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Abstract

Multi robot systems have gained prominence in various domains like agriculture,

surveillance, security operations, etc., due to their potential to solve complex prob-

lems collaboratively. The coordination control of the robots in these systems

manifests the crucial research challenges primarily in terms of the resilience in

execution of the tasks specifically under an evolving environment scenario. The

existing frameworks designed for the tasks completion by the team of robots lack

an environment awareness and are robot centric. These frameworks only con-

sider the robots and their specialties required for the execution of assigned multi

robot tasks. In practical applications these robot centric frameworks are vulner-

able to the dynamically changing environment. The inactive status of the robots

due to on-the-fly changes in an environment can seriously hamper the desired

resilience of a multi robot framework to execute the assigned tasks in the contin-

ued fashion. Under these circumstances, the current frameworks are needed to

be made capable to respond to such changing environment through the capabil-

ity of the environment-aware resilience. The capability of the environment-aware

resilience helps to achieve the switching of the assigned tasks among the robots

for their continued execution. The prime focus of this research is to achieve the

resilience of tasks that is, the accomplishment of assigned tasks by a multi robot

system under the dynamically evolving environment in the constrained condi-

tions of robots velocities while avoiding obstacles and inter-robots collisions. The

resilience of tasks is useful as these tasks are usually issued once at the initia-

tion of a multi robot based mission to the robots possessing specific specialties.

These once-issued or once-assigned tasks are unable to be re-issued/reassigned

under the unforeseen environment faced by the robots thus halting the execu-

tion of tasks in the midway. During the mission course, the resilient framework

is able to issue/withdraw/re-issue the tasks to the robots under the influence of

active/inactive/re-active status of the specialties as soon as these specialties get

affected by the environment. Therefore in this thesis, a simultaneous mechanism

for the tasks issuance/withdrawal/re-issuance coupled with specialties is developed

incorporating all such robots that can perform the tasks. The scenario merits cor-

responding activation/deactivation/re-activation of the specialties connected with



x

the tasks issuance/withdrawal/re-issuance strategy for an achievement of the re-

silience of tasks. For this, a novel dynamic task-specialty matrix based mechanism

termed as environment module is proposed and incorporated in an optimization

technique developed in this thesis. The environment module has environment co-

efficient vectors each associated with the task issuance strategy and specialties of

the robots in the team. The manifestation of the resilient execution of the mul-

tiple tasks is carried out through the three different cases viz. (i) simultaneous

task re-issuance and specialties re-activation, (ii) mid-course withdrawal of the

tasks and (iii) mid-course degradation of the environment coefficients. The opti-

mization technique based decentralized controllers let the robots safely accomplish

the respective tasks optimally under constrained conditions in a resilient fashion

as showcased in the simulation results presented in this thesis, thus providing an

evidence of working of the proposed technique. These results, in terms of the

optimization variables’ behavior, are found to be in agreement with the existing

work. The gradual development of the presented thesis work leads to first explo-

ration of the concept of control barrier function. For this, an application of the

control barrier function is sought through solving a specific scenario of an adap-

tive cruise control in ground vehicles under the weather affected road surfaces and

corresponding Matlab© simulation results for the scenario are presented in this

thesis. Moreover during the research course, in order to show the multi robot tasks

execution using optimization controllers leveraging control barrier functions, the

constraint-oriented formation control of a first-order multi robot system is also

achieved where the rectangular velocity components of the participating robots

are subject to the constraints while avoiding inter-robots collisions. The overall

research thus contributes by proposing a dynamically evolving environment-aware

framework to perform disparate tasks by the robots in a resilient fashion. Since the

proposed research focuses on robots with first-order dynamical models operating in

two-dimensional scenarios, a heterogeneous team of robots including wheeled and

aerial robots with higher-order dynamics, can be considered for future research.
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û Optimal value for the control input
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Chapter 1

Introduction

During the preceding decade, multi robot systems have left secluded laboratories

and are now being robustly arrayed and operated across numerous areas such as

warehouse-operations, precision agriculture, search-&-salvage missions and area

monitoring-&-survey. The vital motivation that more robots are desirable in these

kinds of fields is because there is a great power in numbers. By utilizing a large

quantity of robots, redundancy spontaneously comes into the system. If one robot

malfunctions, there are quite a number of functioning robots available to endure

the requirements for mission tasks: a property defined as swarm-resilience. A

broader spatial zone can likewise be covered more resourcefully if more robots

are operationally positioned and robots heterogeneous capabilities can be dissem-

inated across a robot team to conduct the operational tasks. These tasks can

be performed by specific robots suitable for particular situation and selected out

of other robots in team: a property known as swarm-adaptivity. Cooperation,

control and communication among robots in team are topics of vital importance

for successful accomplishment of tasks. In reaction to these technological and ap-

plication driven scenarios, various control-&-coordination schemes are offered for

unifying the robots in a team to empower the robots to resolve team tasks using

locally defined interaction rules. We can say that multi robot system comprises

of robots in a team such that each one of these robots is specialized for a specific

task and together they work to carry-out a coordinated task.

1
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The multi robot systems can be employed in robotics, automation and artificial

intelligence to increase the overall capabilities and efficiency through scalability

[1]. As an example, the Maritime and Multi-Agent Autonomy (347N) from the

Jet Propulsion Lab (JPL) is at the forefront of swarm autonomy technology de-

velopment and maturation while working with industry and academia to expand

the technology. The Fig. 1.1 shows the schematics of a control architecture for

the multi robot command and sensing which enables a team of autonomous sur-

face vessels to collaboratively patrol a harbor [2]. There are certain key aspects

Figure 1.1: Schematics of the control architecture for multi robot command and
sensing enables a team of autonomous surface vessels to collaboratively patrol a
harbor [2].

and considerations associated with multi robot systems such as cooperation, co-

ordination, communication and task allocation. The cooperation in a multi robot

system is the ability of the system to collaborate and share information to achieve

a common objective [3]. The cooperation can include task allocation, information-

sharing and mutual support. Effective communication between robots is essential

for coordination which can be achieved through wireless sensor networks or other

means and using these sensors robots can inform about their environment to per-

form collective collaboration [4]. Various mechanisms can be employed to avoid

collisions between robots and obstacles in their environment while they move such

as employing barrier certificates for safety using control barrier functions as used

by Pickem et al. [5]. The robots in a multi robot system may have different ca-

pabilities or specialized skills empowering them to be resilient to individual robot

failures while the system should be able to adapt and continue functioning even

if some robots encounter issues [6]. Thus multi robot systems have the capability

to influence many applications of real world as mentioned earlier such as search
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and rescue operations, agriculture, warehouse automation, surveillance and envi-

ronmental monitoring [7]. The researchers and engineers continually explore new

algorithms and technologies to improve the performance of multi robot systems

across various domains.

1.1 Motivation and Background

As we know that multi robot systems represent a burgeoning area of research fo-

cused on bio-inspired collaborative control methods, where a multitude of robots

are coordinated in a distributed and decentralized manner. Thus overall the field

serves as a pivotal platform for aspiring researchers to delve into and exchange

novel insights, enabling them to explore their novel concepts through both ana-

lytical and heuristic approaches [8]. The team of robots in a multi robot system

works together to achieve desired common objective across diverse fields and thus

recent advancements in multi robot systems have proven themselves more benefi-

cial for their numerous real-world applications [9]. As mentioned earlier, robots in

a multi robot system cooperate with each other to attain a common goal but at

an individual level these robots are also capable to carry out certain tasks. As this

team of robots is gradually moving from research laboratories to unstructured

and dynamically evolving environments, new challenges like environment-aware

resilience are arising from novel unforeseen environment scenarios. The situation

is quite pertinent when these robots are required to assign the tasks in practical

scenarios for long-term applications where properties of resilience and safety in

terms of obstacles/ inter-robots collisions avoidance are essentially needed.

The resilience and safety based frameworks are mentioned in detail in [6, 10–12]

however the task allocation and execution in an environment-aware multi robot

system hold the prime importance with desired objectives of achieving resilience.

Majority of these researches are only robot centric and dynamically evolving envi-

ronment has not been accounted-for in the introduced frameworks. Thus the re-

quirement of research in the field of environment-aware multi robot system based

task allocation and execution has become a vital problem because of the increas-

ing deployment of multi robot based system in a quite dynamic and unexpected/



Introduction 4

unknown outdoor circumstances [13, 14].

The design and development of multi robot based task allocation and execution

algorithms involve many intricate challenges that the team of robots is ought to

face in a dynamically evolving environment. To prepare robots for operation in an

environment, the energy constraint has also to be kept in mind while designing of

environment-aware algorithms. For example many diverse practical applications

involve robots with very limited energy to work for longer duration of time thus

necessitating the design of survivability based algorithms for task allocation and

execution [15, 16]. In these circumstances, the heterogeneity of robots in terms

of different features has also got the attention of researchers. The heterogeneity

of robots is based on numerous types of sensors, relevant-actuators and devices

for inter-communication thus inclusion of such heterogeneity in multi robots task

allocation and execution algorithm can make the robots to present themselves for

wider range of tasks [17–19]. The property of robots’ resilience in terms of alloca-

tion and execution of tasks can be attained by utilizing the specialties presented

by robots such as carrying-capacity, wheels and actuators. Thus heterogeneity can

grant another worthwhile quality of a multi robot task allocation and execution

framework that is the property of resilience. Resilience can be described as ca-

pability of an allocation and execution algorithm to respond to specialty-failures

on the robots under non-idealities in the operating environment [20]. Consider

an example in which a heterogeneously featured multi robot system comprising

of wheeled robots, is primarily assigned the task of transporting things to some

known destinations in a field. The wheeled robots have numerous specialties such

as some of them are traction enabled to cross muddy areas, some are equipped

with camera to surveil and few have ultrasound sensors to detect objects. There

can be one scenario in which unpredicted environment changes such as weather

conditions like intense rains can turn the ground into muddy place thus preventing

the non-traction robots for making more progress towards the attainment of an

assigned goal or accomplishment of the task like transporting of certain things

to a certain destination. In such a scenario the diversification in the specialties

possessed by the robots can be benefited via an environment-aware reassignment

of the assigned task that is the task of the transportation of things to the traction

enabled wheeled robots. Such a diversification in specialties of robots is termed
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as heterogeneity. Here it can be seen that in these kinds of scenarios, the issue

of allocating tasks to different robots in a team is inseparably connected to the

conduct of assigned tasks by the member of robot team. This kind of situation

is quite obvious when we need to deploy environment-aware multi robot systems

for longer duration where dynamically evolving surrounding scenarios can severely

influence the allocation/assignment of a task and its subsequent execution.

This thesis research puts forward a solid framework for multi robot system which

incorporates the environment based dynamically evolving changes by making the

current frameworks of [6, 16] resilient to frequent changes in environment. Thus

the research shifts the existing robot centric frameworks of [6, 16] to environment

based framework while keeping in view the safety aspects. Safety constraints like

collisions and obstacles avoidance are employed using control barrier functions

for preventing the robots from going into unsafe states or sets. Heterogeneity of

the robots is utilized for showcasing the suitability that robots have for perform-

ing numerous assigned tasks. The newly designed and developed environment-

aware resilient framework in this thesis has utilized constraint driven optimization

based technique whose ultimate solution at every point in time has produced

an environment-aware tasks allocation to robots through a pre-designed tasks-

prioritization based scheme. The technique generates control input for each robot

in the team and also ensures the accomplishment of the assigned tasks optimally.

Current techniques of tasks allocation and execution primarily characterize both

robots & assigned tasks with regards to the robot-specialties without explicitly

taking environment model in account [19, 21].

The proposed multi robot task allocation & execution technique in this thesis has

showcased its resilient performance in a dynamically evolving environment. It

represents example scenarios manifesting the resilience based allocation and exe-

cution of numerous assigned-tasks in environment-aware fashion keeping in view

the safety constraints. Following the basic work on the multi robot task allocation

and execution as explored in [6, 16, 22, 23] , in this thesis a constraint driven

approach in which the accomplishment of assigned-tasks is described through an

optimization based mathematical problem, is used. The scheme manifests both

the utilization of control barrier functions that robots have during the conduct of

assigned-tasks and pliability in situations where the surrounding circumstances of
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the robots may change [23–26]. The non-idealities such as dynamically evolving

environment and specialties failures on the robots are effectively incorporated in

our designed framework thus enabling environment-aware resilient tasks alloca-

tion and execution behaviors while keeping constrained conditions of collision and

obstacle avoidance in particular focus. The schematics of a test-bed for a multi

robot system is shown in the Fig. 1.2 [27].

Figure 1.2: Schematics of a test-bed for a multi robot system consisting of eight
wheeled-robots, two sensors and a platform [27].

1.2 Research Objectives

Research on an environment-aware resilient control of a multi robot system is

a challenge in the broad subject of multi robot systems. The objectives of this

research are as described below:

• To present a comprehensive literature review on multi robot tasks.

• To design an environment-aware multi robot tasks’ resilience based control

scheme capable to work in a dynamically changing environments and further

verification of this designed scheme through simulations in Matlab©.
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• To manifest the safety guarantees of the system, including collision preven-

tion and obstacle avoidance, using CBF-based controllers.

1.3 Thesis Organization

In this chapter 1, a brief introduction, motivation with general problem back-

ground and the research objectives of this dissertation are discussed. A brief liter-

ature survey highlighting the importance of the multi robot system is presented.

Detailed research objectives of the thesis are also presented. The subsequent chap-

ters of the thesis are organized as follows:

• Chapter 2: In chapter 2, detailed literature survey highlighting importance

of past efforts done by numerous researchers are discussed. Extensive litera-

ture survey paved the way towards the development of problem statement of

this thesis. The contributions and methodology of research revolving around

thesis problem statement are also discussed.

• Chapter 3: In chapter 3, the control barrier function based control design

is presented for a specific scenario of adaptive cruise control. It also show-

cases simulation results of control barrier function based control design of

an adaptive cruise control among ground vehicles.

• Chapter 4: In chapter 4, the optimization technique based decentralized

controllers are presented through developing a multi robot task controller

encompassing real-world unique scenario of multi robot formation control

under confined conditions. It also presents simulation results for the multi

robot task controller developed for multi robot formation control.

• Chapter 5: In chapter 5, the environment-aware resilient multi robot task

accomplishment framework required to solve thesis problem statement is

discussed with the specific scenario of dynamic task accomplishment under

optimal strategy in constrained conditions. Finally, simulation results for

environment-aware dynamic task accomplishment under optimal strategy in

constrained conditions are presented and discussed.
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• Chapter 6: Chapter 6, concludes the dissertation through outlining the

main contributions and list of directions that can be accomplished in the

future research.



Chapter 2

Literature Review, Gap Analysis

and Problem Statement

2.1 Introduction

In this chapter, the relevant literature on the environment-aware resilient task

allocation and execution by a multi robot system is presented. The environment-

aware resilient task allocation and execution framework focuses on some special

situations where tasks essentially need coordination in robots working in a team

under a dynamically evolving environment. Environment-aware resilient and adap-

tive task allocation and execution is primarily a multi robot tasks based scheme.

For an elaborated survey on general class of task allocation problems, the com-

prehensive literature discussed in [13, 14, 28] highlights the desired information.

The work by L.E. Parker [17] has nurtured a framework for designating robots to

desired team based tasks by shifting between variety of predetermined behavioral

processes keeping in view the robot heterogeneity. To handle the challenges of com-

putation based intricacy linked with such an assignment based techniques, many

different methodologies are suggested in several research articles where robots can

distribute tasks to other robots through bidding and auction based protocols [29–

32]. In such situations where a large quantity of robots with few capabilities or

abilities are there, stochastic techniques are proposed in literature in which as-

signment of tasks is carried out using population based distributions [33–35].

9
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As multi robot based tasks become more intricate and diverse, robots are now con-

sidered to hold specific roles in a team of robots, thus entailing further depiction

of robot’s diverseness in the multi robot system [36, 37]. In the research articles

of Prorok et al. [19], and Ravichandar et al. [38], the researchers have defined a

broader class of robot types where each robot in team is endowed with a special

capability and further developed an optimization problem oriented framework in

order to assign required capabilities presented by robots for performing the tasks.

In comparison to this aforementioned literature, the framework mentioned by No-

tomista et al., has described an approach in two separate research articles [6, 16].

This framework models that how different features presented by the team of robots

can equip them with specific abilities that are needed to carry-out an assigned task

[6, 16]. Moreover this framework carries the manifold advantage by providing the

task allocation and accomplishment framework with a required level of resilience.

Infact properties of swarm-resilience or swarm-adaptivity are well researched top-

ics in the area of assigned-task allocation and its execution or accomplishment in

a multi robot system [18, 39–41].

In the aforementioned research, the adaptivity in swarms is achieved through the

dynamic proclivity of robots to take part in diverse tasks built upon well estab-

lished cost functions which primarily incorporate the efficacies of the robots at

executing the assigned tasks [42]. Yuji Nomura [43] has proposed sensor fusion

approach for environment-awareness as the advancements in perception technol-

ogy for images and voice are enabling robots to acquire enhanced environmental

awareness and providing opportunities to exploit their use within self-driving cars

and drones. These established frameworks have not considered and further incor-

porated dynamically evolving environment as an integral part of the frameworks

whereas in a real world scenario the changing environment can affect mission crit-

ical tasks. The peculiar changing environment conditions can influence robots in

terms of unplanned deterioration in the abilities of the robots at performing as-

signed tasks thus affecting the operational functions of the robots. The problem

raise the need of a high quality resilience in a multi robot system required under

a dynamically evolving environment as until now the resilience has only been in-

vestigated in the purview of coordinated tasks along with resource-availability in

such systems where there is heterogeneity [6, 20, 44]. The literature survey on
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multi robot system depicts that research on multi robot coordination techniques

primarily aims on the design of different coordination laws with acceptable char-

acteristics like attaining and maintaining formation-shapes, coverage of fields and

tracking boundaries of areas [45, 46].

The factor of safety in multi robot system also holds due importance that what

is realistically deployed on a team of robots should be safe such that robots col-

lisions are escaped which usually require another low-level operating of collisions

prevention controller that should be capable of taking-over of the robots as soon

as these robots come too close to other robots in the team [47]. The outcome of

this controller design is actually an amalgamation of the carefully crafted algo-

rithms in connection with the best designed collisions prevention controller. But

with the increase in quantity of robots, the robot density also grows which re-

sults into triggering of the designed collisions prevention controllers and thus they

start influencing the overall behavior of the robots in team highlighting that the

expected universal characteristics can not be confirmed anymore [48]. To solve

such kind of problem in terms of the evading of the collisions, the solution can

be provided by making the evasion of collisions as an intrinsic component of the

coordinated-control strategy. Nonetheless such design approach can remarkably

enhance intricacy at design stage and thus more precisely it can no longer make

numerous suggested design tools as the appropriate tools for designing the required

control strategy [45, 46, 49]. Plausible solution of such an issue is to adopt the

control strategy by not taking into account the robots collisions and we can then

further affirm that the designed safety oriented controllers are negligibly-intrusive

primarily through a way that these controllers do nothing until robots collisions are

about to happen [50]. Such notion is described by Tomlin et al. [51], for aircraft

pairs and based on an optimal-control law which only comes into action when the

aircrafts required to change from their current method of functions to an evading

maneuver for avoiding the aircraft-collisions. Although it presents an auspicious

novel design but the computing costs affiliated with on-the-fly solution of an en-

tire Hamilton-Jacobi equations sharply became restrictive when scaling to large

number of agents [51]. Furthermore such notion did not prove to be applicable

for two airplanes even and modified sought solution urged towards calculating a

pre-computed evading maneuver that is being stored in memory and consequently
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is deployed by the aircrafts ultimately resulted as less efficient technique [51].

The aim of this research effort also accounts for the development of such controllers

that should obey the coordinated-control-laws to such an extent that guarantee the

collisions prevention behavior. The primary technique for developing such safety

oriented controllers is to use the notion of control-barrier functions to let the robots

in a team avoid from getting into unsafe sets - clearly in a minimally-intrusive way

by using optimization technique oriented controllers [50]. Establishing on the idea

of safety functions suggested in [52] and using the technique of control barrier func-

tion as introduced by the Ames et al. [53], such safety constraints can be designed

which can avoid collision. Based on this notion a controller for coordinated-control

can then be designed through a quadratic-program technique and resulting control

law has constraints rendered by the safety functions which dictate collisions pre-

vention behavior. The designed safety algorithm can be implemented on a team

of robots.

The aforementioned use of control barrier function can be extended from pre-

vention of collisions and further incorporated in framework presented in [6] for

multi robot tasks accomplishment. This work of [6] is established on research

works presented in [16, 22, 23]. In [6], an approach for the attainment of a task

allocation and its accomplishment framework is researched in detail and overall

the introduced approach is resilient in terms of tasks execution. Different contri-

butions of this framework are, first the feature and capability oriented modeling

for heterogeneous robots permitting pliability in assigning the tasks, second an

optimization-problem oriented framework development for tasks execution per-

mitting the robots to perform given tasks thus catering for the diverse features

and capabilities showcased by robots and third an energy based tasks assignment

framework, to achieve sustainability for prolonged applications. We know that in

real world practical applications, the frameworks of [6, 16] are vulnerable to dy-

namically changing environment because environment has not been considered in

these robot centric frameworks. However dynamically evolving environment such

as weather/ terrain conditions changing on fly, capability specific destinations and

emergence of obstacles en-route, can seriously hamper the desired resilience of the

frameworks of [6, 16] to accomplish the assigned tasks. Keeping such situations in

considerations, we require to carry out our research on making such frameworks
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which are capable to encounter and react a changing surrounding environment

in a resilient way. In this regard, a step-wise approach is required to achieve

the environment-aware resilience in a multi robot system. Extensive use of con-

trol barrier function as mentioned in preceding paragraphs merits the learning of

control barrier function based design, a corner-stone for the establishment of an

environment-aware resilient framework.

Sequel to the details as mentioned in preceding paragraphs, first the literature sur-

vey regarding application of control barrier function based control design is show-

cased in this section for achieving the control design of achieving an adaptive cruise

control in ground vehicles under weather based surface conditions. Next, in order

to explore the development of controllers for a multi robot system to accomplish

the tasks using control barrier functions, the comprehensive literature for investi-

gating the past efforts on optimization technique based decentralized controllers is

presented here as well. This extensive literature survey explores the optimization

technique based decentralized controllers for designing a control strategy for the

real-world scenario of constraint-oriented multi robot formation control in leader-

less consensus under confined conditions. Finally, the past research efforts in terms

of literature survey on the topic of multi robot task allocation and accomplishment

is mentioned in detail in order to explore the adopted control strategies. This ex-

tensive literature survey helped to achieve an environment-aware resilience for a

multi robot system under constrained conditions of obstacles and collisions avoid-

ance in an optimal fashion. Thus substantial literature survey on control barrier

functions and multi robot task allocation/accomplishment frameworks steered the

research of this thesis towards establishing an environment-aware resilient frame-

work by proposing a real-world scenario of dynamic tasking in multi robot system

under optimal strategy in constrained conditions.

2.2 Literature Review

Sequel to the brief literature review as presented in the previous section 2.1, here

the detailed literature review is presented in three fold i.e., (i) Control barrier
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function based control design - adaptive cruise control problem, (ii) Multi robot

tasks accomplishment - formation control problem and (iii) Environment-aware

resilience of multi robot tasks - dynamic tasking problem.

2.2.1 Control Barrier Function based Control Design: Adap-

tive Cruise Control Problem

As mentioned in previous section 2.1 of this chapter, in this section the literature

survey for learning the utilization and implementation of control barrier function

is presented in detail. The learning lead us to implement the control barrier func-

tion in Matlab© through its practical utilization in real-world scenario of adaptive

cruise control. For this the problem of adaptive cruise control among two vehi-

cles on a road is taken. However, it is observed that the unwanted road surface

condition due to different weathers creates a hazard for the safety of vehicles and

is permanently considered as major area of research in engineering all over the

world [54]. It is also observed from the statistics of fatalities that adverse weather

conditions cause significant effect on road surface. Primarily, weather effect on

braking distances is usually neglected while modeling a system however same re-

quires attention from the very start of research [54]. The weather effect gives

challenge to adaptive cruise control in a vehicle since different weathers can cause

road surface to be wet, slushy or covered with soft/compact snow. Usually, the

adaptive cruise control installed on commuter automobiles assists in improving

the driving ease and safety [55–58]. Thus adaptive cruise control problem can be

taken as a typical control issue because it includes goals like driving at a chosen

speed with safety issue of sustaining a definite distance from the leading vehicle.

