, a = 0.05 meter,§ = 0.5 meter,I = 5kg-m?;d, = 0.8. Figure 3.9a shows the initial
conditions of the group formation in a sample simulation case. Triangles represent the respective
specialized agents and dotted lines show the corresponding paths over time. Colors are associated
to the specialization of each agent, which should match with specific zones, whereas the leading
role of the swarm in zone A is associated with the red robot, with the green robot in zone B, and

with the pink robot in zone C.

It is also shown in Figure 3.9a that the moment when the centre of the formation, pentres
represented by a red dot at (-2,1) enters into zone B, the group’s leader (red) starts to change its
path at point (2,0) and the green robot also begins, at point (0, 2), to take the leading role, as the
green robot is here defined as the specialized agent appropriate to tackle the leading role in zone
B. The system switches the formation automatically to make the relevant specialized robot (green)
to become the group’s leader while the swarm circulates in zone B. Figure 3.9b indicates that the
green robot is leading in zone B as it circulates ahead of the other robots. Figure 3.9¢ presents the
trajectories of the whole group navigation in zone C and shows how the system eventually switches
to select the third robot (pink) to become the group leader in that zone, that agent being the proper
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one to perform tasks in zone C. The minimum distance desired between the green and the pink
robots is also achieved under the influence of repulsive forces, as detailed in Section 3.3.3, whereas
the formation controller, eq. (3.33), controls the minimum distance in the generated trajectories
using repulsive potential forces to achieve the required separation between the agents. In this case,

the pink agent passes the cross point (19.5, -1) at a given instant, while the green agent passes a

little later.
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c) Reformation takes place in zone C as the pink robot becomes the leader.
Figure 3.9 Group formation and switching control of the leading role over three different and specialized zones.

Simulation experiments are also conducted to validate the extended conceptual framework

based on targets recognition, that is introduced in section 3.5, using Simulink. For system’s
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validation purposes, the case with three robots, a = 3, to serve as specialized agents associated to
three different types of target, t = 3, is again considered. It is still assumed that every agent is
specialized to perform only one type of task. For clarity and generality, the specialized agents and
the corresponding tasks to be matched are marked with corresponding colors. Colored lines trailing
behind triangular robotic agents in Fig. 3.10 to 3.13 depict the robots’ paths, and tasks are
represented by colored square dots circled by dotted lines. The latter indicate their respective area

of influence.

In the automatic mode of operation, during the Search state, the agents navigate over the
workspace and simultaneously keep their cooperative group formation as they follow the swarm’s
default leader (e.g. red agent “red triangle” in Fig. 3.10a) until the simulated on-board sensing
system recognizes a first target (blue square). Thereafter the system switches first to the Task state,
the blue agent becomes the leader in order to complete the blue task, and subsequently to the
Execution state, as shown in Figure 3.10b and 3.10c to perform that task, which is shown as
completed (black) in Figure 3.10d. Then, the system returns back to search for a new target and
automatically transitions the formation to re-assign the default leader (red agent) ahead of the
swarm (Figure 3.10e-f) with the other agents performing as followers again. Subsequently, the
ATSU assigns the proper specialized agents to perform other available tasks (blue agent in Fig.
3.10g; green agent in Fig. 3.10i), therefore alternating in between Search, Task and Execution
states (Fig. 3.10e-j), as expected. The lower green task in Figure 3.10h is beyond the sensing range
when the formation passes by, and as a result it is skipped. In Fig. 3.10, the simulation was stopped
after having processed the upper green, which explains why the two red targets are not visited. For

simulation purposes, a task is considered fulfilled when the proper specialized robot hits the
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position of the matching target. Then the target symbol changes to black, which indicates that the

given task has been executed, as shown in Fig. 3.10d, 3.10h and 3.10i.

When the manual mode of operation is selected, this means that one target, manually selected
by the human operator, is the first one to be performed. In this case, the ATSU immediately selects
the robot that is the one specialized to execute this specific task and this robot immediately
becomes the leader. Figure 3.11 provides an illustration of such a situation as the group of robots
skips over the blue task because the red task (red square dot) was manually selected by the operator
and therefore has priority. As such, the red robot becomes the leader and initially drives the group
toward the red target while the blue robot remains a follower even though the group passes close
by the blue target. This scenario demonstrates the flexibility of the proposed framework to reliably
implement prioritization functions in the control of the swarm. Following completion of the higher
priority task, the formation can either resume to Search state in automatic mode, or be provided a

second priority target to execute in manual mode.

Figure 3.12 represents a condition of overlapping zones of influence, that is when more than
one target’s influence area share common sections of the workspace. In such a scenario, the ATSU
consults the system’s operator to select the target that should be executed first. In the simulation
illustrated in Fig. 3.12a, the operator selects the red task to be performed in priority. Once the
selected task is completed (Figure 3.12c), then the robots switch their leading task automatically
to execute the blue task as it shares the same area of influence. The new leader (blue) is smoothly
transferred into the leading role for the group of agents while the other agents become followers,
as shown in Figure 3.12d-f. Once the conflicting tasks are resolved, the swarm switches back to

the regular process outside the dual-task zone, as shown in Figure 3.12g-h. The default red leader
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agent drives the swarm in exploration until the swarm switches to the green agent as the leader to
perform the left-hand side green task. Finally, the other red tasks is also performed successively
following the same logic with the red agent as the leader. Figure 3.13 shows a scenario where a
moving target is involved. The swarm of robots initially follows a moving green target while it
attempts to evade from the swarm. The temporary Target Following state is triggered until the
target can be reached by the swarm (Figure 3.13a-d). At that point, the corresponding specialized
green agent, which was assigned as the leader agent during the pursuit, executes the task (Figure
3.13e). Once completed, the system returns in the standard Search state, which reinstalls the default

red agent in the leader position until other static or dynamic targets are detected (Figure 3.13f).

These experimental results show the conceptual validity of the proposed framework.
Cooperative navigation and swarm’s formation control as well as smooth switching and transition
of the leadership in between the specialized individual agents is achieved. The ATSU is robust
enough to deal with a varying number of targets, including targets that are sharing the same
specialized zones. It also supports prioritization to take place in between targets, via an embedded
supervisory layer that can be manually driven or fully automated. The three operational states of
the proposed approach, from broad search to execution, provide the necessary support for the
ATSU to respond to the exploratory, tracking, and task execution components typically found in
swarm robotic scenarios. Considering the cases of overlapping areas or shared zones of influence
as well as moving targets also contributes to bring the proposed protocol closer to realistic

operational contexts.
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(c): Formation switched to Execution state with blue leader.
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(e): Formation switched back to Search state with red default leader.

75

y-axis Meter

25

20

Tasks WorkSpace

25 -
- -~
- - " A
20 .
I’ s ! vt ! PR
I \ 4 *
15 + - ~ o r e
~ o v 1
’
10 A
5 s T
o ’
: Lo
0 I 1
0 -~ At :
I
ﬁ I u e ,'
L5 s J
R
-10 -
.~ ~
15 ! N
N . 1
\ ]
20 . .
o
-25
-20 -10 0 10 20
x-axis Meter

: Formation switched to Task state.

Tasks WorkSpace
25
- -
k4 \
- '
20 ’ \‘ ' n ] P
I = ; . ’ ’ A
15 A ~a I w
’
10 pE
[ -
L 5 /7 A
(5 U
= “a, 1
w 0 -~ _.,,.m_:\_f)] 1
é I/ \l N N "
4 -5 \ [ ] ; -
~ o
-10 -
e ~
15 ! N
1 n 1
Y I
-20 . ’
P—
-25
-20 -10 0 10 20
x-axis Meter

(d): Blue task completed by blue leader agent.
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Figure 3.10 Successive tasks completion in automatic mode of operation.
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Figure 3.11 Specific task completion in manual mode of operation.
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(b): Red robot remains leader until task completion.
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(9): Green task performed (regular process). (h): Red task performed (regular process).

Figure 3.12 Successive tasks execution with (a-c) overlapping zones of influence with task 1 (red) selected by
operator as having priority, which drives the red robot to remain the leader until the red task is completed; (d-f)
second priority task (blue) being performed with blue robot transitioned to leader position; and (g-h) swarm resumes
to the Search state outside the overlapping zones of influence, then searches for other tasks (green, then red) to be
executed with corresponding leader robots.
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(e): Green task completed. (f): Swarm swithes back to Search state with red leader.

Figure 3.13 Scenario with a dynamic target:(a) green moving target detected, (b) green target being pursued by group
of robots with green agent transitioning toward leader position, (c-d) green target reached and task executed by
matching green leader robot, and (e-f) swarm pursuing search for other targets with default red leader agent returning
to leader position.
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3.7 Summary

The proposed task-agent matching mechanism is initially studied in two parts. The first one
presents the design and implementation of a task switching and cooperative swarm formation
transition for specialized mobile agents. The proposed system assigns the leading task to a specific
agent depending on the position of the formation. A dynamic model of nonholonomic mobile
robots is considered whereas a kinematic and torque controller is used to control path following

and group formation.

In the second part, a generic conceptual framework to ensure coordination and formation
control of a group of mobile agents is presented. A specialized task assignment and execution
approach is formulated in an algorithmic manner that evolves the definition of agents’
specialization to match with targets recognition. The proposed Automatic Task Selection Unit
(ATSU) is implemented in simulation to operate in two possible modes, either under close
supervision or in a more automated way. Both modes perform each specialized task in three
successive states that ensure the search for a target, its detection and recognition via virtual
embedded sensors, and finally the execution of a given task compatible with the resources
available on a selected agent, which also serves as the group leader for the duration of a specific

assignment.

To ensure safe navigation and smooth task switching without any inter-agent collisions, a
potential field layer is integrated which generates internal repulsive forces between the robots. The
collision avoidance and the formation control algorithms work together to keep the agents far

enough from each other while managing transition in the group leader as zones requiring the
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intervention of a given specialized agent are accessed by the swarm. The proposed framework is
validated in simulation for a diversity of scenarios and demonstrates that the group of robots
successfully coordinate themselves toward and around targets and dynamically allocate the

appropriate specialized agent to automatically respond and perform specific tasks.

In Chapter 4, the specialty-based framework is substantially refined with the development of a
task-agent specialty based matching scheme that further leverages the uncertainty associated with
the recognition of a target object’s characteristics from embedded sensors. The confidence level
associated with the recognition of predefined characteristics on target objects is taken advantage

of to best match tasks to be performed with the corresponding specialized robots’ capabilities.
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Chapter 4  Specialty-based Task-Agent Allocation -
Probabilistic Approach

4.1 Introduction

In the research work reported in Chapter 3, the proposed approach is introduced as a swarm’s
cooperative control problem and the task-agent specialty assignment process is build based on a
deterministic detection of the constrained task. In this chapter, the concept of task-agent specialty
assignment is further developed and evolved. The framework is refined with an expanded
formulation of the proposed speciality-based task-agent assignment as a generalized task
allocation framework from a probabilistic perspective. For this purpose, this chapter introduces a
probabilistic approach for assigning specialized individual agents among a heterogeneous robotic
swarm to corresponding tasks, each imposing specific constraints. Based on the assumption that
each individual agent possesses specialized capabilities, the proposed approach evaluates the
probabilistic fitting of the available robot individuals based on the requirements imposed by the
recognized task, which takes the form of a recognized target object in a specific environment. A
formal probability-based task allocation matching scheme is developed to evaluate task-agent
fitting probabilities of all available agents. This scheme assigns the most qualified and available

specialized robotic agent or agents to respond to and perform the detected task.

The formalism for task allocation is still being developed in the context of a cooperative swarm
of mobile robots. However, unlike previous work that considers heterogeneity among robotic
agents based mainly upon their physical construction, here a specific definition of specialization
is introduced which leverages the embedded hardware and software characterizing each agent’s

functionality. As a result, an advanced form of specialized labour division emerges in the swarm.
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The labour is divided among the individual members based on best matching the specific
requirements of the task to each robot’s specific capabilities. This form of task allocation can
increase the net efficiency of the swarm, whereas the most qualified agents can respond to the
corresponding tasks based on the match between the agents’ specialized capabilities and the
requirements of the detected tasks. In addition, the proposed task allocation scheme computes the
individual agents’ specialty fitting probabilities to support optimal task allocation. As qualified
agents are assigned to corresponding tasks with different probabilities, a form of a specialty-based

prioritization among robotic agents also emerges.

The proposed approach contributes to advance the field of specialty-based task allocation in
unmanned vehicles. Simulations of realistic scenarios are presented and discussed in Chapter 5 to
validate and investigate the efficiency of the proposed approach. Finally, real-world experiments
are conducted and the results are analyzed in Chapter 6 to validate the efficiency and feasibility of

the proposed approach to its real-world desirable applications.

4.2 Proposed Approach

The proposed approach forms a probability-based allocation mechanism for robots that are
equipped with specialized capabilities to best match with constrained tasks detected in their
environment. Figure 4.1 illustrates the overall framework of the proposed specialty-based task-

agent allocation approach.

When a group of specialized robotic agents navigates through a given workspace, observer
agents search for target objects from a list of predefined objects of interest. Once a target is

detected through visual pattern recognition, automated task allocation of a robotic agent is initiated
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for the task to be completed (e.g. reach to the object for closer observation, track or pick the object,
etc.). The goal is to assign the most capable specialized agent or agents to respond to a detected
task. The proposed solution considers the swarm members to be different at their functionality
level (e.g. on-board sensors or actuators, communication, or reasoning capabilities). This results
in specialized capabilities for each individual agent forming an overall multi-agent system with

non-homogeneous functionalities.

Human Operator [+ Automatic Task Selection Unit
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Visual Acquisition,
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Figure 4.1 General framework for the proposed specialized task-agent allocation.

To achieve this goal, two coupled spaces are defined for coordinating the specialized robotic
individuals in the swarm. A schematic diagram of the coupled coordination spaces is shown in
Figure 4.2. The control space tackles control considerations related to robots’ dynamics, swarm’s
navigation, group formation, and transition (described in Chapter 3 and with details published in
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[128-130]). As the core contribution of this thesis, the specialization space optimizes the match
between the task requirements and the individual robots’ specializations. The objective of the
specialization space is to divide the labour amongst the swarm from the perspective of the

individuals’ specialty in the presence of cooperation between the agents.

In the specialization space, a task-agent probabilistic approach is defined for matching
characteristic features perceived on detected tasks with robot-embedded specialties. This approach
relies on an uncertain representation [131] of the observed features, which provides a task specific
signature that can be matched with predefined corresponding specialized functionalities of the
swarm’s individuals. As such, this work focuses on characterizing the specialization of the agents
as heterogeneous individuals with respect to their functionalities and on the evaluation of a task-
agent probabilistic fitting score that is required for assigning different robots to specific tasks. The
development of the proposed approach in this chapter is focused on a generic formulation of the
features that characterize target tasks and on the design aspects of the specialized agents’ task
allocator. The grey boxes in Figure 4.1 highlight the contribution of this chapter with a focus on
the specialization space. The design considerations of the proposed framework address three main
problems in this study:

1) Theoretical formulation of target task characteristic recognition;

2) Task-agent specialty matching; and

3) Coordination of the optimal specialized responders.

An automatic task selection unit (ATSU) (introduced in Chapter 3) is responsible for the
decision-making process to assign the specialized robot to respond to a corresponding detected

target. In addition, a human supervisor is preserved on the control loop for strategic guidance, as
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depicted in Figures 4.1 and 4.2. In practice, target object detection and task recognition in the
robot’s unstructured environment can be performed via machine learning techniques. Formal
development and implementation of this machine learning method is a deep learning target object
recognition stage that is addressed by a colleague in SMART research group [131] and used in
section 6.2.1.A as an input to the proposed approach. It does not form a contribution from this
thesis. However, target object recognition is developed in this thesis as a generic theoretical
formulation in section 4.3 and integrated with the proposed speciality-based task allocation

framework, as shown in Figure 4.2, to support real-world experimental validation, as discussed in

Chapter 6.
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Figure 4.2 Architecture of the proposed specialty-based task allocation framework.
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4.3 Recognition of Task Characteristics

From a more general perspective, the proposed theoretical solution considers predefined
Gaussian distributed spatial features of different classes, X, to characterize target objects in a
two-dimensional environment. In a typical scenario, while the agents navigate the workspace, an
embedded perception system collects information from the surrounding unstructured environment
and extracts data from the dominant classes, X, on the observed targets. Then, the detected
features are categorized through a classification mechanism. This provides information to the task-
agent matching stage that is discussed in section 4.4. The latter determines a probabilistic
confidence level in the fit between the detected target and any specialized agent.

4.3.1 Target Object Recognition

To map the appropriate agents to the corresponding tasks independently, the dominant features
on the considered target objects are separated into classes. The group of features on X, that can be
observed on each target type are encoded as a vector of F sample features, that is X, = {x;:j =
1,---,F}, where x; € R? is a Gaussian distributed random sample of a two-dimensional spatial
feature that is observed with mean x and variance . The observed sample features x; € X, are
assumed to be drawn independently and can be used to estimate the parameters, u and o2, by
maximum likelihood function, whereas the probability of the sample features x; is maximum at
the mean value u, which is the central point of the feature. This property is a unique property of
the standard Gaussian distribution. Therefore, the Gaussian distribution is considered the most
descriptive form to mimic the real distribution of practical features of the target tasks to be
considered in this study. Alternative distributions of the features would still support the operation

of the proposed task allocator. However, a non-Gaussian distribution may influence the outcomes
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of the task allocation process by assigning different agents to a detected task. Such a behavior
would be coherent with a different perception of the target task nature, associated with a different
distribution of the features that characterize that task.

Under the assumption of a Gaussian distribution, we consider that k = 1,2, ..., T, where T is the
maximum number of the different target objects classes that are expected to be detected on a task
space. The total number of distinctive features to be estimated creates a set of vectors, here called
the task space, X = [ X,: k =1,2,...,T]. It is also assumed that each group of features, Xy, is
associated with one specific class, C;, of one target object type. These classes are considered
available for training during the target recognition stage on a number of predefined target objects.
Moreover, each class is associated with an action of a specific nature to be performed by a
specialized capability of a given robotic agent. The feature space is therefore comprised of F X T
predefined features that characterize T possible target objects, and the latter are associated with
the available specialized capabilities of the robots in the swarm. The confidence level in the
recognition of these target objects, estimated as a probability, is leveraged in a matching scheme
that computes the specialty fitting probabilities of the individual agents with respect to each type
of target.

A pre-trained network with a set of T classes, C, where C € {C;:i = 1,2,....,T}, is used to
retrieve an observed group of features, X,, from the visual perception of a given target. For
example, in practice these classes can be pre-trained in a deep learning network from the sample
image datasets representing them in order to perform target object recognition, which is reported
in the experimental results. This leads to the posterior probability, P(C;|X}), that represents the
probability that the observed features, X, = {x;:j =1,---,F}, characterizing each class (;,

estimated by the Bayesian rule [132]:
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p(Xk|C)P(Cy)
p(Xx)

P(CilXy) = (4.1

withi = 1,2, ..., T, and where p(X,|C;) is the class-conditioned probability density function that
describes the Gaussian distribution of the group of features, X, in each predefined class C;; P(C;)
is a prior probability of the class C;, which is evaluated from the given training dataset. If M, is
the total number of patterns that are available for training and M,,., of them belong to C;, then a
prior probability of this class can be computed as:

tri

My

P(C) = (4.2)

p(Xy) is the probability density function of the group of features X, over all classes, which is

given by:

T
P(Xi) = ) P(XelCOP(C) (43)
i=1

This probability density function of the features p(X,) is evaluated for all classes and does not
affect the evaluation of the posterior probability, P(C;|X}), in Eq. (4.1) since all quantities are a

function of C; [132]. As such, the denominator in Eq. (4.1) can be considered a normalization

constant, substituted by % , to ensure that the posterior distribution on the left-hand side integrates

to one. Thus, the posterior probability is evaluated as:
P(CilXx) = Ep(Xi|CHP(C) (4.4)
As a result, the estimated features, X;,, recognized on the target objects are associated to the
classes that have the maximum estimated posterior probability, Eq. (4.4). The estimated posterior

probabilities, considered to be detection confidence levels of the observed targets, are used to
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evaluate the specialty fitting probability of the proper agent/agents that to be allocated to the
detected task, as detailed in section 4.4.
4.3.2 Probability Densities Estimation

The available data can be used to estimate the probability density functions (PDFs). To evaluate
the parameters of the probability density function, such as its mean, u, and variance, o2, the

maximum likelihood function is used.

It is assumed that a group of features, X, is distributed according to the class-conditioned
probability density function p(Xy|C;) for T classes. In addition, the class-conditioned probability
density function, p(X|C;), should be a likelihood function given in a parametric form, and the
parameter vector, a = [u, o2]7, represents the corresponding unknown parameters of the
extracted class. To highlight the dependence on the unknown parameter vector, a, the class-
conditioned probability density function can be written in the form p(X,|C;; «). This likelihood
function can be used to estimate these unknown parameters by exploiting the available set of
known data in each class. In theory, it is assumed that the classes are mutually independent and
the parameter estimation problem can be solved for each class independently. The practical
interpretation of this assumption is that the specialization of each robot allows for the performance
of substantially different functions (e.g. inspect, explore, grab, operate on specific terrains or
different environmental conditions, etc.), and is therefore related to substantially different task

characteristics which ensure the required independence.
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If X, = [xj:j =1, 2,...,F]T is consisting of F statistically independent random sample
features that are drawn from the probability density function p(X; a), then we should have the

following likelihood function of the parameter a with respect to X,:

F
pXa) = | |pg @ (45)
j=1

The estimation of the parameter’s vector a can be evaluated by using this function so that the
maximum likelihood function takes its maximum value at a:

F
oy =arg maxl_[p(xj; a) (4.6)
24
j=1

where a is chosen as the value that maximizes the likelihood function p(X;; &) which provides

the necessary uncertainty level of the parameter a [132].

4.4 Task-Agent Matching Scheme

The task-agent specialty matching problem, which is emphasized in this thesis, consists of
matching the best suited specialized agents with their corresponding target objects, or tasks, with
a maximum fitting probability. In practice, for a given matching assignment, an agent responds to
a specific task when the agent’s specialty offers a sufficient fitting probabilistic score with the task
requirements. However, a given agent can also qualify for different tasks but with different fitting
probabilities. The proposed task-agent matching approach leverages the target task recognition
formulation introduced in section 4.3. It comprehends two sub-systems: 1) to evaluate the specialty
fitting probability between the detected task and specialized agents; and 2) to allocate the most

specialized and available robots to the detected task.
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4.4.1 Specialization Encoding

In this section the individual agents’ specialized capabilities are defined in two forms that are:
a general binary definition of agents’ specialization to serve as the basis for task-agent association.
Then, the general binary form is further refined with a modulated definition of the agents’

specialization based on their mechanical construction or embedded hardware or software.

A. Binary Specialization Encoding

The swarm of robots {R;,i = 1,2, ..., a} consists of a specialized individual agents, R;, and
provides T different specialized roles or capabilities of each agent defined in a generic form as a
binary specialty vector, S;: {sy, k = 1,2, ..., T}. Each entry of §; € R¥*T that is defined as s, = 1
means that the robot possesses the corresponding capability; and s, = 0 indicates that the robot
is not equipped with the necessary capability to tackle a target type of a class C;, extracted from an
observed group of features X, that is meant to correspond to that class C, among T of them. This
task allocator is called binary encoded task allocator (BETA). As an example, let us assume a
firefighting scenario in which the individual agents of a robotic swarm are specialized to fight fires
over large residential complexes, skyscrapers, small houses, and warehouses. The dominant
classes of the task will be residential complex, skyscraper, house, and warehouse. In this case, the
specialty vector of each agent, R;, is defined as §; € R T, with T = 4 considered target types.

This binary definition of specialization is used as the basis of the expanded probabilistic form,
which will be introduced in section 4.4.2. In the following section the definition of agents’
specialization is presented in a non-binary form when different levels of sophistication of the
agents’ specialized capabilities are necessary based on the agents’ mechanical construction or
embedded hardware or software to capture different levels of suitability of the agents’

specialization to different tasks.
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B. Modulated Specialization Encoding

In order to further evolve the framework and provide additional flexibility in the modulation of
robotic agents’ competencies, the binary definition of the agents’ specialty vector, S;, introduced
in the previous section, can also be modulated in a non-binary form. This modulated representation
of the agents’ specialization can be adopted when increased sophistication of the task allocation
scheme is either necessary or permitted by the application. Human beings may be considered as
an example, given that individuals have many talents but some are more developed than others,
and some are physically stronger or in better shape than others. For example, if a group of people
enter a marathon, all of them may be able to complete the marathon successfully. However, they
would not finish at the same time because they do not have equal training for it or they might be
physically different. From this example we can realize that the objective of modulating the
specialized capabilities is to mimic the nature and robustness of the individual agents’ capabilities
to different levels of their functional robustness with respect to corresponding targets. Therefore,
this reformulation as a modulated specialization encoding is a fair representation of the potential
of the individual agents, whereas the binary only specialty vector is not sufficient to represent such
variable levels of the agents’ specialized capabilities. The specialty vector, S;: {s;, k = 1,2, ..., T},
can be modulated to capture relative specialty levels based on the agents’ corresponding embedded
functional qualities. Let us assume that the entries of §; € R*T are modelled to take values in the
continuous range of 0 to 1, such that s, € [0 1], to represent the relative levels of the agents’
specialized capabilities from the least efficient (0) to the most efficient capability level (1). This

task allocator is called modulated encoded task allocator (META).
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4.4.2 Probabilistic Matching

The goal of the matching scheme is to maximize the task-agent fitting probability that
represents the match between confidence levels on the detected task constraints (target’s features)
and the agents’ specialized capabilities. The confidence levels on the current target’s detection that
would be leveraged by the swarm’s individuals are defined as:

‘f’Ri = SiﬁT (4.7)
where g, € RY*1 represents the specialty fitting confidence level achieved by an individual agent
of identity, i, based on the constraints raised by the detected classes, which correspond to given
target objects. P € R7** represents the probability transition vector of the detected classes. This
is a function of the estimated posterior probabilities, Eq. (4.4), of the detected features on the target

object, which is given by:

ET:P(QIX,() ZT:P(Clek) ZT:P(Crlxk)
k=1 k=1 k=1

As aresult, the specialty fitting confidence level, @, Eq. (4.7), of a robot R;, emphasizes that

T

P, = (4.8)

each agent offers a specific level of competency with respect to the confidence levels of the
recognized classes on a detected target object, corresponding to a given task.

To formulate the task-agent specialty matching in a probabilistic form, the concepts of
probability theory are adopted [133]. The three main elements of the probabilistic model are:
1. An agent’s sample space, which represents the set of all possible outcomes. In this formulation,
the sample space is represented by the encoded specialties of each robotic agent. The agent’s

specialities are defined in its specialization vector, S;, defined in sections 4.4.1.A and 4.4.1.B. The
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possible outcome of each individual agent is modelled as @g , which is discussed later on, Eq.
(4.10).

2. An events spaces of the individual agents represents a set of outcomes in the agent’s sample
space. The outcome is defined, in the probability theory, to be the result of the trial or experiment
at hand. In this model, the outcome is introduced as an agent’s specialty fitting confidence level,
@g;, on each detected target, which is a function of the agent’s specialization vector §; and
uncertain measurements of target object detections, introduced by Eq. (4.7).

3. A probability function gives each event in the agent’s event space a probability; the latter is a
real number between 0 and 1. The computation of the event’s probabilities within the agents’

sample spaces can be given as:

The outcome of the agent’s event space, Pg;
All possible outcomes of the same agent, PR;

Fitting probability of each individual agent =

As a result, the probabilistic swarm’s specialty matching matrix, Q € R**%, can be introduced as:

Pry 0 0

PR,

0 Pr,

PR,
Q=|: - ; (49)

g’D\Ra—l 0
PRa-1

0 0 Pr,

| PR,

where @p, € R is the agent’s maximum expected collective score that results when all of the
agent’s capabilities are matched with their corresponding detected target’s classes. Q is defined in
matrix form because the objective is to estimate the individual specialty matching probability for
each agent, as appears in Eq. (4.16). To define @g,, the maximum number of specialized
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capabilities that are built in each individual agent have to be considered. Then the maximum
expected collective score, @p,, of the agent R; can be defined as:

®r; = SiPmax (4.10)
and,

Pmax = [P(X11C)  p(X3|C5) - p(Xr|Cp)]" (4.11)
where p(X,|C;) is the class-conditional probability of X, in its predefined class. In practice, it is
realistic to consider ¢g, = Y _15k:{sk € §;}, which is the sum of the encoded basis of all agents’
specialized capabilities.

4.4.3 Qualified Responders Coordination

It is important to support realistic scenarios in which a robot may not always be available
because of a dead battery or damage that inhibits the robot from conducting the service.
Alternatively, a robot might already be allocated to another task, or located at a far distance from
the target position when called to service. To tackle such problems, the proposed framework
addresses the agents’ availability and attendance beyond their specialty. Therefore, a scheme for
the best responder assignment coordination must consider the swarm members’ availability states
and attendance levels, denoted as 94, and 9, respectively, along with the probabilistic swarm’s
specialty matching matrix, Q, defined in Eq. (4.9). The agents’ availability, 9,,, IS a necessary
attribute of this framework to be reliable to a great extent in terms of accomplishing the mission
goals by replacing the assignments of unavailable agents with alternative available agents.
Moreover, the consideration of agents’ attendance, related to task-agent distance separation, also
provides an important advantage to the framework for being adaptable to applications with wider

range workspaces. Adaptability of the framework is defined here as an attribute referring to the
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applicability of the proposed framework to suit different applications. This attribute is embedded
in the proposed framework by the system’s designer based on the application’s demand. The
importance of the agents’ attendance is discussed in more detail later in this section.

The objective of the coordination scheme is to return the specialty fitting probabilities of only
the available and attending agents. Thus, although it may be less competent, the most qualified
agent among this group can be assigned to the detected task based on its availability and attendance
at the time of target object discovery.

