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This thesis presents the development of methods for extending multi-robot systems to aircraft

structure assembly and manufacture. The use of multiple, stationary, cooperating robotic

manipulators in aircraft assembly lines has the potential to increase production throughput

without increasing footprint, especially benefiting high-volume production lines. As such,

multi-robot systems must maximally utilize the robot assets in the production cell, which

entails balanced work allocation and collision-free task scheduling to enable efficient and

safe cell operation. The task allocation and scheduling problem, often modeled as a multiple

traveling salesman problem is an NP-hard problem. However, since task allocation in aircraft

structure assembly is a large scale problem, often having as many as on the order of 103 total

tasks, current methods for allocation and scheduling are computationally prohibitive, and

excessive robot idling due to long computation of task schedules also has the potential to

decrease the efficiency of the production cell. The scheduling is further complicated by the

dynamic nature of the robots’ capabilities that comes in the forms of periodic robot failures

that require a robot to be pulled out of operation for maintenance, and tool changes for

robots that are required for the robots to be able to service a variety of tasks. This poses

some unique challenges in terms of (i) enabling fast, balanced and collision-free scheduling



of the robots that properly responds to robot failures, (ii) determining the proper placement

of the robot bases in the robot cell to ensure maximal workload sharing potential, and (iii)

ensuring that tool changes are handled such that the time cost of changing tools is minimized.

In addressing these challenges, the contributions of this thesis are to (i) employ a partition-

based scheduler and market-based schedule optimizer in a two stage scheduling framework

to enable fast, collision-free and efficient cell operation, (ii) outline robot base placement and

mobility strategies as a means to attenuate the effects of robot failures on cell efficiency, and

(iii) adapt auction-based methods to minimize tool changes and develop a machine-learning

framework for generating scheduling heuristics in an operationally robust manner. The

methods are developed and tested on a physical multi-robot system that enables real-world

application of the research.
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GLOSSARY

CENTRALIZED: computation methods that have a central computer responsible for all
the computation.

DE-CENTRALIZED: computation methods that distribute some or all the computational
load to the agents within the system.

MRTA: multi-robot task allocation: a class of problems that deals with allocating and/or
scheduling multiple tasks among multiple robots.

NP-HARD: class of computational problems for which solutions can be generated only in
non-polynomial time. This usually implies that a solution is intractable for large scale
problems.

PARTITION(ING): commonly referred to as graph partitioning in the computing commu-
nity, is a method of clustering vertices on a graph such that the edge cuts defined by
the clusters is minimized.

PRECEDENCE CONSTRAINTS: inter-task relations that determine the order in which the
tasks must be completed

TSP: the traveling salesman problem, a well studied problem wherein a salesman seeks
to find the shortest route through a set of cities without visiting any city more than
once.

ix
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Chapter 1

INTRODUCTION

1.1 Motivation

This work aims to increase the efficiency of automated aircraft assembly systems using mul-

tiple cooperating robotic manipulators. Aircraft structure assembly is a large scale man-

ufacturing process with many repeated subprocesses and tasks that naturally lends itself

to automation. To this end, as in the auto-manufacturing industry, robotic manipulators

are increasingly being employed due to their dexterous and cross-process applicable nature.

Airplane structures with irregular, flowing shapes and large surface areas, such as airplane

skins (fuselages, wing skins, stabilizers, etc.) especially benefit from the use of robotic ma-

nipulators for their manufacture and assembly. Using multiple robots to work cooperatively

offers a means of increasing the production speed, and hence, multi-robot systems (MRSs)

have been widely studied in manufacturing applications [1–3]. This work considers the ef-

ficient scheduling of such an MRS for the assembly of large aircraft structures (e.g. wing,

fuselage, etc). The system comprises multiple stationary robotic manipulators with limited

but overlapping reach situated about a workpart with a large number (on the order of 103)

of tasks. To maximize the production output, the MRS must make efficient utilization of

all the robots by minimizing their idle times and travel costs [4]. Reduced idle time and

travel cost have significant payoffs in increasing aircraft production rates, since the benefit

extends to a large number of the structural components and manufacturing processes such

as drilling, fastening, trimming, and painting. This benefit is especially felt in high volume

production lines, where even small time savings have a significant contribution over time.

For stationary robots, the idle time is governed by uneven workload distribution among the

robots. Therefore, suitable task allocation is of primary concern, followed by appropriate
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task scheduling for minimal travel cost. Often cast as a variant of the traveling salesman

problem (TSP), multi-robot task allocation and scheduling is an NP-hard problem that is

computation expensive and tends to be prohibitive for large scale problems. Long schedule

computation times, however, also result in idling and reduce the MRS efficiency. Thus, effi-

cient MRS operation is contingent on balanced work allocation and scheduling as well as fast

schedule computation. Appropriate allocation and scheduling is important for the following

reasons:

1.1.1 Shared Workspace

A key feature of MRS is the ability of the robots to share work, which is especially advanta-

geous in dynamic environments where the robots’ capabilities or the tasks to be performed

can change. A shared workspace for multiple robotic manipulators, however, also intro-

duces the potential for collisions, which can not only incur substantial repair costs, but also

greatly reduce the efficiency of the whole system if it needs to be shut down for the repairs

to be performed. This adds the challenge of a hard spatial proximity constraint on robot

task scheduling in order to avoid collisions, and makes the robot schedules inter-dependent,

further complicating the scheduling problem.