The different physical features of the vehicle and surface conditions also impact

the vehicle greatly. Such kind of control problem becomes more interesting when

different interacting constraints start violating each other that is a situation can

occur when the velocity of ego vehicle becomes faster than the velocity of the front

car. In such scenarios, safety constraint takes superiority and for this various so-

lutions are also presented in literature [59]. The model predictive control based
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technique is used by the Musa et al. [60], for adaptive cruise control and weather

effect is also discussed.

The adaptive cruise control problem discussed in this thesis extends the research

of [53] by taking into account the weather effect as described by the Kordani et al.

[54], and thus surface conditions due to weather effect are made part of constraint

known as control barrier function. The control barrier function is discussed in

detail which is associated with a set. The barrier function goes to zero as any

state inside barrier function moves towards the boundary of that set, thus forward

set invariance property can be utilized under certain conditions [50]. The unifica-

tion of control barrier function with control Lyapunov function helps to achieve

different control objectives simultaneously [53]. The control Lyapunov function

based constraint helps to achieve a control objective by constructing a controller

that stabilizes the given system and in this aspect control Lyapunov function is

described in-detail in numerous research articles [61, 62].

This thesis research aims to propose the novel notion for designing a control tech-

nique for an ego vehicle to achieve adaptive cruise control on different surface

conditions due to weather effect. The technique combines the control barrier func-

tion and control Lyapunov function through a Quadratic Program. The safety

constraint is a control barrier function with surface conditions taken into account.

In the next chapter 3, the control design for the above mentioned notion of adaptive

cruise control under weather based surface conditions is presented with mathemat-

ical formulations. In the following section, the literature survey regarding multi

robot task accomplishment using control barrier functions in a decentralized con-

trol manner is discussed in detail. This helped to achieve formation control in a

multi robot system using control barrier functions.

2.2.2 Multi Robot Tasks Accomplishment: Formation Con-

trol Problem

In the previous section 2.2.1 of this chapter, the literature survey for establish-

ing the notion of CBF based control design for adaptive cruise control among

ground vehicles is presented. In this section literature survey for the development
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of optimization based decentralized controllers using control barrier functions is

described in detail. The comprehensive literature survey aims to investigate the

real-world scenario of multi robot task allocation which helped to construct the

basis of practical scenario of multi robot formation control. The extensive litera-

ture review helped to identify the research gap and paved the way to design the

controller for the novel notion of constraint-oriented formation control of multi

robot system in leaderless consensus under confined conditions. The formation

control of robots in a team is successfully achieved under different constraints. In

the first case the constraints are applied on the rectangular components of robots

velocities. In the second case the constraint of inter-robots collisions avoidance is

incorporated in devised control strategy of first case.

The coordination in a multi robot system is essential to ensure that robots work

together to perform numerous tasks in a seamless manner and the allocation of

these tasks in the multi robot system can be centralized or decentralized [63]. The

centralized controller assigns different tasks to each robot in a multi robot system

whereas decentralized controllers let the robots to use local information [64]. The

formation control is a specific problem of coordination control and during the for-

mation control of multiple robots, enforcing constraints on the velocity of robots

in a multi robot system becomes a crucial aspect that influences the overall per-

formance, safety and efficiency of the system. Striking the right balance between

safety, efficiency and adaptability is essential for the successful deployment of such

a system across various applications [65–67]. One primary reason for setting the

constraints on the velocity is safety. Robots moving at excessively high speeds can

pose a danger to themselves, other robots, humans in the environment or even the

equipment they interact with. By imposing velocity constraints, the risks of col-

lisions and accidents are reduced [66]. Imposing velocity constraints is a strategy

for promoting energy efficiency as well that is, high-speed movements typically re-

quire more energy and in scenarios where robots are powered by batteries, limiting

the velocity can extend the operational time [68].

For the collision-avoidance scenarios, developing such controllers with secure demon-

strable safety assurances for autonomous systems is also crucial and for this rea-

son, the selection of the term barrier is influenced by the optimization literature
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[50, 69]. The literature integrates barrier functions into cost functions to circum-

vent unfavorable areas including robots in the way, using a repelling term in the

cost function. This behavior, recognized as collision avoidance or maintenance

of a collision-free state, is referred to as system safety [69]. Overall enforcing

constraints on velocity components contributes to the optimization of the overall

system performance that is, by controlling the speed at which a system can move

in each direction, it becomes possible to achieve desired outcomes efficiently. Thus

constraints on the rectangular components of velocity are applied when tasks re-

quire precise control along specific axes as highlighted in [70] and [71].

In the work by Lin et al. [72], constraints on the position and input velocity

of participating agents are considered where the constraints on the resultant ve-

locities are from a defined set of quantitative values. The technique in [73, 74]

discussed constraints on input including constrained resultant velocities where the

velocities are carefully selected absolute values, while Fu et al. [74], discussed col-

lision avoidance in a leader-follower topology. The Wang et al. [75], demonstrated

constraints on the input acceleration along-with the utilization of control barrier

functions as part of a collision avoidance strategy. The work by L.N. Tan [76],

considers H −∞ based control scheme and higher order dynamics for each robot

in a multi robot system. It takes into account robustness of a distributed con-

trol framework in large-scale systems under disturbances and the robot actuators

with saturation limits, meaning that control inputs like torques or forces are con-

strained. These limits indirectly lead to constraints on the velocities of the robots

and overall obtained research results are promising. While [76] focuses more on

actuators’ saturation limit and disturbances, the simulation results implicitly man-

ifest that the system’s state variables such as position and velocity remain within

bounded values, especially because actuator saturation directly impacts velocity.

The research by Notomista et al. [22], resulted into formulation of a mathematical

optimization problem and the desired formation control is achieved using concepts

of graph theory and control barrier functions in a constraint-driven approach.

This thesis research on constraint-oriented formation control, discusses the for-

mation control of a multi robot system by introducing constraints on the rect-

angular components of velocity of each participating robot and further applies
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the CBF-based inter-robots collision avoidance technique as in [75], thus aug-

menting the control technique of [22] while achieving the desired leaderless con-

sensus in terms of formulation of formation in a two-dimensional plane. The

aforementioned research contributions primarily elaborated on the constraining

of the resultant velocity vector; here, the proposed approach in this thesis re-

sults in attaining the desired leaderless formation control for a multi robot system

under constrained rectangular components of each participating robot’s velocity

through decentralized-controllers. In these constrained decentralized-controllers

the inter-robots collision avoidance constraints are also incorporated. Moreover

graph theory concepts are applied at the controller design stage. Thus overall the

proposed approach overcomes the shortcomings of previous approaches.

In the chapter 4, the proposed concept is proved by first presenting the control

theory and design related with aforementioned novel notion of constraint-oriented

formation control of multi robot system in leaderless consensus under confined

conditions. In the next section, the literature survey regarding multi robot task

allocation and execution framework is discussed in detail. The framework lever-

ages the concepts of optimization based decentralized controllers, control barrier

functions and optimal task allocation. Together these concepts can help us to

achieve an environment-aware resilient framework. The real-world scenario of

proposed notion of environment-aware dynamic tasking in a multi robot system

under optimal strategy resolved the problem statement of this dissertation.

2.2.3 Environment-Aware Resilience of Multi Robot Tasks:

Dynamic Tasking Problem

In the previous section 2.2.2 the literature survey for the research on constraint-

oriented formation control in a multi robot system under constrained conditions

- a notion established on control barrier functions based decentralized controllers

is presented. In this section the literature survey for establishing the notion of an

environment-aware resilience of multi robot tasks using optimization technique ori-

ented decentralized controllers based on control barrier functions is mentioned in

detail. The extensive literature survey helps to carryout the research on dynamic
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tasking for a multi robot system under optimal strategy in order to showcase the

property of resilience as briefly discussed in section 2.1 of this chapter. To make the

matter more realistic for practical situations being faced by robots, the research

regarding incorporation of constrained conditions in terms of obstacles avoidance,

inter-robots collisions avoidance and constrained input velocities is also made part

of this thesis.

In the realm of multi robot system’s research, the task allocation stands as an

extensively explored subject [77]. The task allocation strategies are categorized

based on their practical applications [78]. Among these strategies, optimization

techniques for task allocation are highlighted as particularly significant [79]. The

primary objective of the task allocation is to efficiently match suitable robots

with specific tasks required by the system [80]. Thus one of the most compelling

problems within multi robot system is Multi Robot Task Allocation which pri-

marily involves assigning a set of tasks to a team of mobile robots with the goal

of optimizing an objective function, such as minimizing the overall mission time

[9]. Another study conducted by Saravanan et al., aims to provide a succinct

overview of contemporary dynamic task allocation strategies [81]. It extensively

discusses current approaches in dynamic task allocation, focusing particularly on

their application scenarios, constraints, objective functions and methods for han-

dling uncertainty. However considering the scenario presented, the multi robot

task allocation methods are generally classified into market-based, behavior-based

and optimization-based approaches.

It is observed that for the sake of simplicity, many existing studies do not consider

important issues such as robots collision avoidance [9]. Various mechanisms can be

employed to prevent collisions between robots and obstacles as they navigate their

environment. For instance, employing barrier certificates, such as control barrier

functions (CBFs), ensure safety during movement [5]. Ensuring collision-free op-

erations is crucial in autonomous systems, requiring controllers with the robust

safety assurances. This behavior, known as collision avoidance or maintaining a

collision-free state, is essential for system safety [69].

In relation to the allocation and further execution of tasks by a multi robot system,

the Wang et al., present a time-varying constraint-driven optimization framework

designed for collision-free execution of tasks by autonomous underwater vehicles,
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leveraging higher-order dynamics [82]. The framework formulates task costs as

constraints based on control barrier functions, which are applied to minimize con-

trol efforts. However, the concepts of global task specification and current task

specification are not addressed. Furthermore, obstacle avoidance is also not cov-

ered in the discussion. The Notomista et al., have formulated a mathematical

optimization problem and desired task execution has been achieved through a

constraint driven approach [22]. Concurrently executing multiple tasks are cru-

cial in numerous robotic applications and sequel to this prioritizing tasks becomes

essential in scenarios where some tasks such as safety-critical tasks must take prece-

dence over application-related objectives, ensuring mutual protection between the

robot and its surroundings. Moreover, the ability to dynamically adjust task prior-

ities during execution provides the multi robot system with the flexibility to adapt

its objectives over time [83]. In certain scenarios in addition to prioritization of

tasks, the tasks execution order is also important and the Warnakulasooriya et

al., have highlighted that in drone swarm applications, drones are anticipated to

fulfill tasks while adhering to the specified task execution order and thus proposes

a method for allocating a set of prioritized tasks among drone robots within a

swarm using an auction-based algorithm causing swarm drones to follow the given

priority [84]. The Lexing et al., introduce a distributed hedonic coalition forma-

tion game methods for task allocation involving heterogeneous agents [85]. The

method allows self-interested agents to autonomously decide whether to join or

leave a coalition based on their preferences. To determine the optimal composi-

tions of these heterogeneous coalitions, the discussed approach enables each agent

to prioritize assigned tasks while explicitly considering their utility in performing

them. However, in both aforementioned approaches task re-issuance in connection

with speciality reassignment as well as task allocation in the presence of obstacles

followed by inter-robots collision avoidance remains unexplored.

The Notomista et al., have devised an innovative algorithm to optimally allocate

tasks to robots while taking into consideration of their different capabilities and

presents a dynamic task allocation algorithm, formulated as an optimization prob-

lem which is solved by the robots at each point in time [16]. However, the global

task specification remains fixed i.e., tasks are issued prior to the start of the ex-

periment. Furthermore, the author does not address optimal task allocation in
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scenarios involving multiple obstacles and inter-robot collisions. In a multi robot

system, robots may possess varying capabilities or specialized skills, which enhance

resilience against individual robot failures. This allows the system to adapt and

continue functioning even if some robots encounter issues [6].

The Mayya et al., have discussed an optimization-based formulation to allocate

a team of robots to different tasks in a deterministic method and further stated

that an assigned task can be completed via multiple likely amalgamations of robot

capabilities whereas the proposed framework caters to the capabilities degradation

effect by environmental disturbances for achieving the resilience feature [86]. How-

ever, the scenario of global re-issuance of the task to a failed/immobilized robot,

if its capability improves with time, has not been discussed. Additionally, it does

not address multiple obstacle avoidance and inter-robot collision avoidance sce-

narios under optimal task allocation situation. In another research, Mayya et al.,

explore the computational paradigm of an optimal task allocation framework and

demonstrates the effectiveness of a mixed centralized/decentralized approach [86].

The Emam et al., have developed an adaptive task allocation methodology that

dynamically updates the specialization of the participating robots based on their

present efficiency at completing the tasks [23]. In further research by the Emam

et al., the authors have introduced a task allocation and execution framework for

multi robot teams that explicitly accounts for disturbances by augmenting the pre-

defined dynamic model [87]. In both approaches, dynamic global task re-issuance

as well as task completion under obstacles and collisions avoidance with optimal

allocation technique have not been discussed.

In this thesis research, we have also set constraints on robots velocities as it is

observed that most of the literature have not incorporated the notion of velocity

constraint whereas imposing constraints on the velocity of robots in a multi robot

system is critical as it directly impacts system performance, safety and efficiency.

Balancing these factors is key to effectively deploying such systems across diverse

applications [65–67]. For tasks requiring precise control along specific axes, con-

straints on rectangular velocity components are implemented, as mentioned in [70]

and [88]. Motivated by the above observations and based on identified research

gaps as highlighted in preceding paragraphs, the proposed primary research of this
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thesis results into attaining the environment-aware tasks resilience through dy-

namic tasks issuance/withdrawal/re-issuance for the once-issued-tasks to a multi

robot system with simultaneous specialty reassignment through task-specialty re-

lationship matrix (here we termed as environment module) in an optimal way.

Constrained surrounding conditions in terms of robot-to-obstacles avoidance and

robot-to-robot collision avoidance are employed in proposed idea to present a real-

world scenario. The proposed idea of environment-aware tasks resilience under

constrained conditions is achieved through an optimization-technique based opti-

mal task allocation framework. The framework generates velocity control inputs

for each team robot under constrained velocity components, thus the proposed

research overcomes numerous shortcomings of previous approaches as discussed

in the extensive literature survey. The proposed idea of environment-aware re-

silience of multi-robotic task is based on the idea of dynamic task re-issuance

and reassignment through the environment module. The environment module has

environment coefficients directly related with the task issuance strategy and spe-

cialties of the robots. Overall the proposed technique imparts such flexibility in

a multi robot system that multi robot tasks can be issued/withdrawn online and

robots specialties can also be activated/deactivated/re-activated simultaneously

under a simulated environment effect. Through environment module, the task

issuance/withdrawal/re-issuance and specialty activation/deactivation/re-activation

can be made tightly coupled or decoupled depending upon the scenario presented

to a multi robot system. In tightly coupled case, the task re-issuance and specialty

reassignment has to be a seamless simultaneous operation.

In this thesis, the resilience is manifested in two ways; first, if the specialty of

a robot is deactivated through environment coefficient during mission-course, the

task is re-issued simultaneously to appropriate robot in team using environment

module with activation of corresponding coefficient to perform that task. In the

second case, the specialty reassignment is also carried out while keeping task is-

suance in active mode; thus both approaches provide the resilience of tasks execu-

tion/accomplishment. The proposed notion is extended and made more realistic by

incorporating the inter-robot collision prevention technique, obstacles avoidance

strategy and velocity constraints in the designed environment-module-oriented op-

timal task-allocation technique. The unification of environment module alongwith
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task related cost function, multiple obstacles avoidance, inter-robot collision avoid-

ance and velocity constraints is carried out by integrating all constraints through

an optimization program. The number of robots and obstacles are also increased

during the mission course to check the working of developed notion in case of

scalability in terms of increase in tasks with corresponding increase in number

of robots. The verification of designed optimization controller is carried out by

showcasing numerous results. The proposed work also denotes the functioning of

optimal constraint-driven multiple-task issuance under obstacle avoidance, colli-

sion avoidance and velocity constraints. To demonstrate the effectiveness of the

adopted techniques, which include dynamic task re-issuance, specialty reassign-

ment, obstacles/collisions avoidance and velocity constraints, detailed and conclu-

sive comparisons of results are made in this thesis. These comparisons provide a

comprehensive understanding of the proposed decentralized controllers under set

of constraints.

The theoretical foundations of the proposed frameworks as developed in chap-

ters 3, 4 and 5 are validated through simulations as well, thus directly address

the research gaps identified in this literature review. This systematic progression

from problem identification to solution development ensures a coherent research

narrative. The control barrier function based design approach is particularly well-

suited for bridging the identified gap, as evidenced by its successful application in

contemporary research discussed in this section. The framework’s effectiveness in

addressing the problem statement is further demonstrated through its grounding

in state-of-the-art CBF theory and its ability to maintain control guarantees while

accommodating dynamic environmental and optimization constraints.

2.3 Gap Analysis

The existing frameworks designed for the tasks completion by the team of robots

lack an environment awareness and are primarily robot centric. These frameworks

only consider the team of robots and their specialties required for the execution

of the assigned multi robot tasks. In real world, practical applications these robot



Literature Review, Gap Analysis and Problem Statement 24

centric frameworks are vulnerable to the dynamically changing environment. The

active or inactive status of robots due to on-the-fly changes in an environment

can seriously hamper the desired resilience of a multi robot framework to execute

the assigned tasks. Under these circumstances, the current frameworks need be

enabled to respond to such changing environment through the capability of the

environment-aware resilience. The capability of the environment-aware resilience

helps to achieve the switching of the assigned tasks among the robots for their

continued execution.

2.4 Problem Statement

Based on the gap analysis, the challenge of the research in this thesis lies in

the achievement of the multi robot tasks’ resilience in the dynamically evolving

environment under the conditions of constrained velocities of participating robots

while avoiding obstacles and inter-robots collisions.

2.5 Research Methodology

The research methodology for the development of an environment-aware resilient

multi robot system is mentioned as follows:

1. Development of an application of control barrier function - An adaptive

cruise control problem for ground vehicles under weather effect on road sur-

face.

2. Development of multi robot tasks accomplishment framework - constraint-

oriented formation control of multi robot system in leaderless consensus un-

der confined conditions.

3. Development of environment-aware resilient framework for a multi robot

tasks allocation and accomplishment - dynamic tasking for a multi robot

system under optimal strategy in constrained conditions.

4. Matlab© simulation of developed framework.
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2.6 Research Contributions

The work in this thesis shows the conduct of desired research in a sequential man-

ner. The problem of environment-aware resilience in multi robot system under

constrained conditions is a special case of multi robot task allocation and execu-

tion framework. This intrigues to develop control design for an environment-aware

resilient multi robot tasks execution by leveraging on the concept of control bar-

rier function. For this, first a control barrier function based control design for

achieving an adaptive cruise control in ground vehicles under different weather

effects is presented. Then the optimization technique based decentralized con-

trollers using control barrier functions for multi robot tasks execution is explored.

Using this optimization technique, a control for multi robot formation control is

developed under confined conditions leveraging control barrier functions encoded

as constraints of the designed optimization program. Finally this research work

has successfully developed a control design for environment-aware resilient multi

robot task allocation and execution framework. The environment-aware resilience

is achieved through dynamic tasking for a multi robot system under optimal strat-

egy while avoiding multiple obstacles and inter-robot collisions.

Overall the thesis work demonstrates the effectiveness of the adopted control tech-

nique which include control barrier function based adaptive cruise control, decen-

tralized controllers based multi robot tasks execution in formation control prob-

lem and finally environment-aware resilience through dynamic task re-issuance,

specialty reassignment. Additional constraints of obstacles avoidance, collisions

avoidance and velocity bounds are added in the designed optimization techniques

for formation control and environment-aware resilient frameworks. Detailed com-

parisons of results are presented in this thesis to showcase the effectiveness of

designed control algorithms. These comparisons provide a comprehensive under-

standing of the proposed decentralized controllers under set of constraints. Thus

the research work in this dissertation has showcased major contributions in the

following research paradigms:

1. Control barrier function based control - adaptive cruise control problem

2. Multi robot tasks accomplishment - formation control problem
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3. Environment-aware resilience of multi robot tasks - dynamic tasking problem

The details of research contributions under aforementioned research paradigms are

described in the following subsections.

2.6.1 Control Barrier Function based Control Design: Adap-

tive Cruise Control Problem

To find the potential of control barrier functions, here we have considered a real

world problem of an adaptive cruise control among ground vehicles using con-

trol barrier function. Desired control technique incorporates weather based road

surface conditions. Following are the major contributions from the conducted

research:

1. Design and development of an adaptive cruise control for ground vehicles by

leveraging on the idea of control barrier function.

2. Formulation of an optimization based control technique which unifies the

control Lyapunov function and control barrier function through a quadratic

program.

3. Proposed technique incorporates the stability and safety considerations in

the designed adaptive cruise control algorithm.

4. Incorporation of the effect of weather based road surface conditions (dry,

wet, slushy and snowy) in designed control technique.

2.6.2 Multi Robot Tasks Accomplishment: Formation Con-

trol Problem

To explore optimization technique based decentralized controllers for multiple

tasks execution by the team of robots leveraging control barrier functions, a

constraint-oriented formation control for the multi robot system is proposed and

simulated in this thesis. The idea primarily addresses a real-world scenario being
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encountered by a multi robot system while achieving the desired objective where

each participating robot can move independently in any direction and their veloci-

ties can be finite due to certain limitations. Following are the major contributions

from the research on formation control problem:

1. Design and development of an optimization technique based controller for

each participating robot in a multi robot formation control setting and fur-

ther incorporation of constraints on the rectangular components of the robots

velocities. The technique achieves a leaderless consensus leading to prede-

fined formation shaping using control barrier functions thus leading to multi

robot tasks accomplishment.

2. Proposed model of contribution 1 is extended and made more realistic by con-

sidering situations in which inter-robots collisions may occur while perform-

ing the desired tasks. This scenario is addressed by unifying the constrained-

velocity-components based controller of contribution 1 and the CBF based

inter-robots collision avoidance strategy. The suggested control technique

is based on the approach of unifying the cost function of the desired objec-

tive and collision avoidance, as separate CBF based constraints of a single

quadratic program.

3. To prove the efficacy of the devised control technique pivoting across the

proposed ideas of velocity components and inter-robots collision avoidance

constraints, detailed and conclusive comparisons of the obtained results are

drawn in this dissertation.

2.6.3 Environment-Aware Resilience of Multi Robot Tasks:

Dynamic Tasking Problem

As already mentioned that environment-aware resilience of multi robot tasks is

a special case of the multi robot task allocation and accomplishment framework.

It results into development of a control technique capable for dynamic tasks re-

issuance and reassignment optimally even under constrained conditions. The pro-

posed research on this special topic has resulted into several outcomes which are



Literature Review, Gap Analysis and Problem Statement 28

made part of this thesis. Following are the major contributions from the research

conducted:

1. To achieve environment-aware resilience in a multi robot system while carry-

ing out the assigned tasks optimally, novel idea of dynamic task re-issuance

and reassignment through environment module is devised and implemented

in this thesis. The proposed environment module has environment coeffi-

cients directly affecting the tasks issuance strategy and specialties of robots.

This imparts such flexibility in a multi robot system that we can issue/with-

draw the assigned tasks online while robots specialties can also be activat-

ed/deactivated simultaneously, overall providing a resilience in tasks execu-

tion by a multi robot system.

2. Through environment module tasks resilience is achieved in two ways, first

through task issuance/re-issuance strategy and second through specialty ac-

tivation/deactivation mechanism. Using environment module, the task re-

issuance/withdrawal and specialty activation/deactivation is made tightly

coupled or decoupled depending upon the scenario presented to the multi

robot system. In tightly coupled case, the task re-issuance and specialty re-

assignment has to be a seamless simultaneous operation. If a specialty of the

robot is deactivated through environment coefficients during mission-course,

the task is re-issued simultaneously to appropriate robot in team using envi-

ronment module with activation of corresponding coefficient to perform that

task. Similarly a specialty re-assignment is also carried out while keeping

task issuance in active mode.

3. Proposed ideas at contributions 1 and 2 are extended, made more realis-

tic by incorporating the inter-robot collision prevention technique, obstacles

avoidance strategy and velocity constraints in the designed environment-

module-oriented optimal task-allocation technique. Unification of environ-

ment module, cost function, multiple obstacles avoidance, inter-robot colli-

sion avoidance and velocity constraints is carried out by integrating all in

an optimization program. The cost function, inter-robots collision avoidance

and obstacles avoidance are encoded through control barrier functions.
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4. No. of robots and obstacles are increased during the mission course to check

the working of developed optimization technique. Verification of designed

optimization controller is carried out by showcasing numerous results.