The availability vector, 9,4, € R**1, is defined based on the current internal status of each
robot. At the time of swarm deployment, the internal flag of the deployed agents is raised to
“available”, while the internal flag of agents that are not available is set to “withdrawn”. Then,
whenever the system finds an “available” agent that is qualified for the detected task, the
availability flag keeps its task allocation’s fitting probability active and the detected task is
assigned to this agent if the probability is optimal. In contrast, agents with an internal flag set to
“withdrawn” or changed to “withdrawn” due to a battery depletion or mechanical failure are
deactivated, and then the task allocator needs to find an alternative “available” agent with proper
qualification to accomplish the mission goal. In addition, when an available agent is assigned to a
given task, then its availability state is changed to “busy”, which means that this agent is
temporarily withdrawn because it is already assigned to a task. The proposed availability status
vector of the robots, 9,4, € R**1, is defined as:

1, |R; is "available"

v, = {0, |R; is "withdrawn" or "busy" (4.12)

A diagonal attendance matrix, 9,,; € R**?, is defined based on the distance, d;, between the

current position of each robot and the position of the detected target. In addition, it also considers
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the velocities of the individual robotic agents, v;, and the velocity of the detected target, v;. The
distance, d;, is taken into consideration with the objective to optimize the response of the
specialized individuals of the swarm over time. Accordingly, the agents that are closer to the target
position when it is detected are promoted by assigning them higher task allocation probabilities
compared to agents that are located farther away from the target position as well as to increase the
system’s capacity. The increase in the system’s capacity means that the number of agents that are
qualified to perform the task is increased. Additionally, the robots’ velocities are considered in the
case of moving targets to ensure that the velocities of the available agents are sufficient for them
to reach the detected moving targets. This issue is discussed in section 3.6 with the example
presented in Figure 3.13. The respective robots’ attendance levels are evaluated at the moment a
target object is detected. The role of the corresponding weights is to boost the robots’ specialty
fitting probabilities and increase the chance of assigning the closer agents with higher fitting
probabilities. Similarly to the definition of Q in Eqg. (4.9), the attendance matrix, 94, is defined
in matrix form to support the estimation of individuals’ specialty matching probabilities for each

agent, as detailed in Eq. (4.16). The attendance matrix of the swarm is formed as:

O e, 0 0 1
0 l9Att2 :
D= | " i (4.13)
: Yate, , 0
| 0 0 Ot

where,
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( (Y =1{d; > rasx
1 (e () + ()} | ¥ 70 L= st
v € = 1 {moving target AND v, is positive
ate; = 2¢ € = 0 {static target OR v, is negative (4.14)
T=1{v, < v,
\T=0{ve =2,
\ 0, {R; is "withdrawn" or "busy"

and Y4, € [0 1], d; is the Euclidean distance between the current location (x;, y;) of the robot R;

and the location of the detected target (xr, yr) in their shared 2-D plane, which is given by:

di = |y (i = xp)2 + i — yr)? | (4.15)
where v; is the current linear velocity of the robot R;, v; . is the maximum pre-initialized limit
of the linear velocity of a robot R;, v, is the linear velocity of the detected target. v, is positive
when the target moves in the direction of agent’s movement, and it is considered negative when
it moves in an opposite direction with respect to the agent’s movement. T, €, and ¥ are control
variables that take binary values, 1 or 0, to activate or omit the impact of the robots’ velocity and
the distance to the target’s location based on the sensors’ output. The binary value of T is defined
based on the comparison between the estimated velocity of the target and the maximum predefined
velocity of each agent. This variable plays a prominent role to even consider the impact of the
agents’ attendance, to boost the task allocation probability, or to omit it. In the case that v, >
Vinax tNEN T equals 0 so the weight of the agent’s attendance term in Eq. (4.14) will be 0. Thus,
the target cannot be reached as long as its velocity is higher than or equal to the agent’s maximum
velocity. The developments of the proposed framework provide a formulation in Eq. (4.14) to
address all of these considerations. However, the discussion in this thesis is limited to the cases of
static targets. Therefore, the estimation of the moving target’s velocity is conditioned to an

advanced robust sensory layer which is beyond the scope of this thesis.
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The impact of the distance,rt%", in the agent’s attendance, Eq. (4.14), is rounded to 1 by the control

variable Y when the agent is available within the zone of the detected target with d; < 145 In this
case, the agents that are very close to the target’s location must be promoted with a higher chance
to be allocated to the detected tasks. r;,qx IS the radius of the designated task zone of influence
which is selected by the system’s designer, as defined in section 3.5.2-C.ii. Also, the binary value
of the control variable € is defined in Eqg. (4.14) based on the target’s velocity and its direction
with respect to the direction of the individuals’ movements. Whereas this thesis presents a
generalized speciality-based task allocation framework, the contribution of the agents’ attendance
can be chosen, by the system’s designer, based on the application demand. For applications that
have a wide area workspace such as military, outdoor search-and-rescue, and firefighting
operations, the agents’ attendance is critical. In these applications, considering that the targets can
be detected over a wide area, the most qualified agent (or the first qualified responder) needs time
to reach the target. However, if another agent with a lower level of competence is closer to the
target, this agent should be given the opportunity to attend the task earlier. This closer agent may
be adequate to provide a specific level of service to tackle the situation until the arrival of agents
that have more extensive competencies. Therefore, the agents’ attendance plays a critical role in
weighting the individuals’ specialty-based task allocation probabilities, especially when targets
must be reached within a reasonable time period, for example to avoid major damage in
firefighting or to save lives in search-and-rescue, as well as to present a level of resistance in
military applications. In contrast, for applications that are limited to small workspaces such as
indoor search-and-rescue applications and service robots, the agents are usually available within

the target’s zone of influence and the robotic agents’ attendance factor may neglected.
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Consequently, the overall task-agent coordination scheme can be synthesized as a summation
of two components: fixed specialty fitting probabilities, @, weighted by je, and a varied agents’
attendance, 9,4, weighted by (1 — ). The overall function is further filtered by the availability
status of the agents. Therefore, the overall task allocation scheme is defined as:

¥ =(EQ+ (1 - pP)Yac)Vav (4.16)
where ¥ € R%*1 returns the task allocation fitting probabilities for each available agent, or 0 for
withdrawn or busy units, with respect to the current detected task. The parameter p € [0 1] is
defined by the system’s designer to distribute the weight of the overall task allocation fitting
probabilities between Q and 94, based on the nature of the application. The parameter o is
adjusted by the system’s designer to enhance this framework with more flexibility to adapt to
different applications. For example, in applications that require a higher level of specialty
matching between the agents’ specialized capabilities and the corresponding targets over a limited
size workspace, such as service robotics, then the agents’ specialized functionalities matter the
most. Therefore,  is selected to be equal to 1. However, in emergency cases for such applications
where an agents’ prompt attendance is critical, then o can be set to lower values. In applications
that cover wider workspaces and the period of time required to reach the task is important, such as
law enforcement, fire extinguishing operations, or outdoor search-and-rescue applications, p is
preferably selected in a range 0.7 < o < 0.9 or lower, which will give an opportunity for the
agents’ attendance weighted by (1 — p) to boost the overall task allocation fitting probability.
4.4.4 Human on the Loop

For a more responsive dynamic operation of the proposed approach, a human supervisor is

given a role to initialize or to modify the system’s operational conditions. However, the human
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does not need to intervene frequently as the automated process responds autonomously. From the
literature, having “a human in the loop” [121] means that a person has complete control over
starting or stopping any action that is to be performed by the system after receiving the human cue.
Instead, this framework moves the design toward a “human on the loop” standard, pushing human
control farther from the centre of the automated decision-making. In this framework which gives
humans oversight of the automated system [48], the level of human intervention [122] is minor
whereas the automated process would jump right into action and not need frequent human
interventions as it otherwise would with a “human in the loop” design.

For example, in the proposed approach the human supervisor can initialize or control a
threshold involved in the task allocation, as addressed in this section, but does not need to change
it frequently.

A minimum fitting threshold (MFT), n, is implemented as a safety measure that guarantees a
minimum fitting probability below which no agent will be selected. To control this parameter, a
human operator who supervises the swarm sets the MFT value for the task allocation system, either
before the deployment of the swarm or during the operation. The MFT can vary to different levels
based on the requirements of the application or in association with the operational conditions. This
way, human skills and understanding of the situation can be shared with the robots by changing
this parameter, and the minimum required level of trust in the recognized target objects can be
influenced.

As one of the overall objectives of the proposed solution is to reduce the cognitive load on the
operator, pre-setting the distribution of MFT over two ranges can reduce the number of times the
human operator needs to intervene on the MFT set point. Therefore, the desired MFT, n, is defined

asn € (0 1], but is distributed over two predefined ranges corresponding to a low specialty fitting
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level (LSFL) and a high specialty fitting level (HSFL). The lower limit of LSFL, n € (0 B], drives
the task-agent allocation scheme to match the very minimum specialized capabilities of the
available agents to respond to the detected targets. However, in many situations a higher level of
specialty-based task allocation must be ensured to fit the most capable agents with the
requirements of the detected task. In such a case, the task allocator is enforced by the human
supervisor to work in the HSFL range, n € (B 1], that is by setting  above a specific level B to

ensure that only robots with a higher level of competence can intervene, where:

: <
{LSFL 0<n<B, (4.173)

HSFL: B<n<l,

For applications that require an influence from the agents’ attendance, 9,,;, with p < 1 in Eq.

(4.16), to boost the specialty fitting probability, Q, the low specialty fitting level (LSFL) is
conditioned to (1 — p) < n which results in:

{LSFL: (1-p)<n<B,
HSFL: B<n<1,

(4.17b)
This formulation ensures that the maximum level of the agents’ attendance, 94;¢, would only
boost the fixed specialty-based task allocation probability, @, but it cannot initiate the task
allocation process without an existing level of the agents’ specialty.
Therefore, ¥, defined in Eq. (4.16), is further refined in Eq. (4.18) to only consider the task
allocation fitting probabilities of the available agents that achieve the desired MFT. The fitting

probabilities of the available responders, ¥,z € R**1, are given by:

¥yrr = [q]MFTlf lPMFTZ' 'IIUMFTa]T (4.18)
_qji, |11Ul.2n:lIUiElIl
where, Yurr; = {O, (W, <n: W, ew (4.19)
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and with i = 1,2, ..., a. Accordingly, the qualified available agents are automatically selected and
allocated to the detected tasks considering the human supervisor’s strategic guidance. The
identification index of the best-suited and available agent above the MFT is given by:
Desr responper iNDEX = L | T € max{¥ypr} (4.20)

The function of the max operator is to extract either the identification index of the agent with
the highest fitting probability, or else a group of identification indexes if more than one agents
share the same fitting probability and the latter is maximum. In the case where more than one agent
shares the highest score, the max operator extracts their identification indexes sequentially based
on their order in ¥,,zr. In this thesis, when multiple targets are detected simultaneously, this
process of Eq. (4.20) runs iteratively and individually on each detected target in order to allocate
the most competent agent to each detected target. Alternatively, when the goal is to allocate all of
the qualified competent agents to the detected target, then the process of Eq. (4.18) is considered,
whereas an iterative loop runs inside the vector, ¥,,r, in Eq. (4.18) and extracts the identification
indexes of all agents with fitting probabilities that are higher than .
4.4.5 Specialty-Based Task Allocation on Complex Tasks

Complex tasks are characterized by simultaneous detection of multiple classes, and the
combination of these classes creates the target task. To deal with such tasks, the proposed task
allocation approach must be more selective and deterministic in response to the individual classes
involved in these complex tasks.

The development explored in this section could open doors for future in-depth developments
of the proposed framework when the robots’ specialized capabilities must be involved in the task
allocation process based upon different priorities. To advance the development of the proposed

approach, a prioritization scheme is introduced in this section. While the concept is proposed here,
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the functionality of this prioritization scheme is conditioned to the availability of an advanced
sensing stage. However, this advanced sensing stage has not been fully achieved in this work
beyond simulation. As such it remains beyond the scope of this thesis from a practical
implementation perspective.

The concept of the prioritization scheme is designed to work in parallel with the original
specialty-based task allocation scheme for the purpose of further filtering the agents’ task
allocation priorities based on their primary capabilities. The original task allocation scheme,
presented in previous sections of 4.4, continues to evaluate the task-agent specialty-based task
allocation probability, but it now considers primary and secondary competencies. In other words,
this enhanced prioritization scheme associates the task allocation priority to agents possessing
functional competencies that are considered dominant, or primary, in a given context of operation,
while preventing the agents that do not possess the primary capabilities to be totally excluded from
the operation upon the detection of a given target, as these less qualified agents may still intervene
and contribute important support or complementary functionalities. The main benefit of this
evolved scheme is that it preserves the evaluation of the overall task allocation probability for the
qualified agents based on all of the agents’ primary and secondary competencies. Then, the final
selection for the task allocation emphasizes and is conditional upon the qualified agents’ primary
capabilities. This adds more restrictions to the potential assignments of less competent agents and
permits finer control of the swarm’s coordination.

This prioritization approach is proposed to use the simulated sensor’s information to
automatically adjust the agents’ assignment priorities based on the understanding of the agents’
capabilities with respect to the detected tasks. This approach plays a prominent role in responding

to safety problems that lead to risky task allocation operations, such as incorrect assignments that
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might result in a collision of the robotic agents. The process of switching the task allocation
scheme to the prioritization mode can be activated automatically based on the sensor’s input.

For example, let us consider a complex outdoor scenario in which the individual agents of a
robotic swarm are specialized to perform specific tasks such as picking up a box, or rescuing a
person, and these tasks are to be performed on land or on water-covered areas. The classes of the
tasks considered will be land, water, box, and person. In this scenario, the individual agents of a
robotic swarm have different capabilities of either picking up a box, or rescuing a person, with
these tasks to be performed on land or on water-covered areas. The multiple classes of the potential
task are {land, box}, {land, person}, {water, box}, and {water, person}. In this task allocation
scenario, the swarm of robots consists of four robotic agents {R;:i = 1,---,4}. The definition of
the specialty vector of each agent R; is the one introduced in section 4.4.1 as §; € R¥™*T, with T =
4 considered classes. Now, let us assume that, for safety purposes, the agents’ capability, such as
performing tasks on water-covered areas, is categorized as the agents’ primary capability, whereas
the agents’ capabilities to perform tasks on land to pick up a box or rescue a person are categorized
as the secondary capabilities. Targets such as boxes or persons can be detected on land or over
water surfaces, and the agents can respond to these tasks. However, only some of these agents can
succeed in navigating and working on water-covered areas while others will sink into the water
and thereby be destroyed. To protect these agents from such incorrect assignments, the task
allocator must prioritize and allocate the agents based on the detection of all the classes that
characterize the potential task while also considering the agents’ primary capabilities. As a result,
the agents that possess the primary capabilities with respect to the detected tasks will be given
priority in performing the detected tasks. In contrast, the agents that do not possess the primary
capabilities will be suspended.
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To implement this solution, a primary selector is proposed to work in parallel with the original
specialty-based task allocator (shown in Figure 4.2). The main function of the primary selector is
to automatically redefine the essential definition of the individuals’ specialty vector that is to be
used in this scheme, S;, based on the detected classes of the task at hand and the pre-initialized
mission’s primary requirements. The mission’s primary and secondary requirements are pre-
initialized and embedded in the primary selector by the system’s designer and set to “ON” or
“OFF” based on the application demand. Let us first consider a case where the agent’s
specialization vector, S;, defined in section 4.4.1, is automatically redefined in this prioritization
scheme based on the input received from the simulated sensors. Prim is the index of the primary
class in the vector, Py, which is the class that requires the robot to be equipped with the
corresponding primary capability that is critical for the robotic operation at hand, whereas
Qpprim = P, prim Means that for “ON” states of the primary selector the diagonal value of the
matrix B,takes the corresponding scores of the detected class from the vector, P, in Eq. (4.8).
Then, upon the detection of the corresponding target’s classes, a new B, will be generated which
will automatically encode the agents’ specialization vector in this scheme for the purpose of only
activating the agents that possess the primary capabilities and suspending the others in response
to the allocation of the detected task.

To prioritize the robots that possess primary capabilities, the categorized specialization vector,

S, € R™T is defined in this scheme as:

S, =SB, (4.21)

Then, @g,, in Eq. (4.7) is redefined in this scheme as:

Pp, =28, (4.22)
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Thus, the swarm’s primary probability is defined in a vector form, @, € R**¢, as:

Q, = I%:i = 1,...,al (4.23)
Pp

where ¢, = Trsc{B,} + x, k is a very small constant which is added to avoid the division by zero
in the cases when no primaries are detected and Trsc{B,} = 0. In addition, the value of k should
be selected to calibrate the minimum level of confidence on the primary class detection, T’Tpn.m,
and the minimum level of trust on the agents’ primary probabilities that are introduced by Eq.
(4.23). The latter are conditioned to PRIM,,,;,, = H%{ in Algorithm 4.1. The calibration of k
and PRIM,,;;, is discussed at the end of Appendix A. Eq. (4.23) returns the normalized
probabilities of the agents that are qualified with the primary capabilities with respect to the
detected target. Then, the robotic agents that possess the required primary capabilities with respect
to the detected task can be activated for allocating the detected task using a binary activation

matrix, R, € R**%, based on a conditioned minimum level of the agents’ resulting primary

probability, PRIM,,;;,, = H%{ The activation matrix, R, is introduced by the following algorithm:

Algorithm 4.1: Primary Capabilities Prioritization

Input: [Q,,i] = (Q,(0) );

Q,, is the normalized probability of a robot, R;, that possesses primary capabilities in the
presence of the detected target, and:

iin{1,..,a}and

Output: R, = diag[p;:l = 1:a];
If Qp, = PRIM iy, 5
thenp, = 1;
elsep, =0
end;
Return R;
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Finally, the task-agent assignment scheme, Eq. (4.18), is integrated with this prioritization layer
to only activate the assignments of agents that possess primary capabilities with respect to the
detected task, which is given by:

hp = quIMFT (4‘24)
where h, € R'** represents the fitting probabilities of the active agents based on their primary

capabilities in the presence of the detected classes of a given task. The flowchart in Figure 4.3
details the process of prioritization for the robots’ primary capabilities. The identification index of

the best-suited and available agent is given by:

DpEest RESPONDER INDEX = L | 1 € max{hp} (4.25)

Eq. (4.25) runs iteratively on every detected complex task in the case of multiple simultaneous
task assignments on different targets. Alternatively, when the goal is to allocate all of the qualified
competent agents to a detected complex task, the process of Eq. (4.24) is considered.

Upon the detection of a primary class of a given target object, then the switch that is shown at
the bottom of Figure 4.3 switches the task allocation operation to give a role for the prioritization
scheme to filter the task allocation probabilities of the agents that possess the corresponding
primary capabilities and suspend the others. The switch is controlled by Trac(B,) = 0.5 which
is the minimum confidence level the system can trust that can be detected on a target object of a

single primary class.
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Figure 4.3 Prioritization of the robots’ specialized primary capabilities.

4.5 Summary

This chapter addresses the design aspects of the proposed task allocation framework for a
swarm of heterogeneous robotic agents in the specialization space. A representation for
specializing individual members of a robotic swarm is introduced. The specialized capabilities of

individual robotic agents are modelled in two forms. First, a general binary definition of agents’
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specialization serves as the basis for task-agent association. Then, a non-binary definition of the
agents’ specializations encodes the agents’ specialization vector in a non-binary form to modulate
the agents’ specialized functionalities based on the robustness of their hardware and software
implementation and to capture different levels of suitability of the agents’ specializations to
different tasks. The specialized capabilities of individual robotic agents are matched to
corresponding classes of visual features recognized on target objects with a quantified confidence
level. That confidence level is associated with specific task requirements and is used to tune a
novel task-agent probabilistic matching scheme. The latter computes the overall specialty-based
task allocation probabilities of the individual agents for the purpose of assigning specialized agents
to corresponding tasks that require specialized functionalities such as specific mechanical or

instrumentation characteristics from autonomous robots.

For the purpose of a reliable speciality-based task allocation operation of the proposed
framework, the specialized individual agents are coordinated with corresponding tasks while
considering the agents’ availability state along with their probabilistic specialty fitting level. The
agents’ availability represents a high-level reasoning capability of the proposed framework when
it is required to adjust the task allocation process and select amongst the available qualified agents
to pursue the mission goals. In addition, the implemented framework is expanded to coordinate
heterogeneous robotic teams for wider workspace applications, and the agents’ attendance levels
are considered along with the agents’ specialty fitting probabilities to compute the individual
agents’ overall task allocation probabilities. As such, the agents’ attendance expands the
adaptability of the proposed framework to capture wider workspace applications. In addition, the

framework is extended to tackle the tasks that are characterized based on simultaneous detection
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of multiple classes. A strategy which prioritizes the agents’ competencies is proposed to further
prioritize agents that possess primary capabilities with respect to the detected task. The framework
also supports strategic guidance from a human operator to refine the task assignment process with
situational awareness. The process is designed to keep the human cognitive load low while
adjusting the system’s operational conditions at a high level of coordination to result in a safer and

more selective task allocation operation.

The proposed framework, introduced in this chapter, is implemented in MATLAB. The

simulation results are extensively investigated and analyzed in Chapter 5.
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Chapter 5 Experimental Validation in Simulation

5.1 Introduction

To validate the proposed framework, MATLAB simulation experiments are conducted on the
advanced specialty-based task allocation framework that is introduced in Chapter 4 with an attempt
to cover all types of robots in the level of their specialization space. This simulator is implemented
to validate the generalized proposed approach, which addresses the concept of the specialty-based
task allocation for teams of heterogeneous individuals of unmanned systems in the level of the
individual agents’ specializations. This simulator is independent from the simulator that covers
the early developments of the proposed approach (detailed in Chapter 3). The simulator used in
Chapter 3 covers developments in the level of agents’ control space that involve the kinematic and
dynamic models, formation control, and collision avoidance of a sample team of ground vehicles.
The second simulator introduced in this chapter regroups all of the developments introduced in
Chapter 4, namely detecting target objects, encoding individual agents’ specializations (i.e. binary
and modulated encoding of agents’ specialized competencies), probabilistic matching, and
responders’ coordination in consideration of agents’ availability and attendance. In addition, the
human operator is given a role in these simulations to intervene on the operational loop but without
necessary frequent intervention. In addition, the same simulator is used to test the developments

that are introduced in section 4.4.5 but for extended operational conditions.

5.2 Experimental Setup

The proposed task allocation framework is validated in the context of a large-scale system. The
scenario considered assumes a team of 20 robotic agent that are specialized to fight different

sources of fire and provide different types of services such as ambulance services and protection
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services. The proposed system is exemplified by T = 14 classes of target objects to be potentially
detected in an environment. The agents’ specializations are encoded based on the two definitions
that are introduced in section 4.4.1. First, the agents’ specializations are encoded as a vector of
binary coefficients, detailed in section 4.4.1.A, and as a vector of relative coefficients, associated
with each robot’s mechanical construction or embedded hardware or software, which modulates
the relative robustness of the agents to respond to given targets, as detailed in section 4.4.1.B. A
swarm of robots {R;,i = 1,2, ..., a} consists of a = 20 specialized individual agents, R;, that can
provide T = 14 different task allocation responses. The formulation of the probabilistic
specialization matching between the agents’ specialized competencies and the corresponding
constraints of given tasks is detailed in section 4.4.2. The specialized responders’ coordination
based on the agents’ availability and attendance is detailed in section 4.4.3, whereas the human

intervention on the operational loop is introduced in section 4.4.4.

Table 5.1 provides a binary representation of competencies for each of the 20 agents considered
based on the agents possessing or not the specialized competencies. Table 5.2 provides a non-
binary representation of competencies for each of the 20 agents considered (for the same group of
specialized robots) based on level of their respective suitability. The first group of robots consists
of eight robotic agents, S; to Sg, that are specialized to fight fire at different types of properties or

places, the latter of which are of different types of construction. The second group consists of two
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Table 5.1 Formulation of a = 20 robotic agents with binary encoded specialization functionalities to serve on 14 tasks
with different requirements illustrated in the context of a large scale robotic team

Agents’
specialization
binary vectors

Firefighting Tasks

Ambulance
Tasks

External Threats (Defence Tasks)

T

1

Tr, | Tg,

Tr,

4

1

TAm1 TAm2

[y

N
o
1N
kn

o

N

0 0

OO|0O|0O|0O|0O|0|0O|0|O|0O|0|0O|0|(O|F (kP kP

OO0 |0O|0|0O|0|0O|0|O|0|0|O|F| kPP (kIO

OO|0|0O|0|0O|0|0O|0O|r|k|IO0O|O|l0O|0O(O|O

o

OO|0O|0O|0O|O|0O|0O|0|0O|0|0(0|0|O|F (P |O(Fk|F
OO|0O|0O|0|0O|0O|0O|0|0|0 |0 ||k |Oo|lo|o(o|o

o

o|lo|o|o|o|lo|o|o|o|o|o|o|r|r|o|lo|o|o|o|o|sd

OO|0O|0O|0|O|0|0O|0 |0k |, O|0O(Oo|O|O|O0|O

o

(D(D(D(D(DC)C)C)I—‘I—‘C)C)(D(3(3(3(3(3(3(31';’1ﬂ

OOOOOI—"I—"OOOOOOOOOOOOOHAﬂ

OOOOOOOI—\I—\I—\OOOOOOOOOOtﬁ
OOHHHI—‘OOOOOOOOOOOOOOK‘F

OOOOOOI—"I—"OOOOOOOOOOOOI’LJﬂ

OHHHHOOOOOOOOOOOOOOO;

lAlAIAOOOOOOOOOOOOOOOOOB"Jﬁ

Table 5.2 Formulation of a = 20 robotic agents with modulated
functionalities to serve on 14 tasks with different requirements illustrated in the context of a large scale robotic team
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agents, S and S;,, that are specialized to provide different classes of ambulance services.
Finally, the third group consists of ten robotic agents, Sy, to S,,, that are specialized to respond to
external threats. In addition, a heterogeneous sensing layer is assumed to feed the targets’ detection
stage of the proposed approach. A flying robot is used in these simulations as a part of the system’s
sensing stage.

For example, let us consider that agent R is an aerial vehicle that possesses the capability to
fight fire in two different types of facilities such as skyscrapers, Tr,, and large residential
complexes, Tr,. Therefore, its specialized functionality to be allocated to these two different tasks
is defined as a binary vector with 1’s values, as encoded in section 4.4.1 A, which means that R,
possesses a specialized functionality to respond to the tasks, Tr, and T,, as defined in specialty
vector S, (Table 5.1). However, consider that agent R; has sophisticated mechanical construction
that provides it with a robust functionality to fight fire on skyscrapers, T, that are accessible for
this flying robot. Its functionality level for this type of task can be modulated to 0.8 based on the
agents’ specialization modulated encoding that is introduced in section 4.4.1.B, as defined in its
specialty vector S; in Table 5.2. Moreover, the same agent has difficulty fighting fire in large
residential complexes, T, . Its limited ability to access this target will not allow this flying robot
to perform this task perfectly. As well it would be very expensive to deal with this target using this
type of robot whereas another type of robot (i.e. ground vehicles) could perform it at lower cost.
This fact can be encoded with a lower functionality level at 0.2 as indicated in Table 5.2. On the
other hand, robot R, runs a powerful capability which allows it to function robustly on task Tp,
and with lower functionality on task T, . This robot could be a large ground vehicle equipped with

robust resources to fight fire in large residential complexes. As well, this robot is capable to some
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extent of responding to fire on skyscrapers by having an end effector that can reach the
skyscrapers’ middle floors or slightly higher, but it cannot reach the top floors. Accordingly, its
competencies are modulated with a functionality level equal to 0.3 and 0.7 on the corresponding
tasks, Tr, and Tf,, respectively. The overall specialties of the individual members of this robotic
team are represented as binary encoded or non-binary modulated specialty vectors (defined in

Tables 5.1 and 5.2 respectively).

5.3 Results of Simulated Experiments

In this simulated test set, the proposed mechanism is simulated in many scenarios. In the first
two scenarios, (5.3.C1 and 5.3.C2), the specialty-based task allocation approach is validated for
the binary definition (section 4.4.1.A.) and modulated definition (section 4.4.1.B) of robots’
specialization considering a high level and a low level confidence on the target object detection in
the first case and the second case respectively. These two test cases are performed to validate the
performance of the proposed specialty-based task allocation framework for the two definitions of
the agents’ specializations encoding and how each case assigns heterogeneous agents with
different specialized functionalities to corresponding tasks that impose specific constraints. These
test cases can also demonstrate the benefits of and the differences between the binary and

modulated specialization definitions of the individual agents.

From the perspective of human operator supervision, discussed in section 4.4.4, these test
scenarios consider a LSFL for the task-agent matching process with an imposed MFT value, .
The LSFL range can drive the task allocation scheme to match the available agents’ minimum
specialized capabilities with corresponding tasks; the latter are detected with different confidence

levels on the target object detection. The main role of the human supervisor is to initialize n in
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advance. The latter is set by Eq. (4.17), with n = 0.3. Then, the human supervisor does not need

to change n frequently.

The third test case, (5.3.C3), tests the proposed approach in terms of the specialized agents’
availability, introduced in section 4.4.3, Eq. (4.12), to demonstrate the proposed system’s
reliability when it replaces the assignment of the unavailable or “withdrawn” specialized agent
with another available specialized agent which might be less competent. The fourth test case,
(5.3.C4), demonstrates the adaptability of the proposed framework for wide-ranging workspace
applications based on the considered agents’ attendance level introduced in section 4.4.3, Eq.
(4.13). The fifth test case, (5.3.C5), shows the proposed framework’s efficiency in achieving a
sequential task allocation process when multiple targets are detected simultaneously. Finally, the
sixth test case, (5.3.C6), validates the extended approach of the proposed framework to tackle
complex tasks introduced in section 4.4.5. This level of extended development is considered in
this test case only. A sample example that provides detailed step-by-step calculations for each one

of the above mentioned test scenarios is provided in Appendix A.

5.3.C1 Validating the specialty-based task allocation approach based on a high confidence
level of targets’ object detection

In this test scenario, simulation experiments are conducted to test the proposed specialty-based
task allocation framework, introduced in section 4.4, in two test cases. The first case considers the
binary specialization definition (introduced in section 4.4.1.A); and the second test case considers
the agents’ modulated specialization definition (introduced in section 4.4.1.B). In this scenario, a
high confidence level of the target object detection is considered (Table 5.3, second column from
the left) when all of the team members are available (Table 5.3, sixth column from the left) for the

task assignment process. Attendance, from section 4.4.3, is deactivated and the task allocation
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probability is computed by placing full weight on the agents’ specialty-based qualification, @Q,
considering p = 1in Eq. (4.16). The proposed scheme deals with the detection of one target object

at a time. Here the object detection and task allocation frameworks are both simulated.

The task allocator computes the a individual agents’ probabilistic specialty fitting levels to
assign the most competent agents, as defined in Egs. (4.18) and (4.20), to respond to the detected
tasks. The task allocation dynamics of Eq. (4.16) are considered based on the task-agent specialty
matching, Q, as given by Eq. (4.9), along with the agents’ availability status, defined in Eq. (4.12).
This test case considers LSFL for the task-agent matching fitting process with an imposed MFT
value of n = 0.3. The dynamics of agents’ attendance level, defined in Eq. (4.14), are not
considered here as the attendance is deactivated in this test scenario. Figure 5.1a shows that a target
object of type TF, is detected by a flying robot (shown in red). The flying robot is considered as a
component of a simulated sensing layer which collects the data from the workspace and feeds the
target’s object detection stage. The latter provides the proposed task allocator with a confidence

level on the detection of the target object.

The resulting task allocation fitting probabilities of the available team members based on the
binary encoding, introduced in section 4.4.1.A, are shown in Figure 5.1b. Agents R,
R,,and R; present a specialty fitting score of 0.43 that satisfies the MFT, which is set to 0.3. In
addition, agent R, presents a lower level of probabilistic fitting of 0.29 with respect to the detected
target, which is less than the minimum level of the system’s trust of the task allocation response
(MFT). As a result, this agent, R,, cannot be allocated to the detected task T, . Therefore, in the

case that the system should assign only one agent as a first specialized responder to be allocated
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to the detected target, the system, Eq. (4.20), automatically assigns the agent that has a maximum

probabilistic fitting as indicated in Figure 5.1a.
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Figure 5.1 a) Detected target object T, inside a red square; b) Fitting probabilities of the available specialized
agents with binary specialization encoding; and c) Fitting probabilities of the available specialized agents with
modulated specialization encoding

For the purpose of clarifying the specialty-based task allocation responses of our approach,
these simulation scenarios usually consider the most qualified agent to respond to the detected
task. Therefore, in the case that multiple agents share the same maximum score, the max operator,
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Eq. (4.20), assigns the first agent based on the order of the stored scores in the vector resulting
from Eq. (4.18). The system’s response to the cases when all qualified agents that achieve MFT
are required to respond to the detected task are discussed below. Here, R, has the first maximum

fitting level based on the order of the maximum scores in the vector of Eq. (4.18).

Detailed results are introduced in Table 5.3. According to Table 5.3, in the column of the binary
encoding results (third column from the right), the task allocation probabilistic fitting level of the
agents R;, R,, and R; with the detected target equals 0.43, indicated in bold font. This means that
these three specialized agents are all qualified for the first allocation of the detected task based on
the agents’ specialization given in Table 5.1. On the other hand, when the agents’ specializations
are modulated in a non-binary format (introduced in section 4.4.1.B) based on the level of the
agent’s functionality robustness or the embedded equipment suitability (introduced in Table 5.2),
the resulting task allocation fitting probabilities of the available team members present different
levels of probabilistic fitting with respect to the detected task (shown in Figure 5.1c). Agent R,
presents the maximum specialty fitting probability of 0.69 (or the most specialized agent), and
agent R; presents the second-highest specialty probabilistic fitting that satisfies the MFT. In
addition, agent R, presents a lower level of probabilistic fitting (0.34), but it satisfies the minimum
MFT with respect to the detected target to represent the third-highest specialized agent. However,
the agent R, presents a specialty probabilistic fitting which is less than the minimum level of the

system’s trust of the task allocation response (MFT).
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Table 5.3 Specialty-based task allocation dynamics and the specialized agents capabilities associated with team members with
respect to a task recognized with a high recognition confidence, (75-95%), and a deactivated attendance, p = 1, in Eq. (4.16).
* indicates the score of the selected agent (first responder) that is to be allocated to the detected task. Bold values means that all agents are
qualified for the same level of the task allocation response.

Target Target-agent specialty Agents’ Available Available qualified
object Agent matching probability availability agents’ agents’ fitting scores MFT
recognition ID# Q@) 1:Available attendance (. @)
confidence Binary  Modulated  O:Withdrawn level Binary Modulated
level encoding  encoding (Dav) (A —pP)Yace) Encoding Encoding
Tp, 0.86 R, 0.43 0.69 1 0.43* 0.69*
Tg, 0.00 R, 0.43 0.26 1 0.43
Tp, 0.00 R4 0.43 0.52 1 0.43 0.52 0.3
Tp, 0.00 R, 0.29 0.34 1 0.34
Tr, 0.00 R: 0.00 0.00 1
T,, 0.00 R, 0.00 0.00 1
T,, 0.00 R, 0.00 0.00 1
Ty, 0.00 Rg 0.00 0.00 1
Ty, 0.00 R, 0.00 0.00 1
Ty, 0.00 Ry 0.00 0.00 1
T, 0.00 Ry 0.00 0.00 1
Tp, 0.00 Ry, 0.00 0.00 1
T, 0.00 Ri3 0.00 0.00 1
Ty, 0.00 R4 0.00 0.00 1
Rys 0.00 0.00 1
Ry 0.00 0.00 1
Ry 0.00 0.00 1
Rig 0.00 0.00 1
Rig 0.00 0.00 1
R,o 0.00 0.00 1
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As a result, this agent, R,, cannot be allocated to the detected task (Tr, ). Therefore, in the case
that the system should assign only one agent as a first specialized responder to deal with the
detected target, then the system’s Eq. (4.20) automatically assigns the agent that has a maximum
probabilistic fitting (as indicated in Figure 5.1a). Here, R; has the only maximum fitting
probability (most specialized agent) out of the team’s probabilistic scores resulting from the vector
of Eq. (4.18), as indicated in Figure 5.1c and assigned by Eqg. (4.20). Detailed results are introduced

in Table 5.3.

In contrast to the binary case in which three agents were equally qualified to the first allocation
of the detected task, in this test case the modulated encoding results in different levels of the
agents’ probabilistic fitting. Only one agent is qualified to respond to the first allocation of the
detected task. A detailed discussion is presented at the end of the third test scenario (5.3.C3) to

show the differences between the binary and the modulated specialization encodings.

Detailed computations of the results presented in Table 5.3 are provided in Appendix A.
Numerical example 5.3.C1.1 is introduced for the binary specialization encoding case in Figure
5.1b, and numerical example 5.3.C1.2 is introduced for the modulated specialization encoding

case in Figure 5.1c.

5.3.C2 Validating the specialty-based task allocation approach based on a low confidence
level of target object detection

This scenario is similar to the previous one; however, a low confidence level of the target object
detection is considered (Table 5.4, second column from the left) when all of the team members are
available (Table 5.4, sixth column from the left) for the task assignment process. Attendance, from

section 4.4.3, is deactivated with p = 1 in Eq. (4.16).
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Figure 5.2a shows that the target, Tr,, is detected (inside red square) and the resulting task
allocation fitting probabilities of the available team members, based on the binary encoding, are
shown in Figure 5.2b. The agents R;, R, , and R; present low levels of specialty probabilistic
fitting (Q, fourth column from the left, Table 5.4 and Figure 5.2b) which equal 0.29, and the
agent R, presents a lower level of specialty probabilistic fitting which equals 0.19 with respect
to the detected target. All of these probabilities are less than the minimum level of the system’s
trust required (MFT) to respond to the detected target. As a result, these four agents are not
qualified. Therefore, these agents cannot respond to the detected target T, as indicated in Figure
5.2a. Detailed results are presented in Table 5.4. According to Table 5.4, in the column of the
binary encoding results (¥ 7, third column from the right), no agent is qualified. This means
that when the target object is detected with a low level of confidence, the possibilities of these
four specialized agents to deal with the detected target are dropped based on the binary
specialization encoding given in Table 5.1. However, in the case of the modulated specialization
encoding, the team members are still presenting higher levels of probabilistic fitting. The latter
are higher than the minimum level of the system’s trust (MFT) that is required to respond to the
detected target (shown in Figure 5.3b). The agent R, presents the maximum specialty fitting
probability of 0.46 (as the most specialized agent) and is selected to perform the detected task,
as indicated in Figure 5.3a. As well, the agent R; presents the second-highest specialty
probabilistic fitting of 0.35 that satisfies the MFT. Therefore, R5 is qualified to respond to the
detected task in the eventuality that the most specialized agent, R;, would not be available. (The
agents’ availability is discussed in the third test scenario 5.3.C3 below.). However, agents R,

and R, present a specialty probabilistic fitting, @, as indicated in Table 5.4 (fifth column from
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the left) that is less than the minimum level of the system’s trust of the task allocation response

(MFT).
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Figure 5.2 a) Detected target object T, inside a red square; b) Fitting probabilities of the available specialized
agents with binary specialization encoding

As a result, agents R, and R, are not qualified to respond to the detected task, Tr,, as indicated in
Table 5.4 (W, Second column from the right). This means that when the target object is detected
with a low level of confidence, the chances of the same specialized agents to be allocated to the
same detected target are still possible based on the modulated specialization encoding given in
Table 5.2. A detailed discussion is introduced at the end of the third test scenario (5.3.C3.) to

emphasize the differences between the binary and modulated specialization encodings.
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Table 5.4 Specialty-based task allocation dynamics and the specialized agents’ capabilities associated with team members
with respect to a task recognized with a low recognition confidence, (50-60%), with a deactivated attendance, @ = 1, in Eq.

4.16
’(" indi?:ates the score of the selected agent (first responder) that is to be allocated to the detected task.
Target Target-agent specialty Agents’ Available Available qualified
object Agent matching probability availability agents’ agents’ fitting scores MFT
recognition ID# (PO 1:Available attendance (C )
confidence Binary  Modulated  0:Withdrawn level Binary Modulated
level encoding encoding (Yav) (A —p)acr) Encoding Encoding
Tp, 0.58 R, 0.29 0.46 1 0.46*
T, 0.00 R, 0.29 0.17 1
Tr, 0.00 R, 0.29 0.35 1 0.35 0.3
Te, 0.00 R, 0.19 0.23 1
Tr, 0.00 R 0.00 0.00 1
T,, 0.00 R¢ 0.00 0.00 1
T,, 0.00 R, 0.00 0.00 1
Tg, 0.00 Rg 0.00 0.00 1
Tg, 0.00 Ry 0.00 0.00 1
Ty, 0.00 Rio 0.00 0.00 1
Tg, 0.00 Ry 0.00 0.00 1
Ty, 0.00 Ry, 0.00 0.00 1
Ty, 0.00 Ris 0.00 0.00 1
Ty, 0.00 R4 0.00 0.00 1
Ris 0.00 0.00 1
Rie 0.00 0.00 1
Ri; 0.00 0.00 1
Rig 0.00 0.00 1
Riq 0.00 0.00 1
Ry 0.00 0.00 1
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5.3.C3 Validating the specialty-based task allocation approach in terms of agents’ availability

This test scenario validates the proposed specialty-based task allocation framework, introduced
in section 4.4, in terms of the specialized agents’ availability, introduced in section 4.4.3, Eq.
(4.12). The purpose of this simulation scenario is to test the reliability of the proposed approach.
When the qualified agent or agents are “withdrawn,” the system must reliably accomplish the
mission goals by replacing the function of “withdrawn” individuals and functioning in a reliable
manner. This test is performed for the two definitions of the agents’ specialization encoding: the
binary and modulated specialization encoding introduced in sections 4.4.1.A and 4.4.1.B
respectively. However, the attendance from section 4.4.3 is deactivated and the task allocation
probability is computed by placing full weight on the agents’ specialty-based qualification, Q, that
considers p = 1 in Eq. (4.16) which deactivates the attendance dynamics in Eq. (4.16) as well. In
this test scenario, the proposed scheme deals with the detection of one target object at a time. Here
the object detection and task allocation framework are both simulated. Based on the agents’
availability state, 9,4, EQ. (4.12), the task allocator, defined in Eq. (4.18), computes the team
members’ specialty fitting probabilities of the “available” agents to respond to a target detected
with a confidence level equal to 0.77. This test scenario considers LSFL for the task-agent
matching process with an imposed MFT value of n = 0.3.

Figure 5.4a shows another situation from the same simulation where a second target object of
type T, is detected, given that all team members are available. The system processes the agents’
probabilistic fitting levels based on Egs. (4.18) and (4.20) to respond to the detected task. In this
test case, the binary encoding is considered (Table 5.1). The fitting probabilities of the available
team members are shown in Figure 5.4b. This time, agents R;;, R;, and R, present equal fitting

probabilities above the MFT. According to Table 5.5, the fitting probabilities of these agents with
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the detected target equal 0.38. Therefore, the system automatically assigns agent R, to respond

to the detected task Tg,. Detailed results are indicated in Table 5.5 (third column from the right).

25 I
_ 20
v 15
=
7
~ 10
5 -] & s gb
25,00 0
0 55
& £ & ¥ R .
y-axis "m"
60
40.
20 x-axis'm
(@)
= Robots of different functionalities with binary specialization encoding
= T T T T T T T T T T T T T T T T T T T T
S 1Ir I Available agents specialty fitting probabilities | 7
gor — — —MFT 1
208} 4
en 0.7 4
:g 0.6 - -
Q051 B
g 0.4 B
20— ————— .- - ———— - J
= 02F g
5 0.1 i
ol v -
2]
Ry Ry Ry Ry Ry Rg Ry Ry R9R10R11RlzR13R|4R15R16R17R18R19R20
Agent ID#
25
- 20
=15
I
7
~10

y-axis "m’
50

(©)

Robots of different functionalities with binary specialization encoding

T T T T T T T T T T T T T T T T T T
I A vailable agents specialty fitting probabilities
— — — MFT

BpF—————————————— . - — —— ——— — 4
02f 1
01} R
ol v ! L
R, R, R, R, R, R R R, R R R R R.R.R.RR.RRR

9 10 1112 I3 1415 16 17 181920
Agent ID#

(d)
Figure 5.4 a) Detected target object T, inside a red square and allocated to the most specialized agent R, 4; b) Fitting
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target object T, allocated to the second available specialized agent R, ,; and d) Fitting probabilities of the remaining
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However, in a situation where this agent R,; is not available or “withdrawn,” as indicated in
Table 5.6 (sixth column from the left), the system assigns the next specialized available agent
which is R, (Figure 5.4c). The fitting probabilities of the remaining available agents are shown
in Figure 5.4d. Detailed results are indicated in Table 5.6 (third column from the right).
Considering the proposed agents’ availability in the case of the binary encoding of the agents’
specialized functionalities, the system responds in a reliable manner and successfully assigns a

replacement qualified agent in terms of the existing required specialized functionality.

On the other hand, Figure 5.5a shows that when modulated encoding (Table 5.2) is considered,
the system presents another response when the same target, Tg,, is detected, given that all of the
team members are available. The system processes the agents’ probabilistic fitting levels based on
Egs. (4.18) and (4.20) to respond to the detected task. The fitting probabilities of the available
team members are shown in Figure 5.5b. This time, the available agents present different levels of
task allocation suitability with respect to the detected task. Agent R, 5 presents the highest fitting
probability (the most specialized) above the MFT, which equals 0.62, as indicated in Table 5.5
(fifth column from the left). Then, agent R,, presents the second-highest probability (0.48) that
achieves the system’s minimum level of trust (MFT). However, agent R;; shows a lower level of
the specialty-based fitting probability equal to 0.23, which does not achieve the MFT. As a result,
the system automatically assigns agent R, to respond to the detected task, Tg,. Agent R;, may be
allocated to the task if needed, whereas the task allocation possibility of agent R, is dropped.

Detailed results are presented in Table 5.5 (second column from the right).
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Figure 5.5 a) Detected target object T, inside a red square and allocated to the most specialized agent R;3; b) Fitting
probabilities of all specialized agents with modulated encoding when the specialized agents are all available; c)
Detected target object Ty, allocated to the second available specialized agent R, ,; and d) Fitting probabilities of the
remaining specialized agents with modulated encoding when the most specialized agent is “withdrawn”
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However, when this agent R, 5 is not available (“withdrawn”) as indicated in Table 5.6 (seventh
column from the left), the system assigns the next specialized available agent which is R, (Figure
5.5¢). The fitting probabilities of the remaining available agents are shown in Figure 5.5d. Detailed
results are indicated in Table 5.6 (second column from the right). Considering the proposed agents’
availability, in the case of the modulated encoding of the agents’ specialized functionalities (Table
5.2) when the most specialized agent is not available (“withdrawn™), this test case illustrates that
the system responds with a great extent of reliability and successfully assigns the second-highest
qualified agent in terms of the suitability level or robustness of the required specialized

functionality to perform the detected task.

In general, these test scenarios show that when the proposed scheme considers the agents’
availability along with their specialized capabilities, the system responds with robustness and
reliability to replace the role of the “withdrawn” agent with another sufficiently qualified

specialized agent to achieve the mission goals.
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Table 5.5 Specialty-based task allocation dynamics when the most specialized agents are “available” with a deactivated attendance,
o = 1,inEq. (4.16).

* indicates the score of the selected agent (first responder) that is to be allocated to the detected task. Bold values in the same column mean that all
agents are qualified for the same level of the task allocation response. (This table details the results that are shown in Figures 5.4b and 5.5b).

Target object | Agent Target-agent specialty Agents’ availability Available agents’ Available qualified
recognition ID# matching probability 1:Available 0:Withdrawn attendance agents’ fitting scores MFT
confidence (rQ) Dav) level (¥ wmrr) )

level Binary  Modulated Binary Modulated (A= P)0ac) Binary _ Modulated
encoding encoding encoding encoding Encoding  Encoding
T, 0.00| R, 0.00 0.00 1 1
T, 0.00| R, 0.00 0.00 1 1
Tp, 0.00 | R; 0.00 0.00 1 1 0.3
Tp, 000 | R, 0.00 0.00 1 1
Tr, 0.00 | R 0.00 0.00 1 1
Ty, 0.00 Rg 0.00 0.00 1 1 --- --- -
Ty, 0.00 R, 0.00 0.00 1 1 - — —
Tg, 0.00 Rg 0.00 0.00 1 1 - — —
Tg, 0.77 Ry 0.00 0.00 1 1 -—- --- -
Tg, 0.00 | Ry, 0.00 0.00 1 1
Tg, 0.00 | Ryy 0.38 0.23 1 1 0.38*
Tg, 0.00 | Ry, 0.38 0.48 1 1 0.38 0.48
Ty, 0.00 | Ry 0.38 0.62 1 1 0.38 0.62*
Tg, 0.00 | Ry, 0.00 0.00 1 1
Ris 0.00 0.00 1 1
Ryg 0.00 0.00 1 1
Ry, 0.00 0.00 1 1
Ryg 0.00 0.00 1 1
Rys 0.00 0.00 1 1
R, 0.00 0.00 1 1 - -
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Table 5.6 Specialty-based task allocation dynamics when the most specialized agents are “withdrawn” with a deactivated attendance,
e =1,inEqg. 4.16.

* indicates the score of the selected agent (first responder) that is to be allocated to the detected task. Bold values in the same column mean that all
agents are qualified for the same level of the task allocation response. (This table details the results that are shown in Figures 5.4d and 5.5d).

Target object | Agent Target-agent specialty Agents’ availability Available agents’ Available qualified
recognition ID# matching probability 1:Available 0:Withdrawn attendance agents’ fitting scores MFT
confidence PO (Fav) level (¥ mrr) m

level Binary  Modulated Binary Modulated (A =P)0aw) Binary _ Modulated
encoding encoding encoding encoding Encoding Encoding
Tp, 0.00 R, 0.00 0.00 1 1
Tg, 0.00 R, 0.00 0.00 1 1
Tg, 0.00 R4 0.00 0.00 1 1 0.3
Tp, 0.00 R, 0.00 0.00 1 1
Tr, 0.00 R: 0.00 0.00 1 1
T,, 0.00 Re 0.00 0.00 1 1
T,, 0.00 R, 0.00 0.00 1 1
Tg, 0.00 Rg 0.00 0.00 1 1
Tg, 0.77 Rq 0.00 0.00 1 1
Tg, 0.00 | Ry, 0.00 0.00 1 1
Tg, 0.00 | Ryy 0.38 0.23 0 1
Tg, 0.00 | Ry, 0.38 0.48 1 1 0.38* 0.48*
Tg, 0.00 | Ry5 0.38 0.62 1 0 0.38
Tg, 0.00 | Ry, 0.00 0.00 1 1
Ris 0.00 0.00 1 1
Rie 0.00 0.00 1 1
Ry, 0.00 0.00 1 1
Rig 0.00 0.00 1 1
Riq 0.00 0.00 1 1
R, 0.00 0.00 1 1
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5.3.D1 Discussion: Performance Analysis of the Original Framework

Table 5.7 introduces comprehensive results for all of the 14 given targets when each target is
detected with a high recognition confidence level in the range of 76-95%. The results shown in
Table 5.7 are presented for the binary encoding task allocator (BETA), whereas the first sample
case of these results is tested in the scenario 5.3.C1 (Figure 5.1b). The task allocation results of
each test case show the specialty-based task allocation possibilities to each detected task.
Agent/task relative robustness is used in this analysis, which is introduced in Table 5.7 (forth
column from the left) based on the modulated specialization levels of the agent’s robustness
suitability with respect to each task, introduced in Table 5.2 based on the definition of META in
section 4.4.1 B. The latter is assumed to be the real robustness suitability of the individual agent’s
functionality (or capability). In scenario 5.3.C1, introduced above, we demonstrated that the binary
definition of the agents’ specialization is appropriate to allocate a specialized robot to a detected
task based on robot’s corresponding specialty. However, the modulated definition of the agents’
specialization is even more suitable to assign the most specialized agent based on the level of the
agent’s suitability to the corresponding task. In this discussion, the agent’s suitability level is
considered to analyze the proposed framework’s performance and the differences between the two
specialization encoding definitions. Based on the agent’s relative robustness, the measurements of
individual agents’ specialization suitability with respect to each task are quantified into most
specialized (green color), second specialized (blue color), third specialized (grey color), and least
specialized (orange color). In addition, when the task allocation is dropped, this case is depicted
by the red color (Table 5.7). Table 5.7 covers the case of binary specialty encoding (BETA), while
Table 5.8 shows the results with the modulated encoding task allocator (META). Both tables are

considering the same confidence level on target detection in order to distinguish from the influence
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of that parameter. The first sample case of these results is tested in scenario 5.3.C1 (Figure 5.1c),
that is for a high confidence level on target detection. Table 5.9 and Table 5.10 present the same
results for the two cases when a low level of target recognition confidence is considered in the

range of 50-60%.

Table 5.7 shows four task allocation attempts to respond to each target, each of which can be
performed by a different agent. For example, in the case when T, is detected, agent R, presents
the potential to be the first responder and the agents R, and R show different potentials to be the
second and third responders respectively. However, the task allocation potential of agent R, is
dropped, and its specialty-based fitting score is therefore less than the MFT (n=0.3). Considering
the above-motioned measurements, we can now compare the system efficiency in the two cases
of binary and modulated specialization encoding. Based on these results, the performance of the

proposed approach is analyzed below:
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Table 5.7 Specialty-based task allocation statistics based on binary encoded specializations with respect to all of the given tasks that are recognized with a high
recognition confidence level, (76-95%), with a deactivated attendance, MFT (n=0.3)

Task First Assignment Possibility Second Assignment Possibility Third Assignment Possibility Fourth Assignment Possibility
Type | Dectection | Agent | Agent/Task | Qualified | Agent | Agent/Task | qualified | Agent | Agent/Task | Qualified | Agent | Agent/Task | Qualified
Score ID# Relative agents’ ID# Relative agents’ ID# Relative agents’ ID# Relative agents’
Robustness | fitting Robustness | fitting Robustness | fitting Robustness | fitting
scores scores scores scores
(WMFT) (q’MFT) (WMFT) (WMFT)
Ty, 0.85 R, 80% R, 30% 0.43 R, 60% R, 40%
Ty, 0.76 R, 20% 0.38 R, 70% 50% R, 20%
Tp, 0.87 R, 40% Rs 50% 20% 0.43 R, 40%
Ty, 0.77 Rg 80% R, 65% 50% 0.38
T, 0.95 R, 35% Rg 50%
Ty, 0.88 R, 60% Ry 40%
Ty, 0.90 R, 40% Ry 60%
Ty, 0.95 Ry, 70% Ry, 38%
Tg, 0.76 Ry, 30% 0.38 R, 62% 80%  [N0SEN
Tg, 0.89 Ry 20% Ry, 70%
Tg, 0.91 Ry 30% Rys 44%
Tg, 0.92 Rys 56% Ry 36% 40% Rig 30% 0.31
Tg, 0.88 Ry 64% Ry 60% 30% 0.44 Rig 30% [
Tg 0.93 Ry 100% Ry 70% 30% 0.31
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Table 5.8 Specialty-based task allocation statistics based on modulated encoded specializations with respect to all of the given tasks that are recognized with a

high recognition confidence level, (76-95%), with a deactivated attendance, MFT (n=0.3)

Task First Assignment Possibility Second Assignment Possibility Third Assignment Possibility Fourth Assignment Possibility
Type | Dectection | Agent | Agent/Task | Qualified | Agent | Agent/Task | Qualified | Agent | Agent/Task | Qualified | Agent | Agent/Task | Qualified
Score ID# Relative agents’ ID# Relative agents’ ID# Relative agents’ ID# Relative agents’
Robustness | fitting Robustness | fitting Robustness | fitting Robustness | fitting
scores scores scores scores
(WMFT) (q,MFT) (q,MFT) (II,MFT)
Ty, 0.85 R, 80% 60% R, 40% 0.34 R, 30%
Ty, 0.76 R, 70% 50% R, 20% g R, 20%
Tr, 0.87 Rg 50% 40% R, 40% Rg 20%
Ty, 0.77 R, 80% 65% Rg 50% 0.38
Tp, 0.95 Rg 50% 35%
Ty, 0.88 Ro 60% 40%
Ty, 0.90 Ryo 60% 40%
Ty, 0.95 Ry, 70% 38%
Tg, 0.77 Ris 80% 62% Ry 30%
Tg, 0.89 Ry 70% 20%
T, 0.91 Rys 44% 30%
Tg, 0.92 Rys 65% 40% Rie 36% 0.33 Rig 30% -
Tg, 0.88 Ry 64% 60% Ryg 40% 0.35 Ryo 30%
Tg 0.93 Ry 100% 70% Rig 30%  [oRE

Most specialized

Least specialized

Dropped task allocation possibility
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Table 5.9 Specialty-based task allocation statistics based on binary encoded specializations with respect to all of the given tasks that are recognized with
a low recognition confidence level, (50-60%0), with a deactivated attendance, MFT (n=0.3).

Task First Assignment Possibility Second Assignment Possibility | Third Assignment Possibility Fourth Assignment Possibility
Type | Dectection | Agent | Agent/Task | Qualified Agent | Agent/Task Qualified Agent | Agent/Task Qualified Agent | Agent/Task Qualified
Score ID# Relative agents’ ID# Relative agents’ ID# Relative agents’ ID# Relative agents’
Robustness fitting Robustness fitting Robustness fitting Robustness fitting
scores scores scores scores
(WMFT) (lPMFT) (lPMFT) ('PMFT)
Tr, 0.58 R, 80% R, 30% 60% R, 40%
Tr, 0.56 R, 20% R, 70% 50% R, 20%
T, 0.56 R, 40% Rs 50% 20% R, 40%
Ty, 0.56 Rs 80% R, 65% 50%
Ty, 0.56 R; 35% Rg 50%
Ty, 056 Ry 60% Rio 40%
Ty, 056 R, 40% Rio 60%
Tg, 0.56 Ry, 70% Ry, 38%
Ty, 0.56 Ryy 30% Ry, 62% 80%
T, 0.56 Ry 20% Ry, 70%
Tg, 0.56 Ri4 30% Ris 44%
T, 0.56 Rys 56% Rye 36% 40% 30% i
Tk, 0.56 Rie 64% Ry, 60% 30% 30%
Tg, 0.56 R, 100% Rig 70% 30%

Most specialized

34 specialized

Least specialized

Dropped task allocation possibility
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Table 5.10 Specialty-based task allocation statistics based on modulated encoded specializations with respect to all of the given tasks that are

recognized with a low recognition confidence level, (50-60%), with a deactivated attendance, MFT (n=0.3).

Task First Assignment Possibility Second Assignment Possibility Third Assignment Possibility Fourth Assignment Possibility
Type | Dectection | Agent | Agent/Task | Qualified Agent | Agent/Task Qualified Agent | Agent/Task Qualified Agent | Agent/Task Qualified
Score 1D# Relative agents’ ID# Relative agents’ 1D# Relative agents’ 1D# Relative agents’
Robustness fitting Robustness fitting Robustness fitting Robustness fitting
scores scores scores scores
(WMFT) (IPMFT) (qIMFT) ('pMFT)
Tr, 0.58 R, 80% R, 60% 40% R, 30%
Tr, 0.56 R, 70% Rs 50% 20% R, 20%
T, 0.56 Rs 50% R, 40% 40% Re 20%
Ty, 0.56 Rs 80% R, 65% 50%
Tr, 0.56 Rg 50% R; 35%
Ty, 056 Ry 60% Rio 40%
Ty, 056 Rio 60% R, 40%
Tg, 0.56 Ry, 70% Ry, 38%
T;, 056 | Ry  80% R,  62% 30% [
T, 0.56 Ry4 70% Ry 20%
Tg, 0.56 Rys 44% Ry, 30%
T, 0.56 Rys 65% Ry, 40% 36% Rig 30%
Tk, 0.56 Rie 64% Ry, 60% 40% Rig 30%
T, 0.56 Ry 100% Rio 70% 30%

Most specialized

3 specialized

Least specialized

Dropped task allocation possibility
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A- First Responder Assignment
In terms of specialty-based task allocation, the first responder agent must be the most
specialized available agent that can respond to the detected target. In this example, the first

responders are located in the column of the first assignment in Table 5.7 and Table 5.8.

Table 5.7 shows that the first responders in the case of the binary encoding of the agents’
competencies can be in different classes of specialization suitability represented by different colors
(green, blue, or grey). This means that in the case of binary specialization encoding, the proposed
task allocator successfully selects a specialized agent that to be allocated to the detected task;
however, the level of the specialized agent’s suitability cannot be estimated. The latter might result
in selecting a first responder of a lower suitability level, as indicated in Table 5.7 (blue and grey
colors) in the column of the first assignment. On the other hand, in the case of modulated encoding
of the agents’ competencies, Table 5.8 shows that the first responder is usually selected to be the
most suitable specialized agent (green color). This means that in the case of modulated
specialization encoding the proposed task allocator is most successful at assigning the most

qualified agent to respond to a detected task.

Comparing the binary encoded task allocator (BETA) and the modulated encoded task allocator
(META) leads to the following observations. Based on the binary encoding (Table 5.7, first
assignment column), the first responder is selected seven times to be the most qualified agent but
it fails in another seven attempts. In spite of this, the success of the first seven cases is based in the
order of the agents’ stored probabilistic score in the vector that resulted from Eq. (4.18). This
interpretation indicates that in the case of binary encoding of the agents’ specializations, the system

usually succeeds at assigning a specialized agent but it cannot guarantee it to be the most suitable
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agent unless its probability is stored first in the vector of Eqg. (4.18) amongst the other agents.
However, Table 5.8 (first assignment column) indicates that, based on modulated encoding, the
system successfully selects the first responder to be the most qualified agent amongst all 14 trials.
This indicates that in the case of modulated encoding of the agents’ specializations, the system
usually succeeds with high efficiency at assigning the most qualified agent to be the first responder

to the detected task.

Table 5.9 shows the case when a low target recognition confidence level is considered in the
range of 50-60%. The binary encoded task allocator fails to respond to all of the detected targets
expect in one trial out of the 14 simulated trials. However, Table 5.10 shows that the modulated
encoded task allocator still presents a high level of performance to allocate the most specialized
agents to the detected tasks, succeeding in 11 cases out of the 14 trials. The results are summarized

in Table 5.11.

Table 5.11 Successful task allocations with the most specialized agent out of the simulated trials

Task High confidence level of target object detection: | Low confidence level of target object detection:
BETA (Table 5.7) META (Table 5.8) BETA (Table 5.9) META (Table 5.10)
Allocation Allocation Allocation Allocation
possibility/Task possibility/Task possibility/Task possibility/Task

Tr, v v Failed N
Tk, X N Failed N
Tk, X v Failed Failed
Tk, v v Failed N
T, X v Failed Failed
Ty, v N Failed NI
Ty, X N Failed N
Tk, v N Failed NI
T, X N Failed NI
Tg, X v Failed N
Tg, X N Failed Failed
Tk, N N Failed NI
Tg, v N Failed NI
T, v v v v

Total 7 14 1 11

v With the most qualified agent; x : With another specialized agent; Failed: Task allocation possibility is dropped
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A) with high confidence level on target object detection:

The efficiency of the binary encoded task allocator (BETA) with respect to the 14 task scenarios

used in this simulation is defined as follows:

Number of successful cases of selecting the most qualified agent

BETA Efficiency = x 100% (5.1)

Total number of trials

7
=—x 100% = 509
14 % %

The efficiency of the modulated encoded task allocator (META) with respect to these 14 task

scenarios is defined as follows:

Number of sucessful cases of selecting the most qualified agent

META Efficiency =

x 100% (5.2)

Total number of trials

= 14><100°/ = 100%
=1z 0= 0

The relative efficiency of BETA with respect to the efficiency of META can be estimated for

these 14 task scenarios as follows:

Number of successful cases of BETA

Relative efficiency= x 100% (5.3)

Number of successful cases of META

7
=—x 100% = 509
14 % %

B) with low confidence level on target object detection:

Similarly, when target detection is less reliable:
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Number of successful cases of selecting the most qualified agent

BETA Efficiency = Total mumber of trials X 100% (5.4)
! 100 % = 7.14%
= — X = /.
14 0 0
META Efficiency - Number of successful cases of selecting the most qualified agent % 100% (5.5)

Total number of trials

—11><100(V—7860/
=1 0o = 78.6%

Number of successful cases of BETA

Relative efficiency= x 100% (5.6)

Number of successful cases of META

1
=—x100% = 9.19
11 % %

2- All Qualified Responders’ Assignments

In many applications such as firefighting, a large number of firefighting vehicles are necessary

to control the situation. In the case of such applications, all of the available specialized agents

within the service sector must respond to the task. The proposed specialty-based task allocator can

work well in such a case by assigning all of the qualified agents that achieve the minimum MFT.