5. Proposed technique of contribution 3 ensures functioning of optimal constraint-

driven multiple-task issuance/assignment while avoiding obstacles and inter-

robot collisions in the presence of velocity constraints.

2.7 Chapter Summary

After the discussion on the research motivation, background and objectives in

chapter 1, in this chapter a thorough review of the past efforts for multi robot

control are discussed. The comprehensive literature review is presented sequen-

tially in sections 2.2.1, 2.2.2 and 2.2.3 of this chapter. The section 2.2.1 presents

literature review regarding control design using control barrier function through a

specific scenario of the attainment of an adaptive cruise control among ground ve-

hicles using control barrier function under weather based surface conditions. The

section 2.2.2 presents literature review regarding multi robot tasks accomplishment

related techniques. This literature survey helped to explore the research area re-

garding development of the optimization technique based decentralized controllers

using control barrier function. These efforts helped to identify the research gap in

the specific area of multi robot task accomplishment and further guided to propose

a novel idea of constraint-oriented formation control of a multi robot system in

leaderless consensus under confined conditions. The section 2.2.3 showcases de-

tailed literature survey regarding development of multi robot task allocation and

accomplishment in an optimal way through optimization technique oriented de-

centralized controllers. The comprehensive and detailed literature survey helped

to create and develop the core problem statement of this dissertation through

identification of research gap from this extensive literature review. The problem

statement presented in section 2.4 assisted in identifying the areas of concern in

the previous studies. Finally, the chapter is concluded by highlighting the objec-

tives of the proposed research. In the chapter 5, control design for solving the

problem statement is discussed in detail.



Chapter 3

CBF based Adaptive Cruise

Control

3.1 Introduction

In this chapter, the basis of environment-aware resilient multi robot system is pre-

sented by first designing a simple control strategy using control barrier function.

For designing a control strategy using control barrier function, a special case of

adaptive cruise control under weather based surface conditions is considered here.

The successful development of desired control algorithm for an adaptive cruise

control in ground vehicles using control barrier function under weather based sur-

face conditions paved the way for its implementation to get the research results

as intended. As mentioned previously, the notion of control barrier functions

is extensively used in multi robot systems. After exploiting the notion of con-

trol barrier function through the example of an adaptive cruise control, a control

strategy for the development of optimization based decentralized controllers us-

ing control barrier function is designed as well. This design helped to achieve

the multi robot tasks execution in a constraint-oriented approach. Using this

constraint-oriented approach, the control design for the leaderless formation con-

trol of a multi robot system with constrained rectangular components of velocities

under confined conditions is developed and implemented to prove the efficacy of

designed algorithm (chapter 4). After developing the concepts of decentralized

30
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optimization controllers using control barrier functions, the control design for an

environment-aware resilience of multi robot tasks through the scenario of dynamic

tasking for a multi robot system under optimal strategy in constrained conditions

is presented in detail in chapter 5.

3.2 Proposed Control Barrier Function based Con-

trol Design: Adaptive Cruise Control Prob-

lem

In this section, an application of the control barrier function based control design

for a practical scenario of adaptive cruise control under weather effect based sur-

face conditions is discussed by presenting a solid research. The objective of this

research scenario is to take into account the effect of surface conditions changing

due to evolving weather. A design technique is then formulated which combines

the concepts of control Lyapunov function and control barrier function through an

optimization technique. The technique ensures the stability and safety consider-

ations in an adaptive cruise control setting. For the aforementioned research the

surface condition formulae by Kordani et al., are used for different road conditions

[54]. Forgoing the research on the adaptive cruise control using control barrier

function by Ames et al. [53], is studied and further extended by proposing the

novel control technique for ground vehicles to achieve adaptive cruise control on

different surface conditions occurring due to weather effect. The applied technique

utilizes the combination of control barrier function and control Lyapunov func-

tion with surface condition taken into account. The presence of a control barrier

function ensured avoidance of unsafe set of values (unacceptable states) whereas

existence of control Lyapunov function helped to reach a target state. The objec-

tives of stability (attainment of desired state) as well as safety (collision avoidance)

through control Lyapunov function and control barrier function respectively act as

constraints of a quadratic program. It is observed that the aforementioned control

technique is helpful under different surface conditions happening due to effect of

the changing weather [89]. Moreover it is proved that simultaneous achievement
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of control objective (desired target state by control Lyapunov function) and safety

objective (allowable states represented by control barrier function) can be met. In

next sections, these design constructions are demonstrated through Matlab© based

simulations in the context of weather based different surface conditions to achieve

adaptive cruise control for wheeled vehicles where the attainment of target veloc-

ity is taken as soft constraint and hard constraint is imposed on the attainment

of desired safety objective by ego vehicle.

3.2.1 Problem Formulation

The goal here is to take into account the effect of weather based surface conditions

by formulating a control technique which unifies the control Lyapunov function

and control barrier function. The unification is done through quadratic program.

The technique ensures the stability and safety considerations in an adaptive cruise

control problem. The weather based surface conditions are considered in the design

of desired control barrier function based control technique.

3.2.2 System Model

In this section, the system model, control Lyapunov function, control barrier func-

tion and weather based surface conditions are explained in detail. To stimulate

these deliberations, discussion on control Lyapunov function is initiated here and

further a discourse is adopted that how it can be utilized to produce controller

that can impose stability. A detailed analysis on the articulation of control barrier

function based controller constructed with surface conditions is presented here.

These controllers are integrated collectively in a quadratic program. For the pro-

posed scenario consider a nonlinear system as mentioned in equation (3.1). The

system is affine in control input:

ẋ = fv(x) + gv(x)u (3.1)

Here x is the state of the system, fv represents drift term and gv represents the

actuator effect term. Both fv and gv are Lipschitz continuous in x. Moreover

x ∈ Rn and u ∈ Rm.
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3.2.3 Stability Objective: Control Lyapunov Function

The nonlinear control affine system given in equation (3.1) is required to be sta-

bilized exponentially to a point xe. Consider a function V (x) which is a positive

definite and a continuously differentiable function such that V (x) : Rn → R. A

control law u subject to inequality of expression (3.2) is required to be sought that

can drive V (x) to zero:

inf
u∈U

V̇ (x, u) ≤ −λV (x) (3.2)

Here V̇ (x, u) = LfvV (x) + LgvV (x)u where LfvV (x), LgvV (x) are Lie deriva-

tives. The term λ is a locally Lipschitz extended class K function and is strictly

increasing with λ(0) = 0. The system can be made stable by finding a control

input u = k(x)clf that helps to define a stable system as depicted by the Lyapunov

function in expression (3.2) which is an exponentially stabilizing control Lyapunov

function as given by:

inf
u∈U

[LfvV (x) + LgvV (x)u] ≤ −λV (x) (3.3)

k(x)clf := {u ∈ U : LfvV (x) + LgvV (x)u ≤ −λV (x)} (3.4)

The expression (3.5) is a quadratic program (QP) formulation depicting a CLF

constraint linear in u.

argmin
u∈U

1

2
uTu (3.5)

subject to :

LfvV (x) + LgvV (x)u+ λV (x) ≤ 0

3.2.4 Safety Objective: Control Barrier Function

The stability requires making a system to reach a target state (point or set)

whereas safety phenomenon can be understood as avoiding an unsafe set that

is, ensuring the forward invariance of a set. Consider a set S1 (equation (3.6))

which is a zero superlevel set of a function f1(x). The function f1(x) is a contin-

uously differentiable function such that f1(x) : D → Rn. Here D ⊂ Rn such that
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S1 ⊂ D. The term ∂S depicts boundary of a set S1.

S1 = {x ∈ D ⊂ Rn : f1(x) ≥ 0} (3.6)

∂S1 = {x ∈ D ⊂ Rn : f1(x) = 0} (3.7)

interior(S1) = {x ∈ D ⊂ Rn : f1(x) > 0} (3.8)

The set S1 as defined in equation (3.6) is a safe set. Consider the term u where

u = k(x) is a feedback controller and defines a Lipschitz continuous control law.

Consider α as an extended classK∞ function. This function α is strictly increasing

with α(0) = 0.

sup
u∈U

[Lfvf1(x) + Lgvf1(x)u] + α(f1(x)) ≥ 0 (3.9)

The expression (3.9) is for all x ∈ D. This implies that f1(x) is a control barrier

function and any Lipschitz control law k(x)
CBF

that justifies the constraint of the

expression (3.9) renders the set S1 safe [50]. The term k(x)
CBF

is given by as

follows:

k(x)CBF := {u ∈ U : Lfvf1(x) + Lgvf1(x)u+ α(f1(x)) ≥ 0} (3.10)

The expression (3.11) is a quadratic program (QP) formulation and depicts a CBF

constraint linear in u:

argmin
u∈U

1

2
uTu (3.11)

subject to :

Lfvf1(x) + Lgvf1(x)u+ α(f1(x)) ≥ 0

3.2.5 System Objectives Unification through Quadratic Pro-

gram

To achieve the stability and safety objectives, Quadratic Program based coupling

of the CLF and CBF constructions of expressions (3.5) and (3.11) respectively

can be done as shown in expression (3.12) [53]. Such amalgamation of stability

objective characterized by CLF is structured to render trajectory inside the safe
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Table 3.1: Weather based surface conditions.

Surface conditions and deff

Dry Wet Slush Soft snow Compact snow

deff=dbr deff=1.7dbr deff=2dbr deff=3dbr deff=4dbr

set characterized by control barrier function. The control barrier function renders

a system, a guaranteed safety. The control barrier function here ensures collision

avoidance between vehicles. The control Lyapunov function ensures stability that

is, reaching a target state.

u
′
= argmin

u∈U

1

2
uTHu+ F Tu (3.12)

subject to :

LfvV (x) + LgvV (x)u+ λV (x) ≤ δ

Lfvf1(x) + Lgvf1(x)u+ α(f1(x)) ≥ 0

where H and F are weight matrices and can be selected based upon control input

weights. Here δ is slack variable required to make CLF constraint flexible while

the set S1 manifests the characteristics of forward invariance. Term V̇ (x, u) =

LfvV (x) + LgvV (x)u where LfvV (x), LgvV (x) are Lie derivatives. The term λ is

an extended class K function and is strictly increasing with λ(0) = 0.

3.2.6 Weather based Surface Conditions

The unification of CBF and CLF for ground vehicles can be employed in order to

achieve the adaptive cruise control on different surface conditions. The weather

based surface conditions tabulated in Table 3.1 are taken into account [54]. The

Table 3.1 depicts the different equations for calculating distances under braking

effect based on surface conditions. The condition is incorporated as hard constraint

as implemented through CBF. Here deff in Table 3.1 denotes the effective distance

as function of distance (dbr) under braking effect.
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3.2.7 Adaptive Cruise Control under Weather based Sur-

face Conditions

This section derives the expression for the adaptive cruise control among two ve-

hicles in a setting depicted in Fig. 3.1 with the purview of control barrier function.

The weather based surface conditions of Table 3.1 are used for simulation pur-

pose. Keeping in view the stability and safety requirement of the given problem

of adaptive cruise control, the dynamics of the vehicle is defined as given by:

Figure 3.1: Front (lead) and ego vehicles in cruise control setting. vego and vfront
are velocities of ego and front vehicles. z is distance between vehicles. p is position
of ego vehicle.

m
dvego
dt

= Fw − Fr (3.13)

where Fw is the wheel force, Fr is the rolling resistance, m denotes the mass of

given vehicle denoted as ego vehicle and vego is the vehicle’s velocity. Here the

coefficients Fr0 , Fr1 and Fr2 are determined empirically.

Fr(vego) = Fr0 + Fr1vego + Fr2v
2
ego (3.14)

Another vehicle denoted as front (lead) vehicle moving at constant velocity of

vfront is considered here. Distance between the front (lead) vehicle and ego vehicle

is z:

ż = vfront − vego (3.15)
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Consider a state vector denoted as x and x = [p vego z]
T with p as position of

vehicle. Dynamics of the given system then becomes as of equation (3.16):

ẋ =


v

− 1
m
Fr(v)

vfront − vego


⇐⇒
fv(x)

+


0

1
m

0

u
⇐⇒
gv(x)

(3.16)

where u = Fw is the control input. Weather based surface conditions cause an

effect on the distance under braking effect (dbr) as mentioned in Table 3.1 that

is, deff = 1dbr, 1.7dbr, 2dbr, 3dbr and 4dbr. Values for deff are made part of hard

constraint defined by the standard expression of the control barrier function. Here

cd is deceleration constant and g = 9.8 m/s2. The braking distance dbr is given by

as follows [53]:

dbr =
1

2

(
(vego − vfront)

2

cdg

)
(3.17)

3.2.8 Stability Objective as Soft Constraint

In adaptive cruise control when sufficient headway is reached, the goal becomes

that ego vehicle with velocity vego attains the desired velocity vdesired. Since safety

in terms of collision avoidance with front vehicle is more important, the objective

to reach desired velocity becomes a soft constraint.

vego − vdesired −→ 0 (3.18)

3.2.9 Safety Objective as Hard Constraint

Keeping a safe distance from the front car should be a hard constraint since safety

is an important design factor. The following general rule for headway distance to

ensure safety can be used [53]. Here Th is look-ahead time.

z ≥ Thvego (3.19)
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To avoid acceleration or deceleration more than a certain factor, constraints are

required to be imposed on control input u as mentioned below:

−umin ≤ u ≤ umax (3.20)

where umax = mcag and umin = −mcdg. Here ca and cd are acceleration and

deceleration factors [53].

3.2.10 Formulation of Adaptive Cruise Control Constraints

with Weather based Surface Conditions

In this section, the hard and soft constraints as defined in previous section are

enclosed in an optimization based quadratic program. The soft constraint is con-

verted into a control Lyapunov function and hard constraint is converted into a

control barrier function. Weather based surface conditions of Table 3.1 are in-

corporated in the control barrier function designed for the hard constraint. The

defined soft and hard constraints are unified for the formulation of control barrier

function and control Lyapunov function based quadratic program to achieve de-

sired objective of adaptive cruise control under weather based surface conditions.

a. Stability Constraint. The synthesizing of a soft constraint for driving the

speed of ego vehicle (vego) to desired speed that is, the achieving of speed

regulation using the control Lyapunov function is required to be carried out

here. The stability objective here is to drive the vego −→ vdesired. The soft

constraint is rewritten here as given by:

Drive y : vego − vdesired −→ 0 (3.21)

A Lyapunov function should be zero at the equilibrium point xe and xe =

[0 vdesired 0]
T which is positive everywhere in the region [53]. The candidate

Lyapunov function V (x)clf can be used here:

V (x)clf = (vego − vdesired)
2 (3.22)
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The general expressions for the control Lyapunov function can be written as

given by:

V̇ (x, u)clf + λV (x)clf ≤ 0 (3.23)

LfvV (x)clf + LgvV (x)clf + λV (x)clf ≤ 0 (3.24)

Here LfvV (x)clf = ∇V (x)clf .fv(x) ad LgvV (x)clf = ∇V (x)clf .gv(x). After

detailed derivations, the control Lyapunov function expression becomes as

given by:

(vego − vdesired) [
2

m
(u− Fr(v)) + λ(vego − vdesired)] ≤ δ (3.25)

The variable δ is a relaxation factor for keeping the constraint as soft. By

setting δ = 0 makes the above mentioned soft constraint as a hard constraint

which is not required here. The validity of the control Lyapunov function

can be checked by analyzing the two cases such as when vego < vdesired and

vego > vdesired. In both cases the control Lyapunov function constraint of

expression (3.25) remains valid.

b. Safety Constraint. The prime objective here is to build a hard constraint

for achieving the safety among two vehicles. Here a control barrier function is

designed with safety objective of z ≥ Thvego as already mentioned (expression

(3.19)). The intuitive choice for the control barrier function denoted by

f1(x)cbf is given by:

f1(x)cbf = z − Thvego (3.26)

To verify that expression (3.26) is a valid control barrier function then fol-

lowing expression must be verified:

inf
u∈U

[Lfvf1(x)cbf + Lgvf1(x)cbfu] + α(f1(x)cbf ) ≥ 0 (3.27)

here Lfvf1(x)cbf = ∇f1(x)cbf .fv(x) and Lgvf1(x)cbf = ∇f1(x)cbf .gv(x). Ex-

pression (3.27) under maximum deceleration u = −mcdg is given by:

Thcdg + vfront + αz − (1 + αTh)vego ≥ 0 (3.28)
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where the velocity vfront is velocity of the front (lead) vehicle. If velocity

vego is bigger in value than the velocity vfront, the constraint of expression

(3.28) gets invalid making the chosen control barrier function of expression

(3.19) as an invalid control barrier function.

The braking distance dbr (equation (3.17)) required to decelerate from vego

to vfront, is needed to be included in expression (3.19) to achieve a valid

control barrier function. The new control barrier function then becomes as

described in equation (3.29). Here effective distance (deff ) for dry surface in

accordance with Table 3.1 is as deff= dbr:

f1(x)cbf = z − Thvego − deff (3.29)

As mentioned in Table 3.1, different control barrier functions for surfaces

such as dry, wet, slush, soft snow and compact snow can be defined by

taking deff values as 1dbr, 1.7dbr, 2dbr, 3dbr and 4dbr in equation (3.29),

respectively. To verify that such control barrier function expressions are

valid control barrier functions or not, first the control barrier function for

dry surface can be taken here:

Lfvf1(x)cbf + Lgvf1(x)cbfu+ α(f1(x)cbf ) ≥ 0 (3.30)

After necessary derivations the expression (3.30) becomes:

(
Th
m

+
vego − vfront

mcdg

)
(Fr − u) + vfront − vego + αz − αThvego − (3.31)

−1

2

(
(vego − vfront)

2

cdg

)
≥ 0

Expression (3.31) under maximum deceleration u = −mcdg is given by:

ThFr
m

− vfrontFr
mcdg

+ Thcdg + αz +

(
Fr
mcdg

− αTh

)
vego − (3.32)

−1

2

(
(vego − vfront)

2

cdg

)
≥ 0

If velocity vego is bigger in value, the expression (3.32) remains valid. After

solving the control barrier functions for wet, slush, soft snow and compact
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snow, it is found that the control barrier functions for these surface condi-

tions also remain valid numerically as depicted in simulation results in next

section.

3.2.11 Formulation of Quadratic Program

The stability and safety constraints as formulated in previous sections can be

combined through a quadratic program as mentioned below [53]:

u
′
(x) = argmin

u∗∈U

1

2
u∗TH1u

∗ + F T
1 u

∗ (3.33)

subject to:

A1u
∗ ≤ b1

Here

A1 =


LgvV −1

−Lgvf1 0

1 0

−1 0

 , b1 =


−LfvV − λV

−Lfvf1 + α(f1)

umax

−umin

 (3.34)

and

u∗ =

 u

δ

 (3.35)

• Cost Function. The control objective of reaching the desired velocity

as mentioned in expression (3.21) can be taken as a cost function J1(u).

Following is the expression from the system in equation (3.13):

mẏ = u− Fr =⇒ ẏ = µ =
1

m
(u− Fr) (3.36)

Cost related with stability objective can be calculated as µTµ. Formulated quadratic

program in expression (3.33) gives such value of u which minimizes the cost func-

tion J1(u) as given by:

J1(u) = µTµ =
1

m2
(uTu− 2uTFr + F 2

r) + δ2 (3.37)
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where

H1 = 2

 1/m2 0

0 1

 and F1 = −2

 Fr/m
2

0

 (3.38)

The quadratic program mentioned in expression (3.33) can be simulated through a

coding scheme and the results can be obtained. After formulation of control barrier

function based control design (expression (3.33)) for an adaptive cruise control,

in the section 3.3 the detailed discussion on simulation results is presented and

elaborated. In the chapter 4, the notion of control barrier function is extended

by presenting control design for the decentralized optimization based controllers

using control barrier functions. The work lead to construct a multi robot task

execution scheme to accomplish the assigned tasks.

3.3 Simulation Results and Discussions

In this section, the simulation results for the control barrier function (CBF) based

control design are presented. In the section 3.2, the optimization based control

design for achieving an adaptive cruise control is developed. Thus the quadratic

program (QP) of equation (3.33) mentioned in section 3.2 can be simulated in

Matlab© through a coding scheme. The obtained simulation results are shown in

Fig. 3.2. For these simulation results, the parameters mentioned in Table 3.2 are

utilized [53]. System defined in equation (3.16) is triggered from initial conditions

described as state vector x where x = (0 26 120). The control barrier function

based constraint is incorporated with weather based surface conditions for imply-

ing the hard constraint in this adaptive cruise control problem. The existence

of control barrier function ensures the forward invariance of the defined set. The

control objective in terms of achieving the desired velocity is manifested as soft con-

straint as constructed using control Lyapunov function (CLF). The soft constraint

does not oppose the attainment of control barrier function based hard constraint.

Such behavior is proven by depicting the fact in Fig. 3.2 that is when vego rises ex-

ponentially from 26 m/s and it tries to reach the desired velocity vdesired = 30 m/s

in 6.7 secs. Meanwhile when the distance z to the front vehicle gets too small and

at this point of time the control input u′ lessens as control barrier function based
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Table 3.2: System parameters for ACC setup.

Design parameters
Parameters

Value Units

Fr0 0.1 N

Fr1 5 Ns/m

Fr2 0.25 Ns2/m

vdesired 30 m/s

vfront 20 m/s

α 5 -

λ 5 -

ca 0.3 -

cd 0.3 -

m 1650 kg

g 9.8 m/s2

Th 1.8 Sec

p 0 m

vego 26 m/s

z 120 m

hard constraint comes into action. The hard constraint reduces the speed of the

ego vehicle and ultimately it approaches to the speed of front vehicle of 20 m/s

ensuring a safe distance of 36 m. The control Lyapunov function constraint is

also shown which gets sufficiently relaxed as soon as CBF constraint comes into

action and meanwhile relaxing factor that is, the slack variable starts increasing

by taking positive values. Finally the designed QP controller (equation (3.33))

justifies all the defined control objectives and constructed constraints. In Fig. 3.3

the results of multiple control barrier functions constructed for weather based sur-

face conditions (Table 3.1) are simultaneously demonstrated through simulations.

These simulations depict that for different surface conditions, results of system

parameters are satisfactory. The Fig. 3.3 shows that as value of deff increases,

the vego tries to reach vdesired early (3.2 secs for deff = 4dbr) due to lessening of
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frictions as surface condition changes. The control input starts lessening at earlier

stage since the CBF and CLF constraints for wet, slush, soft snow and compact

snow also start activating at earlier stages. Finally the distance to the front (lead)

vehicle also reaches a safe value. It can be seen that as the condition of surface

changes, all the system parameters exhibit satisfactory behavior. This implies

that the proposed control barrier functions for the different surfaces remain valid

and the QP controller achieved through these equations satisfy the desired control

objectives including stability and safety objectives. It is pertinent to mention that

the selection of the class K function is guided by three key considerations: (1)

the chosen class K function must be strictly increasing to ensure a well-defined

relationship essential for stability analysis, (2) it must be Lipschitz continuous to

guarantee confined sensitivity to input variations, which is crucial for avoiding

abrupt changes that could lead to numerical instabilities, (3) empirical validations

through multiple simulation trials are conducted to rigorously assess performance

under varying conditions, ensuring dependability across different operational sce-

narios, and (4) the function must maintain quadratic program (QP) feasibility,

meaning it should not introduce surplus constraints that could render the opti-

mization problem unsolvable. Our fixed choice of the classK function was carefully

selected to satisfy these criteria, and it sufficed for proof-of-concept validation. Be-

yond theoretical compliance, this choice demonstrated consistent feasibility across

all test scenarios, successfully meeting all imposed constraints without exceptions.