Similarly, ambulance services and safety/defence resources must respond in higher capacities in

severe situations when a call is received or a threat is detected. The efficiency of the proposed

system in this case can be inferred from the statistics introduced in Tables 5.7, 5.8, 5.9, and 5.10

based on the quantified measurements of BETA and META successful possibilities in response to

each detected task. Table 5.12 presents the successful task allocation possibilities per task inferred

from the simulated trials.
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Table 5.12 The successful task allocation possibilities/task inferred from the simulated trials when all qualified
agents must be allocated to the detected task

High confidence level of target object detection: | Low confidence level of target object detection:
Task BETA (Table 5.7) META (Table 5.8) BETA (Table 5.9) META (Table 5.10)
Successful responders Successful responders Successful responders Successful responders

[Task /Task [Task [Task
Tk, 3 3 Failed 2
Ty, 3 2 Failed 1

T, 3 3 Failed Failed
Tg, 3 3 Failed 2

Tr, 2 2 Failed Failed
Ty, 2 2 Failed 1
Ty, 2 2 Failed 1
Tg, 2 2 Failed 1
Tg, 3 2 Failed 2
T, 2 1 Failed 1

Tg, 2 1 Failed Failed
T, 4 3 Failed 1
Tg, 3 3 Failed 2
T, 3 2 1 2
Total 37 31 1 16

The total efficiency of the system can be measured as follows:
Total Efficiency _ Number of successful task allocation possibilities % 100%

The relative efficiency of the performance of BETA with respect to META can be introduced
for these 14 simulated trials. Given that the task allocators BETA and META are tested using the
same test trials, the relative efficiency of a task allocator BETA with respect to the task allocator

META can be determined as:

Relative efficiency =

Total number of tasks

Number of successful cases of task allocator BETA

Number of successful cases of task allocator META

X 100%

A) with high confidence level on target object detection (all qualified agents):

BETA Total Efficiency = (22) x 100% = 260%
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META Total Efficiency = (i—) X 100% = 220%

1
4

BETA Relative Efficiency = (%) X 100% = 116.1%

B) with low confidence level on target object detection (all qualified agents):

BETA Total Efficiency = (i) x 100% = 7.1%
.. 16
META Total Efficiency = (H) x 100% = 114.3%

BETA Relative Efficiency = (116) x 100% = 6.2%

These observations promote META for many applications rather than BETA, particularly the
applications that require assigning the most specialized robot to perform a specific task, or the

applications that consider low levels of recognition confidence on target object detection.

5.3.C4 Validating the specialty-based task allocation approach in terms of agents’ attendance

The coordination of multi-robot systems is a major challenge in robotics, particularly with wide
workspace applications. Particularly in emergency response, multi-robot coordination plays a
prominent role to efficiently and timely drive the robots to the locations that are affected by a
disaster. For example, let’s consider a heterogeneous firefighting team that is distributed over a
large sector and operates from different fire stations. In total, this team consists of dozens of
heterogeneous fire ground vehicles equipped with different levels of firefighting equipment, aerial
vehicles, and ambulance vehicles distributed over a wide area. The proposed framework is

designed to be responsive to operational conditions over wide workspace applications. To achieve
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this purpose, the agents’ attendance, 9., Eq. (4.13), is activated in Eq. (4.16) with p < 1 to
optimize the system’s time responses of the selected agents to visit the location, where a specific
level of services is requested, and to perform tasks in a specialty-based manner. The agents’
attendance, 94, is weighted by the term (1 — o). At the same time, the task-agent specialty-based
matching, @, must be preserved as the essential component of the task allocation process by
selecting this term based on the condition that (1 — ) <. This test scenario validates the
proposed framework (introduced in section 4.4) in terms of the specialized agents’ attendance
(introduced in section 4.4.3), Eq. (4.13). The purpose of this simulation scenario is to test the
adaptivity of the proposed approach when the most qualified agent or agents in terms of task-agent
specialty-based matching, @, are located far away from the target position. While other qualified
agents may be closer to the target, the latter might be less competent. In these cases, the system
must adapt to control the situation until the arrival of the more adequate agents to avoid major
damage in firefighting applications, to provide lifesaving services in search-and-rescue

applications, or to resist to threats in safety/defence applications.

The modulated specializations’ encoding task allocator (META) defined in Table 5.2 provides
a high level of efficiency in comparison with the binary encoded task allocator (BETA), as
demonstrated above; therefore, the remaining simulation test scenarios (5.3.C4 and 5.3.C5) are

performed for META.

This test scenario considers LSFL for the task-agent matching process with an imposed MFT
value of n = 0.3. An assumption is made that the system is equipped with robust capabilities to
provide accurate measurements of the agents’ current locations, velocities, and the velocity of the
target, given that pose estimation and localization considerations are beyond the scope of this
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thesis. Appropriate assumptions are made to mimic these considerations in the simulated trials.
First, the velocities of all agents are assumed to be 50 km/hour as an average velocity of a ground
vehicle. For robots that have high velocities as a specialized attribute, such as aerial vehicles, this
attribute is weighted in the corresponding robots’ defined specialty encoding vector (Table 5.2).
The Euclidian distance is simulated as a travelling distance that separates the robot from the
target’s location. In addition, a static target is considered for the robots’ attendance state, Eq.

(4.14), that results in € = 0 and v; < v,,4,. The latter leadsto T = 1.

Example C4-1:

Figure 5.6a shows the same situation of the target object of type Tr, considered in the test case
(5.3.C1) with modulated specializations encoding and detected with a confidence level equal to
0.86, given that all of the team members are available but distributed over a wide area. The system
processes the agents’ probabilistic fitting levels based on Egs. (4.18) and (4.20) to respond to the
detected task. The fitting probabilities of the available team members shown in Figure 5.6b and
Table 5.13 are produced with deactivated attendance, 94, with p = 1 for comparison purposes.
Agents R,, R5, and R, present fitting probabilities above the MFT. According to Table 5.13, the
distances separating the agents R;, R3, and R, from the target location are 78 km, 23.9 km, and
25.6 km respectively. Although agent R, is located closer to the target location (14.1 km away
from the target location), this agent is not qualified to respond to the current task because it does
not achieve the MFT in terms of task-agent specialization matching, Q, indicated in Figure 5.6b.
Considering that the agent R, is a very robust robot that is equipped with a very expensive
equipment. This type of robot should be operated from global stations to cover a large-scale area

such as a province or multiple cities. The overall system has a limited number of units of this type
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of robot. On the other hand, the other robots R,, R5, and R, are operated from different local
stations. When the agent’s attendance, 94, iS deactivated, then the task allocation results in Table
5.13 (fourth column from the right) show two cases, which are discussed below. These can be
compared to another two cases when the agent’s attendance, 94, IS activated (as shown in Table

5.14, fourth column from the right). These cases are:

1- First Responder Assignment: In this case, the most qualified agent to be the first responder is
R;. However, R, is located 78 km away from the target location and would require approximately
94 minutes to arrive and conduct the task (Table 5.13, first column from the right). This can be a
weakness of the framework for wide workspace applications, given that the 94-minute delay for
the responder’s arrival could incur loss of lives and possessions in emergency applications. On the
other hand, when the agents’ attendance, 9, iS activated in Eq. (4.16) with p < 1, then the
system shows a different response, as indicated in Figure 5.7a, and assigns a closer agent, R, as a
first responder to the current task, Tp, (indicated in Figure 5.7b, Table 5.14, fourth column from
the right). This agent can arrive within 29 minutes as shown in Table 5.14 (first column from the
right). As a result, the selected responder can arrive within 29 minutes, which is 65 minutes earlier

than the case that does not consider attendance.

2- All Qualified Responders’ Assignment: In the case of deactivated attendance, the qualified
responders are Ry, R;, and R, (Table 5.13, fourth column from the right). The closest
responders, Rz, and R,, can arrive within 29 and 31 minutes respectively, and the possibility of
the agent R, is dropped (Table 5.13, first and second columns from the right). However, when the
agents’ attendance is activated, the system shows different response and higher capacity. The

increase in the system’s capacity means that the number of the agents that are qualified to allocate
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the task is increased. Table 5.2 shows that four agents are specialized in the task, Tr,, when the
attendance is deactivated results in that three of them are only qualified to respond to this task, as
indicated in Figure 5.6a, which represents 75% of the agents that are specialized in this task.
However, when the attendance is activated, agent R, achieves the minimum MFT, and is added to
the list of qualified agents that can respond to the current task (indicated in Figure 5.7b, which
increases the system’s task allocation capacity to 100% of the specialized agents (Table 5.14,
fourth column from the right). This agent, R,, can arrive within 17 minutes as shown in Table 5.14
(first column from the right). As a result, the system capacity is increased to four responders and

the time of the first arrival is reduced to 17 minutes.
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Figure 5.6 a) Detected target object T,, wide-ranging workspace inside a red square; b) Fitting probabilities of the
available specialized agents,Q only, with modulated specialization encoding
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Table 5.13 Specialty-based task allocation dynamics with a deactivate attendance, p = 1, in Eq. 4.16.
* indicates the score of all qualified agents that are to be allocated to the detected task. Bold font indicates the task allocation dynamics
of the first responder. MFT (1=0.3) v = 50 km/hr.

Target Agent Agent-target Agents’ Available Available Agent-
object specir?_lty eliviila_llailgtly tftigeézts' qualified t tar?ﬁt Qualified Responders
iti matchin :Available attendance agents’ ravellin -
rcei)cr?f?g ;:22 ID# Agreg:gttﬁ;g et probabil igt]y 0:Withdrawn level f(ig:[ti ng distan ceg Order ;'rr:iiglf
level robustness # D) =Pt scores (d)Km (minutes)
Modulated (Purr)
encoding
T, 0.86 R, 80% 0.69 1 0 0.69* 78 1st 94
Tr, 0.00| R, 30% 0.26 1 0 141 Dropp 17
e
T, 0.00 R; 60% 0.52 1 0 0.52* 23.9 2nd 29
T, 0.00 R, 40% 0.34 1 0 0.34* 25.6 3rd 31
Ty, 0.00 Rs 0% 0.00 1 0
Ty, 0.00 Rg 0% 0.00 1 0
Ty, 0.00 R, 0% 0.00 1 0
Tg, 0.00 Rg 0% 0.00 1 0
Tg, 0.00 Ro 0% 0.00 1 0
Tg, 0.00 | Ry 0% 0.00 1 0
Ty, 0.00| Ry 0% 0.00 1 0
T, 0.00 | Ry, 0% 0.00 1 0
Tg, 0.00 | Ry 0% 0.00 1 0
T, 0.00 | Ry, 0% 0.00 1 0
Ris 0% 0.00 1 0
Ri6 0% 0.00 1 0
Ry 0% 0.00 1 0
Rig 0% 0.00 1 0
Rig 0% 0.00 1 0
R,0 0% 0.00 1 0
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Figure 5.7 a) Task T, allocated to a closer robot R5 in a wide-ranging workspace inside a red square; b) Fitting
probabilities of the available specialized agents with activated attendance, 9,4;;, and modulated specialization
encoding.
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Table 5.14 Specialty-based task allocation dynamics with an activate attendance, p = 1 — (n — 0.1), in Eq. (4.16.),
* indicates the score of all qualified agents that are to be allocated to the detected task. Bold font indicates the task allocation dynamics of the
first responder. MFT (n=0.3) v = 50 km/hr.

Target Agent-taregt Agents’ Available Agents’ Available Agent-
object Agent specialty availability attendance qualified target Qualified Responders
recognition Agent-target matchi'n_g 1:Ayai|ab|e level agepts’ trgvelling Time of
confidence ID# relative probability 0:Withdrawn (1 —pP)Oaee) fitting distance Order arrival
level robustness —_ RD  (I4y) probability (DKm (minutes)
Modulated (Y mrr)
encoding
T, 0.86 Ry 80% 0.48 1 0.05 0.53* 78.0 2nd 94
T, 0.00 R, 30% 0.18 1 0.29 0.47* 141 3rd 17
Tr, 000 | R4 60% 0.36 1 0.18 0.54* 23.9 1st 29
Te, 0.00 R, 40% 0.24 1 0.17 0.41* 25.4 4th 31
Tr, 0.00 Rg 0% 0.00 1 0.05
T,, 0.00 Rg 0% 0.00 1 0.05
T,, 0.00 R, 0% 0.00 1 0.07
Tg, 0.00 Rg 0% 0.00 1 0.05
Tg, 0.00 Ry 0% 0.00 1 0.05
Tg, 000 | Ry 0% 0.00 1 0.05
Tg, 0.00 | Ryy 0% 0.00 1 0.06
Tg, 0.00 | Ry, 0% 0.00 1 0.04
Tg, 0.00 | Ry3 0% 0.00 1 0.06
Tg, 000 | Ry, 0% 0.00 1 0.05
Ris 0% 0.00 1 0.03
Rie 0% 0.00 1 0.07
Ri; 0% 0.00 1 0.07
Rig 0% 0.00 1 0.08
Rio 0% 0.00 1 0.04
R, 0% 0.00 1 0.03

Detailed computation of the results presented in Table 5.14 are provided in Appendix A. Numerical example 5.3.C4 is introduced

for the modulated specialization encoding case, Figure 5.7b.
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5.3.D2 Performance Analysis of Refined Framework

As illustrated above, the proposed specialty-based task allocation framework can be refined to
tackle wide workspace applications by weighting the overall task allocation probability with the
agents’ attendance. The previous example, C4-1, is introduced to evaluate the overall performance
of the system given that the most robust agent is located too far from the target’s locations. This
example tests the system’s ability to allocate a qualified agent to the task within a reasonable time,
or to offer an opportunity for more agents to join the task allocation operation and increase the

total system capacity. In this simulated trial the system shows good performance, as summarized

in Tables 5.15.
Table 5.15 Comparison of the system’s performance in presence of agents’ attendance (Example C4-1)
Most specialized agent All qualified agents
Attendance Time of arrival of Agent-target Time of arrival of
the selected agent relative robustness the closest agent System’s capacity
(minutes) (minutes)
Deactivated 94 80% 29 75%
Activated 29 60% 17 100%
Observations 65 minutes earlier 20% lower 13 minutes earlier Increased with 25%

Table 5.15 shows that for the application that desires to allocate the most qualified agent to the
detected task, the agent’s attendance improves the system’s response in selecting another
specialized agent. Even though the latter is 20% less competent than the most available qualified
agent, its selection cuts the time of arrival by 65 minutes. For example, consider that an emergency
call is received which requires an ambulance vehicle with advanced medical equipment. However,
this vehicle is too far from the target position, whereas another vehicle with basic medical
equipment is located very close to the target position. In this case, the situation calls for a fast
response rather than waiting for the most qualified vehicle to arrive from a long distance, as the
delay might result in loss of life. On the other hand, for the application that desires the intervention

of all of the qualified agents such as firefighting or safety/defence operations to control the
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situation, Table 5.15 also shows that the agents’ attendance increases the capacity of the system
from three responders to four responders. In addition, the time of arrival of the first responder is
reduced from 29 minutes to 17 minutes. As a result, the proposed agents’ attendance extends the
application of the specialty-based framework to lead teams of specialized individuals distributed

over wider workspaces.

5.3.C5. Simultaneous Task Detection and Sequential Allocation

This test scenario validates the reliability of the proposed specialty-based task allocation
framework when more than one target is detected simultaneously and qualified agents are
withdrawn or involved in parallel task allocations. When the latter is occurring, the availability
state of the agent becomes dynamic and changes to “busy” based on the logic given by Eq. (4.12).
In spite of that, the system must be sufficiently reliable to proceed and select another qualified
agent to accomplish the mission goals without waiting for the “busy’ agents to return to the service
and without failing to respond to the simultaneously detected tasks. The purpose of this test
scenario is to validate the reliability of the proposed framework in response to simultaneous
detection of multiple tasks when the qualified agent or agents are “withdrawn” or involved in the
task allocation process. This test is performed for modulated specialization encoding (introduced
in 4.4.1.B). Four examples are introduced in this test scenario. However, the attendance from
section 4.4.3 is deactivated in the first three examples and activated in the fourth one. The proposed
scheme deals with two targets detected at one time. Here the object detection and task allocation
frameworks are both simulated. This test scenario considers LSFL for the task-agent matching

process with an imposed MFT value of n = 0.3.
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Example C5-1: Basic Operation

In this example, the system must respond to multiple target objects detected simultaneously and
sequentially allocate different robots to these targets. Figure 5.8 shows that two target objects of
types Ty, and Tg, are detected simultaneously. Then, the task allocator processes the confidence
levels on the detected objects and computes each individual agent’s specialty probabilistic fitting
level to sequentially allocate these tasks to the most competent agents using Egs. (4.18) and (4.20).
The team members’ availability upon the detection of the first target is shown in Figure 5.9a. The
specialty fitting probabilities of the available agents with respect to the first task, Tg_, with a
deactivated attendance, in Eq. (4.16), are shown Figure 5.9b, where it is evident that agents R,s,
R4, and Ry, are all qualified with specialty fitting probabilities that achieve the MFT which is
still set to 0.3. However, R, is the most qualified specialized agent. According to Table 5.16, the
specialty fitting probability of R;5 equals 0.48 with respect to a target of type T, that is detected
with a recognition confidence level equal to 0.86. As a result, the system, using Eq. (4.20), selects
this agent as the most qualified specialized agent amongst the three qualified agents to allocate to
the task T, . Due to this allocation, the availability state of R, 5 is changed to “busy” (Figure 5.9¢).
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Figure 5.8 Detection of two target objects Ty and Ty, (inside green squares) and simultaneous allocation of agents
R;s and R, (blue trajectories); agents R, s and R, return to service (green trajectories)
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Figure 5.9 Sequential allocation of multiple agents to two simultaneously detected targets Tz, and Tg, and the

Team members availability state
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agents’ dynamic availability state

After that, the system processes the second detected task. The latter is detected simultaneously
with a recognition confidence level equal to 0.81 (indicated in Table 5.16, second column from
the left) considering the updated availability vector by Eq. (4.12). The resulting specialty fitting
probabilities of agents R,¢, Ry, and R,g achieve the minimum MFT, as indicated in Figure 5.9d.
However, agent Ry¢ is the most qualified agent with respect to a target of type T, . Therefore, the

system, through Eq. (4.20), responds and sequentially assigns R, to allocate to Ty, along with the

first assignment of R;5 to T, . This allocation results in an updated availability state of agent Ry
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which is changed to “busy” (Figure 5.9¢e). Finally, when the allocated tasks are performed, then

the agents R, and R, return to the service.

In Figure 5.8, the blue paths are the forward paths (busy state) and the green paths are the
returning paths (available state). Their availability states become “available,” as indicated in
Figure 5.9f. This example is introduced to demonstrate the basic operation of the sequential
assignments, whereas the agent that is selected to respond to the first task allocation is not the most
specialized one that is to be allocated to the second task. In the following examples, additional

complex cases are introduced.
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Table 5.16 Team fitting probabilities and availability state with respect to two target objects of types Tzs and Ty that are detected
simultaneously and allocated sequentially with deactivated attendance p = 1 in Eq. (4.16)
* indicates the score of the most qualified agents allocated to the corresponding detected tasks. MFT (n=0.3) (all agents are available)

Target objects’ Agent’s Availability Available agents’ fitting
recognition 1:Available; 0:Withdrawn; p:Busy (p=0) probabilities
confidence level | AgentID (94,) (Wyrr) MFT
w.rt 1% w.r.t. 2nd Due to the allocation w.r.t. 1t w.r.t, 2
target target of the two tasks target target
T, 0 R, 1 1 1 0 0
T, 0 R, 1 1 1 0 0
Tk, 0 R 1 1 1 0 0
Tr, 0 R, 1 1 1 0 0
Tr, 0 R< 1 1 1 0 0 0.3
Ty, 0 R, 1 1 1 0 0
Ty, 0 R, 1 1 1 0 0
Tg, 0 Rg 1 1 1 0 0
Ty, 0 R, 1 1 1 0 0
T, 0 Rio 1 1 1 0 0
Ty, 0 : 38 1 1 1 0 0
Tp, 0.86 Ry, 1 1 1 0 0
T, 0.81 Ri3 1 1 1 0 0
Ty, 0 Ry, 1 1 1 0 0
Rys 1 b b 0.48* 0
Ry 1 1 b 0.31 0.52*
Ry, 1 1 1 0.34 0.49
Rig 1 1 1 0.26 0.33
Ry 1 1 1 0 0.24
Ry 1 1 1 0 0
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Example C5-2: Most Qualified Agent Is Withdrawn

This example is similar to the previous one except that the agent R,< is withdrawn when the
tasks Tg, and Ty, are detected. Figure 5.10 indicates that the system through Eq. (4.20) selects
alternative agent R, to respond to and allocate the task Ty, because R is the most qualified agent
amongst the available qualified agents (Figure 5.11b). This allocation updates the availability state
of agent R, to “busy” as indicated in Figure 5.11c. In parallel, the system continues to process
the simultaneously detected task Tg . The agent R achieves the highest fitting probability that
meets MFT (Figure 5.11d). Therefore, the system responds sequentially and assigns the agent R;¢
to the task Ty, . Table 5.17 shows that the agent R s is withdrawn, whereas the agents R;¢ and R,
are available to be allocated to the first task. Then, when the system allocates T, the availability
state of Ry, is changed to “busy” whereas the agent R, is still available to be allocated to task T, .
As a result, the availability state of this agent is changed to “busy” (Figure 5.11e). This example
illustrates the system’s reliability to continue searching amongst the remaining available agents to
allocate to the tasks that are detected simultaneously. A numerical example is introduced in
Appendix A as 5.3.C5. This example provides a logical procedure of computing the fitting

probabilities of the sequential task allocation process of this sample case.
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Figure 5.10 Detection of two target objects T, and T, (inside green squares) and simultaneous allocation of agents
R,; and R, (blue trajectories). Then agents R, and R, return to service (green trajectories)
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Figure 5.11 Sequential allocation of multiple agents to two simultaneously detected targets T, and Ty, and the

agents’ dynamic availability state.
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Table 5.17 Team fitting probabilities and availability state with respect to two target objects of types Tgzs and T
detected simultaneously and allocated sequentially with deactivated attendance (p = 1) in Eq. (4.16)

* indicates the score of the most qualified agents that are to be allocated to the corresponding detected tasks, MFT
(n=0.3). (The most specialized agent R, is withdrawn.)

Target objects’ Agent’s availability Available agents’
recognition Agent ID 1:Available; 0:Withdrawn; p:Busy fitting probabilities
confidence (941) (Purr) MFT

level w.rt 18t | wrt 20 Due to the w.r.t. 1% w.r.t. 2nd
target target allocation of target target
the two tasks
Ty, 0 R, 1 1 1 0 0
Ty, 0 R, 1 1 1 0 0
Ty, 0 R 1 1 1 0 0
T, 0 R, 1 1 1 0 0
Tp, 0 R< 1 1 1 0 0 0.3
Ty, 0 R 1 1 1 0 0
Ty, 0 R, 1 1 1 0 0
T;, O Rg 1 1 1 0 0
Tg, 0 R, 1 1 1 0 0
Tg, 0 Rio 1 1 1 0 0
Te, 0 Ry, 1 1 1 0 0
Ty, 0.86 R, 1 1 1 0 0
Tg, 081 Ri3 1 1 1 0 0
Ty, 0 Ris 1 1 1 0 0
Ry 0 0 0 0 0
Ry 1 1 b 0.31 0.52*
R47 1 b b 0.34* 0
Rig 1 1 1 -- 0.32
Riq 1 1 1 0 o
Ry 1 1 1 0 0
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Example C5-3: Most Qualified Agents Are Withdrawn

This example is an extension of the previous one with the difference that the agents R,z and
R1¢ are “withdrawn” at the time when the tasks Tg, and T, are detected. Figure 5.12 indicates that
the system through Eq. (4.20) selects an alternative agent R, to respond to and allocate the
task Ty, because R, is the only qualified agent amongst the available agents (Figure 5.13b). This
allocation updates the availability state of agent R;, to “busy” as indicated in Figure 5.13c. In
parallel, the system keeps processing the simultaneously detected task Ty, . Although the agent R,
is the most specialized agent and the agent R, , is the second specialized agent that can respond to
this task (as indicated in Table 5.18, fourth column from the right), these two agents are not
available, given that R, is “withdrawn” and agent R, is “busy” with the allocation of the task T,
(as indicated in Table 5.18, sixth column from the right). Therefore, the system keeps searching
for another available agent to respond to and allocate this task. Figure 5.13d indicates that agent
R;g is available and meets the minimum MFT. Then, the system intervenes sequentially and

assigns this agent to the task Tg,.
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Figure 5.12 Detection of two target objects Tz_and T, (inside green squares) and simultaneous allocation of agents
R, and R,4 (blue trajectories). Then agents R,, and R;g return to service (green trajectories).
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Figure 5.13 Sequential allocation of multiple agents to two simultaneously detected targets T, and Ty, and the
agents’ dynamic availability state

This example also illustrates the system’s reliability when the most qualified agents are not
available and the less competent agents are already involved in the task allocation process of
alternative tasks. In this example, the system demonstrates reliability as it continues to search for
another specialized agent amongst the remaining available agents to accomplish the mission goals

supported by the dynamic availability state of the individual agents.
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Table 5.18 Team fitting probabilities and availability state with respect to two target objects of types Ts and Tge detected simultaneously and
allocated sequentially with deactivated attendance p = 1 in Eq. (4.16)
*indicates the score of the most qualified agents to be allocated to the detected corresponding tasks. MFT (n=0.3). (The two most specialized agents

R;s and R, are withdrawn.)

Target Agent Agent’s availability Target-agent specialty Available agents’
objects’ ID 1:Available; 0:Withdrawn; p:Busy matching probability fitting probabilities
recognition (C)) (@ (¥ yrr) MFT
confidence wrt 18 | wrt 29 | Duetotheallocation | w.rt 1 | wrt 2@ | wrt 1 w.r.t. 2
level target target of the two tasks target target target target
Tg, 0 R, 1 1 1 0 0 0 0
Tk, 0 R, 1 1 1 0 0 0 0
T, 0 R; 1 1 1 0 0 0 0
T, 0 R, 1 1 1 0 0 0 0
Tg, 0 R< 1 1 1 0 0 0 0 0.3
Ty, 0 R, 1 1 1 0 0 0 0
Ty, 0 R, 1 1 1 0 0 0 0
Tg, 0 Rg 1 1 1 0 0 0 0
T, 0 Ry 1 1 1 0 0 0 0
T, 0 Rio 1 1 1 0 0 0 0
Tg, 0 Ri1 1 1 1 0 0 0 0
T;, 0.86 Ry, 1 1 1 0 0 0 0
Tp, 0.81 Ri3 1 1 1 0 0 0 0
Tg, 0 Ry 1 1 1 0 0 0 0
Ris 0 0 0 0.49 0
Rie 0 0 0 0.31 0.52
Rq7 1 b b 0.34 0.49 0.34*
Rig 1 1 b 0.26 0.32 0.32*
Rio 1 1 1 0 0.24 0
R,0 1 1 1 0 0 0 0
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Example C5-4: Activated Attendance

This example is similar to Example C5-2 above but with active attendance: p =1 — (n — 0.1)
in Eq. (4.16). In this example, agent R, is withdrawn at the time when the targets T, and Ty, are

detected. Figure 5.14 indicates that the system selects an alternative agent R;g to respond and be
allocated to the task T, because R, is equipped with the required specialized functionality and is
positioned very close the target location. As a result, R;g becomes the most qualified agent
amongst the available qualified agents based on Eq. (4.20) with active attendance, 9, (Figure
5.15b). In contrast to the case when the attendance is deactivated in Example C5-2, the system
response differs and agent R, should be selected to be allocated to this task. However, agent R,
must travel 45 km to the target location whereas R,g is only 13.6 km away from the target
location. In addition, the difference in the agent/task relative robustness of these two agents with
respect to the task T is negligible given that agent Ryg is less suitable than agent R, by only
10%, as defined in Table 5.2 (third column from the right); however, the latter can arrive at the
target location in 54 minutes whereas agent R;g requires only 16 minutes to arrive at the target
location. This allocation updates the availability state of agent R,g to “busy” as indicated in Figure

5.15c.

In parallel, the system continues processing the simultaneously detected task Ty, . Agent Ry,
achieves the highest fitting probability that meets MFT (Figure 5.15d) because it is specialized
and located in close proximity to the target position (Figure 5.15d). Therefore, the system responds
sequentially and assigns agent R, to allocate to the task Ty . In contrast to the case when the
attendance is deactivated in Example C5-2, the system response differs and agent R4 is selected
to deal with this task. However, agent R, must travel 33.3 km to the target location whereas R,
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is positioned only 10.5 km away from the target location. In addition, the difference in agent/task
relative robustness of the agents’ functionality with respect to the task T, is negligible. The agent
R, is less suitable than agent R, by only 4% as defined in Table 5.2 (second column from the
right); however, the latter can arrive at the target location in 40 minutes whereas the agent R,
requires only 12 minutes to arrive at the target location. This allocation updates the availability
state of agent R, to “busy” as indicated in Figure 5.15e. Table 5.19 provides detailed results for

this test case.

This example illustrates that the proposed framework is adaptable to wide ranging workspace
applications as it can optimize the time of the specialized responders to be allocated to
corresponding detected tasks. In addition, this example also provides evidence that the system is
sufficiently reliable to continue searching amongst the remaining available and closer qualified

agents to accomplish the mission goals.
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Figure 5.14 Detection of two target objects Tz_and T, (inside green squares) and simultaneous allocation of agents
R,g and Ry, (blue trajectories), with active attendance. Then agents R, g and R, , return to service (green trajectories).
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Figure 5.15 Sequential allocation of multiple agents to two simultaneously detected targets T, and Tg, and the

agents’ dynamic availability state, with active attendance.
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Table 5.19 Team members’ fitting probabilities and availability state with respect to two target objects of types Ty and Ty that are
detected simultaneously and allocated sequentially with activated attendance p = 1 — (n — 0.1) in Eq. (4.16)

*indicates the score of the most qualified agents allocated to the corresponding detected tasks, MFT (n=0.3). The most specialized agents are
withdrawn.

Agent’s Availability Available agents’ fitting
Target objects’ Agent ID 1:Available; 0:Withdrawn; p:Busy probabilities
recognition (9,4,) (Y yrr) MFT
confidence wrt 1% | wrt 2 Due to the allocation of w.r.t. 1ttarget | w.r.t. 2" target
level target target the two tasks
Tr, 0 R, 1 1 1 0 0
Tk, 0 R, 1 1 1 0 0
Tg, 0 Rs 1 1 1 0 0
T, 0 R, 1 1 1 0 0
Tr, 0 R; 1 1 1 0 0 0.3
Ty, 0 Re 1 1 1 0 0
Ty, 0 R, 1 1 1 0 0
Tg, 0 Rg 1 1 1 0 0
Tg, 0 Ry 1 1 1 0 0
T, 0 Rio 1 1 1 0 0
Tg, 0 Ry 1 1 1 0 0
Ty, 0.86 Ry, 1 1 1 0 0
Tg, 081 Ris 1 1 1 0 0
Tg, 0 R4 1 1 1 0 0
Ris 0 0 0 0 0
Rie 1 1 1 0.31 0.44
Ry 1 1 b 0.29 0.49*
Ris 1 b b 0.33* 0
Rio 1 1 1 0 0.29
Ry, 1 1 1 0 0
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5.3.C6 Complex Tasks

This test scenario is used to validate the proposed approach for complex tasks. The latter are
characterized based on simultaneous detection of target objects from multiple classes. Replicating
the example introduced in section 4.4.5, three different target objects (represented by red, blue,
and green markers) are assumed to be distributed over two different environments. Each
environment is characterized by terrains that are water-covered (cyan) or land (brown) areas, as

shown in Figure 5.16.
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Figure 5.16 Assigning robot R, to a task of type T (green star) on water-covered area

A swarm of eight individual robots is deployed in a two-dimensional workspace. Six of these
robots, {R;, R,, R3, R4, Rs, R¢}, are divided in groups of two robots. Each pair of robots is
specialized to perform on each type of target (Ty,T,, T3), and each robot has an individual
preference for a specific environment of either water workspace (W, s) or land workspace (Ly,s))

associated with its physical construction. However, the last two robots {R,, Rg} are amphibious
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robotic agents which can function on water-covered space or on land. These two robots are
specialized to perform on targets of type T; and T, respectively. The class of X;,, can be related to
the nature of the target object or to specific environment constraints. Therefore, X, €
{T,,T,, T5, Wys, Lys} The targets and the environmental constraints are color-coded in the
figures below under consideration of the binary and modulated specialization encoding, introduced

in section 4.4.1, and defined in Table 5.20 and Table 5.21 respectively.

Table 5.20 Formulation of a = 8 robotic agents with binary encoded specialization functionalities to serve on three
complex tasks with different requirements. Each task is characterized by two classes.

Agents’ specialization Secondary Classes Primary Class

binary vectors | | | L Wiys

A

S, 0

.ﬁ”
o|o|lo|o|o|o|r|—|
=== ==
olr|r|r|lolo|lolol
RO o|r|lo|krE
==

Table 5.21 Formulation of a = 8 robotic agents with modulated encoded specialization functionalities to serve on
three complex tasks with different requirements. Each task is characterized by two classes.

Agents’ specialization Secondary Classes Primary Class
modulated vectors T, | T, | T, | Lys Wys
S, 0.7 0 0 0.6 0
S, 0.7 0 0 0 0.6
S;3 0 0.7 0 0.6 0
Sy 0 0.7 0 0 0.6
Ss 0 0 0.7 0.6 0
Se 0 0 0.7 0 0.6
S, 0 0 0.7 0.3 0.3
Ss 0 0.7 0 0.3 0.3

Table 5.22 defines the categorization of the given targets and their specific surrounding
environment constraints in five different classes. The categorizations of the primary and secondary
classes considered for the primary encoder, Eq. (4.21), that is implemented in this simulation, are

indicated in Table 5.23, whereas water covered workspaces, Wy, is considered a primary class
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because in order to intervene on water a robot must be floating. The features belonging to each

class are considered available in the simulation.

Table 5.22 Categorization of targets and environment constraints

Target or environment constraint Class
T, (red) C;
T, (blue) C,
T5 (green) Cs
Ly (brown) C,
Wy (cyan) Cs

Table 5.23 Categorization of targets and environment constraints associated with corresponding
primary encoder entities

Target or environment constraint Class q,, (competency priority category)
T, (red) C; q,, (secondary)
T, (blue) C, q,, (secondary)
T; (green) Cs q,, (secondary)
Lys (brown) C, q,, (secondary)
Wis (cyan) Cs Gps(Primary)

In these tests, the proposed mechanism is simulated in two scenarios. Each scenario presents a
test case and considers the binary and modulated definitions of robots’ specialization (defined in
section 4.4.1.A and 4.4.1.B respectively). From the perspective of human operator supervision,
discussed in section 4.4.4, these tests consider a LSFL for the task-agent matching process with an
imposed MFT value of n. The latter is set by Eq. (4.17): n = 0.3. The proposed approach, with
the extension introduced in section 4.4.5, is tested for a complex task to be allocated to an agent.
This task is characterized by multiple classes. The latter are detected simultaneously amongst four
secondary classes and one primary class, related to intervention over water which calls for specific
characteristics of the robotic agent. The first test scenario is performed when all of the team
members are available. On the other hand, the second test scenario is performed when the most
specialized agents are not available or “withdrawn.” The agents’ availability is set by Eq. (4.12).
However, the agents’ attendance (4.13) is deactivated in Eq. (4.16) withp = 1, and the task
allocation probability is computed by placing full weight on the agents’ specialty-based
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qualifications, Q. Thus, the purpose of these test cases is to validate selectively of the extended
approach through Eq. (4.24), introduced in section 4.4.5, amongst the agents’ primary and
secondary specialized capabilities, within Q, when a complex task is detected.

Example C6-1: All Specialized Agents Are Available

In this test case, the agents’ task allocation fitting probabilities are computed based on the match
between the agents’ specialized capabilities and the detected target, Q, EQ. (4.18). Then the
qualified agent/agents are selected to be allocated to the detected task based on the agents’ primary
capabilities by using Eq. (4.24). Figure 5.16 shows that a target of type T5 (green star) is detected
over a water-covered area W, (cyan dots) on the upper left hand side of the figure, Table 5.24
(second column from the left), Eq. (4.8). Figure 5.17a shows all team members’ fitting
probabilities considering the binary encoded task allocator (Table 5.24, fourth column from the
left), and Figure 5.17b indicates the fitting probabilities of the “available” team members only
(Table 5.24, third column from the right) given that a primary class, W,,, is detected. This
detection is leveraged by the prioritization scheme to activate the qualified robots that achieve
MFT and possess the corresponding primary capability as assignment priorities. These robots are
R,, R4, R¢, and R-. The allocation of Rs, which is no longer considered due to lacking the primary
capability to operate on water (as shown in Figure 5.17c, Table 5.24, second column from the
right) is suspended. As a result, in the case that the most qualified agent must be assigned, then
the system assigns the robot R to this task because it is the most qualified in terms of task-agent
specialty-based matching. This robot is active for assignment priority because it possesses a
primary capability, g, as indicated in Table 5.23, with respect to the detected task that imposes
operating on water. For the same reason, when all qualified agents must be assigned, the
agents R,, R4, R, and R can be assigned to the current task. This selectivity process increases the
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safety and robustness of the task allocation operation. When the qualified agents must be selected
based on the detection of multiple classes, the latter characterize a given complex task. In this
example, the most specialized agent is qualified with the primary capability. Detailed results are
introduced in Table 5.24. Numerical calculations of this test case are detailed in Appendix A,

5.3.C6 Numerical Example.
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Figure 5.17 Binary task allocator: (a) team members’ fitting probabilities w.r.t. the detected task, T; over W,; (b)
specialty fitting probabilities of the available agents; and (c) specialty fitting probabilities of the agents that have
active assignment priority w.r.t. the detection of the current task and the agent’s primary capability

Alternatively, a modulated task allocator, defined in Table 5.21, is also tested for the same
detected task when the team members are all available. The results are introduced in Figure 5.18
and Table 5.25. The modulated task allocator returns similar results in terms of the selectively of

the extended approach. The main difference is that the fitting levels of overall task allocation
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probabilities of the individual robots are different, whereas the modulated task allocator is highly
deterministic in the evaluation of the task allocation probabilities based on the modulated level of
the agents’ suitability with respect to the detected task. As indicated in Table 5.21, the agents’
suitability to the given workspaces is modulated with lower levels than the agents’ suitability to
perform the target task types. This modulation, indicated in Table 5.21, gives more importance to
the agent’s specialized functionality with respect to the target type and less importance to the
agent’s ability to work on a specific workspace. This results in different overall task allocation
fitting probabilities. As a result, when a target of type T; is detected over a water-covered area,
W,,s, the modulated task allocator places higher weight on T than on W,,. Figure 5.18 and Table
5.25 show that the robots R, and R, no longer achieve MFT and are no longer qualified. In spite
of that, the detection of W, enables the primary selector to suspend the robots that are not capable
of operating on water. In this test example, the binary and modulated task allocators introduce
similar behaviour in terms of selecting the most qualified agent; however, in the second example

which will be analyzed below (Example C6-2), a different response will result.
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Figure 5.18 Modulated task allocator: (a) team members’ fitting probabilities w.r.t. the detected task, T over W,;
(b) specialty fitting probabilities of the available agents; and (c) specialty fitting probabilities of the agents that have
active assignment priority w.r.t. the detection of the current task and the agent’s primary capability
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Table 5.24 Specialty-based task allocation dynamics for team members with respect to a complex task recognized based on the detection of multiple

classes; binary encoded task allocator with a deactivated attendance with o = 1 in Eqg. (4.16). (All agents are available.)

Target Target-agent Agents’ Available agents’ Available qualified  Fitting probabilities
objects’ specialty matching availability attendance agents’ fitting of the agents with the
recognition Agent probability 1:Available level probabilities detected primary MFT
confidence ID# Q) 0:Withdrawn (1 —pP)9uee) (P mrr) capability )
level Binary encoding (Dav) Binary encoding (hy)
T, 0.00 R, 0.00 1 0.00 0.00 0.00
T, 0.00 R, 0.31 1 0.00 0.31 0.31
T; 0.68 R 0.00 1 0.00 0.00 0.00 0.3
w, 0.00 R, 0.31 1 0.00 0.31 0.31
W, 0.63 Rg 0.34 1 0.00 0.34 Suspended
Rg 0.65 1 0.00 0.65 0.65*
R, 0.43 1 0.00 0.43 0.43
Rg 0.21 1 0.00 0.00 0.00

Table 5.25 Specialty-based task allocation dynamics for team members with respect to a complex task recognized based on the detection of multiple
classes; modulated encoded task allocator with a deactivated attendance with o = 1 in Eqg. (4.16). (All agents are available.)

Target Target-agent Agents’ Available agents’  Available qualified  Fitting probabilities
objects’ specialty matching availability attendance agents’ fitting of the agents with the
recognition Agent probability 1:Available level probabilities detected primary MFT
confidence ID# Q) 0:Withdrawn (1 —pR)ast) (Y mrr) capability m
level Modulated encoding (I 41) Modulated encoding (hy)
T, 0.00 R, 0.00 1 0.00 0.00 0.00
T, 0.00 R, 0.29 1 0.00 0.00 0.00
T; 0.68 R 0.00 1 0.00 0.00 0.00 0.3
w, 0.00 R, 0.29 1 0.00 0.00 0.00
Wy, 0.63 R; 0.37 1 0.00 0.37 suspended
R 0.66 1 0.00 0.66 0.66*
R, 0.51 1 0.00 0.51 0.51
Rg 0.14 1 0.00 0.00 0.00
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Example C6-2: Most Specialized Agents Are Withdrawn

This test case is similar to the previous example except that robots R, and R, are withdrawn
(Table 5.26, fifth column from the left). The purpose of this example is to test the selectivity of
the extended approach, Eq. (4.25), amongst available agents which are less competent. Figure 5.19
shows that a target of type T; (green star) is detected over a water-covered area, W, (cyan dots)
(Table 5.26, second column from the left), Eq. (4.8). Figure 5.20a shows all team members’ fitting
probabilities for the binary encoded task allocator (Table 5.26, fourth column from the left). Figure
5.20b indicates the fitting probabilities of the “available” team members only (Table 5.26, third
column from the right), given that a primary class, W,,, is detected. This detection is leveraged by
the prioritization scheme, Eq. (4.24), to activate the qualified robots that achieve MFT and possess
the corresponding primary capability as assignment priorities. As a result, the robots R, and R,
are activated for the task allocation priority and the system suspends robot Rg from the task
allocation operation. Although R presents a higher fitting probability with respect to the detected
task, indicated in Figure 5.20b, it is no longer considered due to lacking the primary capability to
operate on water (as shown in Figure 5.20c, Table 5.26, second column from the right). As a result,
in the application that requires all qualified agents to respond to the detected task, the agents R, and
R, can be assigned. In the case where only the most specialized agent must respond, then the
system assigns robot R, (Figure 5.20, inside red circle) to the detected task, because it is the most
qualified agent, in terms of task-agent specialty-based matching, and it is still active for assignment
priority for the reason that it possesses a primary capability g as indicated in Table 5.23, with

respect to the detected task that imposes operating on water.
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Figure 5.19 Assigning robot R, to a task of type 3 (green star) on water-covered area
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Figure 5.20 Binary task allocator: (a) team members’ fitting probabilities w.r.t. the detected task, T; over W,;
(b) specialty fitting probabilities of the available agents; and (c) specialty fitting probabilities of the agents that
have active assignment priority w.r.t. the detection of the current task and the agent’s primary capability
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A modulated task allocator, defined in Table 5.21, is also tested for the same detected task when
the most competent agents are not available or “withdrawn”. The results are indicated in Figure
5.21 and Table 5.27. Agent R: is the only qualified agent that achieves MFT as indicated in Figure
5.24b. The modulated task allocator returns similar results to the binary task allocator in terms of
the selectivity of the extended approach, Eq. (4.24), where it suspends agent Rs. This time, agents
R, and R, are no longer qualified. The modulated task allocator, defined in Table 5.21, gives lower
importance to the agent’s ability to work on a specific workspace, given that agents R, and R,
have the capability to operate on water but are not specialized in the detected target type T5. This
results in a different overall task allocation fitting probability. As a result, when a target of type T;
Is detected over a water-covered area, W,,s, the modulated task allocator puts higher weight on
T5 than on W,,¢. Figure 5.21 and Table 5.27 show that robots R, and R, no longer achieve MFT
and are no longer qualified. In spite of that, the detection of W, enables the primary selector, Eq.
(4.21), to suspend the robots that are not capable of operating on water, in this case Rs. As the
latter was the only one qualified agent for the task, the result is that no agent is assigned to respond

to this task (Table 5.27, second column from the right).
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Figure 5.21 Modulated task allocator: (a) team members’ fitting probabilities w.r.t. the detected task, T; over W, ;
(b) specialty fitting probabilities of the available agents; (c) specialty fitting probabilities of the agents that have
active assignment priority w.r.t. the detection of the current task and the agent’s primary capability

In these two examples, the binary and modulated task allocators generate different behaviours
in terms of selecting the qualified agent based on their properties (as discussed in 4.5D1), but the
prioritization scheme introduced in section 4.4.5 deals with the task complexity and prevents the
agents that may not possess critical capabilities to perform a task, in this case navigating the water.
This increased level of safety and robustness is what motivated the development of a more
advanced task allocation formalism, as detailed in section 4.4.5, to tackle such complex tasks with

an additional level of strategic guidance.
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Table 5.26 Specialty-based task allocation dynamics for team members with respect to a complex task recognized based on the detection of multiple
classes. Binary encoded task allocator with a deactivated attendance with @ = 1 in Eq. (4.16). (Most qualified agents are “withdrawn.”)

Target Target-agent Agents’ Available agents’ Available qualified  Fitting probabilities
objects’ specialty matching availability attendance agents’ fitting of the agents with the
recognition Agent probability 1:Available level probabilities detected primary MFT
confidence ID# Q) 0:Withdrawn (1 —pP)9uee) (P mrr) capability )
level Binary encoding (94v) Binary Encoding (h,)
T, 0.00 R, 0.00 1 0.00 0.00 0.00
T, 0.00 R, 0.31 1 0.00 0.31 0.31*
T, 0.68 R, 0.00 1 0.00 0.00 0.00 0.3
w, 0.00 R, 0.31 1 0.00 0.31 0.31
W, 0.63 Rg 0.34 1 0.00 0.34 Suspended
R 0.65 0 0.00 0.00 0.00
R, 0.43 0 0.00 0.00 0.00
Rg 0.21 1 0.00 0.00 0.00

Table 5.27 Specialty-based task allocation dynamics for team members with respect to a complex task recognized based on the detection of multiple
classes. Modulated encoded task allocator with a deactivated attendance with 1o = 1 in Eq. (4.16). (Most qualified agents are “withdrawn.”)

Target Target-agent Agents’ Available agents’ Available qualified Fitting probabilities
objects’ specialty matching availability attendance agents’ fitting of the agents with the
recognition Agent probability 1:Available level probabilities detected primary MFT
confidence ID# Q) 0:Withdrawn (1 =)0 ase) (Y mrr) capability m
level Modulated encoding (I 41) Modulated Encoding (hy)
T, 0.00 R, 0.00 1 0.00 0.00 0.00
T, 0.00 R, 0.29 1 0.00 0.00 0.00
T; 0.68 R4 0.00 1 0.00 0.00 0.00 0.3
w, 0.00 R, 0.29 1 0.00 0.00 0.00
Wy, 0.63 R; 0.37 1 0.00 0.34 Suspended
Rg 0.66 0 0.00 0.00 0.00
R, 0.51 0 0.00 0.00 0.00
Rg 0.14 1 0.00 0.00 0.00
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5.4 Summary

The developments of the proposed specialty-based probabilistic framework that are addressed
in Chapter 4 are validated and the performance of the system is analyzed through an extensive
series of MATLAB simulation experiments in this chapter. Performance is evaluated based on two
definitions of the agents’ specializations encoding: the binary and modulated. The simulator also
implements the developments of the proposed task recognition stage, introduced in section 4.3, to
provide an input to the proposed task allocation framework, as well as the agents’ coordination
scheme. The latter considers the addressed agents’ availability states and attendance levels. In
addition, the behaviour of the extended framework, introduced in section 4.4.5, is validated to
tackle tasks that involve simultaneous detection of multiple classes of target objects. The human
operator is also given an interface to refine the task assignment process, providing situational
awareness, and the simulator is implemented with the objective to keep the human’s cognitive load

low.

The results of simulation experiments show that the proposed framework provides an efficient
task allocation operation to coordinate the specialized individual agents with corresponding tasks
based on the match between the task’s specific constraints and the agents’ specialized capabilities.
Comparing the binary and modulated specialization encoding strategies, experiments demonstrate
that the proposed task allocator generates a higher task allocation operational efficiency with

modulated encoding of the agents’ specializations than the binary encoding.

The experiments also demonstrate that consideration of the agents’ availability results in a

reliable framework with a high-level reasoning capability to adjust the task allocation process and
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select amongst the available qualified agents to pursue the mission goals. The agents’ attendance
further expands the adaptability of the proposed framework to lead specialized swarms over wider
workspaces. The simulation results show that agents’ attendance expands the capacity of the
individuals that are involved in the task allocation operation, which gives opportunities for
additional agents to join the task allocation operation while providing more time efficient and

Secure responses.

To conclude, the experiments conducted in simulation in this chapter demonstrate that the
proposed probabilistic task allocation approach is successful and efficient at properly assigning
specialized agents to corresponding tasks that impose constraints on completion requirements
while guaranteeing a minimum safety level. The proposed framework presents a high level of
reliability to pursue the goals of the specialty-based task allocation missions in a broad diversity
of scenarios. As such, an adaptability is introduced to tackle different task allocation applications
with a variable number of involved tasks and specialized robotic agents, and dealing with small,

medium or wide workspaces.

Chapter 6 will extend the evaluation of the proposed framework on real-life applications and

perform experimental validation on real robots.
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Chapter 6  Applications and Experiments

6.1 Introduction

The specialty-based task allocation approach is described in the previous chapters. In this
chapter, the proposed approach is examined in terms of its potential applications. First, the
performance of the framework is investigated in the context of an indoor search-and-rescue (SAR)
application. In addition, to apply the proposed framework to real world’s physical systems,

experiments are also conducted on a team of real mobile robotic agents.

The confidence level on detected objects in Chapter 5 was simulated, while here it is estimated.
Realistic test cases are introduced in this chapter for SAR, and in these cases target object
recognition confidence is estimated with CNN on real images. Moreover, in physical experiments
the confidence level on detected objects is also estimated using a color camera on color-coded

features. Therefore, the presented examples in this chapter are more representative of reality.

6.2 Test Cases Related to Search-and-Rescue Application

In this section, an indoor search-and-rescue (SAR) application is considered. Initially, the
proposed probabilistic task allocation approach leverages the output of a target object detection
and recognition stage operating on real images, as detailed in [131]. The object recognition stage,
which involves deep learning convolutional neural networks (CNN) methodologies to detect target
objects from vision sensors mounted on mobile robotic agents, is integrated with the proposed task
allocator to support a search-and-rescue task allocation for a group of cooperating robots, each

with different functional capabilities. The target object recognition stage was developed by a
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colleague and is not considered part of this thesis beyond its integration as the input to the task
allocator. Its structure is summarized here to properly explain how it is integrated with the
proposed task allocation framework. The deep learning-based object recognition stage supports
the detection and recognition over five predefined classes of target objects in a typical indoor SAR
scenario. The predefined classes include doors to be opened, stairs to be climbed, a person to be
rescued, fire to be extinguished, and posted signs or floor maps to be read and interpreted to
support robots’ navigation. In our experiments, the class “fire” is depicted in image samples by a
computer monitor for obvious safety reasons. The inference results obtained from the target object
detection stage provide information about the class category and a corresponding confidence score
for each detected object. This serves as the input for the multi-robot task allocation scheme. The
probabilistic task allocation mechanism proposed in Chapter 4 works as a matching scheme for
assigning the qualified individual agents among a SAR robotic team to corresponding tasks. The
most qualified responders are assigned to the detected tasks based on the fitting probabilistic score
estimated in the task-agent specialty matching process, given the available agents’ specializations

and the requirements imposed by the detected SAR targets.

6.2.1 Experimental Setup

The target objects’ recognition scheme is used in this application to serve as a task recognition
stage for the proposed framework, as shown in Figure 4.2. It collects real measurements on the
classes observed on target objects, which help recognize them as part of one of the five classes
considered. The experimental validation attempts to demonstrate the reliability of the integrated

solutions for realistic SAR applications.
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A. Detection of Target Objects

A pre-trained target object detection stage is integrated with the proposed framework. It was
fed with a series of real images collected on the University of Ottawa campus which depict
instances of objects from each of the five classes defined in section 6.2. Table 6.1 summarizes the
object recognition confidence level experimentally estimated from visual features on each class
and the corresponding specialized characteristics or functionalities of virtual robotic agents
considered for experimentation. These characteristics are related to specific embedded sensors,
actuators, or physical properties that target five classes of action to be performed for SAR tasks

(open doors, climb stairs, assist people, extinguish fire, read signs).

In order to support integration with the task allocation stage, the output of the object detection

stage is formulated as follows:

B t
P =[P, Pc, P, Pc, Pc.] 6.1)

where Cy: k from 1 to 5 denote the classes of door, stairs, person, fire (e.g. computer monitor), and
signs respectively. P.;~Pc5 is the recognition confidence level on a target object associated with
each class. This recognition confidence level on a target object, which is produced using modern
convolutional neural network (CNN) architectures, serves as a task recognition stage that is to be
used as an entry to the proposed task allocation process, as indicated in Figure 4.2. The practical
implementation details of this recognition stage are introduced in [131] and are beyond the scope
of this study. In this SAR test case, the object recognition stage performs target object recognition
from vision sensors mounted on-board unmanned vehicles. Table 6.1 shows selected samples of
the five classes (out of 140 testing cases considered in this experiment) for object detection with

respective confidence level estimates for each class of target objects, as well as the related robot’s
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specialized functionalities which are further detailed in upcoming sections. These examples
illustrate the visual features on the detected target objects and the expected corresponding robot’s
specialized capabilities. The task-agent fitting probabilities are computed with the framework
proposed in Chapter 4 based on the confidence level estimated by the object recognition stage for
each class of detected objects. Specialized robotic agents are expected to respond and be allocated
to specific SAR-related tasks when a given agent’s specialty characteristics offer sufficient
compatibility with the task’s requirements, as measured visually on a detected target object. AS

such, a given agent can be qualified to fulfill different tasks with different fitting levels.

Table 6.1 Object recognition from visual features with confidence level, and corresponding specialized functionalities
of robotic agents

Input image with Detected target Obiject recognition stage output Corresponding robot
segmentation mask object class with confidence level per class specialized functionality

Door (¢4) Pr =[0.995 0 0 0 0] Open doors

Stairs (C3) Pr=[0 0.963 0 0 0] Climb stairs
a Person (C3) P; =[0 0 0.958 0 0] Assist people

Fire (computer P, =[0 0 0 0.954 0] Extinguish fire

monitor (C,)
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Sign (Cs) P =100 0 0 0.983] Read signs

B. Specialization Definition and Encoding

In this study, SAR scenarios are considered and exemplified by the five classes of target objects
to be potentially detected in the environment of the robotic agents. The definition of agent
specialization is encoded as a binary vector as defined in section 4.4.1A, associated with each
robot, that describes the presence or absence of specific hardware or physical construction
essential to completing a given task (e.g. opening a door). A swarm of robots {R;,i = 1,2, ...,a}
consists of a = 7 specialized individual agents, R;, and provides T = 5 specialized roles or
capabilities, defined in Table 6.1, that are encoded in each agent’s binary specialty
vector, S;: {sy, k = 1,2,...,5}, where §; € R™>. The encoding for the individual robots’
specialization characteristics is summarized in Table 6.2 for a group of seven agents considered

for this SAR scenario test case.

Table 6.2 Formulation of seven robotic agents’ specialization for SAR tasks with five classes of target objects

Agent’s specialized functionalities

Agent ID# 1 = Possesses functionality; 0 = Does not possess functionality

Specialty Open Climb Assist Extinguish Read
vector doors stairs people fire signs

Ry S, 1 1 0 0 0

R2 S, 0 1 1 0 0

Rs S;3 0 1 0 1 0

R4 S, 0 1 0 0 1

Rs Ss 0 0 1 0 0

Rs Se 0 0 0 1 0

Rz S5 0 0 0 0 1
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6.2.2 Experimental Results
6.2.C1 Search-and-Rescue with general probabilistic framework

In the first series of experimental test cases, the general probabilistic task allocation framework,
detailed in section 4.4, is applied on a number of test images. First, 140 images samples were
manually acquired with a camera while patrolling different sectors of the UOttawa SITE building.
Next, these images were processed to retrieve every instance of the five classes of objects
considered. A typical test scenario is demonstrated as the robotic team navigates the ground floor

of a building.

As an example, the task recognition stage, shown in Figure 4.2, initially detects stairs, as shown
in Figure 6.1a. The class of object and associated confidence level from the object recognition
stage are leveraged by the proposed probabilistic task allocation scheme, Eq. (4.18), to compute
the seven individual robots’ probabilistic fitting scores with the purpose of assigning the qualified
agents to the detected task. The agents’ attendance, 94, is deactivated with p = 1 in Eq. (4.16)
for this indoor application given that the workspace is bounded and all agents are available within
a limited area, whereas the overall task allocation probability is computed by placing full weight
on the agents’ specialty based qualification, Q. The extended developments in section 4.4.5 are

not considered whereas this example tests the original framework, Eqgs. (4.18) and (4.20).

Figure 6.1b shows that robots Ry, R,, R3, & R, are sufficiently qualified to proceed and climb
the recognized stairs, as their specialty matching probability satisfies the MFT set at 0.4 in this
case. However, the other available robots Rs, R¢, & R, are not qualified based on their functional
characteristics defined in Table 6.2 that do not make them suitable to climb stairs. The availability

status, 94, of the robots at the moment when the target (i.e. stairs) is detected is also shown in
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Figure 6.1b, with green color-coding indicating an “available state”. The respective target object
detection confidence levels and the robots’ probabilistic fitting scores are presented in Table 6.3.
Mathematical details of computing the fitting probabilities for this example, C.1, are reported in

Appendix B.

Table 6.3 Team members’ fitting probabilities to climb stairs during SAR task in an indoor workspace, withp = 1

Target Robot Target-agent Availability Available Available
recognition ID# specialty 1:Available agents’ qualified agents’ MFT
confidence matching 0:Withdrawn attendance fitting scores m
level probability D av) level (Y virr)
(@ (D aee)
Binary encoding
R, 0.48 1 0 0.48
Door: 0.00 R, 0.48 1 0 0.48
Stairs: 0.96 Ry 0.48 1 0 0.48
Person: 0.00 | R, 0.48 1 0 0.48 04
Fire: 0.00 Rs 0.00 1 0 0.00
Sign: 0.00 Re 0.00 1 0 0.00
R, 0.00 1 0 0.00

== MFT
1.0 4 E Available agents fitting probabilities

o
o

e
o

o
-
|

Specialty matching probability
Individuals Availability Status

e
¥]

0.0+

Ry R: R Ry Rs Re Ry
Agent ID®

(@) (b)
Figure 6.1 a) Detected target object (stairs); and b) Specialized agents’ fitting probabilities and availability status
(available = green)

Pursuing their displacement in the building, the team members that were able to climb the stairs
(Ry, R, R3, & R,) leave the area and begin navigating the hallway. A door is eventually detected,

as shown in Figure 6.2a. The task allocation system then obtains the confidence level on the
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detected target object and computes the corresponding individual agents’ specialty fitting
probabilities. The most competent agent according to Egs. (4.18) and (4.20) is assigned to the
current task of opening the detected door. The fitting probabilities of the team members and their
availability status are shown in Figure 6.2. Agents R, R,, R;, & R, are still available, while agents
Rs, R¢, & R, are not (i.e. withdrawn since they previously failed to climb the stairs with other team
members). Given that only agent R; is qualified to open doors (Table 6.2), three agents achieve a
null fitting score with the current task, while the specialty fitting probability of R, with the detected
target equals 0.49 (Table 6.4). This level also satisfies the MFT (here set to 0.4) while robot R; is
available. Therefore, the system automatically assigns agent R, to open the door, while
R,, R3, & R, remain behind in support. Once R; opens the door, the team then accesses the inside
workspace and the vision sensor is used to conduct a new survey of the environment to detect
additional target objects. A fire (computer-monitor) and a human victim are simultaneously
detected, as shown in Figure 6.3a. The new images are processed through the target object
recognition stage, and the classes and related confidence levels are leveraged by the task allocation
scheme, Egs. (4.18) and (4.20), to determine the specialty fitting probabilities for the agents that
are still available, as shown in Figure 6.3b and detailed in Table 6.5. As a result, the most
competent available agents, R, and R, are assigned to the latest detected tasks, that is R, to rescue
the person and R to extinguish the fire, respectively. This simulated test scenario demonstrates
that, while guaranteeing a minimum fitting threshold (MFT) to ensure that decisions are taken only
when a sufficient confidence level is achieved on target object recognition, task allocation is
performed on those detected targets, whenever possible, with the most competent and available

agent or agents that are selected as the qualified responders to perform the detected tasks.
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Table 6.4 Team members’ fitting probabilities to open a detected door during SAR task in an indoor workspace,

with p = 1. * is the most qualified agent

Target Agent Target-agent Availability Available Available
object ID# specialty 1:Available agents’ agents’ fitting
recognition matching 0:Withdrawn attendance probabilities MFT
confidence probability (940) level (¥ urr) m
level @ (D aze)
Binary encoding
R, 0.49 1 0.0 0.49*
Door: 0.98 R, 0.0 1 0.0 0.0
Stairs: 0.00 R, 0.0 1 0.0 0.0
Person: 0.00 | R, 0.0 1 0.0 0.0 0.4
Fire: 0.00 Rs 0.0 0 0.0 0.0
Sign: 0.00 R¢ 0.0 0 0.0 0.0
R, 0.0 0 0.0 0.0
— MFT
1.0 4  Available agents fitting probabilities
2081 g
£06 3
204 1— B — — @
0.2 g
0.0- T T T T T T
R: Ry Rs Rs Ry R
Agent ID#
@ (b)

Figure 6.2 a) Detected target (door); and b) Specialized agents’ fitting probabilities and availability status (available

= green; withdrawn = red).

Table 6.5 Team members’ fitting probabilities to respond to two detected tasks (person and fire) during SAR in an
indoor workspace. (Two agents are assigned sequentially to each detected target.)

* is the most qualified agent/target

Target Agent Target-agent Availability Available Available
object ID# specialty matching 1:Available agents’ agents’ fitting
recognition probability 0:Withdrawn attendance probabilities MFT
confidence @ (94p) level (¥ urr) ()
level Binary encoding (Dace)
R, 0.00 1 0.0 0.00
Door: 0.00 R, 0.42 1 0.0 0.42*
Stairs: 0.00 Ry 0.49 1 0.0 0.49*
Person: 0.84 [ R, 0.0 1 0.0 0.00 0.4
Fire: 0.99 Rs 0.0 0 0.0 0.00
Sign: 0.00 R 0.0 0 0.0 0.00
R, 0.0 0 0.0 0.00
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Figure 6.3 a) Detected target objects: (left) person to be rescued, and (right) fire to be extinguished; and b) Specialized
agents’ fitting probabilities and availability status (available = green; withdrawn = red)

More results of the task allocation process are added in Table 6.6 which covers cases where target object
recognition offers variable confidence levels. These examples support the demonstration of the
performance of the proposed framework in more realistic operational conditions, where vision-based target
recognition does not perform perfectly.