This robustness is particularly important in real-world control applications, where

infeasible solutions or constraint violations could lead to system failures or de-

graded performance. Furthermore, the Lipschitz continuity condition ensures that

the function does not exhibit excessively steep gradients, which could otherwise

increase noise or disturbances in practical implementations. The strictly increas-

ing property, meanwhile, guarantees a useful feature for recovery-based control

strategies. Empirical validation through extensive simulations further reinforced

confidence in the function’s suitability, as it exhibited predictable and repeatable

behavior under stochastic uncertainties and model perturbations. By adhering to

these well-justified selection criteria, the class K function not only fulfills theoret-

ical requirements but also remains practically feasible, contributing to the overall

reliability and effectiveness of the control framework.
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Figure 3.2: ACC simulation results for dry surface (deff = dbr). Red outlined area
shows the sudden drop in value of u′ to avoid collision as vego approaches the desired
velocity of 30m/s at 6.7 secs with corresponding invocation of hard and soft constraints
(CBF and CLF), finally maintaining constant values of vego = 20 m/s and z = 36 m.
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Figure 3.3: Simulation results for dry, wet, slush, soft and compact snow. The vego
tries to reach 30 m/s at 3.2 secs for compact snow (deff = 4dbr), 4 secs for soft snow,
5.3 secs for slush, 5.8 secs for wet and 6.7 secs for dry surface with earlier decrease in
control inputs, increase in slack variables and invoking of CBF, CLF until the distance
z reaches a safe value of 36 m.
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3.4 Chapter Summary

In this chapter the designing of a control strategy using control barrier function

is considered. A special case of an adaptive cruise control under weather based

surface conditions is presented. A control strategy for an adaptive cruise con-

trol in ground vehicles using control barrier function under weather based sur-

face conditions is developed and simulated in Matlab©. The presented adaptive

cruise control technique utilized control barrier function as part of a quadratic

program. The quadratic program unified control barrier function and control Lya-

punov function with surface condition taken into hard constraint defined through

control barrier function. The simulated results found through this technique ex-

hibited the intended safety and stability objectives on different weather based

surface conditions as discussed in section 3.3.



Chapter 4

MRTA based Formation Control

4.1 Introduction

In this chapter, the task execution framework using control barrier function through

constraint-oriented approach is developed. As mentioned earlier, the notion of con-

trol barrier functions is extensively used in multi robot systems. After exploiting

the notion of control barrier function through the example of an adaptive cruise

control in chapter 3, here a control strategy for the development of optimization

based decentralized controllers using control barrier function is designed as well.

This design helped to achieve the multi robot tasks execution in a constraint-

oriented approach. Using this constraint-oriented approach, the control design for

the leaderless formation control of a multi robot system with constrained rectangu-

lar components of velocities under confined conditions is developed and simulated

to prove the efficacy of designed algorithm. The idea primarily addresses a real-

world scenario being encountered by a multi robot system while achieving the

desired objective where each participating robot can move independently in any

direction and their velocities can be finite due to certain limitations. After devel-

oping the concepts of decentralized optimization controllers using control barrier

functions, the control design for an environment-aware resilience of multi robot

tasks through the scenario of dynamic tasking for a multi robot system under

optimal strategy in constrained conditions is presented in detail in chapter 5.

48
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4.2 Proposed Multi Robot Tasks Accomplish-

ment Framework: Formation Control

In this section, a multi robot control scheme for multi robot task accomplishment is

established by constructing decentralized controllers using control barrier functions

to accomplish the assigned tasks. Consider the accomplishment of nt different tasks

by a robot as described by the under mentioned optimization problem:

min
u

∥u∥2 (4.1)

subject to:

constraintsj(q, u) ≥ 0, ∀ ∈ {1, ..., nt}

here q represents the state of a robot in a team, u defines the control input to

the robot and constraintsj(q, u) manifest as constraint based function enforcing

the performance and accomplishment of task named as j. If nr represents number

of robots in a team, then each robot i ∈ {1, ...., nr} is modeled as control affine

dynamical system as shown below:

.
qi = fv(qi) + gv(qi)ui (4.2)

where qi is the state of the robot i, ui is the control input to the robot i, fv and gv

are locally Lipschitz continuous vector fields. The control barrier functions can be

used to define the assigned tasks as set-oriented tasks for their accomplishment.

Safety phenomenon can be understood as avoiding an unsafe set that is ensuring

the forward invariance of a set and any control law u that justifies the constraint

render a certain set as safe set [50]. Consider a set S2, a zero superlevel set of a

function f2(q). The function f2(q) is a continuously differentiable function such

that f2(q) : D ⊂ Rn as defined below. Here ∂S2 depicts the boundary of set S2:

S2 = { q ∈ D ⊂ Rn : f2(q) ≥ 0} (4.3)

∂S2 = { q ∈ D ⊂ Rn : f2(q) = 0} (4.4)

interior(S2) = { q ∈ D ⊂ Rn : f2(q) > 0} (4.5)
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The set S2 as defined above is a safe set. Consider the term u which defines a

Lipschitz continuous control law and γ defined as an extended class K∞ function.

This function γ is strictly increasing with γ(0) = 0. If D ⊂ Rn such that S2 ⊂ D,

then:

sup
u∈U

[Lfvf2(q) + Lgvf2(q)u] + γ(f2(q)) ≥ 0 (4.6)

The function f2(q) is a control barrier function and any Lipschitz control law u that

justifies the constraint (expression (4.6)) renders the above defined set S2 as safe set

[50]. The terms Lfv and Lgv are Lie derivatives in the direction of fv and gv. The

technique designed on this theorem can be used to fabricate and develop a control

scheme which permits a heterogeneous or diversified multi robot system to carry-

out the set of assigned tasks required to be accomplished. In the following section,

the constraint-oriented approach for solving a task accomplishment problem of

multi robot formation control using control barrier functions is explored in detail.

4.2.1 Constraint-Oriented Multi Robot Formation Control

in Leaderless Consensus under Confined Conditions

In this section, the control design strategy for decentralized optimization-technique

based controllers constructed using control barrier functions is presented. It is

proved that using such control design strategy, the multiple tasks can be exe-

cuted by multiple robots in a team. For this, a constraint-oriented approach

for the formation control of a first-order multi robot system is carried out in a

leaderless consensus where the rectangular velocity components of participating

robots are subject to constraints. These robots also avoid inter-robots collisions

through the control barrier functions based safety certificates. The desired forma-

tion control of different robots and their inter-robots collision avoidance in a team

of robots are achieved by solving an optimization problem based on control bar-

rier functions whereas graph theory concepts are used to represent the interaction

relations among robots. The devised quadratic program subject to the velocity

and safety conditions, minimizes the desired cost function encoded in the control

barrier function and generates the separate control inputs for each robot. The

rectangular components of the velocity against each robot are kept constrained
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during the entire operation of the formation control. After designing the control

strategy in upcoming sections of this chapter, several simulation examples with

different values of velocity constraints are presented in section 4.3, to illustrate the

operation of the designed constrained controllers. These constrained controllers

ensure that the desired leaderless-consensus based formation remains attainable in

a safe manner. The simulated results prove the efficacy of devised optimization-

technique based decentralized controllers. It is seen that the robots in the team

successfully attained the desired formation in a leaderless consensus, deploying

themselves in a plane under constrained rectangular velocities without colliding

with each other.

4.2.2 Problem Formulation and Graph Theory

As mentioned briefly in the previous section (4.2) a single integrator dynamical

system is considered i.e.,
.
q = u, where q is the state of the system, u is the control

input to the system, q ∈ Rn, u ∈ Rn, R denotes the set of real numbers, n is the

dimension (n = 2) [90]. The objective is to minimize the cost function J2(q) where

J2 : Rn → R+, R+ denotes set of positive real numbers.

Objective := min
u

J2(q) (4.7)

We define f2(q) = −J2(q) as a barrier function and J2(q) ≥ 0. The zero-super

level set S2 is a safe set, given by:

S2 = {q | f2(q) ≥ 0} (4.8)

Where f2(q) : Rn → R is a continuously differentiable function as defined in

previous section. If the following condition is satisfied then f2 is called the control

barrier function.
.

f2(q) =
∂f2(q)

∂q
u ≥ −γ(f2(q)) (4.9)

Here the term γ, as mentioned in previous section, where γ : R → R is an

extended class k∞ function, is defined on the entire real line: R = (−∞,∞) [50].

The solution of the optimization problem of equation (4.10) solves the problem of
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minimization of cost J2(q) by driving state q to a stationary point q̂ of cost J2(q)

such that ∂J2(q̂)
∂q

= 0⇐⇒ q̂ = 0 [22]:

argmin
u

||u||2 (4.10)

subject to:

∂f2(q)

∂q
u ≥ −γ(f2(q))

The equation (4.10) can be used for the execution of the desired task that is, the

objective of formation control as shown in Fig. 4.1 by producing unconstrained

velocities. However to drive robots under constrained rectangular components of

velocities while ensuring the accomplishment of the desired task, equation (4.10)

can be augmented by imposing constraints on these components (Fig. 4.2) during

the entire process of attaining the desired formation. The constraints are denoted

by the minimum velocity lower bound umin ∈ R− and the maximum velocity

upper bound umax ∈ R+. The modified constrained optimization problem takes

the following form:

argmin
u

||u||2 (4.11)

subject to:

∂f2(q)

∂q
u ≥ −γ(f2(q))

umin ≤ u ≤ umax

In subsequent sections during the implementation of equation (4.11), the umin

and umax can be written in terms of the rectangular components ux and uy of

the resultant velocity vector u for each robot as shown in Fig. 4.2 denoted as

uxmax, uxmin, uymax and uymin respectively. Here uxmax, uymax, uxmin , uymin are

maximum and minimum values of rectangular components of robot velocities in a

two-dimensional plane (x, y) and uxmax, uymax ∈ R+, uxmin, uymin ∈ R−. These

values are taken in such a manner that the quadratic program of equation (4.11)

remains feasible. As described in the above expression, for a team of nr robots,
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Figure 4.1: Six robots forming a rectangular shape for inter-robots linear distance
dij = 0.45 m and inter-robots diagonal distance dg = 1.006 m.

Figure 4.2: Robot i in (x, y) plane, qi and ui are position and velocity of robot i,
uix and uiy manifest the rectangular components of velocity ui. dc = 0.1 m denotes
minimum threshold distance between robot i and j.

the rectangular components based velocity vectors umin and umax are given by:

umin = [u1xmin, u1ymin, u2xmin, ..., unxmin, unymin]
T (4.12)

umax = [u1xmax, u1ymax, u2xmax, ..., unxmax, unymax]
T (4.13)

4.2.3 Deriving a General Expression for Inter-Robots Col-

lisions Avoidance

The goal of the collision avoidance strategy is to allow the robots to execute a

task while ensuring that they maintain a minimum threshold distance with other

robots while coming in the vicinity of each other, allowing the task to be executed
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without colliding with each other [24, 27]. The desired behavior is enforced through

a constraint formulated by introducing another control barrier function denoted as

c1(q) and c1(q) ≥ 0. The zero-super level set K1 is another safe set in addition to

S2 where K1 = {x | c1(q) ≥ 0} and function c1(q) is a continuously differentiable

function c1 : Rn → R. If the following condition is satisfied then c1 is called the

control barrier function.

.
c1(q) =

∂c1(q)

∂q
u ≥ −β(c1(q)) (4.14)

The designed CBF describes a set in the robot’s state space in which the robots

are able to avoid collisions when a need arises. Here β : R → R is an extended

class k∞ function [50]. To ensure collision avoidance, this set K1 must be rendered

forward invariant. The forward invariance is a property of a dynamical system

where a subset of the state space remains invariant under the system’s evolution

over time. In other words, if the system starts within this subset, it will stay

within it for all future times. [50].

4.2.4 Constrained Formation Control with Inter-Robots

Collision Avoidance

Multiple control barrier function based constraints can be combined into an op-

timization problem as formulated in well known literature [22, 91]. Thus the

constraints given in equations (4.11) and (4.14) can be combined to obtain the

mathematical optimization problem of expression (4.15) for constrained formation

control with collision avoidance. The optimization based formulation of expression

(4.15) enables the robots to avoid collisions while attaining the desired objective

under constrained velocities. The collision avoidance operation starts as soon as

the robots reach within a predefined minimum threshold distance from the robots

in their vicinity where they stop executing the task and performs the collision

avoidance operation. Once the robots avoid collisions, they return to accomplish

assigned tasks to complete the desired objective while being constrained by the

defined control barrier functions. This is achieved by executing the controller using
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the following quadratic program [5]:

argmin
u

||u||2 (4.15)

subject to:

∂f2(q)

∂q
u ≥ −γ(f2(q))

∂c1(q)

∂q
u ≥ −β(c1(q))

umin ≤ u ≤ umax

In the above expression, the collision constraint specifies a set of admissible inputs

that allows robot i to satisfy the desired constraint. In the next section, the KKT

conditions are discussed. They are the necessary conditions for the optimality in

constrained optimization problems.

4.2.5 KKT Conditions

The generalized form for KKT based optimality conditions against our problem is

as follows [22, 90, 92]:

∂f2(q)

∂q
û+ γ(f2(q)) ≥ 0 (4.16)

û− ûmin ≥ 0 (4.17)

− û+ ûmax ≥ 0 (4.18)

Lp ≥ 0 (4.19)

Here û, ûmin and ûmax are optimal points for u, umin and umax. Term Lp is the

Lagrange multiplier and p ∈ {1, 2, 3}.

L1

(
−∂f2(q)

∂q
û− γ(f2(q))

)
= 0

L2, L3 = 0

2û+ L1

(
−∂f2(q)

T

∂q

)
+ L2(−1) + L3(1) = 0
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From the above expressions, if L1 > 0, then the value of L1 becomes:

L1 =
−2γf2(q)∥∥∥∂f2(q)∂q

∥∥∥2 (4.20)

Since f2(q) = −J2(q), therefore the expression for û is given by:

û = −
γf2(q)

(
∂f2(q)
∂q

)T
∥∥∥∂f2(q)∂q

∥∥∥2 =
γ(−J2(q))

(
∂J2(q)
∂q

)T
∥∥∥∂J2(q)∂q

∥∥∥2 (4.21)

With the above mentioned û, we have the following equation [22]:

.

J2 =

(
dJ2
dt

)
=
∂J2
∂q

.
q =

∂J2
∂q

û =
γ(−J2(q))

∥∥∥∂J2(q)∂q

∥∥∥2

∥∥∥∂J2(q)∂q

∥∥∥2 = γ(−J2(q)) (4.22)

The solution of expression (4.11) gives u of equation (4.21), as time t → ∞,

q(t) → q̂ such that ∂J2(q̂)
∂q

= 0 and J2(q̂) = 0, meaning that state converges to the

stationary point of cost J2(q) that is, J2 → 0 as t→ ∞. Thus û defined in equation

(4.21) solves the minimization objective (min
u
f2(q)) leading to the accomplishment

of task encoded in cost J2(q) which means that stationary point of the cost has

reached [22].

4.2.6 Leaderless Consensus in a Multi Robot System

Consensus is a general term which means having robots come to a global agreement

on a state value whereas formation means making the robots move to a desired

geometric shape [46]. Formation control approaches are of two types. One is

the leader-follower approach in which any robot can be chosen as leader while

remaining robots follow the leader whose movement is constrained by a predefined

trajectory. Other approach is leaderless approach for formation maintenance [46].

Thus each approach depends on how the robots are linked in the communication

network [46, 93]. We can say that in a leaderless consensus, all robots in a multi

robot system are equal, which means that no single robot is privileged [49]. The

objective for all robots to reach a mutual contract (consensus) by cooperating
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with each other, typically through local communication using graph theory [49].

Here, to attain the desired formation, graph theory can be used to model the

relationships between robots in a multi robot system consisting of nr robots. A

graph g = (v, e) is composed of n vertices or nodes (v1, ..., vn) and edges (e1, ..., en)

connecting the vertices. The position say q of the robot can be taken as vertex v of

a graph network. Robots in a graph network are associated with each other based

on the assumption mentioned in [22] that is, robots are equipped with sensors

and are able to measure the distances between them. Moreover, it is assumed

that the communication between robots in the team of robots is ideal that is,

no delays or information loss is there. Thus edges show a communication path

between the graph vertices that is, the information flows bidirectionally between

the robots. An ith robot in a multi robot system located at the graph vertex with

position denoted by qi can calculate the distance dij between jth robot placed at

the graph vertex denoting robot position qj and vice versa, where dij = qi − qj

and i, j ∈ {1, 2, 3, ..., nr}. The neighborhood Φ of robot i in the graph is defined

as follows:

Φi = {vj ∈ v | (vi, vj) ∈ e} (4.23)

These graphs can be represented in terms of matrices. For an undirected graph,

the degree of vertex, deg(vi), is equal to the number of vertices that are adjacent

to vertex vi in g. The degree matrix of graph g with n number of vertices is a

diagonal matrix containing the vertex-degrees of g on the diagonal and is given by

deg(g) [46]:

Deg(g) =


deg(v1) 0 · · · 0

0 deg(v2) · · · 0
...

...
. . .

...

0 0 · · · deg(vn)

 (4.24)

The adjacency matrix A(g) is a symmetric n× n matrix describing the adjacency

relationships in a graph g(v, e) as given by:

A(g) =

 1

0

if vi, vj ∈ e

otherwise.
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Graph Laplacian Lap(g) is the matrix representation of a graph g(v, e). The graph

Laplacian of an undirected graph g(v, e) is given by:

Lap(g) = Deg(g)− A(g) (4.25)

The objective of consensus is to agree on a common value for all participating

robots in a multi robot system [94]. If g is the communication graph among

nr robots in a multi robot system and Q = (q1, q2, q3, ..., qnr)
T represents their

ensemble state then the consensus protocol takes the following form [94]:

.

Q = −Lap(g) Q (4.26)

If the graph is connected and undirected, then Lap is symmetric and positive

semi-definite with the following properties of its eigen values (eig):

eig1 = 0 (4.27)

eig1 ≤ eig2 ≤ · · · ≤ eignr
and eig2 > 0 (4.28)

To achieve our desired objectives for a leaderless consensus scenario, it is assumed

that the graph is undirected and connected as depicted in Fig. 4.3. In the case

of the formation control problem of a multi robot system with nr robots, the

robot network encoded through the graph g(v, e) can achieve formation control by

driving the robots in such a way that ∥ qi − qj ∥ converges asymptotically to the

desired inter-robot distances for all i, j such that qi, qj ∈ e. Moreover, in a multi

robot system following a leaderless consensus, as soon as the desired consensus

is reached, the velocity of each participating robot finally converges to zero [73].

Considering the consensus problem for the robots i and j in Fig. 4.1 to reach a

Figure 4.3: An undirected edge eij between robots i and j - connected graph.

mutually agreed common location in space, the following consensus equation can
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be written [46, 93]:
.
qi = −

∑
j∈Φi

(qi − qj) (4.29)

Where Φi denotes the near-by robots of ith robot in a multi robot system. Us-

ing the above-mentioned basic form of the consensus equation, one can attempt

to solve the formation control problem of a multi robot system consisting of nr

robots by simply running the consensus equation over the desired inter-robots dis-

tances [93]. In leaderless consensus, robots decide mutually to place themselves at

common location in space [46, 93] which is opposite the case of leader-follower ap-

proach. In leader-follower consensus, the multi robot system’s goal is not to settle

on a common state value, but followers have to track the leader’s state [49, 95].

The leader’s state commands the behavior of the followers, making them to track

to the leader’s state or trajectory [49, 95].

4.2.7 Constraint-Oriented Formation Control under Con-

strained Velocities in Leaderless Consensus

As single integrator dynamics is considered here and also that each robot can be

controlled through the velocity [6]. If q is the position of the robot then following

is the first-order dynamics of a robot i in a multi robot system:

.
qi = ui (4.30)

Here i, qi ∈ R2 and ui ∈ R2 denote the robot i, the position of robot i and the

velocity of robot i respectively, in a multi robot system consisting of nr robots and

i ∈ {1, 2, 3, ..., nr}. If fi(q) is a one-to-one function between robot i and near-by

robot j then each robot receives a control input ui as given by:

min
ui

||ui||2 (4.31)

subject to:

− ∂J2i(q)

∂qi
ui ≥ −γ(−J2i(q))

ui ≤ umax

ui ≥ umin
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If dij ∈ R+ is the inter-robot distance in a multi robot system, the total cost J2(q)

of a multi robot system consisting of nr robots is given by [22]:

J2(q) =
nr∑
i=1

∑
j∈Φi

1

2
((∥qi − qj∥)2 − d2ij)

2 (4.32)

The formation control problem (cost J2(q)) of equation (4.32) is a consensus prob-

lem [95] since as mentioned earlier that there is no robot with privileged role as

leader [46, 49], the consensus is a leaderless consensus [46, 73].

In upcoming section the equation (4.32) gives us leaderless consensus based for-

mation control for our multi robot system consisting of nr robots by placing these

robots in a predefined shape anywhere in space while maintaining their relative

positions as per predefined inter-robots distances [46, 73, 95]. Here Φi denotes the

near-by robots of the ith robot in a multi robot system. The pairwise cost between

robot i and the near-by jth robot is given by J2i(q) as follows:

J2i(q) =
∑
j∈Φi

1

2
((∥qi − qj∥)2 − d2ij)

2 (4.33)

The derivative of J2i(q) is given by:

∂J2i(q)

∂qi
=

∑
j∈Φi

2((∥qi − qj∥)2 − d2ij)(qi − qj) (4.34)

The control input for the ith robot can be written while summing the constraints

for each robot as follows:

min
ui

||ui||2 (4.35)

subject to:

− (
nr∑
i=1

∑
j∈Φi

2(((∥qi − qj∥)2 − d2ij)(qi − qj)))ui

≥ −γ(
nr∑
i=1

∑
j∈Φi

(−1

2
((∥qi − qj∥)2 − d2ij)

2))

uxmin ≤ uix ≤ uxmax

uymin ≤ uiy ≤ uymax
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Here uix and uiy represent the components of velocity ui in a two-dimensional space

along x and y axes (Fig. 4.2). The above minimization expression (4.35) becomes

a mathematical optimization problem and is further categorized as a quadratic

program [50, 92].

The standard expression of a quadratic program based controllers for solving opti-

mization program of (4.35) is shown in expression (4.36). In expression (4.36), H2

is 2nr×2nr symmetric matrix, F2 is a real valued vector, A2 is 1×2nr dimensional

matrix and b2 is 1× 1 real-valued vector. Moreover in the constraints of equation

(4.36), umin and umax are the lower and upper bounds for rectangular velocity

components (ux,uy) against each robot’s velocity vector u in a two-dimensional

plane (x, y). Both umin and umax are 1× 2nr real valued vectors.

min
u

1

2
uTH2u+ F T

2 u (4.36)

subject to:

A2u ≤ b2

umin ≤ u ≤ umax

Here A2 and b2 are from equation (4.36) as given by:

A2 =
nr∑
i=1

∑
j∈Φi

2((∥qi − qj∥)2 − d2ij)(qi − qj)), ∀i ̸= j (4.37)

b2 = −
nr∑
i=1

∑
j∈Φi

1

2
((∥qi − qj∥)2 − d2ij)

2, ∀i ̸= j (4.38)

The above-mentioned optimization problem (equation (4.36)) renders 2nr number

of control inputs (u) for a multi robot system consisting of nr robots by con-

straining the 2nr rectangular velocity components. In the section 4.3, simulation

results as an outcome of expression (4.36) show that by constraining the rectangu-

lar components of the velocities, the desired robots formation is achievable. The

simulation results without the constraints on the robots velocities for comparison

purposes are also presented in the same section. In the following section another

scenario of constraint-oriented formation control under constrained rectangular

velocity components is presented with inter-robots collisions avoidance.
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4.2.8 Formation Control under Constrained Velocity Com-

ponents with Inter-Robots Collisions Avoidance

To implement collision-free formation control for the ith robot in nr robots, the

general expression of (4.15) is rewritten here as follows [96]:

min
ui

||ui||2 (4.39)

subject to:

− ∂J2i(q)

∂qi
ui ≥ −γ(−J2i(q)

∂c1i(q)

∂qi
ui ≥ −β(c1i(q))

umin ≤ ui ≤ umax

To avoid inter-robots collisions, a robot i must maintain a minimum safe distance

from its neighborhood robots such that dc ∈ R+ [5].