Table 6.6 Sample images exhibiting target objects recognition with lower confidence levels among the
five classes considered and automatically assigned robotic agents for detected target(s) by the proposed
approach. MFT = 0.4,

. Recognized Target Assigned Agents
No. Inputégzgse\év#grsi?(gented Object Confidence Adent Fitting
g Level g Probability

Door 0.991 R, 0.49
Stairs 0.000
1 Person 0.000
Fire 0.000
Sign 0.000
Door 0.000

Stairs 0.965 Ry, Ry, R;, Ry 0.48
2 Person 0.000
Fire 0.000
Sign 0.000
Door 0.000
Stairs 0.000

Person 0.858 Ry 0.86

3 Fire 0.901 R, 0.90
Sign 0.000
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Door 0.000
Stairs 0.000
4 Person 0.987 Rs 0.99
Fire 0.000
Sign 0.788 R, 0.79
Door 0.000
Stairs 0.000
Person 0.985 Rs 0.98
5 R 0.97
. 0.968; 6
Fire 0.628 R; (not 0.31<MFT
assigned)
Sign 0.000
Door 0.847 R, 0.42
Stairs 0.978 R,, R3, Ry, 0.49
Person 0.000
6 Fire 0.000
Sign 0.000
Door 0.000
Stairs 0.000
Person 0.000
7 Fire 0.000
0.984; R, 0.9
Sign 0.940; Ry __ 047
0.657 No spemgllzed agent is available
for allocating to the third target
Door 0.654 Ry (not 0.33<MFT
' assigned) '
Stairs 0.970 Ry, R,, R;, R, 0.49
Person 0.000
8 Fire 0.000
R, 1
. 0.995; - - .
Sign 0991 No spec_lallzed agent is available
for allocating to the second target
Door 0.993 R, 0.49
Stairs 0.000
Person 0.000
9 Fire 0.000
Sign 0.733 R, 0.73
Door 0.000
Stairs 0.995 Ry, R,,R3, R, 0.5
10 Person 0.000
Fire 0.000
Sign 0.000
Door 0.000
Stairs 0.000
11 Person 0.000
Fire 0.987 Rg 0.99
Sign 0.843; R, _ 0.84
0.624 | R, (not assigned) 0.31<MFT
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Door 0.000
Stairs 0.000
12 Person 0.000
Fire 0.000
. 0.928, R, 0.93
Sign 0.824 R, 0.41
Door 0.000
Stairs 0.977 R{,R,,R3, R, 0.49
Person 0.000
13 Fire 0.000
Sign 0.000
Door 0.000
Stairs 0.000
14 Person 0.630 Rs 0.63
Fire 0.913; Re 0.91
0.879 R, 0.44
Sign 0.963 R, 0.96
Door 0.000
Stairs 0.000
Person 0.000
15 Fire 0.000 [ -
Sign 0.000

6.2.C2 Search-and-Rescue task allocation with multiple classes tasks

This test case demonstrates the behaviour of the extended approach that considers complex
tasks; the latter are characterized based on the detection of multiple classes and the qualified agents
are selected based on a prioritization process between the primary and secondary detected classes,
as detailed in section 4.4.5. A practical example of the importance of such prioritization in the
specialty of robotic agents in the context of indoor search-and-rescue application (SAR) is a task
of multiple classes {i.e., stairs, sign}. The agent R,, listed in Table 6.2, is qualified to climb stairs
and read signs. In this SAR context, the capability to climb stairs could be defined as a primary
capability, while reading signs could be considered a secondary capability. Such an initialization
would be justified in the context of the task allocation when all of the classes that characterize the
given task are detected simultaneously. Then, the agent would only make for a suitable allocation

to the given task provided that it can first overcome the stairs; otherwise, it would be of no use. As
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a result, R, is prevented from taking part in the intervention, and R, is assigned amongst four

agents that are all qualified to climb the stairs: R;, R,, R5, and R,.

In this case, a sample output of the target object detection stage, Figure 6.4a, shows that stairs
and a posted sign are detected within the same workspace. The extended approach, introduced in
section 4.4.5, processes this detection as one task of two classes. This case is tested when all team
members are available. Based on the individuals’ specialty encoding, as defined in Table 6.2, the
task allocation scheme, as defined by Eq. (4.18), evaluates that agents R,, R,, R3, R4, and R all
achieve fitting probabilities that exceed the MFT (here set at 0.4), as detailed in Figure 6.4b. On
the other hand, if the task allocation operation is to allocate the most qualified agent, then R, will
be selected based on the process of Eq. (4.20). However, while agent R, is specialized to read the
sign, it does not possess the capability to climb the stairs. Therefore, agent R, would fail to reach
the detected sign since it is located beyond the stairs. For complex tasks, the system must deal with
simultaneous detected objects (e.g. stairs and sign) and prevent the allocation of less qualified
agents, such as agent R- in this situation, which would fail at their mission. In this case, the system
must respond with a higher level of reasoning without increasing the human supervisor’s cognitive
load. A solution to such a scenario requires the task allocation scheme to consider another criterion
to ensure that higher task allocation priority is given to specific agents among the available
specialized individuals, while suspending others. To address this problem and increase the
system’s reasoning capability, the task allocation priority is addressed based on a recoding of the
agents’ primary capabilities, as indicated in Table 6.7, by leveraging a received input from the
system’s visual sensors and using the primary encoder defined in Eq. (4.21). This automated

process is detailed in section 4.4.5 and Figure 4.3. Figure 6.4c shows how the system assigns
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agents R, R,, R3, and R, to respond to the detected targets using Eq. 4.25. In this case, agent R,
is suspended because it does not possess the primary capability, which is climbing stairs, as defined

in Table 6.2. Detailed results of this case are presented in Table 6.8.

Table 6.7 Categorization of targets’ constraints associated with corresponding primary encoder entities

Target object Class B/, (competency priority category)
Door C, dp, (secondary)
Stairs C, (792 (primary)
Person Cs dp, (secondary)
F_ire C, o, (secondary)
Sign Cs q, . (secondary)

These results demonstrate that extending the proposed task allocator by considering the
allocation priorities (discussed in section 4.4.5) for the complex tasks that are characterized based
on the detection of multiple classes resulted in a higher reasoning capability and a more selective
task allocation scheme to tackle complicated intervention scenarios which may have resulted in
mission failure if these priorities were not considered. Task allocation prioritization ensures a safe
task allocation operation in the scenarios of the complex tasks which allow only the robots that are
fully equipped with the required functionalities to tackle more sensitive situations. In addition, it

prevents other agents from engaging in operations that may otherwise result in a failed mission.

Table 6.8 Team members’ fitting probabilities to respond to two detected tasks (stairs and sign) during SAR in an indoor
workspace with/without considering the task allocation prioritization.
* is the most qualified agent

Target Target-agent Availability Available Available Available
object specialty 1:Available agents’ agents’fitting  agents’ fitting
recognition | Agent matching 0:Withdrawn attendance probabilities probabilities  MFT
confidence ID# probability (94v) level (¥ urr) (h,) m
level Q) (Date)
Binary encoding
R, 0.44 1 0.0 0.44 0.44
Door: 0.00 R, 0.44 1 0.0 0.44 0.44
Stairs: 0.88 R4 0.44 1 0.0 0.44 0.44
Person: 0.00 R, 0.90 1 0.0 0.90 0.90* 0.4
Fire: 0.00 R: 0.0 1 0.0 0.0 0.00
Sign: 0.93 R 0.0 1 0.0 0.0 0.00
R, 0.93 1 0.0 0.93* 0.00
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Figure 6.4 a) Detected target’s objects: (front) stairs, and (back right) sign; b) Specialized agents’ fitting
probabilities and availability status; and c) Specialty fitting probabilities of the agents that have active assignment
priority w.r.t. the detected task, while considering the agents’ ability to climb stairs is a primary capability

6.3 Implementation for Experimental Validation on Real Robots

To know whether the test set derived from the simulation trials can be transferred to real-world
systems, a series of real-world experiments are conducted on physical robotic platforms. These
robots represent the real behaviour of the robotic system under testing. In addition, realistic data
is fed from a real sensor to the target object recognition stage, which represents the input of the

proposed framework. The results of what is actually measured from the real-world experiments
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validate the viability of the proposed framework for its desired applications. In this section, the
physical implementation used to conduct the validation experiments is described.
6.3.1 System Description

For these experiments, a multi-agent robotic system is implemented using two different
physical platforms: one TurtleBot3 Burger and one TurtleBot3 Waffle Pi [135], as shown in Figure
6.5. With the purpose of performing this test case in consideration of the robotic agents’
availability, the proposed framework is tested in this section by involving a third virtual robotic
agent, called Milkshake, that is assumed to be unavailable or “withdrawn.” Each one of the two
real robotic agents has a differential drive base formed with a pair of Dynamixel servo motors.
The Burger model has two wheels of 66 mm in diameter and 160 mm of (rear axle) distance
between them, while the wheels of the Waffle Pi are the same diameter but with a rear axle length
of 287 mm. The two robotic platforms are equipped with an OpenCR controller and a Raspberry
Pi microcomputer, and they carry an odometer sensor. The developmental environment for

OpenCR is Arduino IDE, and the Raspberry Pi is operated by the Raspbian operating system.

The area of the operational workspace is approximately 4.80 m x 2.11 m, as illustrated in
Figure 6.6. The experimental system uses a central processing unit (CPU) on a laptop configured
[136] with the Linux (Ubuntu) operation system which runs a ROS navigation stack to provide
communication between the system components via a shared Wi-Fi network podcast by a smart
device. The required communications, robots’ localization, and path-planning capabilities are

mastered by ROS [137].
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Figure 6.6 Operational workspace to conduct experiments with real robots
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The target considered here corresponds to a colored cylindrical shape positioned at known
coordinates in the 2D workspace. The experiments are conducted for different scenarios
considering different targets that consist of a combination of two vertically neighbouring color
features with the following distinct color combinations: red-green, red-blue, and green-blue. Each
color combination represents a target type associated with one robotic agent that is to be the most
qualified agent to deal with it, whereas the other robotic agents can present different levels of
qualifications to respond to the same target. Many test cases are conducted considering different
recognition confidence levels of the target’s features. Based on the nature of the target used in
these experiments, which is a combination of two color features, tasks of multiple classes are
considered. The corresponding specialization vectors, S;, of the robots are formulated in the

original binary form and defined in Table 6.9.

Table 6.9 Formulation of robotic agents’ specialization for experiments with real robots
Agent’s specialized functionalities

Agent name 1 = Possesses functionality; 0 = Does not possess functionality
Specialty vector Red feature Blue feature Green feature
Burger S1 1 0 1
Waffle Pi S, 1 1 0
Milkshake S3 0 1 1

6.3.2 Color Camera

Adding cameras to robotic systems could help the robots to better recognize their surroundings.
In these experiments, a color sensor is used to detect the color features of the target object. This
sensor is equipped with a See3CAM_130 USB 3.1 camera, from E-con systems [138], which has
an accurate color response and resolution. Table 6.10 shows the SeeCAM_130 USB 3.1 camera’s

specifications:
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Table 6.10 See3CAM_130 USB 3.1 camera specifications

Size (LxW): 80mm x 15mm
Image resolution 4224 x 3156
Horizontal field of view 60.2°

The camera offers an auto white balance and autofocus which provide consistent detection
results. To ensure usable response in these experiments, the camera operating resolution is set at
1920 x 1080 with a frame rate of 30 Hz. The recognition stage of the proposed framework
develops a solution to leverage the detection results of color features in hue range, based on Hue-
Saturation-Value (HSV) color space representation, which can be detected by the color camera. If
a saturated color-coded target is properly lighted, the color features can be detected individually
by their hues. The color hues that are acquired from the camera are in the RGB space, then
OpenCV is used to convert it to HSV space, whereas OpenCV uses the range [0, 179]. Figure 6.7
depicts a color bar of fully lighted and saturated colors plotted by hue in the range of [0, 179].
Based on the noise consideration in the camera, the target is coded with two colors that are
distinctive from each other with apparent hue range. In these experiments, the colors red, green,

and blue are adopted to encode and detect the target [139].

Figure 6.7 A Hue-Saturation-Value color bar

As a result of the presence of noise in the camera model it cannot autofocus at the exact value
of the color hue and usually it returns uncertain detection results in a hue range. Based on the
observation from the experiments each color can be detected within a range of +5 around its hue
value. To leverage these uncertain detection results provided by the color camera, the following

formula is derived to compute the confidence level on the color features detection:

204



10—[actual hue—|detected huel|]
10

Confidence level of the detected color feature = (6.2)

The actual hue values are indicated in Figure 6.7 and the color camera provides the detected
values. In order to support integration with the task allocation stage, the output of the object

detection stage is formulated as follows:
—~ T
P =[P, P, P,] (6.3)

where Ci: k = 1:3 denote the classes of the used color features that are red, blue, and green
respectively. P, ~Pc5 is the recognition confidence level on a target object feature associated with

each class.
6.3.3 Experimental Setup

A central decision-making unit, corresponding to the proposed automatic task selection unit
(ATSU), is implemented on the laptop CPU as a high-level master node which is responsible for
facilitating interaction between other nodes and the decision-making process for agents’
assignments to the detected tasks. The ATSU runs the proposed probabilistic task allocation
approach (discussed in Chapter 4) and evaluates the probabilistic fitting levels of the individual
agents in accordance with detected target objects in the environment. The proposed approach is
implemented in this central unit considering the agents’ binary specialization encoding that is
introduced in section 4.4.1.A. The agents’ availability is also considered along with their specialty
matching probability. The agents’ attendance is deactivated in these experiments, given that the
experiments are performed in an indoor lab environment over a limited operational workspace
area of approximately 4.80 x 2.11 m as indicated in Figure 6.6. In addition, the deactivation of
the agents attendance places a full weight of computing the overall task allocation probability on

the agents’ specialty-based qualification, @, which dedicates the experiments to test the system
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response to the task allocation operation based on the core component of the proposed task
allocation framework that is the match between the agents’ specialized capabilities and the task’s
specific constraints. Next, the results are turned into individual agents’ task allocation probabilities

and assignment commands.

The ATSU communicates with the two robotic agents’ low-level local sensors and actuators.
The Raspberry Pi is a microcomputer board installed on each robotic platform. The Raspberry Pi
has a wired connection with the OpenCR and a wireless connection with the central controller.
The Raspberry Pi is responsible for exchanging information and commands between the robotic
agent’s local controller, the OpenCR, and the central controller unit, the ATSU. The OpenCR is
an agent’s local microcontroller board responsible for executing the commands sent by the central
controller via the Raspberry Pi on Dynamixel servo motors. The OpenCR also collects the pose
information from the odometer sensor. The battery of the robot is directly connected to this board
as it serves as a bridge between the power source and the motors. The OpenCR microcontroller is

programmed in Arduino IDE.

The color camera is used to detect color-coded target objects. Then, the confidence levels of
target object detection, Eq. (6.2), are collected and fed offline to the central control unit. The latter
processes the collected data and sends control commands back to enable the dynamic controllers
of the individual robotic agents. Each agent controller receives the task allocation commands from
the central control unit, whereas the central control unit (ATSU) determines the qualified agents
and allocates each task accordingly. The dynamic controllers of the individual robots are designed
to receive the task allocation control commands from the central unit (ATSU), located in the

central CPU, and respond locally to control the angular and linear velocities of the robotic agents
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for the purpose of leading the robotic agents towards the target task. These local controllers drive
the operation of the automated mission of the robotic team over the three task allocation states that
are discussed in section 3.5.2.C. Considering the dynamics of the agents at hand, the control design
in the level of the agent’s local controller is slightly different than the detailed control design that
is introduced in section 3.3. In the real robots we used here, the robots’ movements are controlled
by adjusting the angular and linear velocity of the differential driver of the robotic agent, which
consists of two DC motors, based on online position information collected by odometer sensors
embedded on the physical robots. That is slightly different than the dynamics control of the ideal
rigid body dynamics that we used for the simulations trials which control the movements of virtual
robotics by controlling the movements of their position points along an ideally-generated path. In
general, to achieve the concepts of the formation control design that have been introduced in
section 3.3, the dynamic controllers of the real robotic agents are designed to mimic the same
behaviour. While searching for a target, the individual robotic agents follow a predefined path and
keep a specific distance between them to avoid collisions. Then, upon the task detection, the team
switches to task state and selects the most qualified robotic agent to respond to the detected task.
After that, the selected agent is assigned to move towards the position of the detected task. Finally,
the assigned agent stops at the zone of influence in front of the target position with the purpose of

excusing the current task. The practical description of this process is detailed in section 6.4.

6.3.4 Software Design
The central control unit and each robotic agent run pieces of software implemented using the
ROS framework. The schematic diagram of the software configuration, depicted in Figure 6.8,

details the interaction and communication links between the implemented nodes.
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Each robot has a Kinetic Kame version of ROS installed on its Raspberry Pi. The robotic agents
are connected to a CPU (Dell laptop) running Ubuntu 16.04 with ROS Kinetic Kame version
installed on it as well. The entire system’s components are connected through a local Wi-Fi
network. The ROS network uses the laptop as a master node whereas both of the robotic agents’
nodes are connected as clients. Communication between the central control unit and the robots is

created over a local Wi-Fi hotspot that is established on a smartphone [137].

Master node

CPU (Ubuntu)
ROS

Waffle Pi robot Burger robot

Raspber_ry Pi Wi-Fi Raspberry Pi
Raspbian — Wireless Raspbian
ROS ROS

Network

OpenCR
Arduino IDE

OpenCR
Arduino IDE
=

%};naml'z(el Dynamixel
ometer Odometer

Figure 6.8 Software configuration for the system control network

6.3.5 ROS Network Description

ROS provides powerful conventions to create complex robotic software for robotic platforms.
ROS network is composed of coupled components that are called nodes, topics, and messages.
Figure 6.9 shows the architecture of the ROS network which has been designed and implemented
to validate the proposed framework. The implementation of the ROS network was achieved in
cooperation with an internship undergraduate student in SMART group. Each ROS node, outlined
in red, is a ROS component that can perform a computation process. The ROS nodes in this case

are written with Python using rospy, which is a ROS client library.
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ROS topics, outlined in black, serve as message buses. These buses allow the nodes to send and
receive messages routed through the ROS network via publishers and subscribers. In this network,
the tf special topic is used to receive different information from other publisher nodes saved under

two different names. In this case, tf topic is used to collect information from the odometers of the

two robots.

ATSU

Itf /cmd_vel _burger

/emd_vel_waffle_pi

4
A

A 4

Iturtlebot3_waffle_pi_core /turtlebot3_burger_core

Figure 6.9 Architecture of the implemented ROS network

In this experimental implementation, the algorithms on the central node, that is the ATSU, are
implemented by the author and programmed using Python. The robotic agents’ nodes
turtlebot3_burger_core and turtlebot3_waffle pi_core are developed by a colleague in SMART
group and programmed in Arduino IDE. The topics cmd_vel _waffle_pi and cmd_vel _burger are
responsible for transferring the information on the angular and linear velocities of the robots from

the ATSU to the robots using a twist type of message. Finally, ROS messages, filled in blue, are
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simply a data structure. Standard primitive types of ROS messages are integer, floating point,

Boolean, etc. ROS messages are supported as arrays of primitive types.

The software package which has been developed to handle the functions of this central unit is

documented in a technical report [137].

6.4 Experimental Results with Real Robots

The physical experiments are conducted to illustrate the real robots’ response to the matched
tasks using the proposed probabilistic specialty-based task allocation approach. Considering a
fully automated process, the robotic platforms are centrally commanded and locally controlled to
follow a pre-defined path in the searching state, or to respond to and reach the detected targets in
the execution state. Figure 6.10 shows that a predefined path (green-dotted arrow) is initialized
between two predefined positions: the initial position of Waffle Pi robotic agent, and the border
of the task zone (red-dotted line). The odometers of this robot feed the current position
information. The latter is used to control the angular and linear velocities of this robot along this
path until the robot arrives at the second point, that is the border point of the task zone. However,
the second robotic agent, Burger robot, follows the Waffle Pi robot in parallel and keeps a
preserved distance between them (purple-dotted double arrow) with the purpose of avoiding
collision with the Waffle Pi. To achieve this condition the Burger robot copies the online linear
and angular velocities of the Waffle Pi robot. The task allocation scheme is configured in this
system such that the target has to be detected when the robots reach the task zone (red-dotted line).
Therefore, due to the arrival of the two robots at the border of the task zone, the robots are stopped
and the central control unit processes the stored confidence levels, Eq. (6.3), on the recognition of

color features imaged by a camera which is placed beside the robots in the workspace. Task
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allocation commands are sent to the qualified agent to respond to the detected task. After that, a
new path is initialized between the current position of the selected agent and the position of the
target (blue-dotted arrows). The selected agent is assigned and moves towards the target position.
The movement of the selected robot in the task zone is independent from the other robotic agent.
This robot navigates the new path towards the target position whereas its dynamical controller
uses the current position data that are fed by its odometers and leads it towards the target position.
However, the second robot stays behind the border point of the task zone. Due to the arrival of the
assigned robot to the execution zone (red circle around the target), the robot stops in front of the

target in preparation for executing the task.

In the first test case, shown in Figure 6.11, the multi-agent system consists of two available
agents: a Burger and a Waffle Pi, and a virtual “withdrawn” agent, called Milkshake. For clarity,
the available robotic agents are marked with a colored indicator on the top of each robot. The
Burger agent, on the right, carries a red/green tag, which means that this agent is qualified to be
assigned to target objects that have green and red features. Similarly, the Waffle Pi agent, on the
left, is specialized to deal with target objects that have red and blue features. The corresponding
specialization vectors, S;, of the robots are defined in Table 6.9 above. Upon initialization, the
team navigates the workspace and searches for targets. Figure 6.11 also shows the team mission
at different points from start to task completion. As well, this figure shows a target with red and
green features which is supposed to be assigned to the Burger robot based on the agents’

specialization encoding indicated in Table 6.9.
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In the experiments with real robots, the proposed specialty-based task allocation approach is
tested using Eqgs. (4.18) and (4.20) by considering p = 1 in Eq. (4.16). p = 1 means that the
proposed task allocation scheme computes the agents’ task allocation probabilities based on the
match between the available specialized agents and the detected features of the given target while
neglecting the impact of the agents’ attendance. The attendance is neglected since the workspace
is of limited size and distance between agents and the target object does not have a significant
impact. Table 6.11 presents the complete results for this task allocation process, including the
individual agents’ availability status, the task-agent matching probabilities of the available agents

with to the detected target, and the selected MFT.
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(b) t = 7 sec.: Searching and approaching target.

(c) t = 15 sec.: Searching and approaching target.

(d) t = 21 sec.: Task zone border reached, assigning the most qualified agent.

(e) t = 26 sec.: Assigned agent approaching the target.

(f) t = 32 sec.: Assigned agent executing the task.

Figure 6.11 Multiple specialized agents navigate the workspace, search for the target, reach it, and perform the task
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Table 6.11 Available agents’ fitting probabilities with respect to a target with red and green colors

Target Target-agent Availability Available Available
features’ Agent specialty matching 1:Available agents’ qualified MFT
recognition name probability 0:Withdrawn attendance  agents’ fitting @)
confidence (@ (Y40) level probabilities
level Binary encoding (Face) (Y mrr)
Red: 0.70 Burger 0.75 1 0.00 0.75*
Blue: 0.00 Waffle Pi 0.35 1 0.00 0.00 0.3
Green: 0.80 | Milkshake 0.40 0 0.00 0.00

Alternatively, in the second test case shown in Figure 6.12, the task allocation system assigns

the Waffle Pi robot to a target with red and blue color features detected in the workspace, where

each color feature also carries different confidence levels on their recognition. The full results are

shown in Table 6.12.

: RS = o o
Figure 6.12 The most specialized agent, Waff

blue features

Table 6.12 Available agents’ fitting probabilities with respect to a target with red and blue colors

Target Target-agent Availability Available Available
features’ Agent specialty matching 1:Available agents’ qualified MFT
recognition name probability 0:Withdrawn attendance  agents’ fitting @)
confidence (@ (Y4p) level probabilities
level Binary encoding (Daee) (Y mrr)
Red: 0.70 Burger 0.35 1 0.00 0.00
Blue: 0.90 Waffle Pi 0.80 1 0.00 0.80* 0.3
Green: 0.00 | Milkshake 0.45 0 0.00 0.00
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Third, a test scenario is considered where the system detects a target object but the most
specialized agent is not available. Figure 6.13 shows that a target with blue/green features is
detected. Based on the team members’ specialization encoding, defined in Table 6.9, the most
specialized agent in this test case would be the Milkshake robot but it is not available. The
recognition confidence level of the target object results in fitting probabilities for the other agents
that are below the set MFT level, which is 0.7 in this case. The Burger and Waffle Pi robotic
agents’ fitting probabilities are 0.3 and 0.4 respectively, which are less than the new MFT. Insuch
a case, the task allocation solution does not assign any robotic agent to the detected target, as
shown in Figure 6.13. Then, the available agents stop at the transition line between the searching
and task zones (red-dotted line as indicated in Figure 6.10). Detailed results of this test case are

presented in Table 6.13.

NODES
pointop (omarproject/turtlebot3_pointop_key)

ROS_MASTER_URI=http://1810-ST-9Y56f72.local:11311

p p p-1]: started with pid
No robot is qualified to allocate the task

[INFO] [1573758828.732780]: shutdown program.
[pointop-1] process has finished cleanly
log file: /home/omar/.ros/log/7bff9d18-06fa-11ea-8738-f8cab832d6f7/pointop-1*.1lo
9
all processes on machine hale died, roslaunch will exit
shutting down processing monitor...
. shutting down processing monitor complete
done
omar@1810-ST-9Y56f72:~$ ]

Figure 6.13 The available agents cannot respond to the detected task due to lack of qualification
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Table 6.13 Available agents’ fitting probabilities with respect to a target with green and blue colors

Target Target-agent Availability Available Available

features’ Agent specialty matching 1:Available agents’ qualified MFT
recognition name probability 0:Withdrawn attendance  agents’ fitting @)
confidence (@ (Y40) level probabilities

level Binary encoding (Face) (Y mrr)

Red: 0.00 Burger 0.30 1 0.00 0.00

Blue: 0.80 Waffle Pi 0.40 1 0.00 0.00 0.7
Green: 0.60 | Milkshake 0.70 0 0.00 0.00

Finally, Figure 6.14 and Table 6.14 show a scenario where no robot is allocated to a detected
target when the recognition confidence level from the target object detection stage decreases in
proportion to the set MFT, which indicates a low confidence in the exact nature of the task detected
while imposing a given level of trust and security in the robotic intervention process. In this case,
the detection of the green and red features on the target remains doubtful, with only 50% of
confidence on the recognition of each. As a consequence, the available Burger agent, which is the
most specialized agent to respond to this target, is not assigned to it. The fitting probability being
influenced by the target recognition confidence level, as detailed in section 4.4, results in the fitting

probabilities not satisfying the MFT which is set to 0.7.

[INFO] [1573759275.606604]: shutdown program. I
[pointop-1] process has finished cleanly
log file: /home/omar/.ros/log/7bff9d18-06fa-11ea-8738-f8cab832d6f7/pointop-1*.1lo

all processes on machine have died, roslaunch will exit
B shutting down processing monitor...
. . shutting down processing monitor complete

done

omar@1810-ST-9Y56F72:~$ ]

Figure 6.14 No robotic agent responds to the detected task due to a low confidence in target recognition
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Table 6.14 Available agents’ fitting probabilities with respect to a target with red and green colors.

Target Target-agent Availability Available Available
features’ Agent specialty matching 1:Available agents’ qualified MFT
recognition name probability 0:Withdrawn attendance  agents’ fitting @)
confidence (@ (Y40) level probabilities
level Binary encoding (Face) (Y mrr)

Red: 0.50 Burger 0.50 1 0.00 0.00

Blue: 0.00 Waffle Pi 0.25 1 0.00 0.00 0.7
Green: 0.50 | Milkshake 0.25 0 0.00 0.00

In addition, it is obvious from the last two cases that when the human operator changes the
operational conditions of the task allocation process and increases the minimum level of MFT to

0.7, the result is a more selective task allocation operation.

The results from these real experiments show that the proposed specialty-based task allocation
approach applies and performs as expected in matching and assigning the specialized individual
members of a realistic robotic team to corresponding specific constrained tasks. The experimental
results verify the feasibility and usability of the proposed framework to the degree needed for

intended purpose or application.

6.5 Comparison Study

Many factors are considered in this study to design a specialty-based task allocation framework
to divide the labour amongst different individual agents with different levels of specialty with
respect to a given range of tasks. The purpose is to maximize the task execution efficiency based
on the match between individual agents’ specialized capabilities and the requirements that are
imposed by detected tasks. In addition, this framework automates the missions of robotic teams
that consist of specialized individuals and expands the range of the potential applications. The cost
function considered here is to maximize a task-agent specialty fitting probability based on

matching the detected classes on targets with the respective robotic agents’ specialized
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capabilities. In addition, a centralized control strategy is adopted to process the individual agents’
responses to the task allocation operation. The central unit is implemented to compute the task
allocation probabilities whereas the agents’ local controllers receive the task allocation commands
and respond locally to drive the individual agents to reach the detected tasks. Processing the task
allocation dynamics through a central unit alleviates the high cost of the individual local
processing units. The proposed specialty-based task-agent matching evaluation is computed in the
central control unit because it needs high performance processors which cannot be installed on the
individual agents. The agents only run their local decentralized dynamic controllers to control the
interactions of the agents with the detected targets and to ensure that the overall system can run a

robust task assignment process.

In this section, the essence of the proposed approach is compared with alternative task
allocation mechanisms proposed in the literature. In section 6.5.1, the performance of the proposed
probabilistic task allocation scheme is compared one-on-one with the same image input datasets
to a task allocator using machine learning with self-organizing contextual maps (SOCM) [140]. In
addition, a comparison study of the proposed specialty-based task allocation approach with some
state-of-the-art task alternative allocation techniques for multi-agent robotic systems coordination
IS presented in section 6.5.2 to highlight the main differences with the proposed approach as a new
framework for tasks allocation in multi robot systems. These comparisons contribute to better
position the solution elaborated in this thesis and emphasize its relevance to address several

limitations observed with techniques from the literature.
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6.5.1 Quantitative Comparison

In this section, the overall performance of the proposed approach to a SAR application is
discussed over a complete set of 140 test cases that used real images and simulated robotic agents.
A formal comparison is derived where the performance of the proposed probabilistic task
allocation scheme was compared one-on-one with the same image input datasets to a task allocator
using machine learning with self-organizing contextual maps (SOCM) [140] while considering the

same SAR scenarios and the same agents’ specialty definition from Table 6.2.

The 140 test cases described in section 6.2.1 were considered with a total of 7 available agents
and a binary definition of qualifications as defined in Table 6.2. Table 6.15 shows 20 sample
images among the 140 test cases with experimental results from the object recognition stage and
mask segmentation corresponding to each of the five classes of target objects defined in Table 6.1,
each with the related recognition confidence levels. Task allocation to the robotic agents (R to
R;) respectively with the proposed probabilistic task allocation approach and with the alternative
SOCM-based method are also reported to validate the relevance and accuracy of the task allocation

process.

The two approaches present different responses to the task allocation operation when a task (or
target object) is properly recognized. Of the 140 cases, the object recognition stage, which serves
as an input to the task allocation scheme, failed to recognize any object and resulted in no agent
allocation in 12 cases (8.6%), similar to case 20 in Table 6.15. Additionally, out of the 140 test
cases, 9 (6.4%) presented a misclassification error similar to case 11 in Table 6.15 where non-
existing stairs are detected in the scene due to floor tiling with varying colors that appear visually

similar to a staircase.
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Without considering the refinements proposed for task allocation prioritization introduced in
section 4.4.5, the original probabilistic approach was successful 100% of the time including the
situations where no objects were detected and the correct response was no allocation as
demonstrated in Table 6.15, case 20. This approach was also highly efficient computationally. It
took approximately 0.04 second to allocate agents to all 140 cases. This method brings no
computational bottleneck to the pipeline, considering that target object recognition running on
GPUs necessitated 0.22 second per image. Conversely, the comparative SOCM-based task
allocation approach was successful 87.2% of the time on the overall 140 test cases, including
situations where no objects were detected and the correct response was no allocation. This
approach takes approximately 0.08 second to allocate agents to all 140 cases, which is 50% slower

than the time response of the proposed probabilistic approach.

A key difference between the proposed probabilistic approach and the SOCM approach
becomes clear when multiple objects are recognized. For example, in Table 6.15, case 10, the
posted board is recognized as three separate signs by the task recognition stage, which indicates
three separate tasks. The probabilistic method assigns the available specialized agents, R, and R-,
whereas the SOCM method assigns three separate agents accordingly. However, only agents R,
and R, are specialized and capable of reading signs, according to Table 6.2. In the current
implementation, the SOCM assigns these two agents and identifies a third task that needs to be
performed. However, because the first two agents are already assigned to a task, the SOCM finds
R as the next available agent with the least number of additional specializations. The latter is then

appointed to the third task, even though it is not specialized for reading signs. Depending on the
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user’s expectation, this extra robot assignment can be considered a mismatch error in the SOCM

framework for the scenario considered. This accounted for a total of 8 cases (5.7%) out of the 140.

Moreover, unlike the probabilistic approach, the SOCM may consider the detected instances as
a single task. In cases 2 and 18 of Table 6.15, the SOCM only assigns one agent to the stairs task
even though multiple agents are capable of climbing stairs; this accounted for a total of 10 cases
(7.1%) out of the 140. In contrast, the proposed approach sees this task as a way to access the
workspace. That is, the proposed approach is flexible enough to allocate either the most specialized
agent or all the qualified agents that achieve the minimum desired MFT when they are available
to the detected tasks. As a result, the proposed probabilistic approach offers the advantage of
assigning all of the qualified agents that possess the capability to perform the detected task. This
allows a larger number of agents to pursue the mission and be prepared to face other constrained

tasks along their path.

Finally, when the number of detected tasks is less than or equal to the available qualified
specialized agents, with both approaches the order of selecting the best-suited agent to allocate to
a task is based on selecting the agent with the least number of additional features. An example of
this is in case 3 of Table 6.15 where a person is detected. Both Rs and R, are specialized to assist
people, but Rs will be assigned first because it has the least number of other specializations (i.e.
none from Table 6.2) compared to R, (also qualified to climb stairs). This is meant to conserve

the agent with more specializations for future tasks.
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Table 6.15 Sample images containing recognized targets among five classes considered and automatically assigned to
robotic agents with the proposed approach and alternative SOCM-based method

No. Input image with Recognized target Assigned agents with | Assigned agents with
detected target(s) object(s) confidence level proposed method SOCM method
Door 0.997
Stairs 0.000
1 Person | 0.000 R, R4
Fire 0.000
Sign 0.000
Door 0.000 R
Stairs | 0.965 1
Rz R4
2 Person | 0.000
Fire | 0.000 R;
Sign | 0.000 R4
Door 0.000
Stairs 0.000
3 Person | 0.995 Rs Rs
Fire 0.000
Sign 0.000
Door 0.000
Stairs 0.000
4 Person | 0.000 R, R,
Fire 0.000
Sign 0.987
Door 0.000
Stairs 0.000
5 Person | 0.000 Rg Rg
Fire 0.971
Sign 0.000
Door 0.000
Stairs 0.000
6 Person | 0.858 Rs Rs
Fire | 0.901 Re Re
Sign 0.000
Door 0.000
Stairs 0.000
7 Person | 0.987 Rs Rs
Fire | 0.000 Ry Ry
Sign 0.788
Door 0.000
Stairs | 0.000 Re gS
8 Person | 0.985 R 6
Fire | 0.968; 0.628 R3
Sign 0.000
Door 0.847 R,
Stairs 0.978 R, R,
9 Person | 0.000 R; Rs
Fire 0.000 R,
Sign 0.000
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Door 0.000
Stairs | 0.000
10 Person | 0.000 37 1;7
Fire 0.000 4 R“
Sign 0.984; 0.940; 5
0.657
Door | 0.654 R, R
Stairs | 0.970 R, R7
11 Person | 0.000 R R4
Fire 0.000 R, R1
Sign 1.000; 0.998 R, 2
Door 0.981
Stairs | 0.000
12 Person | 0.989 gl 25
Fire 0.000 5 1
Sign 0.000
Door 0.000
Stairs | 0.000
13 Person | 0.998 ;5 35
Fire 0.665 6 6
Sign 0.000
Door 0.997
Stairs | 0.000 R4 R4
14 Person | 0.000 R, R,
Fire 0.000
Sign 0.733
Door | 0.000 R,
Stairs | 0.889 R, R,
15 Person | 0.000 R3 Ry
Fire 0.000 Ry
Sign 0.936 R,
Door 0.000
Stairs | 0.000 R Re
i 6 R
16 Person | 0.000 R, R7
{ Fire 0.987 4
Sign 0.843; 0.624
Door 0.000
Stairs | 0.000 R, R,
17 Person | 0.000 Ry Ry
Fire 0.000
Sign 0.928; 0.824
Door | 0.000 R4
18 Stairs | 0.977 R, Ry
Person | 0.000 R;
Fire 0.000 R,
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Sign 0.000
Door 0.000
Stairs | 0.000 Rs R,
19 Person | 0.630 R Rg
Fire 0.913 R; R3
0.879 R, Rs
Sign 0.963
Door 0.000
Stairs | 0.000
20 Person | 0.000 |  eee— |
Fire 0.000
Sign 0.000

6.5.2 Framework Comparisons
In this section, the attributes of the proposed framework as a new general task allocation
approach for multi-robot systems are compared with some state-of-the-art task alternative

allocation techniques for multi-agent robotic systems.

A. Interface Delay Task Allocation (IDTA)

The task allocation approach presented in [141] partitions the foraging task into simpler
subtasks called harvesting and storing subtasks. These two subtasks are sequentially inter-
dependent, which means that the execution of one sub-task is conditioned by the execution of the
other one. As a result, an item is transported from a source position to a task interface area by a
harvesting agent. Next, the harvesting agent waits for an available agent that is involved in the
storing subtask to deliver the item to that agent, which will then pass it to the nest area. Similarly,
a storing agent waits at the task interface border for an available agent that is engaged in the
harvesting subtask to pick up the item. This task allocation technique is introduced based on a

waiting time that is measured by the agents at the task’s interface. It enables a swarm of service
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robots to dynamically partition the agents into two specialized groups. The individual agents work
autonomously and divide the labour amongst them similar to the proposed approach in this thesis.
However, this task allocation scheme does not require the agents to communicate, whereas each
individual agent switches between the harvesting and storing subtasks using the locally measured
information about the time that the robot must wait to transfer the item at the task interface. The
interface delay task allocation method might be an efficient method to enable the robotic agents to
move between two subtasks; however, it does not offer an efficient approach for a swarm that has
a wide variety of functionalities involved in allocating tasks with different requirements that
demand specific agents’ functionalities. It also imposes the existence of a formal interface between
the agents where their role is transformed, a constraint that the proposed specialty-based task
allocation scheme does not bring into the formulation, therefore providing superior flexibility into

the definition of tasks and the freedom of movement for every agent.

B. Multiple Travelling Salesman Assignment (MTSA)

This task allocation approach selects the next navigational goal using the famous Travelling
Salesman Problem (TSP) distance cost [142]. The distance cost is defined as the travelled distance
on the shortest path that connects the robot position with the candidate goals. This task allocation
mechanism is developed for a single robot exploration that navigates many goal points and from
which the exploration mission can cover all frontier cells. This task allocation approach is optimal
for a single robot mission to perform exploration tasks; however, the problem of computing the
optimal distance between the robot’s position and a set of goals only considers the shortest
travelling distance. In comparison, the proposed specialty-based task allocation method deals with
an indefinite number of agents; it optimizes the selection of agents beyond just the travelling

distance; and it easily adapts to a wide range of robot’s specialization considerations according to
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the nature of the tasks to be performed. The travelling distance is only considered in the proposed
approach to boost the robots’ specialty fitting probabilities and to increase the chance of assigning
the closer agents with higher fitting probabilities to optimize the system’s time responses for wide

workspace applications.

Table 6.16 summarizes the main differences between the task allocation approach proposed in

this thesis and three alternative methods in the context of multi-agent robotic teams.

Table 6.16 Comparison of the proposed approach to three state-of-the-art task allocation approaches

Task Utility function Constraints Location Control Strategy Applications
Allocation Task Agent Agent’s | Target’s Centralized | De-Centralized
Approach location | location
Specialty- | - Target-agent Target Agent’s - Firefighting
based specialty-based characteristics | specialized - Search-and-
probability / specific capabilities Vv v N rescue
(proposed) | Target-agent features (task - Service robotics
distance requirements) - Military/security
- Agents’ - Parcel delivery
availability - Public
- Agents transportation
attendance - Space
- Agents primary
capability
IDTA Agents’ waiting Target Agents’ - Service robotics
[141] times at the task location arrival v N
interface times at the
task
position
MTSA Distance Minimal length of the N Target N - Exploration
[142] travelled trajectory cell tasks
SOCM - Euclidean Target Agent’s - Search-and-
[140] distance between characteristics | specialized rescue
the specialty of / specific capabilities Vv N N
the robot (input of features
the network) and
the unit in the
output layer of the
network
- Agent’s
availability
6.6 Summary

The work presented in this chapter illustrates different applications of the proposed specialty-
based task allocation scheme and details a variety of experimental results conducted in simulation

as well as on real robotic platforms. The experiments considered for the first application in indoor
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search-and-rescue scenarios (SAR) validate the effectiveness of the proposed approach to assign
the individual members of a team of specialized robotic agents to corresponding SAR tasks
imposing different requirements. The efficiency of the proposed approach is also formally

compared to a machine learning-based task allocation approach addressing the exact same tasks.

A real-world implementation of the solution is also demonstrated on a number of physical
mobile robots as a centralized task allocator. Various test cases considered also validate the

feasibility of the proposed approach to desirable real-life applications.

Finally, a comparison study of the proposed specialty-based task allocation approach with some
state-of-the-art task alternative allocation techniques for multi-agent robotic systems coordination
highlighted the main differences with the proposed approach. This comparison contributes to
better position the solution elaborated in this thesis and emphasizes its relevance to address several
limitations observed with techniques from the literature, especially in terms of the flexibility to

adapt to operational contexts and constraints.
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Chapter 7 Conclusion

7.1 Summary

Following an extensive study of previous and related works focusing on topics such as swarm
formation, coordination strategies, homogeneous and heterogeneous multi-agent systems, research
gaps are identified in Chapter 2. In order to take advantage of cooperation among non-
homogeneous agents that possess specialized functionalities attributed to swarm individuals, a
rigorous mechanism is designed for task-agent specialty-based assignments to achieve an efficient

specialization framework among a cooperative robotic swarm.

The first phase of the research work, reported in Chapter 3, addresses the design problems of
task-agent specialty-based assignment at the agent’s control level, such as a swarm’s formation
control and navigation. A task-agent specialization-based matching approach is introduced in two
progressive stages. The first stage of the design addresses the idea of each individual’s
specialization as a cooperative control problem on the basis of switching the swarm’s formation
to a new group formation in response to a detected task. The proposed system assigns the leading
role to a specific agent based solely on the position of the formation over its workspace. For the
purpose of system validation, a dynamical model of non-holonomic mobile robot is considered
whereas a kinematic and torque controller is used to control the path following and group
formation in simulated scenarios. Collision avoidance is also addressed using repulsive potential
forces to prevent the agents from colliding during formation transition. In the second stage of this
phase of research, task recognition based on perceivable characteristics on a target object is

considered. An agent’s specialty definition and a task allocation approach are rigorously
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formulated in an algorithmic manner to evolve the definition of agent specialization in alignment
with target recognition. Detailed results of this phase of development, evaluated through

MATLAB simulations, are presented in Chapter 3.

The following step, detailed in Chapter 4, expands the initial design and implementation of the
specialty-based task allocation framework to two coupled spaces: a control space and a
specialization space. Next, the task-agent matching and allocation approach is derived in the
specialization space. This approach represents the core contribution of this thesis. A representation
for specializing individual members of a robotic swarm is introduced. The agents’ specializations
are defined in two forms: a general binary form which is used as the basis of the probabilistic
specialty-based task allocation approach, and a modulated form of the agents’ specialization which
supports different levels of sophistication in the agents’ mechanical construction or embedded
resources. The specialized capabilities of individual agents are modelled and matched to the
corresponding features recognized on target objects with a quantified fitting level. The confidence
levels on the recognized features on a target object (corresponding to a specific task) are combined
to drive the agent-task specialty matching scheme. This scheme computes an agent-task specialty
fitting score encoded in the form of probabilities. The framework is also extended to coordinate
the specialized individuals with the corresponding tasks by considering the agents’ availability
and attendance level along with their specialty fitting probabilities. In addition, the framework
supports strategic guidance from a human operator to orient the task assignment process with
situational awareness. The process is designed to keep human’s cognitive load low while adjusting
the system’s operational conditions at a high level of coordination only to result in safer and more

selective task allocation operation. The proposed approach is also extended to tackle tasks with
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multiple classes. Agents’ assignment priorities are addressed at the task allocation stage, with
priority being attributed to selected agents among the swarm based on the agents’ primary
capabilities and the nature of the detected tasks. This process results in safe task allocation

operations and ensures higher coherence in the task-agent specialty fitting.

In Chapter 5, a simulator is implemented to investigate and validate the efficiency of the
proposed framework introduced in Chapter 4. Simulation results demonstrate that the proposed
approach is successful at properly assigning specialized agents to corresponding tasks that require
a specific level of robots’ specialty-based suitability, such as specific mechanical or
instrumentation characteristics from autonomous robots. Simulation results also demonstrate that
the proposed framework is sufficiently reliable to deal with various confidence levels on the target
object detection as well as to assign alternative robotic agents, when necessary, to accomplish the
team’s mission goals. In addition, simulations show that the proposed framework operates at a
high level of flexibility to lead multi-robot specialized teams to tackle tasks over different scales

of workspaces.

In Chapter 6, the proposed approach is further studied in relation to various potential application
areas such as search-and-rescue (SAR). The experimental results support a realistic evaluation of
the overall performance of the proposed framework based on real target object detection results as
well as demonstrating the viability of the proposed specialty-based task allocation approach for
such real applications under various levels of constraints and complexity levels. The proposed
framework is revealed to be an efficient task allocator for individual specialized members of a
team of robots. The feasibility and effectiveness of the proposed approach is further demonstrated

by transferring the simulated system to a limited scale implementation on physical robotic agents.
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The latter experiments confirm the potential to transpose the main concepts developed in this thesis
to real robotic systems. This forms a first demonstration of the impact that the proposed technology
may have on future generations of autonomous unmanned robotic systems. Finally, a formal
comparative study is presented that positions the proposed specialty-based task allocation
framework with respect to alternative task allocation approaches from the literature, as well as
methods studied in margin of this research. The comparison emphasizes the main differences
between the approaches and highlights the potential applications. Most importantly, it highlights
the generality of the original framework that places a unique emphasis on the specific physical,
mechanical, or computational functionalities embedded in robotic agents that form a cooperative

swarm.

7.2 Original Contributions

The main original contributions of this thesis are twofold:

Primary Contributions:
1. The design of an elegant and practical formulation of the concept of specialization at the level
of functionalities among individual members of a robotic swarm. The formal consideration of
robots’ specializations is formulated using two explicit specialization encoding schemes:
A. A binary form, which represents generic definitions of the agents’ specialized
capabilities as the basis of the specialty-based task allocator;
B. A modulated form of the agents’ specialization to represent different skill levels in the
agents’ specialized capabilities based on their mechanical, physical or computational
structure. Inspired by how human beings are more or less talented in different domains or

activities, this refinement provides additional flexibility and sophistication to the
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speciality-based task allocator to select amongst the specialized individuals based on

different levels of agents’ suitability with respect to the detected task.
2. The design and implementation of an original probabilistic task-agent matching mechanism
working from a confidence level on task’s characteristics recognition with the objective to
optimally fit the most competent, available and attending robotic agent, or agents, to a
recognized corresponding task.
Secondary Contributions:
3. The extension of the original framework to tackle tasks belonging to multiple classes and the
implementation of an assignment prioritization scheme to automatically prioritize the agents
that possess primary capabilities that reveal essential with respect to the detected task.
4. The theoretical development of a task features’ recognition stage that leverages output of the
systems sensing layer and provides an input to the specialty-based task allocation scheme.
5. The design and implementation of the specialty-based task allocation framework as a
formation transition strategy for a group of robots that involves specialized agents with different
specialized capabilities. This strategy extends the concept of cooperative formation in multi-
robot systems to a rigorous process in the context of specialty-based task allocation responses
of individual robots.
6. The integration of a supporting task recognition sensing and data processing stage with
uncertainty handling to formally adapt the specialty-based task allocation framework to various
real-life applications as well as to permit extended experimental validation of the proposed

concepts both in simulation and on physical robotic systems.

232



The outcomes of this research present an innovative formalism for task allocation in the context
of a cooperative swarm of robots. Unlike previous work that considered heterogeneity among
robotic agents mainly from their physical construction, here a specific definition of specialization
is introduced which leverages the embedded hardware and software characteristics of each agent.
As a result, an advanced form of specialized labour division emerges which divides the workload
among the individual members of the swarm based on best matching of the tasks’ specific
requirements to the robots’ capabilities. This form of task allocation can reduce equipment cost
and increase the net efficiency of the swarm. In addition, the proposed probabilistic fitting scheme
leverages modern deep learning object recognition approaches for autonomous target detection in
the working environment, and consequently computes a task-agent specialty probabilistic fitting
score which supports optimal task allocation and increases the specificity of task execution in a

broad range of application scenarios.

The research outcomes of this thesis have led to a number of publications. The contents of
Chapter 3 are documented in [128], [129], [130]. The original methodology for probabilistic
specialty-based task allocation detailed in Chapter 4, along with some of the experimental results
presented in Chapter 5 and Chapter 6, are reported in [134], [143], [144], [145], and [146].
Additionally, the integration with complementary work related to target object recognition from

vision sensors is detailed in [131].

7.3 Future Work

A new methodology approach for multi-agent task allocation is proposed in this thesis for a
multi-agent robotic system. Throughout the design and implementation of the proposed
framework, many constraints have been considered such as simulated sensing layer, offline object
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detection input, as well as well-structured laboratory testing environment. In addition, the solutions
are designed and implemented to perform well in the context of the considered constraints.
Alternatively, it would be a very interesting future direction to integrate the proposed framework
with an advanced sensing layer to measure online the task characteristics and test the system
responses. In addition, complex tasks have to be studied in a complex environment, which will

align the proposed framework to its greatest extent with real-life applications.

The overall situational understanding is usually shared with the system by the human operator
intervention on the MFT set point. However, the system operator may struggle to read the situation
especially with larger numbers of robots and increased requests for task allocations. Therefore,
further reducing the human cognitive load while expanding the number of agents could be an
interesting direction for further developments to increase the system’s reasoning capabilities.
Alternatively, a model to provide desirable measures of situational awareness can be implemented
to automatically drive MFT through desirable values in response to changing the system’s
operational conditions. The modelling of the situational awareness should consider many
parameters such as the total number of robots, the number of robots that are available in service,

the desirable level of task allocation accuracy, and the progressive requests of task allocations.
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Appendix A

5.3.C1.1 Numerical Example (Binary encoding case)

This example provides the mathematical details of computing the fitting probabilities of 5.3.C1
sample case, presented in Figure 5.1b and Table 5.3. This example is detailing the numerical
processing of the proposed scheme, which shows how the probabilities of agents R;, R,, and R;

are obtained at the output starting from a target recognition confidence level of 0.86 at the input.

Step 0: System parameters and initialization:
Step 0.1: n = 0.3, initial value of MFT, (it also can be initialized by a human operator).
P = 1, rasr = 2 design parameters, embedded by the system designer.
Stepl: Inputs:
Step 1.1: Target object recognition confidence level Eq. (4.8), and number of targets is T = 14;
P,=[08600000000000 0 0] €RTX!

Step 1.2: The agents’ availability vector, 9, € R**1,a = 20 robot, is defined based on the current internal status
of each robot, Eq. (4.12):
I, =[11111111111111111111]*€ R

Step 1.3: d; the Euclidean distance Eq. (4.15) between the current location (x;, y;) of the robot R; and the location
of the estimated target (xr, yr), v, target velocity and v;  the maximum velocity of the robot, all are provided
by the sensing system.

Step 1.4: The robotic agents attendance parameters are generated based on the logic that is given by Eq. (4.14),
and used to evaluate the agents attendance, given by Eq. (4.13). These parameters are:
Y,e,and T
Detailed values are not provided here as attendance is not considered in this example (see step 2.5 below)

Step 2: Probabilistic Matching:
Step 2.1: The swarm individuals specialization encoding, S;:i = 1,2, ... ,a; S; € R™*Tis defined in Table (5.1),
for a = 20.

Step 2.2: Computing the confidence levels of the current task’s class detection that are leveraged by the swarm’s
individuals, given by Eqg. (4.7):
Pr; = SiPr
Pr, = S1*Pr =0.86; Pg, = Sz * Py = 0.86
Pry = S3* P, =0.86;Pr, =S4 *Pr =086
And, for Robots’ IDs i = 5:20 — @, = 0 because these robots are not specialized in this detected task, Ty, , as
indicated in T, column of Table 5.1, then as a result they cannot leverage the input from Prand S;P; = 0.
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Step 2.3: Computing the maximum expected collective score of the swarm’s individuals, given by Eq. (4.10):
Pr; = SiPmax
Pmax 1S the class conditional probability of the feature X, in its predefined class C,, which is usually selected to
equal 1 (i.e. a perfectly reliable recognition) for every predefined feature in this test case, therefore Eq. (4.11)
resulted in:
Pmax=111111111111111]* € R™?
And S;’s are defined in Table 5.1, these could result in:
(pRl = Slpmax = 2; (pRZ = Szpmux = 2; (pRg = 53pmax = 2;
Pry = SiPmax = 3; Prs = SsPmax = 2; Pre = ScPmax = 2;
(pR7 = S7pmux = 2; (pRg = Sspmax = 2; (pRg = S9pmax = 2;
(pR10 = Slopmux = 2: (pRll = Sllpmax = 2; (pRlz = Slzpmax = 2;
Priz = S13Pmax = 2 PRryy = S14Pmax = 2; Pris = S15Pmax = 2
(pR16 = 516pmax = 2: (pR17 = Sl7pmax = 2; ‘Png = slspmax = 3;
Pri9 = S19Pmax = 2; Pryg = S$20Pmax = 1;

Step 2.4: Computing the swarm’s specialty matching probabilistic matrix, @ € R2°*2°, defined in Eq. (4.9):
0= aig[2%8 036 086086 0 010 0000000000000
2 2 2 3 2222 2222222221321
=dig[043 043 043029 0 0 0 0 0 0 O OO O 0O O OO O]

Step 2.5: The agents’ attendance matrix, 9,,, € R*°*?°, is defined in Eqs. (4.13) and (4.14), the agents’
attendance does not contribute in the computation of the task-agent matching probability, Eq. (4.16), because p =
1.

Step 2.6: Computing the swarm’s a specialty fitting probabilities vector, Eq. (4.16):
Y =pEQ+ (1 —p)9u)
SV =((1DQ+ A —1DIy)V,
>W¥=[043 043 043 029 0 0 0 - - - 0]

Step 3: Qualified responders coordination:
Step 3.1: Coordinating the qualified agents that achieve the MFT, n , Eq. (4.18):
Wyrr =[043 043 043 0 0 0 0O - - - 0]t

Step 3.2a: Selecting the most qualified agent that achieve the MFT, Eq. (4.20): In this case, max operator extracts
the ID of the agent with the highest fitting probability. If more than one agent share the same fitting score and the
latter is maximum then max operator extracts the ID of the first highest probability stored in, ¥z, vector:
Q)BEST RESPONDER INDEX=[Rq ]
*this case is considered in this example (Table 5.3)
Step 3.2b: Selecting all qualified agents that achieve the MFT, Eq. (4.18): In this case, an iterative loop runs inside
the vector, ¥ er, in EQ. (4.18) and extracts the IDs of all agents with fitting probabilities that are higher than #:
Q)BEST RESPONDERS INDEXES=[ Ry Ry R3]
*this case is provided here just for illustrating the case when the application requires that all of the qualified agents
need to be assigned.
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These results are indicated in Table 5.3, columns 4 and 8 from the left of binary encoding case, it is also shown in
Figure 5.1b.

Step 4: Repeating the process:
The process is automatically repeated starting from step 1, upon a new detected task with updated P, and 9 4,,.

5.3.C1.2 Numerical Example (Modulated encoding case)

This example provides the mathematical details of computing the fitting probabilities of 5.3C1
sample case, presented in Figure 5.1c and Table 5.3. This example is detailing the numerical
processing of the proposed scheme, which shows how the probabilities of agents R;, R; and R,

are obtained at the output starting from a target recognition confidence level of 0.86 at the input.

Step 0: System parameters and initialization:
Step 0.1: n = 0.3, initial value of MFT, (it also can be initialized by a human operator).
B =1, ryasr = 2 design parameters, embedded by the system designer.
Stepl: Inputs:
Step 1.1: Target object recognition confidence level Eq. (4.8), and number of targets is T = 14;
P;=[08600000000000 0 0] eRrR™

Step 1.2: The agents’ availability vector, 9,4, € R**1, a = 20 robot, is defined based on the current internal status
of each robot, Eq. (4.12):
I, =[11111111111111111111]* € R

Step 1.3: d; the Euclidean distance Eq. (4.15) between the current location (x;, y;) of the robot R; and the location
of the estimated target (xr, yr), v, target velocity and v;  the maximum velocity of the robot, all are provided
by the sensing system.

Step 1.4: The robotic agents attendance parameters are generated based on the logic that is given by Eq. (4.14),
and used to evaluate the agents attendance, given by Eq. (4.13). These parameters are:
Y,e,and T
Detailed values are not provided here as attendance is not considered in this example (see step 2.5 below)

Step 2: Probabilistic Matching:
Step 2.1: The swarm individuals specialization encoding, S;:i = 1,2, ... ,a; S; € R**Tis defined in Table (5.2),
for a = 20.

Step 2.2: Computing the confidence levels of the current task’s class detection that are leveraged by the swarm’s
individuals, specializations encoding, Table 5.2, given by Eq. (4.7):
@Ri = SipT
Pr, = S1*Pr=0.69; Pp, = Sz *P; =026
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¢R3 = 53 *ﬁT = 0'52;¢R4 =S4*T)T= 0.34‘
And, for Robots’ IDs i = 5:20 — @, = 0 because these robots are not specialized in this detected task, T, , as
indicated in Ty column of Table 5.2, then as a result they cannot leverage the input from P and S;P = 0.

Step 2.3: Computing the maximum expected collective score of the swarm’s individuals, given by Eq. (4.10):
Pr; = SiPmax
Pmax 1S the class conditional probability of the feature X, in its predefined class C,, which is usually selected to
equal 1 (i.e. a perfectly reliable recognition) for every predefined feature in this test case, therefore Eq. (4.11)
resulted in:
Pmax=111111111111111]t € R™*?
And S;’s are defined in Table 5.2, these could result in:
<PR1 = Slpmax = 1; (pRz = Szpmax = 1; (pR3 = 53pmax = 1;
(pR4 = S4pmax = 1: (pRS = Sspmax = 1; (pR6 = sépmax = 1;
Pr, = S:Pmax = 1; Prg = SePmax = L; Pro = SoPmax = 1;
(png = Slopmax = 1: (PRH = Sllpmax = 1; (pRlz = slzpmax = 1;
Priz = S$13Pmax = 1 PRryy = S14Pmax = 1; Pris = S15Pmax = 1
(pR16 = 516pmax = 1: (pR17 = Sl7pmax = 1; ‘Png = slspmax = 1;
‘Png = Sl9pmax = 1; (pRzo = szopmax = 1;

Step 2.4: Computing the swarm’s specialty matching probabilistic matrix, Q € R2°*2°, defined in Eq. (4.9):

. [0.69 026 052034 0 0 0 0 OO O OOUOOOTUOOUO0OO0O
Q =dig - - - - - - - - - - - - - - = —]
1 1 1 1 111 1111111111111

= dig[0.69 026 052034 0 0 0 0 0 O O OO O OO O OO O]

Step 2.5: The agents’ attendance matrix, 9,,, € R***?%, is defined in Eqgs. (4.13) and (4.14), the agents’
attendance does not contribute in the computation of the task-agent matching probability, Eq. (4.16), because p =
1.

Step 2.6: Computing the swarm’s a specialty fitting probabilities vector, Eq. (4.16):
¥=>pEQ+ 1 —p)0s)da
>¥=((DQ+ 1 —1DVat)Vay
>¥=[069 026 052 034 0 0 0 - - - 0]

Step 3: Qualified responders coordination:
Step 3.1: Coordinating the qualified agents that achieve the MFT, n , Eq. (4.18):
Yyurr =069 0 052 034 0 0 0 =« = 0]¢

Step 3.2a: Selecting the most qualified agent that achieves the MFT, Eq. (4.20): In this case, max operator extracts
the 1D of the agent with the highest fitting probability in, ¥z, vector:
Q)BEST RESPONDER INDEX=[Rq]
*this case is considered in this example (Table 5.3)
Step 3.2b: Selecting all qualified agents that achieve the MFT, Eq. (4.18): In this case, an iterative loop runs inside
the vector, ¥,,zr, in Eq. (4.18) and extracts the IDs of all agents with fitting probabilities that are higher than #:

Q)BEST RESPONDERS INDEXES=[ R; Ry R3]
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*this case is provided here just for illustrating the case that when the application requires that all the qualified
agents need to be assigned.

These results are indicated in Table 5.3, columns 5 and 9 from the left of modulated encoding case, it is also shown
in Figure 5.1c.

Step 4: Repeating the process:

The process is automatically repeated starting from step 1, upon a new detected task with updated P, and 9 4,,.

5.3.C3.1 Numerical Example (Binary encoding case)

This example provides the mathematical details of computing the fitting probabilities of
5.3.C.3, presented in Figure 5.4d and Table 5.6, (third column from the right). This example is
detailing the numerical processing of the proposed scheme, which shows how the agents, R;,, is

assigned to respond to the task, Tg,, when the agent, R, 4, is not available “withdrawn”.

Step 0: System parameters and initialization:
Step 0.1: n = 0.3, initial value of MFT, (it also can be initialized by a human operator).
B =1, ryasr = 2 design parameters, embedded by the system designer.
Stepl: Inputs:
Step 1.1: Target object recognition confidence level Eq. (4.8), and number of targets is T = 14;
P,=[000000000.77000 0 0]t € RT*!

Step 1.2: The agents’ availability vector, 9,, € R**1,a = 20 robot, is defined based on the current internal status
of each robot, Eq. (4.12):
9 =[11111111110111111111]%€R*?

Step 1.3: d; the Euclidean distance Eq. (4.15) between the current location (x;, y;) of the robot R; and the location
of the estimated target (xr, yr), v, target velocity and v;  the maximum velocity of the robot, all are provided
by the sensing system.

Step 1.4: The robotic agents attendance parameters are generated based on the logic that is given by Eq. (4.14),
and used to evaluate the agents attendance, given by Eq. (4.13). These parameters are:
Y,e,and T
Detailed values are not provided here as attendance is not considered in this example (see step 2.5 below)

Step 2: Probabilistic Matching:
Step 2.1: The swarm individuals specialization encoding, S;:i = 1,2, ... ,a; S; € R™*Tis defined in Table (5.1),
for a = 20.
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Step 2.2: Computing the confidence levels of the current task’s class detection that are leveraged by the swarm’s
individuals, given by Eq. (4.7):
@Ri = SipT

For Robots’ IDs i = 1: 10 — @g,; = 0 because these robots are not specialized in this detected task, Tg,, as
indicated in Tg,column of Table 5.1, then as a result they cannot leverage the input from P;and S;P; = 0.

Pryg = S11*Pr =077, ¢p, = S13x Py = 0.77; g, = S3* Py = 0.77,
And, for Robots’ IDs i = 14: 20 — @, = 0 because these robots are not specialized in this detected task, Tg,, as
indicated in Tg,column of Table 5.1, then as a result they cannot leverage the input from Prand S;P; = 0.