The pairwise collision avoidance cost is given by c1i(q). The pairwise safe set K1ij

which is a super-level set of function c1i(q) is given by:

K1ij = {c1i(q) = (∥qi − qj∥)2 − d2c ≥ 0} (4.40)

where i, j ∈ {1...nr} and i ̸= j. The control input for ith robot and the corre-

sponding constraints for each robot can be written as follows:

min
ui

||ui||2 (4.41)

subject to:

(−
nr∑
i=1

∑
j∈Φi

2(((∥qi − qj∥)2 − d2ij)(qi − qj)))ui (4.41a)

≥ −γ(−
nr∑
i=1

∑
j∈Φi

1

2
(((∥qi − qj∥)2 − d2ij)

2)) (4.41b)

2(qi − qj)ui ≥ −β((∥qi − qj∥)2 − d2c) (4.41c)

uxmin ≤ uix ≤ uxmax (4.41d)

uymin ≤ uiy ≤ uymax (4.41e)
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The controller for formation control with collision avoidance under constrained ve-

locity components can be expressed by the following standard quadratic program:

min
u

1

2
uTH3u+ F T

3 u (4.42)

subject to:

A3u ≤ b3

Acu ≤ bc

umin ≤ u ≤ umax

In expression (4.42), H3 is 2nr× 2nr symmetric matrix, F3 is a real valued vector,

A3 is 1× 2nr dimensional matrix and b3 is 1× 1 real-valued vector. Here A3, Ac,

b3 and bc are given as:

A3 =
nr∑
i=1

∑
j∈Φi

2((∥qi − qj∥)2 − d2ij)(qi − qj), ∀i ̸= j (4.43)

Ac = −2(qi − qj), ∀i ̸= j (4.44)

b3 = −
nr∑
i=1

∑
j∈Φi

1

2
((∥qi − qj∥)2 − d2ij)

2, ∀i ̸= j (4.45)

bc = (∥qi − qj∥)2 − d2c , ∀i ̸= j (4.46)

As an extension of the optimization problem of expression (4.36), the optimization

problem of expression (4.42) renders the capability to generate 2nr control inputs

for nr robots by constraining 2nr rectangular velocity components as well as each

robot to avoid nr − 1 probable collisions.

In section 4.3, the simulation results from integrating the velocity and collision

avoidance constraints (expression (4.42)) demonstrate the successful attainment

of the desired formation control, validating the effectiveness of the proposed ap-

proach. These simulation results align closely with those obtained by simulating

equation (4.36), confirming theoretical expectations with empirical evidence. Fur-

thermore, the strength of the control strategy is highlighted by varying velocity

constraints. In the next chapter 5, the detailed design of the control framework for

the multi-robot task allocation and accomplishment scheme is presented, laying

the foundation for scalable and adaptive coordination in complex environments.



MRTA based Formation Control 64

4.3 Simulation Results and Discussions

In this section, the simulation results for the multi robot task accomplishment

using the decentralized optimization controllers based on the control barrier func-

tions are presented. Here, the assumptions mentioned in [22] are taken that is, the

robots are equipped with sensors and are able to measure the distances between

them. Moreover, it is assumed that the communication between robots in the team

is ideal that is, no delays or information loss is there. Based on these assumptions,

an algorithm is developed for the simulation purpose using a quadratic program

to achieve the simulation results for the constraint-oriented formation control of

a multi robot system in leaderless consensus under confined conditions; a con-

trol scheme already developed in section 4.2.1. Using the developed algorithm a

Matlab© routine for the optimization programs of (4.36) and (4.42) can then be

programmed in which nr robots can be defined with their initial positions taken

within an area of 3× 2 square meter. This area extends from xmin to xmax along

x-axis and ymin to ymax along y-axis, where values for xmin, ymin, xmax and ymax

are −1.5, −1, 1.5 and 1 respectively. The positions of the robots are initialized

in R2 using the Matlab© command rand. The neighborhood Φ of each robot in

the team is identified. The corresponding degree matrix (Deg), adjacency matrix

(A) and graph Laplacian (Lap) are calculated to achieve the desired formation

(section 4.2.1). By selecting the ith robot out of nr robots and calculating its

positions qix, qiy alongside the positions of neighborhood robots qjx, qjy, the A2ij,

b2ij, A3ij and b3ij of each robot against its neighborhood can be calculated for the

mathematical expressions of (4.36) and (4.42). These quadratic problems can be

solved at each time step to obtain uix, uiy, ujx and ujy for each robot in order to

move the robots in a plane while calculating the updated positions qix, qiy, qjx and

qjy using equations (4.50) and (4.51) until the desired formation is achieved as of

Fig. 4.1. The following parameters are used here to perform different experiments.

• No. of robots: nr = 6

• Minimum threshold distance for collision avoidance: 0.1 m

• Resultant velocities vector:
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u2nr×1 = [u1x, u1y, u2x, u2y, ..., u6y]
T (4.47)

• Lower bound for 2nr rectangular velocity components:

umin = −[u1xmin, u1ymin, u2xmin, u2ymin, ..., u6ymin]
T (4.48)

• Upper bound for 2nr rectangular velocity components:

umax = [u1xmax, u1ymax, u2xmax, u2ymax, ..., u6ymax]
T (4.49)

• The formulae for calculating the updated positions qix, qiy of the robot i in x

and y directions where t and dt denote the time and time-step respectively, are:

qt+dtix = qtix + utixdt, i ∈ {1, ..., nr} (4.50)

qt+dtiy = qtiy + utiydt, i ∈ {1, ..., nr} (4.51)

• Graph Laplacian (Lap) is given by:

Lap =



3 −1 0 −1 0 −1

−1 3 −1 0 −1 0

0 −1 3 −1 0 1

−1 0 −1 3 −1 0

0 −1 0 −1 3 −1

−1 0 −1 0 −1 3


(4.52)

To make a predefined formation shape of the Fig. 4.1 against the values for the

inter-robots linear distance dij= 0.45 m and diagonal distance dg = 1.006 m, the

weight matrix W (equation (4.53)) showing the relationships between robots and

their neighbourhood (Table 4.1) becomes as follows:

W =



0 0.45 0 0.45 0 1.006

0.45 0 0.45 0 0.45 0

0 0.45 0 1.006 0 0.45

0.45 0 1.006 0 0.45 0

0 0.45 0 0.45 0 0.45

1.006 0 0.45 0 0.45 0


(4.53)
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Table 4.1: Robots and their neighborhood.

Robot ri Neighborhood (wij/ri)

r1 0.45/r2, 0.45/r4, 1.006/r6

r2 0.45/r1, 0.45/r3, 0.45/r5

r3 0.45/r2, 1.006/r4, 0.45/r6

r4 0.45/r1, 1.006/r3, 0.45/r5

r5 0.45/r2, 0.45/r3, 0.45/r6

r6 1.006/r1, 0.45/r3, 0.45/r5

For the simulation purpose, following values of the velocity constraints are used.

Velocity constraint 1 =

umin = −[1, 1, 1, ..., 1]T

umax = [1, 1, 1, ..., 1]T
(4.54)

Velocity constraint 2 =

umin = −[1.5, 1.5, 1.5, ..., 1.5]T

umax = [1.5, 1.5, 1.5, ..., 1.5]T
(4.55)

Velocity constraint 3 =

umin = −[2, 2, 2, ..., 2]T

umax = [2, 2, 2, ..., 2]T
(4.56)

In the succeeding sections while showing numerous simulation results, the resultant

velocity u for each robot is plotted where ui =
√
u2ix + u2iy and i ∈ {1, 2, 3, 4, 5, 6}.

Moreover for the scenarios considered here, owing to the random initializations of

qix and qiy in any quadrant of the Cartesian quadrant based experimental area, the

corresponding effect on the magnitude of ui against each robot varies even when

the values for bounds on the velocity components are increased in magnitude that

is, from equations (4.54) to (4.56). It is pertinent to mention that the formation

control is also achieved in [22] but without constraints on the velocities; however

here the desired formation is achieved through the constrained velocity components

coupled with the collision avoidance strategy in a leaderless consensus as observed

from the simulations shown in the next sections, thus successfully validating the

established notions. It is seen in the following subsections that case I (Figures
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Fig. 4.4(a), Fig. 4.5(a), Fig. 4.6(a)) and case II (Figures Fig. 4.10(a), Fig. 4.11(a),

Fig. 4.12(a)) manifest a leaderless consensus based formation control as robots

finally formed the desired shape anywhere in space, while these robots ensure to

sustain their relative positions to each other [46, 49, 97].

4.3.1 Case I: Simulation Results for Constraint-Oriented

Formation Control under Velocity Constraints in Lead-

erless Consensus

In this section, the simulation results of equation (4.36) against H1 = I2nr×2nr

and F1 = Zeroes1×2nr are presented. It can be observed from the Fig. 4.4(a)

that the rectangular formation is achieved under the velocity constraints with

upper and lower bounds as of the equation (4.54). The resultant velocities of the

robots start with different initial values as shown in Fig. 4.4(b) however these

velocities after decreasing over a period of time finally become zero as soon as the

desired formation is achieved and mathematically the cost J2 corresponding to

that particular robot becomes zero that is, the distance between robots becomes

equal to the weights defined in the matrix W (equation (4.53)) and ∂J2(q̂)
∂q

= 0.

For elaboration and validation of the proposed notion, different simulations are

performed with the different values for the upper and lower constraints of the

velocity components as mentioned in the equations (4.55) and (4.56) respectively.

The corresponding simulation results are shown in the Figs. 4.5 and 4.6. The

simulation results show that a rectangular formation shape is achieved under the

constrained rectangular velocity components in a leaderless consensus.

4.3.2 Case II: Simulation Results for Constraint-Oriented

Formation Control under Velocity Constraints with

Collisions Avoidance in Leaderless Consensus

The equation (4.42) having H3 = I2nr×2nr and F3 = Zeroes1×2nr with control bar-

rier function based collision avoidance constraint, can be solved and the obtained
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(a)

(b)

Figure 4.4: Velocity constraint 1: Fig. 4.4(a) Formation control with values
for rectangular velocities umin = −[1, 1, 1, ..., 1, 1, 1] and umax = [1, 1, 1, ..., 1, 1, 1]
(equation (4.36)). Fig. 4.4(b) Resultant velocities (u1 − u6) of six robots, finally
become zero as soon as formation is achieved.

results can further be compared with the results of case I achieved by solving the

equation (4.36). With an appropriate value of D ∈ R+ in the equation (4.40), the

simulation results of the equation (4.42) are shown in the Figs. 4.8 and 4.9. The

simulation of the equation (4.36) gives us the results of the Fig. 4.7 that is, the

robots 2 and 3 collide with each other because no collision avoidance strategy is

incorporated in the equation (4.36). The Figs. 4.8 and 4.9 show the results with

control barrier functions based collision avoidance as constraints. The collision be-

tween the robots 2 and 3 is imminent as shown in Fig. 4.8(a). However the robot

3 evaded the collision by changing its trajectory course under the influence of its

CBF as soon as it approached the robot 2 as shown in Fig. 4.8(b). In Fig. 4.9(a),

the robot 3 places itself away after changing its trajectory until complete rect-

angular formation is achieved as shown in Fig. 4.9(b). The Figs. 4.10, 4.11 and
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(a)

(b)

Figure 4.5: Velocity constraint 2: Fig. 4.5(a) Formation control with val-
ues for rectangular velocities umin = −[1.5, 1.5, 1.5, ..., 1.5, 1.5, 1.5] and umax =
[1.5, 1.5, 1.5, ..., 1.5, 1.5, 1.5] (equation (4.36)). Fig. 4.5(b) Robots resultant veloci-
ties (u1 − u6).

4.12 present the simulation results of the optimization program of (4.42) indicat-

ing that the desired formation remained achievable under all the constraints that

is, the control barrier functions based collision avoidance in addition to the con-

straints on the rectangular components of the robots velocities. These simulation

results can be compared with the results achieved by simulating the optimization

program of (4.36) where a smooth change in the velocities is observed as shown in

the Figs. 4.4, 4.5 and 4.6. However in the Figs. 4.10, 4.11 and 4.12, abrupt change

in the velocities of the robots during the simulation is observed which occurred

owing to the evasion of inter-robots collisions. This abrupt change occurred due to

the enforcement of the safety certificate of the equation (4.40) further encoded in

the optimization program of (4.42) through the collision avoidance based control

barrier function.
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(a)

(b)

Figure 4.6: Velocity constraint 3: Fig. 4.6(a) Formation control with values
for rectangular velocities umin = −[2, 2, 2, ..., 2, 2, 2] and umax = [2, 2, 2, ..., 2, 2, 2]
(equation (4.36)). Fig. 4.6(b) Resultant velocities (u1 − u6).

4.3.3 Case III: Simulation Results for Formation Control

without Velocity Constraints in Leaderless Consen-

sus

The simulation results of the optimization program of (4.36) without constraints

on velocities are shown in Fig. 4.13(a). It is observed that rectangular formation is

achieved without velocity constraints and inter-robots collision avoidance as also
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(a) Snapshot taken during simulation, robots 2 and 3
collide with each other because no collision avoidance
strategy is incorporated.

(b) Rectangular shape formation.

Figure 4.7: Formation forming under constrained rectangular velocities with no
collision avoidance strategy (equation (4.36)).

(a) Snapshot during simulation; collision between
robots 2 and 3 is imminent (equation (4.42)).

(b) Simulation snapshot shows that robot 3 is evading
an imminent collision from robot 2 due to imposed
collision avoidance constraint.

Figure 4.8: Collision avoidance operation while formation forming under con-
strained rectangular velocities.

(a) Simulation snapshot during formation control,
robot 3 finally evaded the collision with robot 2 by
moving safely around robot 3.

(b) Desired shape formation upon completion of simula-
tion.

Figure 4.9: Formation forming under collision avoidance constraint (equation (4.42)).

manifested in [22]. After establishing the aforementioned notion of decentralized

controllers, in the upcoming chapter 5, the theory and simulation results on the

environment aware resilience of a multi robot system are presented. The chapter

provides a detailed discussion on the proposed scenario. The attainment of desired

resilience of tasks is presented through the scenario of dynamic tasking for a multi

robot system under optimal strategy in constrained conditions, control scheme for

which developed in the section 5.3.2.



MRTA based Formation Control 72

(a)

(b)

Figure 4.10: Velocity constraint 1: Fig. 4.10(a) Formation control of six robots under
collision avoidance constraint with umin = −[1, 1, 1, ..., 1] and umax = [1, 1, 1, ..., 1] (equa-
tion (4.42)) . Fig. 4.10(b) Sharp changes in resultant velocities (u1−u6) indicate collision
avoidance operation.
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(a)

(b)

Figure 4.11: Velocity constraint 2: Fig. 4.11(a) Formation control of six robots under
collision avoidance constraint with umin = −[1.5, 1.5, ..., 1.5] and umax = [1.5, 1.5, ..., 1.5])
(equation (4.42)). Fig. 4.11(b) Resultant velocities (u1 − u6).
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(a)

(b)

Figure 4.12: Velocity constraint 3: Fig. 4.12(b) Formation control of six robots un-
der collision avoidance constraint with umin = −[2, 2, 2, ..., 2] and umax = [2, 2, 2, ..., , 2]
(equation (4.42)). Fig. 4.12(b) Resultant velocities (u1 − u6).
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(a)

(b)

Figure 4.13: Case III: Simulation results without constraints on velocities and collision
avoidance.
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4.4 Chapter Summary

In this chapter the task execution framework using the control barrier functions

through constraint-oriented approach for a multi robot formation control along-

with simulation results is presented. A control strategy is designed for the de-

velopment of an optimization based decentralized controllers using control barrier

functions in order to achieve the tasks execution through a constraint-oriented

approach. This constraint-oriented control design for the formation control of a

multi robot system with constrained rectangular components of velocities under

confined conditions is successfully simulated in Matlab©. During the attainment

of desired formation, the constraints are enforced on the rectangular components of

velocities and the desired formation shape remained attainable. The cost function

for achieving the desired formation is embedded as the control barrier function

based constraint of an optimization problem. The inter-robots collision avoidance

is added through a separately designed control barrier function based collision

avoidance as constraint of the same optimization problem. The results proved

that robots achieved the desired formation in both cases as presented in section

4.3. Thus through the formation control simulation results, it is evident that the

concrete base of decentralized optimization based controllers using control barrier

functions is developed as part of constraints of an optimization problem. This ef-

fort provides a firm base for the development of the environment aware resilience

of multi robot tasks.



Chapter 5

Environment-Aware Resilient

Multi Robot Framework

5.1 Introduction

In this chapter, the system modeling and control design technique for the con-

duct of intended research are presented in detail alongwith simulation results.

A scenario for the development of an environment-aware multi robot task allo-

cation and accomplishment framework is established for an application purpose.

Consider a situation in which a team of robots in a multi robot system is re-

quired to be deployed in a dynamically evolving environment to execute differ-

ent tasks. Every robot in team has set of specialties such as wheels, camera,

ultrasound sensors, carrying-capacity and environment sensing technologies like

uphill/off-road/marshy area due to rain etc. Such specialties permit the robots

to manifest different capabilities such as moving in a field, surveillance of sur-

roundings, obstacles detection, carrying-goods and traction control on uphill/off-

road/marshy/slippery surfaces. The assignment of tasks to these robots for their

accomplishment need a collection of particular capabilities. These capabilities can

be acquired through different combinations of the presented specialties by all the

robots in a team. The successful accomplishment of every assigned task is subject

to minimum quantity of robots having special capabilities to perform those tasks.

In such kind of scenario, control design concerns are, first the allocation of tasks to

77
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the robots keeping in view the evolving environment and the required specialties

to perform allocated tasks, second the accomplishment of the allocated tasks by

yielding a suitable control input to each robot in the team based on the infor-

mation induced by environment. The solution of these design concerns can yield

an environment-aware resilient task execution framework as given in upcoming

sections. In the following section the system modeling is discussed in detail. This

system modeling helps to establish the solution for the problem statement of this

research thesis.

5.1.1 System Modeling

The prime focus here is to design and develop a framework that produces a work-

able relationship between robots in team and tasks required to be carried-out by

these robots while taking into account the heterogeneity of robots, the capability

demands of assigned tasks and dynamically changing environment. A practica-

ble relationship is required to be built among the specialties essentially needed by

tasks as presented by robots in order to carry-out those assigned tasks. Such map-

pings or relationships are helpful in identifying unworkable situations as tasking a

wheeled robot to carry-out a flying task can be thought of as an unworkable job.

Robots have to perform tasks (Fig. 5.1(a)) and to perform those tasks robots need

to have specialties (Fig. 5.1(b)). The Fig. 5.2 manifests tasks and associated spe-

Figure 5.1: System modeling (a). robot-tasks relationship. (b). robot-specialties-
tasks relationships.

cialties needed to carry-out the assigned tasks. The robot-specialty relationship
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builds a direct relationship between each robot and the specialties presented by the

robot [16]. As illustrated in the Fig. 5.2 there are 4 robots labeled as r1, r2, r3 and

r4. The robot r1 has specialty C1 with specialty components c11, c12, c13 and c14.

The specialty components c11, c12, c13 and c14 denote r1’s capabilities to perform

tasks T1, T2, T3 and T4 respectively. Similarly, robots r2, r3 and r4 have respective

specialty components to perform T2, T3 and T4 respectively. The specialty compo-

nents may denote robot wheels, speed, camera, goods-carrying capacity, obstacles

detection and traction-ability like all-wheel-drive or front-wheel-drive.

Figure 5.2: Robots - specialties - task relationships.

5.1.2 Specialty - Task Relationship

In a typical application, a team of robots is tasked simultaneously to complete

assigned tasks whereas each task requires diverse types of specialties. Consider

an example situation in which there is a task of transportation of certain prod-

ucts from one location to another location. To perform this task, we may require

robot’s specialties like goods carrying-capacity, traction or non-traction attributes

of robots and also tracks or wheels for transportation. Here it is required to estab-

lish the relationship between specialties imparted by robots and tasks required to

be performed by these robots. On left hand side of Fig. 5.2, tasks and correspond-

ing specialties can be mapped. By observing the edges falling on T1 in Fig. 5.2,

one can find that specialties C1, C2, C3 and C4 can perform task T1.
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5.1.3 Robot - Specialty Relationship

As described earlier every robot in a team suitable for carrying-out tasks holds

diverse specialties such as wheels, traction-ability or camera [98]. There is a need

to define a relationship between robots and their presented specialties for carrying

out tasks in a harmonized manner depending on these specialties. The essential

prerequisites for a robot to select it as a potential candidate for a task depends

upon capabilities imparted by their specialties and for the same purpose the spe-

cialization matrix Ci of robot i is required to be defined here. The specialty

component cij of robot i for task j is mentioned below:

cij =

 1

0

Tj = 1

otherwise

(5.1)

If cij = 1 then robot i can execute task Tj, where Tj = 1 means that task j is

executed. The specialization component cij can be changed on-the-fly.

5.1.4 Environment - Robots Relationship

The real world applications such as transporting of medicines by team of robots to

specific affected destinations involve performing of different tasks in dynamically

evolving environment. These destinations may get susceptible to changing/unfore-

seen environment like sudden rain, marshy soil, snow covered area, off-road and

uphill drives. Robots in team have different specialties in terms of overcoming or

responding such a changing environment. Switching of task to suitable robot re-

quires incorporation of environment in framework because evolving, unknown and

unaccounted for environment conditions can hamper the mission critical tasks.

Such scenarios define that how certain tasks can be performed with resilience un-

der evolving environment conditions. To account for environment in a robot centric

framework, new mapping between robots specialty and environment as shown in

Fig. 5.3 is required to be defined. However introduction of environment as an in-

tegral part of existing framework, requires new relationship to be inculcated that

is environment-specialty relationship as shown in Fig. 5.3.
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Figure 5.3: Proposed framework with environment-specialty relationship. Pres-
ence of obstacles and inter-robots collision avoidance manifest real-world scenario.

5.2 Control Design Strategy

The basis of environment-aware resilient multi robot system requires the devel-

opment of a task execution framework using control barrier function through

constraint-oriented approach in an optimal fashion with task prioritization. In

forthcoming sections the control design development for an environment-aware

resilient framework using the concepts as already mentioned in section 5.1.1 is

elaborated in detail. The environment-aware resilience of multi robot tasks is

proved through solving and then simulating the scenario of dynamic tasking for

a multi robot system under optimal strategy in constrained conditions as will be

presented in sections 5.3 and 5.4.

5.3 Proposed Environment-Aware Resilient Multi

Robot Framework: Dynamic Tasking Prob-

lem

Multi robot task allocation and accomplishment are discussed in this section

through a specific formulation. The scheme to be used for multi task accom-

plishment is presented here in terms of the extended set oriented tasks [83]. The

extended set oriented task based scheme permits to define miscellaneous tasks
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designated as sets as briefly introduced in the previous section. Indeed, control

barrier functions are successfully implemented to define numerous tasks for dif-

ferent robots specifically in robots team extending from the simultaneous control

of multi robot upto accomplishment of the multi tasks in the robot based ma-

nipulators [16, 83]. Among these extended set oriented tasks, there is a specific

type of multi robot tasks under the ambit of coordinated control that are per-

formed through the realization of a cost function which is made asymptotically

stable [7, 16]. Moreover in [16], the accomplishment of these tasks is carried out

through a constraint oriented optimization problem - a unique scheme used for

having prolonged operation of a robot [15]. To explain more on subject matter,

suppose there is a function f which is continuously differentiable and function of

the state qi of a robot i. Moreover it is supposed that the dynamics of the robot

are affine in control (equation (4.2)).

The accomplishment of the task specified by the minimization of function f can be

resolved through a constraint-oriented optimization problem. The slack variable

in an optimization problem is used for manifesting the extent upto which control

barrier function based constraint can be relaxed meanwhile ensuring the feasibility

of the defined optimization program as manifested below. In multi task and multi

robot based situations, this optimization framework inherently permits robots to

combine different constraints, whereas each constraint represent an assigned task

into framework.

min
ui,σi

∥ui∥2 + σ2
i (5.2)

subject to:

Lfvf(q) + Lgvf(q)ui ≥ −ρ(f(q))− σi

Where the assigned task is encoded by the constraint in which f(q) is a control

barrier function that renders the safe set S asymptotically stable. Here ρ is an

extended class K∞ function and σi is a slack variable which quantifies the extent

to which the constraint can be relaxed ensuring that the optimization program

remains feasible. In a multi task, multi robot based settings, this framework allows

robots to combine multiple constraints, each representing a task, into a single

framework. For a task n encoded in fn, where n ∈ {1, ..., nt}, the constraint-based
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optimization problem for the robot i can be written as:

min
ui,σi

∥ui∥2 + σ2
i (5.3)

subject to:

Lfvfn(q) + Lgvfn(q)ui ≥ −ρ(fn(q))− σi,n

Where σi = [σi,1....σi,n]
T represents the slack variables corresponding to each task

being executed by the robot i. The tasks encoded by the control barrier functions

are not restricted to be dependent only on the state of the robot i, but rather on

the ensemble state of the robots q = [qT1 , ...., q
T
nr
]T thus allowing the framework to

encompass coordinated multi robot tasks. With this framework in place, the slack

variables σi present a natural way of encoding task priorities for the individual

robots.

5.3.1 Dynamic Tasking for a Multi Robot System under

Optimal Strategy in Constrained Environment

The resilience is the capability of a multi robot control algorithm based task exe-

cution framework to respond to specialty failures on the robots during the mission

course in an evolving environment. There is a need to design a framework to render

the heterogeneity of robots manifested in terms of their suitabilities at performing

miscellaneous tasks under an environment-aware scenario. The idea of suitability

originates out of the well defined notions of specialties and corresponding capabil-

ities showcased by a robot. The benefit from the task accomplishment frameworks

as mentioned in [6, 16] can be deliberated here and thus an attempt can be made

in order to make our proposed framework resilient and adaptive through an op-

timization based technique under changing environment conditions. Consider an

example scenario for the team of robots consisting of differently specialized robots

which are tasked to reach a specific destination in the field. Unforeseen scenario

such as sudden intense rain can cause soil to turn into loose marshy area and such

situation may only be made negotiable through a different robot with the specific
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specialty such as traction-ability i.e., a four wheel drive robot. Thus an unforeseen

failure of robot specialty appearing on the way can thwart the execution of the

assigned task such as transportation of certain goods, henceforth making the robot

invalid to handle this specific environment based situation. In such scenario the

solution is to develop an environment-aware resilience that is the task reassign-

ment to appropriate robot i.e., the task of transportation be switched to different

robot having the specialty of traction-ability during the aforementioned evolving

environment. In such cases, realtime updating of the robots specialization for per-

forming a task to account for on-the-fly changes at each point in time is essentially

needed.

The current framework of [16] is robot centric and does not include environment in

framework whereas as illustrated in above example it is quite obvious that in ac-

tual scenarios like transportation of specific equipment by swarm to certain places

in field, unexpected and harsh changes in environment may thwart the mission

progress as certain robot specialties may become invalid. The defining of new

mappings such as environment to specialty mapping as shown in Fig. 5.3 caters

for change in specializations of certain robots towards performing the tasks un-

der changing environment scenario. Such an environment-aware specializations

of robots render on-the-fly switching of task to a suitable robot in the team in

an evolving, unknown and unaccounted-for environment conditions thus overall

achieving the desired resilience of tasks. To attain this resilience the optimization

problem coupled with real-time updates in the environment-aware specializations

towards performing of tasks as well as capabilities of the robots, can be resolved

at each point in time. This scheme devises a feedback mechanism as shown in

Fig. 5.4. An algorithm-update rule focused at altering the robot’s environment-

aware specialization at performing certain tasks in a team can be formulated.

This law is based on calculated versus desired progress of robots at accomplishing

the tasks that robots are tasked to perform. Moreover the scheme introduced in

[99] is useful to learn more about uncertain conditions. However the change in

environment is accounted for by changing the associated values in the environ-

ment based relationships. In the upcoming section, the environment-aware multi

robot system is developed using dynamic framework in which robots can undergo

several environmental effects on their specialties. Specialties are activated and
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deactivated under environment effect while robots continue performing the nu-

merous tasks in an optimal fashion which is, optimizing the control inputs, tasks’

prioritization and issuance related optimization variables. Different obstacles to

robots are presented during the mission course. The developed environment-aware

controller is designed keeping in view all the necessary constraints required for the

task allocation and accomplishment. Here, under the influence of environment-

Figure 5.4: Proposed environment-aware multi robot system

specialty relationship defined in Fig. 5.3, it is required to redefine the framework of

Fig. 5.2 by introducing robot to environment-oriented specialty relationship. For

the purpose the environment oriented specialization matrix CE
i of robot i with its

components cEij for a certain task j is introduced here. The detailed framework is

depicted in Fig. 5.5. The generalized expressions for the environment module E

and specialization matrix CE
i are defined comprehensively in following subsections.

5.3.2 Conceptual Deliberation

The control design strategy for the environment-aware resilience of multi robot

tasks is presented in this part of section. For this the tasks are dynamically

switched under the influence of an evolving environment. As briefly mentioned in

the literature review (section 2.2.3 of chapter 2), tasks are usually issued once at

the initiation of a multi robot based mission to robots possessing specific special-

ties. During the mission course, under the environment effect a necessity can arise
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Figure 5.5: Robots - environment oriented specialties - task relationships. E is the
environment module. CE

i is an environment oriented specialization matrix of the robot i.
cEij is specialization component of robot i for a certain task j.

where these tasks issuance/withdrawal/re-issuance among robots may be required

under the influence of active/inactive/re-active status of specialties.

A simultaneous mechanism for tasks issuance/withdrawal/re-issuance coupled with

specialties should be developed while catering all such robots that can perform

the tasks. The scenario merits corresponding activation/deactivation of special-

ties connected with the tasks issuance/withdrawal/re-issuance strategy. For this,

a novel dynamic task-specialty matrix based mechanism termed as environment

module is proposed and developed in this thesis and further incorporated into an

optimization technique.

The environment module has environment coefficient vectors each associated with

the task issuance strategy and specialties of the robots in the team. In addition to

minimization between task re-issuance and current task preferences, the proposed

optimization technique-based problem also minimizes robots constrained velocities

and task-related slack variables, subject to the control barrier function based con-

straint which encodes desired objective cost function along with other constraints

primarily required for an optimal task execution. The environment module in the

optimization program let the robots issue/re-issue, active/inactive the specialties

in an online way leading to the accomplishment of the tasks optimally. Capability

of robot-to-robot collision avoidance and robot-to-obstacle avoidance is incorpo-

rated through separate control barrier functions. The environment aware resilience
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of multi robot tasks with three different cases such as (i) simultaneous task re-

issuance and specialties activation/ deactivation under environment influence, (ii)

mid-course withdrawal of tasks with active environment coefficients and (ii) mid-

course degradation of environment coefficients with active task issuance, is devised

in this thesis.

The above designed optimization technique-based decentralized controllers let the

robots safely accomplish the respective tasks optimally under constrained veloci-

ties as same is showcased in the section 5.4 of simulation results. Thus the research

work provide an evidence of working of our proposed technique developed for an

environment-aware resilience of multi robot tasks.

5.3.3 General Problem Formulation

As considered in section 4.2.1 of chapter 4, here a single integrator dynamical

system is deliberated as well that is,
.
q = u, where q is the state of the system, u is

the control input q ∈ Rn, u ∈ Rn, R denotes the set of real numbers, n being the

dimension [90]. The desired goal is to minimize a cost function, say, J(q) where

J : Rn → R+, and R+ denotes set of positive numbers on a real line. A function

f(q) = −J(q) classified as barrier function can be defined here, where J(q) ≥ 0.

The zero super level set S is called as a safe set, where S is given by:

S = {q | f(q) ≥ 0} (5.4)

Here f(q) : Rn → R is a continuously differentiable function. If the following

setting on derivative of f(q) is satisfied then f(q) denotes a control barrier function.

.

f(q) =
∂f(q)

∂q
u ≥ −ρ(f(q)) (5.5)

In above equation, term ρ : R → R is an extended class k∞ function, defined on

entire real line: R = (−∞,∞) [50]. The solution of the optimization problem of

(5.6) solves the problem of minimization of cost J(q) by driving the state q to a
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stationary point q̂ of cost J(q) such that ∂J(q̂)
∂q

= 0⇐⇒ q̂ = 0 [22]:

min
u

||u||2 (5.6)

subject to:

∂f(q)

∂q
u ≥ −ρ(f(q))

The optimization program of (5.6) can be used for the execution of the desired

task. It is a constraint-driven approach as already discussed in previous chapter.

In order to execute T different tasks denoted as T1, ..., Tn with varying preferences

where tasks are indexed from 1 to nt, a slack variable σ ∈ R in the optimization

problem can be introduced in order to set the preferences of assigned tasks among

nr robots in a multi robot system that is to execute a task with more preference

than others. The σ denotes the limit to which the constraint on a task can be

defied.

The desired optimization program for performing nt tasks by robot i in a multi

robot system consisting of nr robots is given by [16]:

min
ui

||ui||2 + ||σi||2 (5.7)

subject to:

∂fi,n(q)

∂qi
ui ≥ −ρ(fi,n(q))− σi,n

||σi|| ≤ σmax

Here, fi,n(q) is one-to-one function between a robot i and the destination dn,

σi = [σi, 1, ..., σi, nt ]
T denotes the set of limits on slack variable σ for a robot i

against nt tasks and σmax is the maximum permissible limit of introduced slack

variable.

The optimization problem of expression (5.7) produces control input ui at each

point in time in order to drive the robot to perform the task n depending upon

the task preference, where n ∈ {1, ..., nt}. The following optimization program of

(5.8) subject to task and slack constraints, generates the minimized desired control

input ui in order to optimally allocate the tasks among robots in a team of robots,
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while assuring that robot i performs the task Tn with highest preference [16]:

min
u,σ,ϕ

τ ||ψd − ψ||2 +
nr∑
i=1

||ui||2 + ||σi||2Ci
(5.8a)

subject to:

∂fi,n(q)

∂qi
ui ≥ −ρ(fi,n(q))− σi,n (5.8b)

σi,m
ζ

≥ σi,n − σmax(1− ϕi,n) (5.8c)

1Tϕi = 1 (5.8d)

||σi|| ≤ σmax (5.8e)

The above optimization program minimizes the difference between desired task

specification (ψd) and current task preference (ψ) where τ is scaling constant,

provides trade-off between meeting the desired task specifications and current

task preferences.

The desired tasks specifications ψd in the optimization program of (5.8a) is given

by:

ψd = [ψθ1, ψ
θ
2, ..., ψ

θ
nt
]T (5.9)

The term ψθn denotes desired fraction of robots for executing task Tn with highest

priority. The current tasks vector ψ in optimization program of (5.8a) is given by:

ψ =
1

nr
[ψ1, ψ2, ..., ψnr ]ϕ (5.10)

The term ψ ignores the outcome against a robot to take a task Tn if it has no

eligibility to perform the task Tn and this is achieved by projecting the vector of

preferences ϕi in the column space of specialization matrix Ci of a robot i [16].

The term ψi = CiC
p
i where Cp

i is the Penrose inverse of robot i specialty. The

specialization matrix Ci of a robot i is given by:

Ci = diag(ci,1, ..., ci,n) (5.11)

For executing task Tn, the specialty ci,n of a robot i at performing the task Tn

should hold the relationship of ci,n > ci,m which means that the robot i is better at
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performing the task Tn with specialty ci,n than the task Tm with its specialty ci,m.

The term ||σ||2Ci
in optimization program of (5.8a) describes assigning weights to

each component of σ proportionally to the corresponding entry in the specialization

matrix of the robot that is, ||σ||2Ci
= σTCiσ [16]. Here if the task for each robot

is to reach desired destination in a plane then the cost fn can be taken in the

optimization program of (5.8b) as follows [16]:

fn(q) = −||q − dn||2 (5.12)

Where dn is the desired point (destination) and q is the current state of the robot

in two-dimensional plane. Moreover m ̸= n, and m, n ∈ {1, ..., nt}. The equation

(5.8c) manifests task Tn can be performed with more preference than task Tm for

larger value of ζ while ensuring that the following relationship holds:

ϕi,n = 1 ⇒ σi,n ≤ σi,m / ζ,∀n ̸= m (5.13)

Where ζ is a scaling value and allows to encode relative effectiveness among dif-

ferent tasks such that ζ > 1 . In equation (5.8d), the term ϕi is vector of task

preferences for robot i and ϕi = [ϕi, 1, ..., ϕi,nt ]
T . If ϕi,n = 1 then task Tn has the

highest preference for robot i than task Tm and at any point in time only one term

in ϕi is valued as 1, thus we can write 1Tϕi=1. The vector containing the task

preferences for entire multi robot system is ϕ = [ϕT1 , ϕ
T
2 , ..., ϕi,nr ]

T [16].

5.3.4 Problem Formulation: Dynamic Task Re-issuance

and Specialty Reassignment

Consider a multi robot system consisting of such robots which can perform all

the issued tasks because these robots possess specialties to perform those tasks.

Here the robot specialty can be a robot’s carrying-capacity, maneuvering tech-

nology such as wheels or traction-ability etc. The robot task can be delivery of

goods to certain specific destinations in the field using its specialties. The issuance

of tasks to the team robots is usually carried once prior the start of multi robot

based mission which is unable to be altered during the mission mid-course. A need
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can arise where it is mandatory to re-issue tasks to robots during the mid-course

and simultaneously reassign specialties among robots, because of the typical ge-

ographical situations such as marshy, snowy, uphill or off-road as being faced by

robots while performing a task such as carrying certain goods to respective desti-

nations or performing surveillance, etc. For this it is very much required to have

a robot capability-control with sensing ability, installed on each specialty of these

well-equipped robots. This capability-control with sensing-ability can sense the

surrounding environment/terrain, update real-time about the effectiveness of the

robot’s specialty and activate/deactivate/re-activate a robot specialty.

An environment module E as depicted in Fig. 5.6 is incorporated in order to

manipulate such capability-controls of the robots in a multi robot system. The

environment module E is able to control the issuance/withdrawal/re-issuance of

tasks and can further activate/deactivate specialties of all the robots by manipu-

lating each robot’s capability-control as depicted by Fig. 5.7 through environment

coefficients vector ei of each participating robot. This capability-control corre-

sponding to a single robot in team can be termed as the environment coefficients

vector ei of a robot i. Each element of ei always corresponds to the specific spe-

cialty of the robot. Consider another scenario in which the degradation of a robot’s

sensing-ability to a certain threshold during the mission course makes a robot un-

aware of its surrounding environment. For the first scenario mentioned in the

preceding paragraph, it is needed to incorporate an environment module E in the

optimization problem of (5.8). For the second scenario, multi robot resilient algo-

rithm at each time step evaluates the △E where △E = E(t + dt)− E(t) that is,

calculation of the difference in E at each simulation timestep dt. If t is simulation

time then the environment module E for a multi robot system consisting of nr

robots is given by:

E(t) = [e(t)T1 , e(t)
T
2 , ..., e(t)

T
nr
]T (5.14)

E(t+ dt) = [e(t+ dt)T1 , e(t+ dt)T2 , ..., e(t+ dt)Tnr
]T (5.15)

The term ei is environment coefficients vector for robot i where ei is given by:

ei = [ei,1, ei,2, ..., ei,nt ]
T , ei,n ∈ {0, 1} (5.16)
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Figure 5.6: Top view of proposed system’s model.

The term ei,n in above equation is an environment variable of robot i against the

task n. The specialty matrix Ci against robot i as given by equation (5.11) can

be modified for obtaining an environment-aware specialty matrix (CE
i ) as defined

by following equation:

CE
i = diag

(
(ei)

T
)
Ci (5.17)
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Figure 5.7: Schematics of environment module. Bidirectional arrows depict infor-
mation flow.

The value of every element of environment coefficients vector for robot i can also

activate or deactivate robot’s specialties in addition to having an intelligent sens-

ing ability.

Each element of environment vector can have one value at a given time that is,

either 0 or 1 depending upon situation presented to the multi robot system dur-

ing the mission course. In case of the degradation of a robot sensing-ability of

the capability-control (environment coefficients vector), the corresponding envi-

ronment coefficient variable manifests the same at each time step dt according to

following well known exponential decay formula:

eti,n = etoi,n(1− a)t (5.18)

Here n ∈ {1, ..., nt}, term eti,n is value of ei,n at current time t and term etoi,n is value

of ei, n at initial time to. The constant a is the rate of depreciation or appreciation

in the value of ei,n with time. Thus a rule can be designed for the environment

module to calculate the environment variable eti,n at each time step and compare

its value against its previous value that is, if at certain time t any element of

the environment vector depreciates by a (say 30%), then the value of ei,n may be

dictated by following rule as follows:

eti,n =

 0 if a ≥ 0.3

1 otherwise

(5.19)
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The task re-issuance matrix can be defined by modifying equation (5.9) as given

by:

ψ(t)
′
=

1

ψθ1(t) + ψθ2(t) + ...+ ψθnt
(t)

(diag((ψθ(t))T ..., diag((ψθ(t))T ))1×2ntE2nt×1

(5.20)

In above equation, the fraction 1
ψθ
1(t)+ψ

θ
2(t)+...+ψ

θ
nt

(t)
denotes desired fraction of robots

that need to perform task Tn and term ψθn ∈ {0, 1} denote the issuance status of

task Tn where ψθn = 1 means that the task is issued and ψθn = 0 means the task is

either not issued or withdrawn.

The modified current task specification ψ∗ as compared to equation (5.10) is given

by:

ψ∗ =
1

nr
[ψ∗

1, ψ
∗
2, ..., ψ

∗
nr
]ϕ (5.21)

The term ψ∗
i = CE

i C
E+

i where CE+

i is Penrose inverse of robot i′s specialty. Fol-

lowing optimization program contains dynamic task re-issuance and specialty re-

assignment capability.

min
u,σ,ϕ

τ ||ψ′ − ψ∗||2 +
nr∑
i=1

||ui||2 + ||σi||2CE
i

(5.22a)

subject to:

(5.8b) to (5.8e) (5.22b)

u
imin ≤ ui ≤ u

imax (5.22c)

Due to mechanical limitations of robots or mission related velocity compulsions,

constraining of robots velocities is required during the mission course for smooth

accomplishment of tasks, the optimization program of (5.8) can be augmented

by imposing constraints on each robot’s rectangular components of velocities as

shown in equation (5.22c).

The constraints are denoted by the minimum velocity lower bound umin ∈ R−

and maximum velocity upper bound umax∈ R+. In subsequent sections during

the implementation, the umin and umax can be written in terms of rectangular

components ux and uy of resultant velocity vector u for each robot denoted as

uxmax, uxmin, uymax and uymin respectively. Here uxmax, uymax, uxmin, uymin are
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maximum and minimum values of rectangular components of robot velocities in

a two dimensional plane(x, y) and uxmax, uymax∈ R+, uxmin, uymin∈ R−. The

values are taken in such a manner so that the quadratic program of (5.22) remains

feasible. For a team of nr robots, the rectangular components based velocity

vectors umin and umax are given by:

u
imin = [u1xmin, u1ymin, u2xmin, ..., unrxmin, unrymin]

T (5.23)

u
imax = [u1xmax, u1ymax, u2xmax, ..., unrxmax, unrymax]

T (5.24)

5.3.5 Deriving General Expressions for Obstacle and Inter-

Robots Collision Avoidance

The goal of the obstacle and collisions avoidance strategy is to allow the robots

to execute a task while ensuring that they maintain minimum threshold distance

with the obstacles and robots while coming in their vicinity, allowing the task to

be finally executed [24, 27]. The desired behavior is enforced through separate

constraints formulated by introducing two additional control barrier functions de-

noted as o(q) and c2(q) such that o(q) ≥ 0 and c2(q) ≥ 0. The zero super level

sets S3 and S4 are additional safe sets in addition to S defined for optimization

problem of (5.6) where S3 = {x | o(q) ≥ 0}, S4 = {x | c2(q) ≥ 0}. The functions

o(q) and c2(q) are continuously differentiable functions and o, c2 : Rn → R. If the

following conditions are satisfied then o and c2 are called control barrier functions.

.
o(q) =

∂o(q)

∂q
u ≥ −η(o(q)) (5.25)

.
c2(q) =

∂c2(q)

∂q
u ≥ −κ(c2(q)) (5.26)

The designed control barrier functions describe the sets in the state space in which

the robots are able to avoid collisions and obstacles when the need arises. Here

η, κ : R → R are extended class k∞ functions [50]. In order to ensure the

avoidance of collisions and obstacles, these sets S3 and S4 are required to be kept

forward invariant [50]. To avoid obstacles and inter-robots collisions, a robot i has

to maintain minimum safe distances do from obstacles and dc from its neighborhood
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robots such that do, dc ∈ R+ [5]. For robot i, the obstacle avoidance cost is given

by oi(q) and collision avoidance cost is given as c2i(q). The associated safe sets

Kio and K2ij are zero super level sets of function o(q) and c2(q) respectively as

given by:

Kio = {oi(q) = ||qi − oo||2 − d2o ≥ 0} (5.27)

K2ij = {c2i(q) = ||qi − qj||2 − d2c ≥ 0} (5.28)

where do in equation (5.27) denotes minimu threshold distance from an obstacle

and if no denotes maximum number of obstacles then subscript o ∈ {1, ..., no} and

i, j ∈ {1, ..., nr}, i ̸= j.

The Fig. 5.8 shows four robots r1, r2, r3 and r4 are assigned tasks T1, T2, T3

and T4 respectively for surveillance and delivery of goods at destinations d1, d2,

d3 and d4 while avoiding inter-robot collisions and obstacles. These robots have

traction ability for crossing marshy places, camera for surveillance, goods carrying

capacity, etc. Under the environment effect such as intense rain at t = t1, r2

and r3 can not make progress towards d2 and d3 due to loss of traction ability on

marshy place caused by rain. The corresponding environment variables e2 and e3

updates environment module E. Environment-aware resilient algorithm ensures

tasks switching that is, T1, T2, T3 and T4 are now performed by r2, r1, r4 and r3

respectively.

Figure 5.8: Environment-aware dynamic tasking. Four robots (black circles)
r1, r2, r3 and r4 in a plane start heading towards destinations d1, d2, d3 and d4
at t = t0. dc and do manifest minimum threshold distances at which the collision
avoidance operation with robots and obstacles (red circles) starts. Unforeseen change
in environment (blue region) at time t = t1 causes robots to switch the tasks.
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5.3.6 Task Re-issuance and Specialty Reassignment with

Obstacle and Collisions Avoidance

Multiple control barrier functions based constraints can be combined in an opti-

mization problem as formulated in [24] and [91]. Thus the control barrier func-

tions based constraints given in optimization program of (5.22) can be combined

with equations (5.25) and (5.26) to get the mathematical optimization program

of (5.29) for constrained execution of tasks with tasks re-issuance and specialty

reassignment strategies. The optimization based formulation of (5.29) enable the

robots to avoid collisions and obstacles on way while accomplishing the desired

objectives optimally under constrained velocities.

min
u,σ,ϕ

τ ||ψ′ − ψ∗||2 +
nr∑
i=1

||ui||2 + ||σi||2CE
i

(5.29a)

subject to:

∂fi,n(q)

∂qi
ui ≥ −ρ(fi,n(q))− σi,n (5.29b)

∂oi(q)

∂qi
ui ≥ −η(o(q)) (5.29c)

∂c2i(q)

∂qi
ui ≥ −κ(c2(q)) (5.29d)

σi,m
ζ

≥ σi,n − σmax(1− ϕi,n) (5.29e)

1Tϕi = 1 (5.29f)

u
imin ≤ ui ≤ u

imax (5.29g)

||σi|| ≤ σmax

The collisions and obstacles avoidance operation starts as soon as the robots either

reach within a predefined minimum threshold distance from the robots in their

vicinity or obstacles they encounter where they stop executing the task, perform

collisions and obstacles avoidance operations. Once the robots avoid the collisions

and escape the obstacles, they return to accomplish issued tasks to complete the

desired objectives while being constrained by defined control barrier functions.

This is achieved by executing the controller from the following quadratic program

[5]. The term optimal refers to the dynamic assignment and prioritization of
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multiple tasks across a team of robots in a way that optimizes three key objectives:

1) Minimizing energy consumption that is, robots optimize their control inputs

(ui), 2) Optimize slack variables (σi) which allow robots to relax task constraints,

enabling flexible prioritization that is, smaller σi,n means robot i prioritizes task n,

3) Optimize vector of task preferences ϕi, that is, ϕi,n = 1 means robot i prioritizes

task n, 4) Satisfying task re-issuance matrix ψ
′
, that is the allocation must match

a current distribution of tasks ψ∗.