Step 2.3: Computing the maximum expected collective score of the swarm’s individuals, given by Eq. (4.10):
Pr; = SiPmax
Pmax 1S the class conditional probability of the feature X, in its predefined class Cy, which is usually selected to
equal 1 (i.e. a perfectly reliable recognition) for every predefined feature in this test case, therefore Eq. (4.11)
resulted in:
Pmax=[11111111111111]t € R™*?
And S;’s are defined in Table 5.1, these could result in:
<PR1 = Slpmax = 2; (pRz = Szpmax = 2; (pR3 = 53pmax = 2;
Pry = SiPmax = 3; Prs = S5Pmax = 2; Pre = ScPmax = 2;
(pR7 = S7pmax = 2; (pRg = Sspmax = 2; QDRg = s9pmax = 2;
(png = Slopmax = 2: (PRH = Sllpmax = 2; (pRlz = slzpmax = 2;
Priz = S13Pmax = 2 PRryy = S14Pmax = 2; Pris = S15Pmax = 2
(pR16 = 516pmax = 2: (pR17 = Sl7pmax = 2; ‘Png = slspmax = 3;
Pri9 = S19Pmax = 2; Pryg = S$20Pmax = 1;

Step 2.4: Computing the swarm’s specialty matching probabilistic matrix, @ € R2°*2°, defined in Eq. (4.9):

0 = di o 0 000 O0OOTOOO OO O077 077 077 0 0 O 0 O 9 9
- 2 2 23 2 22 2 22 2 2 2 2 22 2 321
=dig[0 0 00 0 0 0 0 0 O 038 038 038 0 0 0 0 0 0 0]

Step 2.5: The agents’ attendance matrix, 9,,, € R***?°, is defined in Eqgs. (4.13) and (4.14), the agents
attendance does not contribute in the computation of the task-agent matching probability, Eq. (4.16), because p =
1.

Step 2.6: Computing the swarm’s a specialty fitting probabilities vector, Eq. (4.16):
Y =EQ+ (1 —p)s)d4
>¥=((DQ+ 1 —1DIs)u
=>%=[0 0 00 0 00O OO0 O 038 03 0 00 0 00 0]

Step 3: Qualified responders coordination:
Step 3.1: Coordinating the qualified agents that achieve the MFT, n , Eq. (4.18):
Yyer=[0 0O 0O0O O0O0O0O OO O 038 03 0 00 0 00 O]

Step 3.2a: Selecting the most qualified agent that achieve the MFT, Eq. (4.20): In this case, max operator extracts
the ID of the agent with the highest fitting probability. If more than one agent share the same fitting score and the
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latter is maximum then max operator extracts the 1D of the agent that has first highest probability stored in, ¥z,
vector:

(DBEST RESPONDER INDEX=[R13 |
*this case is considered in this example (Table 5.6)
Step 3.2b: Selecting all qualified agents that achieve the MFT, Eq. (4.18): In this case, an iterative loop runs inside
the vector, ¥ rr, in Eq. (4.18) and extracts the IDs of all agents with fitting probabilities that are higher than 7:
D pEST RESPONDERS INDEXES=[ R13 Rq3]
*this case is provided here just for illustrating the case that when the application requires that all the qualified
agents need to be assigned.
These results are indicated in Table 5.6, of binary encoding case (third column from the right), its also shown in
Figure 5.4d.

Step 4: Repeating the process:
The process is automatically repeated starting from step 1, upon a new detected task with updated P, and 9 4,,.

5.3.C3.2 Numerical Example (Modulated encoding case)

This example provides the mathematical details of computing the fitting probabilities of 5.3.C3,
presented in Figure 5.5d and Table 5.6 (second column from the right). This example is detailing
the numerical processing of the proposed scheme, which shows how the agents, R, ,, is assigned

to the task, Tg,, when the most specialized agent, R, is not available “withdrawn”.

Step 0: System parameters and initialization:
Step 0.1: n = 0.3, initial value of MFT, (it also can be initialized by a human operator).
B = 1, reasx = 2 design parameters, embedded by the system designer.
Stepl: Inputs:
Step 1.1: Target object recognition confidence level Eq. (4.8), and number of targets is T = 14;
P,=[000000000.77000 0 0]t € RT*!

Step 1.2: The agents’ availability vector, 9,4, € R**1, a = 20 robot, is defined based on the current internal status
of each robot, Eq. (4.12):
9, =[11111111111101111111]% € R¥

Step 1.3: d; the Euclidean distance Eq. (4.15) between the current location (x;, y;) of the robot R; and the location
of the estimated target (xr, yr), v, target velocity and v;,  the maximum velocity of the robot, all are provided
by the sensing system.

Step 1.4: The robotic agents attendance parameters are generated based on the logic that is given by Eq. (4.14),
and used to evaluate the agents attendance, given by Eq. (4.13). These parameters are:
Y,e,and T
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Detailed values are not provided here as attendance is not considered in this example (see step 2.5 below)

Step 2: Probabilistic Matching:
Step 2.1: The swarm individuals specialization encoding, S;:i = 1,2, ... ,a; S; € R*Tis defined in Table (5.2),
for a = 20.

Step 2.2: Computing the confidence levels of the current task’s class detection that are leveraged by the swarm’s
individuals, given by Eq. (4.7):
@Ri = SipT

For Robots’ IDs i = 1: 10 — @, = 0 because these robots are not specialized in this detected task, Tg,, as
indicated in T;,column of Table 5.2, then as a result they cannot leverage the input from P and S;P; = 0.

@RIO = Sll * ﬁT = 023, (ﬁRZ = SlZ *pT = 048, @ng = 53 * pT = 062,
And, for Robots’ IDs i = 14:20 — @p; = 0 because these robots are not specialized in this detected task, Tg,, as
indicated in Tg,column of Table 5.2, then as a result they cannot leverage the input from P;and S;P; = 0.

Step 2.3: Computing the maximum expected collective score of the swarm’s individuals, given by Eq. (4.10):
®r; = SiPmax
Pmax 1S the class conditional probability of the feature X, in its predefined class Cy, which is usually selected to
equal 1 (i.e. a perfectly reliable recognition) for every predefined feature in this test case, therefore Eq. (4.11)
resulted in:
Pmax=111111111111111]t € R™*?
And S;’s are defined in Table 5.2, these could result in:

Pry = SiPmax =1 Pr, = S$:Pmax = 15 Pry = S3Pmax = 1;
Pry = SiPmax = 1; Prs = S5Pmax = 1; Pre = ScPmax =1
Ory = S7Pmax =1 Prg = SgPmax = 1, Org = SoPmax = 1
Prig = S10Pmax = 1 Pri1 = S$11Pmax = 1; Prip = S12Pmax = 1;
Priz = S13Pmax = L Oryy = S14Pmax = L Oris = S15Pmax = L5
PR = S16Pmax = 1; Pri7 = S$17Pmax = 1; Prig = S18Pmax = 1;
Orig = S19Pmax = 1 Pryg = S20Pmax = L;

Step 2.4: Computing the swarm’s specialty matching probabilistic matrix, Q € R2°*2°, defined in Eq. (4.9):

Q=dig[o 0 00 0 0 0 0 0 O 023 048 062 0 0 0 0 0 0 0]

Step 2.5: The agents’ attendance matrix, 9,,, € R*°*?%, is defined in Eqgs. (4.13) and (4.14), the agents’
attendance does not contribute in the computation of the task-agent matching probability, Eq. (4.16), because p =
1.

Step 2.6: Computing the swarm’s a specialty fitting probabilities vector, Eq. (4.16):

Y= (I&Q + (1 - I‘})ﬂAtt)ﬂAv
SV =((1DQ+ (A — 1)y )0
>%¥=[0 0 00 0 00 0 0O 023 048 0 0 0 0 0 0 O O]

Step 3: Qualified responders coordination:
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Step 3.1: Coordinating the qualified agents that achieve the MFT, n , Eq. (4.18):
Ywr=[0 0 00 0 00 0 00 0 0 048 0 0 0 0 0 0 0]

Step 3.2a: Selecting the most qualified agent that achieves the MFT, Eq. (4.20): In this case, max operator extracts
the 1D of the agent with the highest fitting probability. If more than one agent share the same fitting score and the
latter is maximum then max operator extracts the ID of the agent that has first highest probability in, ¥,,zr, vector:

Q)BEST RESPONDER INDEX=[R12 ]

Step 3.2b: Selecting all qualified agents that achieve the MFT, Eq. (4.18): In this case, an iterative loop runs inside
the vector, ¥ xr, in EQ. (4.18) and extracts the I1Ds of all agents with fitting probabilities that are higher than n:

DBEST RESPONDERS INDEXES=[ Rq3]
*this case is provided here just for illustrating the case that when the application requires that all the qualified
agents need to be assigned.

These results are indicated in Table 5.6, (second column from the right) its also shown in Figure 5.5d.

Step 4: Repeating the process:
The process is automatically repeated starting from step 1, upon a new detected task with updated P, and 9 4,,.

5.3.C4. Numerical Example (Modulated encoding case)

This example provides the mathematical details of computing the fitting probabilities of 5.3C4
sample case, presented in Figure 5.7b and Table 5.14, (fourth column from the right). This example
is detailing the numerical processing of the proposed scheme with activated attendance, which
shows how the probabilities of agents R, R;, R; and R, are obtained at the output starting from

a target recognition confidence level of 0.86 at the input.

Step 0: System parameters and initialization:
Step 0.1: n = 0.3, initial value of MFT, (it also can be initialized by a human operator).
p=1—(n—-0.1)=0.71, rpgs, = 15 km design parameters, embedded by the system designer.
Stepl: Inputs:
Step 1.1: Target object recognition confidence level Eq. (4.8), and number of targets is T = 14;
P,=[086000000000000 0]t €RT!

Step 1.2: The agents’ availability vector, 9,, € R**1, a = 20 robot, is defined based on the current internal status

of each robot, Eq. (4.12):
9, =[11111111111111111111]% € R¥
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Step 1.3: d; the Euclidean distance Eq. (4.15) between the current location (x;, y;) of the robot R; and the location
of the estimated target (xr, yr), v, target velocity and v; the maximum velocity of the robot, all are provided
by the sensing system.

Step 1.4: The robotic agents attendance parameters are generated based on the logic that is given by Eq. (4.14),
and used to evaluate the agents’ attendance, given by Eq. (4.13). These parameters are introduced based on
simulated sensor’s data considering static target:

e=0,andT = 1.
Detailed values of Y are provided (see step 2.5 below)

Step 2: Probabilistic Matching:
Step 2.1: The swarm individuals specialization encoding, S;:i = 1,2, ... ,a; S; € R**Tis defined in Table (5.2),
for a = 20.

Step 2.2: Computing the confidence levels of the current task’s class detection that are leveraged by the swarm’s
individuals, specializations encoding, Table 5.2, given by Eq. (4.7):
@Ri = SiT)T
Pr, = S1*Pr =0.69; Pp, = Sz * Py = 0.26
Pry = S3*Pp =0.52; Pp, =S4 * Py = 0.34
And, for Robots’ IDs i = 5:20 — @, = 0 because these robots are not specialized in this detected task, T, , as
indicated in T, column of Table 5.2, then as a result they cannot leverage the input from Prand S;P; = 0.

Step 2.3: Computing the maximum expected collective score of the swarm’s individuals, given by Eq. (4.10):
®r; = SiPmax
Pmax 1S the class conditional probability of the feature X, in its predefined class Cy, which is usually selected to
equal 1 (i.e. a perfectly reliable recognition) for every predefined feature in this test case, therefore Eq. (4.11)
resulted in:
Pmax=111111111111111]* € RT*?
And S;’s are defined in Table 5.2, these could result in:
Prqy = S$SiPmax =1 Pr, = S$:Pmax = 15 Pry = S3Pmax = 1;
Pry = SiPmax = 1; Prs = SsPmax = 1; Pre = SePmax = L;
Pr, = S7Pmax = 1; Prg = SePmax = 1; Prg = SoPmax = 1;
Prig = S10Pmax = 1 Pri1 = S$S11Pmax = 1; Prip = S$12Pmax = 1;
Priz = S$13Pmax = L Prisy = S$S14Pmax = 1 Pris = S$15Pmax = L
PR = S16Pmax = 1; Pri7 = S17Pmax = 1; Prig = S18Pmax = 1;
Pri9g = S19Pmax = L Pryg = S$20Pmax = 1;

Step 2.4: Computing the swarm’s specialty matching probabilistic matrix, Q € R2°%2%, defined in Eq. (4.9):

. [0.69 026 052034 0 0 0 0 0OOO OOOOOTUOOUOOO
Q =dig - - - - - - - - - - - - - - = —]

1 1 1 1 111 1111111111111
=dig[0.69 026 052034 0 0 0 0 0O O OO O OO O OO O]

Step 2.5: The agents’ attendance matrix, 9,,, € R*°*?°, is defined in Egs. (4.13) and (4.14), the agents’
attendance contribution in boosting the task-agent matching probability, Eq. (4.16), weighted by (1 — p) = 0.29.
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The distances d;’s between the current location of each robotic agent R; and the target location are introduced based
on simulated sensor’s data considering using Eq. (4.15), 1,45, = 15km, given that all agents are available:
d1=78>rtask_)y1=1;

;dy, =141 < 1, 2 Y2 =0

d3;=239>r,g 2 Y3 =1;

dy =254>1,5 -1, =1;
Then 19Ani can be computed using Eq. (4.14)

1(o [vmaxl )

: ([vm] ) '
] ([vml )
([vml =)

Ford,, :i= 5: 20, these values are not calculated here in thls example in the purpose to avoid making this

example very long, because these agents are not specialized in this task and these valued are not of our interest
here in this example, but their values are brought from the simulated trial.

9,,, = dig[0.19 1 0.63 0.59 0.19 0.19 0.24 0.19 0.18 0.17 0.20 0.17 0.19 0.17 0.12 0.25 0.24 0.27 0.13 0.12]
Step 2.6: Computing the swarm’s a specialty fitting probabilities vector, Eq. (4.16):
¥ =PEQ+ (1 —p)s)Va
>¥=((DQ+ 1 —1DIs)u
>¥=[053 047 054 041 0 0 0 - - - O

Step 3: Qualified responders coordination:
Step 3.1: Coordinating the qualified agents that achieve the MFT, n , Eq. (4.18):
Wy =[053 047 054 041 0 0 0 - - 0]¢

Step 3.2a: Selecting the most qualified agent that achieves the MFT, Eq. (4.20): In this case, max operator extracts
the ID of the agent with the highest fitting probability in, ¥,,zr, vector:

(Z)BEST RESPONDER INDEX=[ R3]
Step 3.2b: Selecting all qualified agents that achieve the MFT, Eq. (4.18): In this case, an iterative loop runs inside
the vector, ¥ ,zr, in Eq. (4.18) and extracts the IDs of all agents with fitting probabilities that are higher than #:

(Z)BEST RESPONDERS INDEXES=[ R1 Rz R3 R4]

*this case is provided here just for illustrating the case that when the application requires that all the qualified
agents need to be assigned.

These results are indicated in Table 5.14, (fourth column from the right) , its also shown in Figure 5.7.b.
Step 4: Repeating the process:
The process is automatically repeated starting from step 1, upon a new detected task with updated P, and 9 4,,.
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5.3.C5. Numerical Example (Sequential Tasks Allocation):

This example provides the logical details of computing the fitting probabilities of 5.3.C5 sample
case, presented in Table 5.17. This example is detailing the procedure of the sequential task
allocation process when more than one task are detected in the same time, which shows how
multiple agents are sequentially assigned to multiple tasks, the latter being detected
simultaneously. In this example, the logic is detailed whereas the process is simulated, given that
the procedure inside the loop is similar to the process that is detailed in the previous example. The

results of this example are introduced in Table 5.17.

Step 0: System parameters and initialization:
Step 0.1: n = 0.3, initial value of MFT, (it also can be initialized by a human operator).
P = 1, rias = 15 design parameters, embedded by the system designer.
Stepl: System Inputs:
Step 1.1: Simultaneous target object recognition confidence levels Eq. (4.8), and number of targets is T = 14;
stzM: [0O0O0O0D0D0D0O0O0O0.860.810 0] €RT*?
*Note: Pr,, here is Py itself, just written here as Pr,, to refer to a simultaneous detection of two tasks.
Step 1.2: The agents’ availability vector, 9,,, € R**1, a = 20 robot, is defined based on the current internal status
of each robot, Eq. (4.12):
9, =[11111111111111011111]% € R¥
Step 1.3: d; the Euclidean distance Eqg. (4.15) between the current location (x;, y;) of the robot R; and the location
of the estimated target (xr, yr), v; target velocity and v;, . the maximum velocity of the robot, all are provided
by the sensing system.
Step 1.4: initialize responders Counter:
K = 0; # Responders counter
Algorithm (Sequential Task Allocation)
Inputs: {Pr,,,. 9ar, K}
P=[0000000000000 0]t erRT™
—>Foriin P ;
If P, (0)>0;
—> Then P.(i) = P, (i);
—>Step 2: Probabilistic Matching: (logic is provided and the process is simulated)
Step 2.1: The swarm individuals specialization encoding, S;:i = 1,2, ... , a;
S; € R™Tijs defined in Table (5.2), for a = 20.
Step 2.2: Computing the confidence levels of the current task’s class detection that are
leveraged by the swarm’s individuals, given by Eq. (4.7):
Pp, = SiPr:i=1toa
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Step 2.3: Computing the maximum expected collective score of the swarm’s individuals,
given by Eg. (4.10): ©Or; = SiPmax
Pmax 1S the class conditional probability of the feature X, in its predefined class Cy,
which is usually selected to equal 1 (i.e. a perfectly reliable recognition)
for every predefined feature, in this test case, therefore Eq. (4.11) resulted in:
Pmax=111111111111111]t e RT*?
And S;’s are defined in Table 5.2, these could result in:
Pr; = SPmax =1 i=1toa;
Step 2.4: Computing the swarm’s specialty matching probabilistic matrix, Q € R2°*2°,
defined in Eq. (4.9):
o aigltn . . P
Prq Pr,
Step 2.5: The agents’ attendance matrix, 9,,, € R*°*?, is defined in Egs. (4.13) and (4.14),

the agents’ attendance does not contribute in the computation of the task-agent
matching probability, Eq. (4.16), because p = 1.

Step 2.6: Computing the swarm’s a specialty fitting probabilities vector, Eq. (4.16):
Y =PEQ+ (1 —p)4)Ia
== [lpl q/a]t
Step 3: Responders coordination: (The logic is provided and the process is simulated)
Step 3.1: Coordinating the qualified agents that achieve the MFT,  , Eq. (4.18):
' Y >
'PMFT,- = {01 g q}i <Zl
Step 3.2a: Selecting the most qualified agent that achieves the MFT, Eqg. (4.20):
In this case, max operator extracts the 1D of the agent with the highest fitting probability.
[Score ID] =max {¥yrr}; # This returns the score and the index of
the most qualified agent.
Step 3.2b: Update the dynamic availability state
9,4,(ID) = 0 ; # This step stores zero for the availability state of the selected agent.
*this case is considered in this example (Table 5.17)
Step 3.3: Responders indexing:

— Respondery = R;p
= End
RespondersList(K) = [ Responderg]; # This vector returns the sequential responders.
K=K+1;
—> End;

Return RespondersList

Step 4: Repeating the process:
The process is automatically repeated starting from step 1, with updated T’TSIM and 9,,,.
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5.3.C6 Numerical Example (Complex Tasks)

This example details the numerical processing of 5.3.C6 sample case, Example C6-1.

Step 0: System parameters and initialization:
Step 0.1: n = 0.3, initial value of MFT, (it also can be initialized by a human operator).
P = 1, riqs = 4 design parameters, embedded by the system designer.
Stepl: Inputs:
Step 1.1: Target object recognition confidence level Eq. (4.8), and number of target classes is T = 5;
P, =1[00 0.68 0 0.63]* € RT*1

Step 1.2: The agents’ availability vector, 9,,, € R**1,a = 8 robot, is defined based on the current internal status
of each robot, Eq. (4.12):
9 =[111111]¢ € R¥?

Step 1.3: d; the Euclidean distance Eq. (4.15) between the current location (x;, y;) of the robot R; and the location
of the estimated target (xr, yr), v target velocity and v; _ the maximum velocity of the robot, all are provided
by the sensing system.

Step 1.4: The robotic agents attendance parameters are generated based on the logic that is given by Eq. (4.14),
and used to evaluate the agents attendance, given by Eq. (4.13). These parameters are:
YV,e,and T
Detailed values are not provided here as attendance is not considered in this example (see step 2.5 below)

Step 2a: Probabilistic Matching:
Step 2a.1: The swarm individuals specialization encoding, S;:i = 1,2, ... ,a; §; € R**Tis defined in Table 5.20,
fora = 8.

Step 2a.2: Computing the confidence levels of the current task’s class detection that are leveraged by the swarm’s
individuals, given by Eq. (4.7):
Pr; = SiPr
Pr, = S1*Pr=0; Pg, = S, * Pr = 0.63
Pry = S3 *Pr =0; g, =S4 *Pr =0.63
Prg = S5 * Pr = 0.68; Pp, = S¢ * Py = 1.31;
Pr, = S7%Pr =131; Pp, = Sg * Py = 0.63;
Step 2a.3: Computing the maximum expected collective score of the swarm’s individuals, given by Eq. (4.10):
Pr; = SiPmax
Pmax 1S the class conditional probability of the feature X, in its predefined class C,, which is usually selected to
equal 1 (i.e. a perfectly reliable recognition) for every predefined feature in this test case, therefore Eq. (4.11)
resulted in:
Pmax=111111111111111]t € R™?
And S;’s are defined in Table 5.20, these could result in:
Pry = S1Pmax = 2; Pry = S2Pmax = 2; Prz = S3Pmax = 2;
Ory = SaPmax = 2; Prs = SsPmax = 2; Prg = SePmax = 2;
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Pr, = S$7Pmax = 3; Prg = SsPmax = 3;
Step 2a.4: Computing the swarm’s specialty matching probabilistic matrix, Q € R2°%2° defined in Eq. (4.9):
. [0 063 0 0.63 068 1.31 131 0.63
Q =dig |- = = 3
2 2 2 2 2 2 3 3
=dig[0 0.31 0 0.31 0.34 0.65 0.43 0.21]

Step 2a.5: The agents’ attendance matrix, 9,4, € R8*8 is defined in Eqs. (4.13) and (4.14), the agents’
attendance does not contribute in the computation of the task-agent matching probability, Eq. (4.16), because p =
1.

Step 2a.6: Computing the swarm’s a specialty fitting probabilities vector, Eq. (4.16):
¥ =PEQ+ (1 —p)s)a
SV =((1DQ+ (A — 1))
=[0 031 0 0.31 0.34 0.65 0.43 0.21]*

Step 2b: Prioritization scheme (This step is running in parallel with Step 2a)
Step 2b.1: The mission’s primary and secondary requirements are pre-initialized and embedded in the primary
selector by the systems designer and set to “ON” or “OFF” based on the application demand.
Primary Selector set to:
[off Off Off Off ON];
Then the resulted primary encoder, Eq.(4.21):
, =diagl0 0 0 0 Pg];B,eR™T
B, =diag[0 0 0 0 0.63]
Step 2b.2: To associate a priority with the robots that possess primary capabilities, the categorized specialization
vector of each robot, S, € R, is calculated using Eqg. (4.22): (Given that the individuals specializations
encoding, S;, is defied in step 2a.1 above, linked in Figure 4.3).
Sp, = SiBy

S, =8B,=[0 0 0 0 0;S,,=5,B,=[0 0 0 0 0.63];

S,,=5:B,=[0 0 0 0 0;S,,=5.B,=[0 0 0 0 0.63];

S, =SsB,=[0 0 0 0 0;S,,=5:B,=[0 0 0 0 0.63];

S,,=S;B,=[0 0 0 0 0.63;S,,=5sB,=[0 0 0 0 0.63];
Step 2b.3: Calculating the swarm’s primary probability, Qp € R1*%, Eq. (4.23), based on Pp; = XS, and ¢, =
Trsc{B,} + x, given that x is a very small constant used to avoid the division by zero and to calibrate the detected
confidence level on the primary class:
k= 0.05= ¢, =Trsc{B,} + « = 0.68;
Pp, = 0; §p, =0.63; §p, = 0; §p, =0.63; §,. = 0; §,, = 0.63; @, =0.63; P, = 0.63;
=>Q,= [%i—l ] 0168[0 063 0 063 0 0.63 0.63 0.63]
=Q,=[0 092 0 092 0 092 092 0.92]

Step 2b.4: Algorithm 4.1: Primary Capabilities Prioritization

. . .. 1 1
Input: [Q,,,i] = (Q,() ); i in {1, ..., a}; PRIMyp, = Trx ~Tra0s = 090
Output: R, = diag[01010111] € R¥%
(The choices of k and PRIM,,,;, are discussed after this example).
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Step 3: Qualified responders coordination:
Step 3.1: Coordinating the qualified agents that achieve the MFT, n , Eq. (4.18): (this results from Step 2a.6 )
Yyrr=[0 031 0 031 034 0.65 0.43 0]‘ € R¥*?
Step 3.2: Activating the prioritization layer to filter the agents allocation priorities:
Due to a detection of a primary class, the term Trac(B,) introduces a none zero value. If this value is > 0.5,
therefore the system can trust it, as a considerable confidence level of a detected primary class, and activates the
prioritization scheme to filter the agents task allocation priorities. In this example:
Trac(B,) = 0.63, then the switch of Figure 4.3 activates the prioritization scheme.
As indicated in Figure 4.3, if the switch is active, then Eq. (4.24) is considered:
h,=R,¥ypr=(diagl0 1 0 1 0 1 1 1])*[0 0.31 0 0.31 0.34 0.65 0.43 0]°
= h, =[0 0.31 0 0.31 0 0.65 0.43 0] (these three bold zeros are the suspended scores)
Step 3.2a: Selecting the most qualified agent that achieves the MFT, Eq. (4.25): In this case, max operator extracts
the ID of the agent with the highest fitting probability. If more than one agent share the same fitting score and the
latter is maximum then max operator extracts the ID of the agent that has first highest probability in, h,,, vector:

QBEST RESPONDER INDEX=[ R¢ |

Step 3.2b: Selecting all qualified agents that achieve the MFT, Eq. (4.24): In this case, an iterative loop runs inside
the vector, ¥ zr, in Eq. (4.18) and extracts the IDs of all agents with fitting probabilities that are higher than 7:

DBEST RESPONDERS INDEXES=[ R, R4 Rg R7]
*this case is provided here just for illustrating the case that when the application requires that all the qualified
agents need to be assigned.

These results are indicated in Table 5.24, (2™ columns from the right) of binary encoding case, its also shown in
Figure 5.20c.

Step 4: Repeating the process:
The process is automatically repeated starting from step 1, upon a new detected task with updated P, and 9 4,,.

Calibrating x and PRIM,,,;,;:
To ensure the stability of the proposed prioritization scheme, two constants are considered. That
are k and PRIM,,;;,,. k is @ small constant. The value of this constant is selected to do dual role: 1)

to avoid the division by zero in Eq. (4.23). 2) To compute PRIM,,;, = ﬁ and balance between
the considerable level of the trust on the detected primary classes and the minimum primary
probabilities, that can result in 1’s diagonal elements in R,. This calibration is studied for all
expected confidence levels of the target object detection in the case that one primary class is
assumed to be detected, T’Tpn.m. Given that @, =X S,, and if the robot is qualified with the
primary capability, then:
Qp, =2Sp, = pTPrim’ and ¢, = Trsc{Bp} +k= ﬁTPrim +x

From Eq. (4.23), we have:

)
>

Qﬂi =

S
°
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Table A.1 Constants calibrations

ﬁTprim k =0.01 PRIM,,in | ¥ = 0.05 PRIM,,,;n k=0.1 PRIM,,,in k=0.2 PRIM,,,;n
Qp; Qp; Qp; Qp;

0.30 0.96 0.85 0.75 0.60

0.40 0.97 0.88 0.80 0.66

*Green range of the detected primary class is the range that is to be trusted by the prioritization scheme, which will
result in 1’s diagonal values of the matrix R,,.

Based on the observation of the calibration results in Table A.1 a fixed formula of PRIM,;;,, =
ﬁ is adopted and the value of the constant k can be selected by the system designer in this range:

k € (0.01, 0.05, 0.1, 0.2]. This design assumes that the low conference level: (T’Tpn.m < 0.50)

on the primary class detection is not trustable and the prioritization scheme should not trust it.
Higher values of k can be more trustable because the difference between the blocked level and the

trusted level is higher.
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Appendix B

6.2.C1 Numerical Example

This example provides the mathematical details of computing the fitting probabilities of 6.2.C1
sample case, presented in Figure 6.1 and Table 6.3, Chapter 6. This example details the numerical
processing of the proposed scheme, which shows how the probability of agents R, R,, R3,and R,
is obtained at the output to equal 0.48 starting from a target recognition confidence level of 0.96

at the input.

Step 0: System initialization:
Step 0.1: n = 0.4, initial value of MFT (it also can be initialized by a human operator)
P = 1, ryasr = 2 design parameters, embedded by the system designer
Step 1: Inputs:
Step 1.1: Target object recognition confidence level Eq. (6.1):
Pr =0, 0.96, 0, 0, 0]”

Step 1.2: The agents’ availability vector, 9,,, € R**1, is defined based on the current internal status of each robot,
Eg. (4.12):
9,=[1111111]

Step 1.3: d; the Euclidean distance Eq. (4.15) between the current location (x;, y;) of the robot R; and the location
of the estimated target (xr, yr), v, target velocity and v; the maximum velocity of the robot are all provided by
the sensing system.

Step 1.4: The robotic agents’ attendance parameters are generated based on the logic that is given by Eq. (4.14),
and these are used to evaluate the agents’ attendance, given by Eq. (4.13). These parameters are:
Y,e,and T
Detailed values are not provided here as attendance is not considered in this example (see step 2.5 below).

Step 2: Probabilistic matching:
Step 2.1: The swarm individuals’ specialization coding, S;:i = 1,2, ..., a; is defined in Table (6.2), fora = 7.

Step 2.2: Computing the confidence levels of the current task features’ detection that is subjected to the swarm’s
individuals, given by Eq. (4.7):
Pr; = SiPr

L
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¢R3 20.96, ¢R4
01
0.96
@RS_ [0 0 1 0 0]* O =0;¢R6=
0
0
[
0
Pr,=[0 0 0 0 1]*

Step 2.3: Computing the maximum expected collective score of the swarm’s individuals, given by Eq. (4.10):

Pr; = SiPmax

Pmax 1S the class conditional probability of the feature X, in its predefined class Cy, which is usually selected to
equal 1 (i.e. a perfectly reliable recognition) for every predefined feature in this test case, which results in:

1_
1
or, =11 1 0 0 0]*|1|=2; @r, =
1
[ 1.
_1_
1
Yr, =10 1 0 0 1]*[1}=2; pp,
1
1.
(pR7

[0 1 1 0 0]x

[0 01 0 0]

0 0 0 0 1]=

1_

N T

_1_

1
=29, =1[0 1 0 1 0]*[1]=2;

1

1

_1_

1
=1L gpe=1[0 0 0 1 0]*|1]=1;

1

1]
=1;

Step 2.4: Computing the swarm’s specialty matching probabilistic matrix, @ € R7*7, defined in Eq. (4.9):

[0

|

Q

48

(=N NN N)

0 0 0
048 0 0
0 048 0
0 0 0.48
0 0 0
0 0 0
0 0 0

0

(==l Nl N)

(=N NN N

Step 2.5: The agents’ attendance matrix, 9,,, € R”*7, is defined in Egs. (4.13) and (4.14). The agents’ attendance
does not contribute to the computation of the task-agent matching probability, Eq. (4.16), because p = 1.

Step 2.6: Computing the swarm’s specialty fitting probabilities vector, Eq. (4.16):
Y =PEQ+ (1 —p)s)

>¥=((1Q+ (1 -1DIa)Vy

>Ww=[048 048 048 048 0 0 0]"
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Step 3: Qualified responders’ coordination:
Step 3.1: Coordinating the qualified agents that achieve the MFT, n, Eq. (4.18):

Wyrr=[048 048 048 048 0 0 0]
Step 3.2: Selecting all qualified agents that achieve the MFT, Eqg. (4.18): In this case, an iterative loop runs inside
the vector (4.18) within a length of the ¥,y vector and extracts the I1Ds of all agents with fitting probabilities that
are higher than n:
DBEST RESPONDERS! INDEXES=[ Ry Ry R3 Ry4]

These results are indicated in Table 6.3 and Figure 6.1b.

Step 4: Repeating the process:
The process is automatically repeated starting from step 1 upon a new detected task with updated P and 9,.
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