5.3.7 Quadratic Form for Environment Aware Resilient

Framework

As already mentioned that the single integrator dynamics is considered where each

robot can be controlled through velocity [6]. If q is the position of robot then we

have the following first order dynamics of each robot in a multi robot system:

.
qi = ui (5.30)

Here i, qi ∈ R2 and ui ∈ R2 denote the robot i, position of robot i and velocity

of robot i respectively, in a multi robot system consisting of nr robots and i ∈

{1, 2, 3, ..., nr}. If fi,n(q) is one-to-one function between robot i and destination

dn where dn is point in (x, y) plane [16].

fi,n(q) = −||qi − dn||2 (5.31)

The derivative of fi,n(q) is given by:

∂fi,n(q)

∂qi
= −2(||qi − dn||) (5.32)

Here uix and uiy manifest the components of velocity ui in two dimensional space

(Fig. 4.2). The above minimization problem (5.29) becomes a mathematical op-

timization problem, further categorized as quadratic program [50, 92]. Standard

form of a quadratic program based controller for solving the optimization problem

of (5.29) is rewritten in the quadratic program (5.33). In (5.33), H is a symmetric
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matrix, F is a real valued vector, A and b are matrix and vector from equation

(5.29). Moreover in constraints of (5.29g) umin and umax are lower and upper

bounds for rectangular velocity components (ux,uy) against each robot’s velocity

vector u in two dimensional plane (x, y). Both umin and umax are 1 × 2nr real

valued vectors.

argmin
u

1

2
uTHu+ F Tu (5.33)

subject to:

Au ≤ b

Aequ = beq

umin ≤ u ≤ umax

0 ≤ σ ≤ σmax

Here, A and b are from optimization problem of (5.29) and given by as follows:

A =


−2(||qi − dn||) + σi,n

−2(qi − ob)

−2(qi − qj)

−σi,m
ζ

+ σi,n + σmaxϕi,n

 , ∀i ̸= j

and

b =


ρ(−||qi − dn||2)

η(||qi − on||2 − d2b)

κ(||qi − qj||2 − d2c)

σmax

 , ∀i ̸= j

Here, Aeq and beq from equation (5.29f) are given by:

Aeq =
[
1Tϕi

]
and

beq = 1



Environment-Aware Resilient MRS Framework 100

The bounds on ui and σi are given by as u
imin ≤ ui ≤ u

imax and 0 ≤ σ ≤

σmax. The above mentioned optimization problem of (5.33) renders 2nr number

of control inputs (u) for a multi robot system consisting of nr robots to perform

task re-issuance and specialty reassignment constrained by multiple control barrier

functions, slack variables and 2nr rectangular velocity components. In the next

section, the detailed simulation results are presented.

5.4 Simulation Results and Discussions

In this section, the simulations results for an environment aware resilience of multi

robot tasks are presented, control strategy for which already developed in section

5.3.2. The quadratic program of equation (5.29) gives a framework for the envi-

ronment resilience through the dynamic tasking for a multi robot system under

optimal strategy in constrained conditions. A Matlab© routine for the optimiza-

tion problem of equation (5.29) can be programmed in which the nr robots can be

defined with their initial positions taken within an area of 3× 3 square meter i.e.,

extending from xmin to xmax along x-axis and ymin to ymax along y-axis, where

values for xmin, ymin, xmax and ymax are −1.5, −1.5, 1.5 and 1.5 respectively. The

initial positions of the robots are initialized in R2 using Matlab© command rand.

For solving the quadratic program of equation (5.33), the values for the variables

are as τ = 1000, ζ = 1000000, σmax = 12, wr = 0.04m, wo = 0.04m, ρ = 10,

k = 10, η = −8, do = 0.05m and dc = 0.1m [16]. By selecting an ith robot out of

the nr robots and calculating its positions qix, qiy alongside positions of the neigh-

borhood robots qjx, qjy, the A and b for the quadratic program of the equation

(5.33) can be calculated. The quadratic problem can be solved at each time step

to get uix, uiy, ujx and ujy for each robot in order to move the robots in a plane

while calculating the updated positions qix, qiy, qjx and qjy using the equations

(5.34) and (5.35) until desired objective is achieved as of Fig. 5.8. As mentioned

in previous chapter, formulae for calculating updated positions qix, qiy of robot i

in x and y directions where t and dt denote as time and time step respectively, are
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restated below:

qt+dtix = qtix + utixdt, i ∈ {1, ..., nr} (5.34)

qt+dtiy = qtiy + utiydt, i ∈ {1, ..., nr} (5.35)

Here the numerous simulation results showcase the plotting of resultant velocity

ui for each robot where ui =
√
u2ix + u2iy and i ∈ {1, ..., nr}. The case I includes

resilient tasks execution with 2, 3 and 4 robots whereas the cases II and III are

considered with the maximum no. of robots i.e., 3 and 4 robots respectively. The

presented simulation results, in terms of the optimization variables’ behavior, are

found to be in agreement with the existing work of [16].

5.4.1 Case I: Simultaneous Task Re-issuance/Withdrawal

and Specialties Activation/Deactivation

For performing the simulations, different scenarios can be considered here such as

that the robots in a team have the specialties which equip them to perform all the

tasks. However as explained in the section 5.3.2, the task issuance/withdrawal/re-

issuance to every robot in a team of the robots and further the specialty reas-

signment among these robots can be carried out by manipulating the environment

coefficients against the specialties of every robot in the team. The environment

coefficients given by the equation (5.16) are part of the environment module vec-

tor E as given by the equation (5.14). Here for simplicity the proposed idea is

solved for two robots whereas for three and four robots the corresponding results

are showcased without getting into the details. Multiple tasks are created for the

varying number of robots and numerous obstacles in order to prove the efficacy

of optimization problem of equation (5.29). The solution for two robots is as

mentioned below:

• No. of robots: nr = 2

• No. of tasks: nt = 2

• No. of obstacles: no = 4
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• No. of probable inter-robots collisions: 1

• The environment module E (equation (5.14)) against two robots is given by

as follows:

E = [ e11 e12 e21 e22 ]T (5.36)

• The task re-issuance matrix (equation (5.20)) for two robots is given by:

ψ
′
=

 ψθ
1

ψθ
1+ψ

θ
2

0

0
ψθ
2

ψθ
1+ψ

θ
2

ψθ
1

ψθ
1+ψ

θ
2

0

0
ψθ
2

ψθ
1+ψ

θ
2

ET (5.37)

• The environment specialty matrix (CE
i from equation (5.17)) against robot

1 and 2 is given by:

CE
1 = diag

(
(e1)

T
)
C1 =

 e11c11 0

0 e12c12

 (5.38)

CE
2 = diag

(
(e2)

T
)
C2 =

 e21c21 0

0 e22c22

 (5.39)

• The current task specification ψ∗ (equation (5.21)) is given by:

ψ∗ =
1

2
[CE

1 C
E+

1 CE
2 C

E+

2 ]


ϕ11

ϕ12

ϕ21

ϕ22

 (5.40)

where the term CE+

i =((CE
i )

TCE
i )

−1(CE
i )

T .

• Velocities vector:

u2nr×1 = [u1x, u1y, u2x, u2y]
T

• Minimum velocity bound for 2nr rectangular velocity components:

umin = −[u1xmin, u1ymin, u2xmin, u2ymin]
T

• Maximum velocity bound for 2nr rectangular velocity components:

umax = [u1xmax, u1ymax, u2xmax, u2ymax]
T
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5.4.1.1 Scenario I: Resilient Execution of 2 Tasks with 2 Robots Avoid-

ing 4 Obstacles and 1 Probable Inter-robot Collision.

Two robots r1 and r2 are issued with the tasks T1 and T2 to reach certain destina-

tions d1 and d2 in a plane while avoiding the multiple obstacles and inter-robots

collisions on way. Using the aforementioned equations (5.36) and (5.37) the tasks

are withdrawn for sometime and the specialties deactivated simultaneously, there-

after tasks are re-issued and the specialties are reactivated, again simultaneously.

Solution. At the start of experiment the robots r1 and r2 are assigned the tasks

T1 and T2. However due to certain unpredictable situation at certain time (say

t = 2 sec), using environment coefficients vector ei (equation (5.16)), the tasks

are withdrawn from both robots (say for t = 1 sec) while also deactivating their

specialties causing the ceasing of robots movements. However, for the time inter-

val 2 ≤ t < 3, these tasks are re-issued to robots but this time their tasks are

switched that is, the environment module E re-issues tasks and activates different

specialties to those of earlier, through each robots environment coefficients ei to

accomplish the alternate objectives that is, T1 to be accomplished by r2 and T2 to

be accomplished by r1. For t < 2, the environment module vector from equation

(5.36) is given by as follows:

Et<2 = [ 1 0 0 1 ]T (5.41)

where environment coefficients vectors for r1 and r2 in the light of equation (5.16)

are given as et<2
1 = [ 1 0 ]T and et<2

2 = [ 0 1 ]T . For the task issuance/with-

drawal purpose, in equation (5.37), the value of ψθ1 = ψθ2 = 1 that the both tasks

are kept issued for the entire simulation time. Thus the task re-issuance matrix of

equation (5.37) for the two robots takes the form as follows:

ψ
′t<2

=

 1
2

0

0 1
2

1
2

0

0 1
2

Et<2 (5.42)

Here it is considered that all the robots can perform all the tasks that is, C1 = C2 =[
1 0; 0 1

]
. Thus in the light of equations (5.38) and (5.39), the environment
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aware specialty matrix (CE
i ) against r1 and r2 for t < 2 takes the following form:

CEt<2

1 = diag
(
(et<2

1 )T
)
C1 (5.43)

CEt<2

2 = diag
(
(et<2

2 )T
)
C2 (5.44)

The equation (5.41) manifests that as e11 = e22 = 1, the environment module E

can activate issuance of tasks to r1 and r2 while also activating their corresponding

specialties through each robot environment coefficients vector to perform tasks T1

and T2. The robots r1 and r2 start their journey and meanwhile, the environment

module E (equation (5.41)) is looked up and gets updated by its members ei

against each robot at each time-step dt. Thereafter for time interval 2 ≤ t < 3,

the environment module E (equation (5.36)) changes its environment coefficients

(ei) as follows:

E2≤t<3 = [ 0 0 0 0 ]T (5.45)

Where environment variable vector for r1 in the light of equation (5.16) is e2≤t<3
1 =

[ 0 0 ]T and for r2 is e2≤t<3
2 = [ 0 0 ]T . The corresponding task re-issuance

matrix (equation (5.37)) becomes as follows:

ψ
′2≤t<3

=

 1
2

0

0 1
2

1
2

0

0 1
2

E2≤t<3 (5.46)

and the environment aware specialties of equations (5.38) and (5.39) become as

given by:

CE2≤t<3

1 = CE2≤t<3

2 =
[
0 0; 0 0

]
(5.47)

The above equation depicts the withdrawal of tasks from robots as well as the

deactivation of specialties causing ceasing of advancements by robots r1 and r2.

From time 3 to 10 secs the environment module E (equation (5.48)) energizes

different environment coefficients against the robots specialties to those of earlier

environment coefficients that is, the environment module re-issues tasks T1 and T2

while activating corresponding environment aware specialties to execute the tasks

T1 by r2 and T2 by r1.

E3≤t≤10 = [ 0 1 1 0 ]T (5.48)



Environment-Aware Resilient MRS Framework 105

Where the environment variable vector for r1 in the light of equation (5.16) is

e3≤t≤10
1 = [ 0 1 ]T and for r2, e

3≤t≤10
2 = [ 1 0 ]T . For the task re-issuance pur-

pose, as mentioned above the value of ψθ1 = ψθ2 = 1. The task re-issuance matrix

can be calculated as follows:

ψ
′3≤t≤10

=

 1
2

0

0 1
2

1
2

0

0 1
2

E3≤t≤10 (5.49)

The environment aware specialty matrix (CE
i ) against r1 and r2 are recalculated

for time interval 3 ≤ t ≤ 10 as follows:

CE3≤t≤10

1 = diag
(
(e3≤t≤10

1 )T
)
C1 (5.50)

CE3≤t≤10

2 = diag
(
(e3≤t≤10

2 )T
)
C2 (5.51)

Similarly the current task vectors ψ∗t<2
, ψ∗2≤t<3

and ψ∗3≤t≤10
are too solved for

each time interval by following equation (5.40) through a Matlab© routine. The

terms E, ψ
′
and ψ∗ are evaluated and optimization problem of equation (5.29) is

solved through Matlab© quadprog and the corresponding simulation results are

showcased in the Fig. 5.9. It is clear from the results that robots accomplished

the issued tasks as per scenario described in above paragraph. In the Fig. 5.9, at

t = 0 sec, the environment module (equation (5.41)) issues tasks (equation (5.42))

T1 and T2 to the robots r1 and r2 to reach destinations d1 and d2 respectively

with the appropriate specialties activated (equations (5.43) and (5.44)) by setting

e11 = e22 = 1 in the equation (5.41). As soon as robots start moving to perform

the issued tasks, the corresponding optimization variables ϕt<2
11 and ϕt<2

22 as per

equation (5.29f) start increasing whereas corresponding slack variables σt<2
11 and

σt<2
22 as per equation (5.29e) start lessening. The velocities u1 and u2 constrained by

(5.29g) also start increasing as shown in the Fig. 5.9. At t = 2 sec, the environment

module (equation (5.45)) withdraws these tasks (equation (5.46)) from robots and

specialties are deactivated (5.47) for 1 sec meanwhile ϕ2≤t<3
11 , ϕ2≤t<3

22 , σ2≤t<3
11 and

σ2≤t<3
22 start maintaining the constant values, while the velocities u1 and u2 become

zero. At t = 3 sec the environment module (equation (5.48)) re-issues tasks

(equation (5.49)) with switching i.e., e12 = e21 = 1, activating the appropriate

specialties (equations (5.50) and (5.51)) forcing r1 to perform T2 by reaching d2
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and r2 to perform T1 by reaching d1. Finally ϕ3≤t≤10
12 and ϕ3≤t≤10

21 reach value

of 1 indicating accomplishment of T2 and T1 whereas σ3≤t≤10
12 and σ3≤t≤10

21 reach

nearly zero value indicating that T2 and T1 are performed with highest preferences

by robots r1 and r2 respectively. The corresponding velocities of robots u1 and

u2 can be drawn as they start increasing until reaching zero for time interval

2 ≤ t < 3 secs and start increasing again, finally become zero as soon as robots

reach the intended destinations. Here for the simulation purpose, the following

values against umin and umax are taken:

umin = −[0.1, 0.1, 0.1, 0.1] (5.52)

umax = [0.1, 0.1, 0.1, 0.1] (5.53)

The Figs. 5.10(a) to 5.10(c) are the snapshots taken during the simulation ex-

Figure 5.9: Behavior of optimization variables w.r.t time. At t = 0.0, environment
module (equation (5.41)) issues (equation (5.42)) tasks T1 and T2 to robots r1 and r2
to reach destinations d1 and d2 with environment-aware specialties activated (equa-
tions (5.43) and (5.44)). Optimization variables ϕ11, ϕ22 start increasing and slack
variables σ11 and σ22 start lessening. At t = 2 sec (red dashed line), environment
module (equation (5.45)) withdraws tasks (equation (5.46)) from robots and specialties
gets deactivated (equation (5.47)) for 1 sec whereas ϕ11, ϕ22, σ11 and σ22 also attain
the constant values. At t = 3 sec (green dashed line) environment module (equa-
tion (5.48)) re-issues tasks (equation (5.49)) with switching also activating appropriate
robots specialties through environment coefficients (equations (5.50) and (5.51)), finally
r1 performs T2 reaching d2 and r2 performs T1 reaching d1. ϕ12 and ϕ21 reach value of
1 indicating accomplishment of T2 and T1 whereas σ12 and σ21 reach nearly zero value
indicating T2 and T1 performed with top preferences by r1 and r2. Velocities u1 and
u2 start increasing, finally becoming zero while robots avoid collisions causing abrupt
changes in velocities as indicated.

periment. In the Fig. 5.10(a) the robots r1 and r2 start the tasks while avoiding
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(a) Robots r1 and r2 at the
start of simulation. Red circles
denote obstacles. + signs depict
destinations d1 and d2 in space.

(b) r1 and r2 carryout collisions
and obstacles avoidance.

(c) r1 and r2 reach destinations
d2 and d1 indicating accomplish-
ment of tasks T2 and T1 respec-
tively.

Figure 5.10: Simultaneous task re-issuance and environment-aware specialties acti-
vation/deactivation (scenario I).

obstacles and collisions in the Fig. 5.10(b), finally accomplishing the tasks as shown

in the Fig. 5.10(c). A task is said to be accomplished if the optimization variable

ϕ for the each robot of the team attains the value of 1 and the variable σ becomes

nearly of zero value.

5.4.1.2 Scenario II: Resilient Execution of 3 Tasks with 3Robots Avoid-

ing 6 Obstacles and 6 Probable Inter-robots Collisions.

Three robots r1, r2, r3 are issued with the tasks T1, T2, T3 to reach certain desti-

nations d1, d2, d3 respectively in a plane while avoiding the multiple obstacles and

inter-robots collisions on way as shown in the Fig. 5.12(a) however due to certain

situation, the tasks are withdrawn from all the robots for sometime while also

deactivating their specialties through each robots environment coefficients vector

ei, thus stopping the robots in mid-course. However, thereafter tasks are re-issued

to robots but this time their tasks are swapped among robots causing environment

module E to re-issue tasks T1, T2, T3 to r3, r1, r2 respectively and simultaneously

deactivating different specialties to those of earlier, to accomplish the swapped

tasks. All tasks are said to be accomplished if the optimization variable ϕ for

each robot of the team attains the value of nearly 1 and σ becomes nearly of zero

value for all the participating robots accomplishing the assigned tasks. Fig. 5.11

showcase the corresponding results.

Solution. For above mentioned scenario, the environment module E is given by:

Et<0.2 = [ 1 0 0 0 1 0 0 0 1 ]T (5.54)
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Supposedly at some point in time during the mission course, E takes the form

causing deactivation of robots specialties and withdrawal of tasks for sometime as

given by:

E0.2≤t<0.3 = [ 0 0 0 0 0 0 0 0 0 ]T (5.55)

After a certain time, E takes the following form causing tasks re-issuance and

environment-aware specialty reassignment:

E0.3≤t<4.0 = [ 0 1 0 0 0 1 1 0 0 ]T (5.56)

We can calculate environment aware specialties CEt<0.2

i , CE0.2≤t<0.3

i , CE0.3≤t<4.0

i ,

(equation (5.17)) task re-issuance matrix ψ
′t<0.2

, ψ
′0.2≤t<0.3

, ψ
′0.3≤t<4.

(equation (5.20))

and current tasks vectors ψ∗t<0.2
, ψ∗0.2≤t<0.3

, ψ∗0.3≤t<4.0
(equation (5.21)) accordingly,

in order to solve the optimization problem of (5.29) at each time step dt. Term

ψθn = 1 (equation (5.20)) which manifests that task issuance is active for the en-

tire simulation time. Here for the simulation purpose, the following values against

umin and umax are taken as given by:

umin = −[1.5, 1.5, . . . , 1.5]1×6 (5.57)

umax = [1.5, 1.5, . . . , 1.5]1×6 (5.58)

The Figs. 5.12(a) to 5.12(c) are the snapshots taken during the simulation ex-

periment. In Fig. 5.12(a) the robots r1, r2 and r3 start the tasks while avoiding

obstacles and collisions (Fig. 5.12(b)), finally accomplishing the tasks as shown in

Fig. 5.12(c).

5.4.1.3 Scenario III: Resilient Execution of 4 Tasks with 4 Robots

Avoiding 10 Obstacles and 12 Probable Inter-robots Collisions.

Four robots r1, r2, r3, r4 are issued with the tasks T1, T2, T3, T4 to reach certain

destinations d1, d2, d3, d4 respectively on a plane while avoiding multiple obstacles

and inter-robots collisions on way as shown in Fig. 5.14(a). However thereafter

the tasks are withdrawn for sometime and then re-issued to robots but this time
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Figure 5.11: Behavior of optimization variables w.r.t time. At t = 0.0 sec, environ-
ment module (equation (5.54)) issues tasks T1, T2 and T3 to robots r1, r2 and r3 to reach
destinations d1, d2 and d3 respectively with appropriate specialties activated through
environment coefficient vector. Terms ϕ11, ϕ22 and ϕ33 start increasing and slack vari-
ables σ11, σ22 and σ33 starts lessening. At t = 0.2 (red dashed line) environment module
(equation (5.55)) withdraws tasks from robots and environment aware specialties gets
deactivated for 0.1 whereas ϕ11, ϕ22, ϕ33, σ11, σ22 and σ33 also attain the constant
values. At t = 0.3 (green dashed line) environment module (equation (5.56)) re-issues
tasks with switching, also activating appropriate robots specialties through environ-
ment coefficients vectors, finally r1 performs T2 reaching d2, r3 performs T1 reaching
d1 and r2 performs T3 reaching d3. Associated optimization variables ϕ12, ϕ23 and ϕ31

reach value of 1 indicating accomplishment of T2, T3 and T1 whereas σ12, σ23 and σ31
reach nearly zero value indicating T2, T3 and T1 are performed with top preferences
by robots r1, r2 and r3. Velocities u1, u2 and u3 start increasing, finally becoming
zero while robots avoid collisions and obstacles causing abrupt changes in velocities as
indicated.

(a) r1, r2 and r3 at the start of
simulation. Red circles denote ob-
stacles.

(b) Collision and obstacles avoid-
ance

(c) r1, r2 and r3 accomplish tasks
T2, T3 and T1 by reaching destina-
tions d2, d3 and d1.

Figure 5.12: Simultaneous task re-issuance and environment-aware specialties acti-
vation/deactivation (scenario II).

their tasks are swapped among robots causing the environment module E to re-

issue tasks T1, T2, T3, T4 to r4, r3, r2, r1 respectively. All tasks are said to be
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accomplished if the optimization variables ϕ for each robot of the team attain

value of 1 and variables σ become nearly of zero value for all the participating

robots (Fig. 5.13).

Solution. For above mentioned scenario, the environment module E (equation

(5.14)) for simulation time t < 0.2 is given by:

Et<0.2 = [1 0 0 0 0 1 0 0 0 0 1 0 0 0 0 1]T (5.59)

For simulation time windows i.e., 0.2 to 0.3 and 0.3 to 4.0 the environment module

E (equation (5.14)) takes the following forms respectively:

E0.2≤t<0.3 = [0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0]T (5.60)

E0.3≤t<4.0 = [0 0 0 1 0 0 1 0 0 1 0 0 1 0 0 0]T (5.61)

The environment aware specialties CEt<0.2

i , CE0.2≤t<0.3

i , CE0.3≤t<4.0

i (equation (5.17))

task re-issuance vectors ψ
′t<0.2

, ψ
′0.2≤t<0.3

, ψ
′0.3≤t<4.0

(equation (5.20) with ψθn = 1)

and current tasks vectors ψ∗t<0.2
, ψ∗0.2≤t<0.3

, ψ∗0.3≤t<4.0
(equation (5.21)) can be

calculated accordingly, in order to solve the optimization problem of (5.29) at

each time step dt. Here for the simulation purpose, the following values against

umin and umax are considered:

umin = −[1.0, 1.0, . . . , 1.0]1×2nr (5.62)

umax = [1.0, 1.0, . . . , 1.0]1×2nr (5.63)

The Figs. 5.14(a) to 5.14(c) are the snapshots taken during the simulation exper-

iment. In Fig. 5.14(a) r1, r2, r3 and r4 start the tasks and after nearly avoiding

collisions (Fig. 5.14(b)), finally accomplishing the tasks as shown in Fig. 5.14(c).

5.4.2 Case II: Midcourse Tasks Withdrawal with Active

Environment Coefficients

Scenario IV: Non Resilience of 3 Tasks with 3 Robots Avoiding 6 Ob-

stacles and 6 Probable Inter-robots Collisions. Three robots r1, r2, r3
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Figure 5.13: Behavior of optimization variables w.r.t time. At t = 0.0 sec, envi-
ronment module (equation (5.59)) issues tasks T1, T2, T3, T4 to robots r1, r2, r3, r4
to reach destinations d1, d2, d3, d4 respectively with appropriate specialties (equa-
tion (5.17)) activated through each robots environment coefficient vector ei (equation
(5.16)). Variables ϕ11, ϕ22, ϕ33, ϕ44 start increasing and slack variables σ11, σ22, σ33,
σ44 start lessening. At t = 0.02 sec (red dashed line), environment module (equation
(5.60)) withdraws tasks from robots and environment-aware specialties gets deactivated
for 0.03 sec whereas ϕ11, ϕ22, ϕ33, ϕ44, σ11, σ22, σ33, σ44 also attain the constant values.
At t = 0.06 sec (green dashed line) environment module (equation (5.61)) re-issues tasks
with switching, also activating appropriate robots specialties through environment co-
efficients vectors, finally r1 performs T4 by reaching d4, r3 performs T2 by reaching d2,
r2 performs T3 by reaching d3 and r4 performs T1 by reaching d1. Associated optimiza-
tion variables ϕ14, ϕ23,ϕ32, ϕ41 reach value of 1 indicating accomplishment of T4, T3, T2

and T1 whereas σ14, σ23, σ32 and σ41 reach nearly zero value indicating T4, T3, T2 and
T1 are performed with top preferences by robots r1, r2, r3 and r4. Velocities u1, u2, u3
and u4 start increasing, becoming zero in the interval and then increasing again, while
robots avoid collisions and obstacles causing abrupt changes in velocities as indicated,
all velocities finally becoming zero.

(a) Robots r1, r2, r3 and
r4 at the start of simula-
tion. Red circles denote
obstacles.

(b) Robots are near
their destinations after
probable collisions and
obstacles avoidance.

(c) Tasks T1, T2, T3
and T4 accomplishment
by r4, r3, r2 and r1 by
reaching destinations d1,
d2, d3 and d4.

Figure 5.14: Simultaneous task re-issuance and specialties activation/deactivation
(scenario III).

are issued with tasks T1, T2, T3 to reach certain destinations d1, d2, d3 respectively

in a plane while avoiding multiple obstacles and inter-robots collisions on way as
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shown in Fig. 5.16(a). However due to certain situation, the tasks are withdrawn

from all the robots however their specialties are kept activated through each robots

environment coefficient vectors ei, thus stopping the robots on way.

Solution. For above mentioned scenario, the environment module E for simula-

tion time t < 4.0 is given by:

E0<t<4.0 = [ 1 0 0 0 1 0 0 0 1 ]T (5.64)

The term ψθn in re-issuance vector (equation (5.20)) takes the following values for

intervals t ≤ 0.2 and 0.2 ≤ t < 4.0:

ψθ
t<0.2

1 = ψθ
t<0.2

2 = ψθ
t<0.2

3 = 1 (5.65)

For withdrawal of tasks:

ψθ
0.2≤t<4.0

1 = ψθ
0.2≤t<4.0

2 = ψθ
0.2≤t<4.0

3 = 0 (5.66)

We can calculate environment aware specialties CE0<t<4.0

i and current tasks vectors

ψ∗t<0.2
, ψ∗0.2≤t<0.3

, ψ∗0.3≤t<4.0
from equations (5.17) and (5.21) respectively, in order

to solve the optimization problem of (5.29). Fig. 5.15 shows the simulation result

the scenario as mentioned in the preceding paragraph. Fig. 5.16(a) and Fig. 5.16(b)

are the snapshots taken during the simulation experiment. In Fig. 5.16(a) r1, r2

and r3 start the tasks but couldn’t complete due to withdrawal of tasks (ψθ1 =

ψθ2 = ψθ3 = 0) in midcourse as shown in Fig. 5.16(b).

5.4.3 Case III: Midcourse Degradation of Environment Co-

efficients with Active Task Issuance

Scenario V: Resilient Execution of 2 Mandatory Tasks with 4 Robots

Avoiding 10 Obstacles and 12 Probable Inter-robot Collisions. Four

robots r1, r2, r3, r4 are issued with tasks T1, T2, T3, T4 to reach d1, d2, d3, d4

respectively with active tasks issuance strategy. The tasks T1 and T2 are manda-

tory to be executed but T3 and T4 are not mandatory. At a certain time, the
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Figure 5.15: Behavior of optimization variables w.r.t time. At t = 0.0 sec, environ-
ment module (equation (5.64)) issues tasks T1, T2, T3 to robots r1, r2, r3 with active
tasks issuance strategy (equation (5.65)) to reach destinations d1, d2, d3 respectively
with appropriate specialties activated through each robots environment coefficient vec-
tor ei. Variables ϕ11, ϕ22, ϕ33 start increasing and slack variables σ11, σ22, σ33 start
lessening. At t = 0.02 sec (red dashed line), tasks are withdrawn (equation (5.66)) from
robots and environment-aware specialties (equation (5.55)) are kept activated. Vari-
ables ϕ11, ϕ22, ϕ33, σ11, σ22, σ33 to attain the constant values. Finally, no robot could
be able to reach the destinations till the end of the experiment, also making robots
velocities reach zero value.

(a) Robots r1, r2, r3 and r4 at the start
are issued with tasks (ψθ

1 = ψθ
2 = ψθ

3 =
1) to reach destinations d1, d2, and d3 in
space.

(b) Tasks are withdrawn (ψθ
1 = ψθ

2 =
ψθ
3 = 0) causing robots to stop though

ei against each robot are kept activated
for assigned tasks performance.

Figure 5.16: Case II: Midcourse withdrawal of tasks with active environment coeffi-
cients (scenario IV).

environment coefficients e11 and e22 against the robots r1 and r2 gets depreciated

(say more than 30%) due to certain reasons i.e., sharp degradation in required

specialty (equation (5.18)) as indicated by the corresponding coefficient vector

(equation (5.16)) thus stopping the both robots on the way. The environment

module E updates the corresponding robot status as inactive robot as per rules
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mentioned in equations (5.18) and (5.19). Since T1 and T2 are mandatory to be

executed, the situation prompts E to invoke r3 to perform T2 and r4 to perform

T1. For this special scenario, E is not accounted for in task re-issuance vector of

equation (5.20). The modified task re-issuance vector for the current scenario is

given by as:

ψ(t)
′
=

1

ψθ1(t) + ψθ2(t) + ...+ ψθnt
(t)

(diag((ψθ(t))T ), ..., diag((ψθ(t)T ))1×2nt (5.67)

The environment module E for t < 0.3 is given by:

Et<0.3 = [1 0 0 0 0 1 0 0 0 0 1 0 0 0 0 1]T (5.68)

For simulation time window from 0.3 to 4.0 the environment module E takes the

following form as given below:

E0.2≤t<4.0 = [0 0 0 0 0 0 0 0 0 1 0 0 1 0 0 0]T (5.69)

For modified task re-issuance vector of equation (5.67), the ψθn = 1 for the entire

simulation time. The Figs. 5.18(a) and 5.18(b) are the snapshots taken during

the simulation experiment. In Fig. 5.17 the robots r1, r2, r3, r4 start performing

the tasks and the Fig. 5.18(b) shows the accomplishment of the mandatory tasks

by two robots r3 and r4 only.

5.4.4 Miscellaneous Observations

a. Convergence Time: The Fig. 5.19 shows time plot against number of robots

(nr) with respective constraints considered in scenarios I, II and III. As the number

of robots increases as part of team, the time to accomplish tasks also increases.

The blue, green and orange regions show time windows for scenarios I, II and III

as presented in previous sections.

b. Computational Complexity: The computational complexity O(nrnt) calcu-

lated for the optimization problem of (5.29) with nr = 4, nt = 4 and no = 10

is 15.253 × 106 operations [16, 92]. With the processor speed of 2.9 Ghz and



Environment-Aware Resilient MRS Framework 115

Figure 5.17: Behavior of optimization variables w.r.t time. At t = 0.0 sec, environ-
ment module (equation (5.68)) issues tasks T1, T2, T3, T4 to robots r1, r2, r3, r4 to reach
destinations d1, d2, d3, d4 respectively with appropriate specialties activated through
each robots environment coefficient vector ei. Variables ϕ11, ϕ22, ϕ33, ϕ44 starts increas-
ing and slack variables σ11, σ22, σ33, σ44 start lessening. At t = 0.3 sec (red dashed
line), due to degradation of corresponding ei, environment module E (equation (5.69))
deactivates r1 and r2, activating environment aware specialties for only r3 and r4 to
perform T2 and T1 respectively that is, ϕ32 and ϕ41, reach value of 1. Finally only
two robots could be able to reach the destinations till the end of the experiment, also
making velocities of r1 and r2 to reach zero value.

(a) r1, r2, r3 and r4 at the start
are issued with tasks to reach des-
tinations d1, d2, d3 and d4.

(b) r3 and r4 performed manda-
tory tasks T2 and T1 respectively
but degradation of corresponding
environment coefficients of r1 and
r2 caused E to stop the robots.

Figure 5.18: Case III: Midcourse degradation of environment coefficients with active
task issuance (scenario V).

computations of 15.253 × 106, the minimum distance maintained during colli-

sion avoidance can be calculated using standard formulae that is, distance =

robot′s velocity × computational time = 0.525 mm which is less than minimum

threshold distance of 0.1 m for each robot’s velocity of 0.1 m/s.
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Figure 5.19: Task accomplishment time with number of robots (nr). Figure shows
time plot against (nr) with respective constraints. As the number of robots increases
as part of team, the time to accomplish tasks also increases. Blue, green and orange
regions show time-windows for scenarios I, II and III.

5.4.5 Limitations of the Research

Few limitations of the thesis research work are discussed in this section as men-

tioned below.

a. Communication: In this research, we have assumed that communication be-

tween robots in swarm is ideal while no delays and packet losses are there. This

may outcome a worst consequence as in real world situations such as disaster

zones, communication may be unreliable and consequently robots might compute

incorrect priorities due to outdated information. To mitigate such a scenario, the

integration of robust estimation techniques are required to be incorporated.

b. Scalability: The scalability for large robot teams may pose a challenge for

real-time Quadratic Programming (QP) due to increased computational demands.

These higher computational requirements can lead to memory or CPU bottlenecks,

causing standard solvers (such as Matlab©’s quadprog) to fail. In such scenarios,

task clustering can be employed, where similar tasks are grouped or the memory

and CPU capacity can be upgraded accordingly.
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5.5 Chapter Summary

In this chapter the system modeling and control design technique for the con-

duct of thesis research are discussed. The relationships between robots and robot

tasks are identified. For solving the problem statement of this thesis, it is found

that the environment and specialty relationship can lead us to the development

of an environment-aware resilient task framework. The notion of allocating tasks

to the robots keeping in view the evolving environment and the required spe-

cialties to perform the allocated tasks is considered. The control design for an

environment-aware resilience of multi robot tasks is developed through the sce-

nario of dynamic tasking for a multi robot system under optimal strategy within

constrained conditions and further simulated in Matlab©. In the simulation results

section, an environment aware resilient framework is simulated for a multi robot

system to carryout the dynamic task re-issuance and environment-aware specialty

reassignment in an optimal strategy under the constrained environment includ-

ing obstacles avoidance, inter-robots collisions prevention and bounded velocities.

A simultaneous mechanism for the tasks issuance/withdrawal/re-issuance coupled

with the robot specialties is developed and simulated as well. Multiple scenarios

encompassing three different cases that is, the simultaneous task re-issuance and

environment-aware specialties activation/ deactivation, mid-course withdrawal of

the tasks with active environment coefficients and mid-course degradation of envi-

ronment coefficients with active task issuance, are devised and simulated. In order

to achieve these outcomes, a novel dynamic task-specialty matrix based mecha-

nism termed as environment module is proposed and further incorporated into

an optimization technique. The environment module in optimization program let

the robots issue/re-issue, active/inactive the specialties in an online way leading

to accomplishment of tasks optimally in an evolving environment. In addition to

minimization between task re-issuance and current task preference, the proposed

optimization technique-based problem also minimized robots constrained velocities

and task related slack variables. This optimization program is subject to the con-

trol barrier function based constraint encoding the desired objective cost function

along with other constraints primarily required for optimal task execution. The ca-

pabilities of robot-to-robot collision avoidance and robot-to-obstacle avoidance are
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also incorporated through the separate control barrier functions. The presented

simulation results show the efficacy of optimization technique based decentralized

controllers for solving the problem statement of this thesis by accomplishing the

respective tasks thus testifying our established notion. Moreover, these results, in

terms of the optimization variables’ behavior, are found to be in agreement with

the existing work.



Chapter 6

Conclusion and Future Work

6.1 Conclusion

In this research a methodical approach has been adopted to achieve the desired

objective of an environment-aware resilience of the multi robot tasks by a team

of robots under the dynamically evolving environment. The detailed literature

survey manifested that the control barrier function has an extensive strength and

can be leveraged to execute the different multi robot tasks. In order to prove this,

a control barrier function based control technique was developed for the ground

vehicles to achieve an adaptive cruise control on the different surface conditions

under the weather effect. The firm base for achieving an environment aware re-

silience was constructed through the development of decentralized controllers for

the multi robot formation control using control barrier functions. The term “firm

base” refers to successful utilization of control barrier functions for task accom-

plishment in terms of attainment of formation control - a concept further employed

for the environment aware resilience of tasks. These efforts led to attain an en-

vironment aware resilience of the multi robot tasks through solving the dynamic

tasking problem as presented in this thesis. The thesis work first presented the

practical concept of the control barrier function as explored from a real life exam-

ple of the adaptive cruise control. By leveraging on the control barrier function, a

control technique was devised for the ground vehicles to achieve an adaptive cruise

control on the weather affected surface conditions. The control technique utilized

119
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a quadratic program and unified the control barrier function and control Lyapunov

function with the surface condition taken as the hard constraint defined through

the control barrier function. The simulated results found through this technique

exhibited the intended safety and stability objectives on different weather based

surface conditions. The presence of the control barrier function ensured the for-

ward invariance of a set defined through the hard constraint whereas the control

Lyapunov function helped to reach a desired velocity state. The stability and

safety objectives acted as two separate constraints of the designed quadratic pro-

gram. Through the manifestation of the presented Matlab© based simulation

results, the proposed control technique was found correct as the adaptive cruise

control was successfully achieved under different surface conditions.

The results as an outcome of adopted approach showed the sudden drop in value

of u′ to avoid collision as vego reached the desired velocity of 30 m/s at 6.7 secs

with corresponding invocation of hard and soft constraints (CBF and CLF), fi-

nally maintaining constant values of vego = 20 m/s and z = 36 m. The simulation

results for other surfaces wet, slush, soft and compact snow had also been pro-

vided and compared. The vego tries to reach 30 m/s at 3.2 secs for compact snow,

4 secs for soft snow, 5.3 secs for slush, 5.8 secs for wet and 6.7 secs for dry surface

with earlier decrease in control inputs, increase in slack variables and invoking of

CBF, CLF until the distance z reached a safe value. These simulation results also

demonstrated the simultaneous achievement of the control objective and the safety

objective. This manifested that the control barrier function has the potential to

achieve a control design which paved the way for achieving the multi robot tasks

accomplishment through a formation control problem.

The notion of control barrier function based control design was extended and the

decentralized controllers based on the control barrier functions were formulated to

control the robots in a multi robot system in order to achieve the accomplishment

of the assigned tasks. The control barrier functions were employed for attaining

the desired objective of the formation forming. These control barrier functions

were also utilized for the inter-robots collision avoidance while the desired for-

mation takes place. During the attainment of desired multi robot formation, the

constraints were enforced on the rectangular components of velocities and thus the
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desired formation was achieved with and without the constraints on the robots ve-

locities. The cost function for achieving the desired formation was embedded as

the control barrier function based constraint of an optimization problem. The

inter-robots collision avoidance among the robots was attained through a sepa-

rately designed control barrier function as constraint of the same optimization

problem. The formation control of different robots and their inter-robots collision

avoidance in a team of multiple robots was then carried out by solving the formu-

lated optimization problem based on the control barrier functions. The developed

quadratic program based formation controller for each robot was simulated in

Matlab© and the robots in the team successfully attained the desired formation

in a leaderless consensus by deploying themselves in a plane under the different

values of the constrained rectangular velocities without colliding with each other.

Several simulation examples with different scenarios were presented to illustrate

and compare the working of the constrained controllers providing testimony to the

working of our proposed notion. The techniques proposed in this research can be

employed when a multi robot system was required to make the desired formation

under the confined conditions.

The environment-aware resilience of multi tasks was a special case of multi robot

task allocation as explored in this thesis. This led to investigate the tasks allo-

cation and their accomplishments by a multi robot system. The slack variables

were used for the optimal allocation of these tasks. These slack variables were

incorporated in the control barrier functions based constraints designed for achiev-

ing the desired objective costs encoding the assigned tasks. In order to achieve

the desired resilience, the proposed environment module was made part of the

task re-issuance strategy and environment-aware specialties of the robots. The

environment module has environment coefficients vectors associated with the spe-

cialties of the robots. The association of the task re-issuance strategy with the

environment coefficients ensured the robots participation simultaneously changing

with the active/in-active status of robots specialties. The control barrier function

based constraint ensured the accomplishments of the assigned tasks through the

manipulation of the associated slack variables in an optimal way. The optimal-

ity was achieved during the dynamic assignment and prioritization of multiple

tasks across a team of heterogeneous robots in a way that optimized the key
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objectives that is, (1) the developed framework minimized energy consumption

as robots optimized their control inputs (u) within selected constrained veloci-

ties, (2) the task relaxation constraints (σ) enabled task prioritization by nearly

getting value of zero with corresponding value of 1 for the vector of task prefer-

ences (ϕ). The environment-aware resilient framework was incorporated with the

inter-robots collision avoidance and robot-obstacle avoidance through the sepa-

rate control barrier functions based constraints. The optimization problem overall

minimized the robots input velocities and associated slack variables. The mani-

festation of the resilient execution of multiple tasks was successfully carried out

through the three different cases such as the simultaneous task re-issuance and

specialties activation/deactivation, the mid-course withdrawal of the tasks with

the active environment coefficients and the mid-course degradation of the environ-

ment coefficients with the active task issuance. The presented results, in terms

of the optimization variables’ behavior, were found to be in agreement with the

existing work. The overall research thus manifested, the successful achievement of

an environment-aware resilience through the development of a framework ensuring

dynamic tasking for a multi robot system under optimal strategy in constrained

conditions.

6.2 Future Directions

The future research directions in multi robot systems are expanding speedily, as

the advancements in the field of robotics, artificial intelligence and communication

technologies are giving birth to new challenges. Here are some key areas for future

research directions in the field of multi robot systems and their control. Few

broader research directions are described in succeeding subsections.

6.2.1 Intelligent Multi Robot Systems

As the quantity of robots in a multi robot system rises more, guaranteeing the

active coordination and an effective decision-making becomes complex. In such

scenario future research direction can be producing such algorithms that empower
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thousands of robots in teams to work in an organized fashion without needing

central control which is a typical idea stimulated from natural bio systems such

as flock of the birds.

6.2.2 Robustness in Multi Robot System

Multi robot systems can face different challenges such as noise, parametric un-

certainties, communication delays due to packet loss or link failure, control input

delay, interruptions or environmental disturbances. Future research direction can

be producing such self-curative systems with plug and play features where robots

can negotiate such issues and further familiarize them to failures seamlessly mean-

while ensuring dispensing roles or revamping the collective function of the swarm

intact.

6.2.3 Autonomy in Decision Making of Multi Robot Sys-

tems

There can be a challenge of making real-time decisions in dynamic and indeter-

minate environments. In such a scenario, the future research direction can be

utilizing modern concepts of reinforcement learning and game theory which can

boost decision-making autonomy and collaboration in multi robot systems, permit-

ting them to proficiently accomplish tasks in the real-world circumstances without

the human involvement.

6.2.4 Easy Human-Swarm Interaction

For the challenge of effective collaboration of human operatives with multi robot

systems and examining more intuitive technological edges; the natural language

processing and human-in-the-swarm approaches can permit non-skilled users to

control the huge fleets of swarm systems.
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6.2.5 Robotic Swarm based Data Fusion

Multi robot systems can gather, amalgamate and process data from various sources

to build a precise prototype of the environmental conditions. This application of

swarms can help us to explore distributed detection and awareness techniques,

including simultaneous localization and mapping, empowering robots to form a

cooperative understanding of their surroundings through the data fusion from

different sources.

6.2.6 Energy Constraints of Multi Robot Systems

Multi robot systems functioning in severe or isolated environments encounter note-

worthy energy related constraints. Research into energy harvesting, effective power

administration and optimizing task allocation to range the effective time of robot

swarms can be carried out effectively.

The above research guidelines indicate towards a future where multi robot sys-

tems are more smart, independent and pliable, influencing industries ranging from

farming and logistics to space exploration and catastrophe response. The future

research directions in the field of control and optimization specifically in the con-

text of multi robot systems can include numerous promising areas as given in

succeeding subsections.

6.2.7 Control of Heterogeneous Team of Robots having

Higher Order Dynamics with Experimental Valida-

tions

In this thesis research work the robots with first-order dynamical models are con-

sidered; all operating in the two dimensional scenarios, however for the future

research heterogeneous team of robots consisting of wheeled, climbing and aerial

robots can be considered with higher-order dynamics and diverse tasks. Further-

more the developed algorithms as an outcome of research on heterogeneous team

of robots will be deployed on physical platforms for practical implementation and
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experimental validation of simulated results presented in this thesis. With higher

order dynamics, the constraining of accelerations can also be considered for future

research as a high change in velocities is observed in the simulation results of this

thesis. While resilient task execution has been demonstrated for systems with two,

three, and up to four tasks performed by two, three, or four robots, the concept can

be extended to large-scale systems. As the number of tasks, robots, and scenarios

increases, greater resilience will be required. In such cases, resilience testing can

be conducted, and a resilient index can be determined to quantify performance.

6.2.8 Improved Decentralized Optimization based Algo-

rithms

Coordinating the robots in a multi robot system with decentralized control while

ensuring the accomplishment of multi robot objectives are met, is difficult. Com-

munication delays, packet losses or inadequate channel bandwidth can worsen

overall performance in a decentralized multi robot system. To handle this chal-

lenge, a deep research into decentralized optimization based algorithms using local

information for informed decision-making is required with guaranteed global coor-

dination. This would enhance robustness while plummeting reliance on constant

communication between robots in a multi robot system.

6.2.9 Mixed Optimization Approaches

Designing such multi robot system algorithms that proficiently unify universal and

local optimizations is complex, especially when the desired objectives at diverse

levels change dynamically. In such challenges, generating hybrid optimization

frameworks become essential. The assigned tasks across many layers of control,

where universal objectives such as multi robot task allocations are optimized at

advanced levels, while each robot in a multi robot team concentrate on local tasks

like formation control or obstacle avoidance.
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6.2.10 Data-driven Multi Robot Control

Learning-based techniques like reinforcement learning typically involve huge quan-

tities of data as well as training time, which can prove unfeasible in real-world

applications of multi robot systems. Moreover, guaranteeing protection during

the learning stage is too much important. In such challenge, developing such al-

gorithms in which learning algorithms instead of CBF based approaches can be

integrated with optimization techniques, can allow robots to learn complex control

policies over time meanwhile confirming safety and proficiency. This can collec-

tively improve malleability in indeterminate and dynamic environments.

6.2.11 Real-time Fast and Reliable Advanced Computa-

tion

Numerous optimization technique based problems in multi robot systems are NP-

hard, denoting that they entail noteworthy computational resources to resolve.

In real-world and real-time scenarios, optimization technique based algorithms go

computationally expensive and complex, especially as the system expands. In such

challenges, developing computationally effective optimization techniques that work

in real time, conceivably through estimates, heuristics or ubiquitous processing,

can empower efficient, speedy and consistent decision-making even in large-scale

multi robot systems.

6.2.12 Multi Robot Systems in Uncertain and Stochastic

Environments

Catering for uncertainty in robot motion, environment detection or inter-robot

communications needs more complex models, which may make optimization prob-

lems inflexible or excessively conventional. In such challenge, encompassing control

and optimization approaches to handle uncertainty explicitly utilizing stochastic

optimization techniques can enhance performance and dependability particularly

when robots function in volatile or dynamically fluctuating environments.
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6.2.13 Multi Robot Systems with Multi-objective Opti-

mization

Challenge of harmonizing multiple objectives such as task accomplishment, energy

efficacy and safety can cause contradictory requirements during a multi robot

based mission, making it tough to discover an optimum resolution that gratifies all

standards in real-time. In such challenging scenario designing control systems that

can manage trade-offs between multiple objectives in a dynamic way is well-needed.

This approach utilizes multi-objective optimization theory based algorithms that

provide an efficient set of solutions, permitting real-time adaptation to fluctuating

mission priorities.

6.2.14 Mixed Criticality Multi Robot Tasks

For future research work, tasks with varying priorities (e.g., emergency vs. rou-

tine) can be introduced and tested to check that how the framework prioritizes

them under resource constraints (e.g., limited robots or time). Though resource

constraints in terms of execution of mandatory or emergent tasks have been simu-

lated in this thesis. However, such a priority-aware task in case of complex resource

constraints like limited time is a compelling extension for future work.

6.2.15 Parameter Robustness

A critical extension of this research involves systematic investigation of parameter

sensitivity in the QP framework is to bridge theoretical guarantees with practical

performance optimization. Future work can characterize how key CBF parameters

(α, ρ, τ) govern the velocity overshoot and task completion efficiency, presented

through quantitative heatmaps.
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