1.1.2 Failures/Breakdowns

Periodic failures, such as robot breakdown or end effector malfunctions, are inherent to

industrial robot manipulators and occur stochastically during the system’s operation. These

are often the result of a broken tool tip, component (e.g. fastener, tape, paint) mis-feed,

communication error, or an issue in the interface with the workpart, and require the failed

robot to be pulled out of operation to be serviced. Failures disrupt robot schedules and must

be addressed by the scheduling in order to preclude collisions or excessive robot idling.
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1.1.3 Condition of Assembly

The assembly of aircraft structural parts often has variability in its tasks from part to part

or airplane to airplane that arises from sub-components that are missing or, for some reason,

are omitted from the part. For example, the right and left wings of an airplane may have

different brackets in the wing structures, or one of the wings requires a subset of its fasteners

to be oversized (changing the hole drill times and necessary tool) due to a rework. The

definitions for exactly which tasks need to be completed on a given part are referred to as

the condition of assembly (COA). This variability drives the need to generate task schedules

for every instance of every part, and moreover, requires the schedule computation to be fast

in order to not reduce the MRS efficiency if multiple instances of re-scheduling are required.

1.2 Problem Statement and Research Challenges

Problem Statement: How to schedule and coordinate multiple cooperating robots to

maximize efficiency of aircraft assembly processes?

The following research challenges/questions arise from the problem statement:

R1: How to address (break) the NP-hardness of the problem?

As stated above, the multi-robot task allocation and scheduling problem is conceptualized as

a multi-agent TSP (mTSP) and is NP-hard. This means that optimal solutions to the prob-

lem are found in non-polynomial time, and this is largely due to the combinatorial nature of

the solution space. Consider that for a single agent TSP with n tasks, or cities, there exist

n! possible solutions. For large n, like in the application studied in this work, the problem

becomes computationally intractable, and the complexity is further increased when allocat-

ing and scheduling for multiple agents. Current optimal, or even approximate near-optimal,

methods, are challenged by poor scaling properties, meaning that computation time grows

exponentially with the problem size. This makes them unsuited for the current application,

as long wait times due to expensive computation also makes the MRS inefficient. Hence, this
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research question seeks to identify the class of manufacturing problems for which fast and

(near) optimal solutions are feasible, and the appropriate methods. To this end, the research

question seeks to address the following challenges:

• MRS Schedule Efficency: Task allocation and scheduling methods have various op-

timization objectives that characterize the performance of a given allocation/schedule.

Objectives are often application-dependent, and a manufacturing MRS assembling air-

craft structures requires an optimization objective that takes into account (i) idle time,

(ii) robot failures, (iii) schedule computation time, and (iv) collisions.

• Collision-Free Scheduling: Collision-free MRS operation is ensured by enforcing a

hard spatial constraint on the robot scheduling. The challenge, however, is that the

cross-schedule dependencies is the main thrust behind the NP-hardness of the allocation

and scheduling problem [30]. Thus, for the specific class of manufacturing problems,

addressing the NP-hardness implicitly brings with it the challenge of guaranteeing

collision-free operation.

• Failure Handling: The scheduling approach must take into account the stochastic

nature of failures. Current methods commonly propose rescheduling as a method

of ensuring that failures don’t reduce MRS efficiency [5]. As the failure frequency

increases, though, constant re-scheduling can become challenging even for fast methods,

and proper failure handling during the schedule execution is necessary to maintain MRS

efficiency.

This research question is addressed in Chapter 3 of this thesis; in addressing the question,

the main contribution is a partition-based nominal scheduler and a market-based schedule

optimizer in the context of a two stage schedule execution framework that doesn’t require

immediate schedule re-computation at instances of failures. The work therein was in the

Robotics and Automation Letters (RAL) Journal in 2019 [20].
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R2: How to optimize the design of the multi-robot system with intelligent robot base place-

ment?

Industrial implementation of MRS with stationary robots poses the question of where to

place the robot bases, and simple solutions rely on ensuring that all tasks are within at least

one robot’s reach and either evenly spacing the robots (to enable maximum maneuverabil-

ity) or placing them at some temporal or spatial centroid of their assigned tasks [41]. These

approaches, however, don’t take into account the need of robots to be able to share their

workloads in order to reduce idle time that results from uneven robot failures. As the failure

frequency and duration vary more, the need for overlapping robot reach for certain subsets

of tasks may be more preferable than for others in order to enable a better work balance.

This research question seeks to optimize the design of a manufacturing MRS by using robot

placement and mobility as a means of increasing the potential for workload sharing and,

consequently, increasing the MRS efficiency. This research question is addressed in Chapter

4 of this thesis.

R3: How to minimize tool switching in the scheduling to maintain schedule efficiency?

Aircraft structure manufacture often requires the use of various tools, and each robot in a

multi-robot assembly cell is able to have its tool changed in order to perform a variety of the

tasks, similar to how a computer numeric controlled (CNC) mill operates. The tool changes,

however, introduce an extra time cost, as the tool needs to be installed into the end effector

by an operator and then briefly tested and calibrated to ensure quality tool performance.

Although tool changes are inevitable, they must be minimized in order to minimize their

impact on the MRS efficiency, and hence, appropriate task ordering is of chief concern to

achieve this end. Prioritizing tasks that don’t necessitate a tool switch defines loose, or soft,

precedence relation between the tasks that can be violated with a time penalty of a tool

change. The challenge with the existing scheduling methods, however, is that they use hard

precedence constraints (which cannot be violated) for efficient scheduling, which are absent

in the current context. As far as we know, the literature does not deal with soft precedence
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constraints, and more precedence relations must be determined in order to be able to leverage

current methods. The first challenge, therefore, is determining the appropriate precedence

relations to be able to leverage existing methods for generating task schedules with minimal

tool switching. Additionally, the stochastic nature of the robot failure occurrences results

in varying amounts of leftover work for the robots to complete, so it is desirable for the

MRS to adapt, or learn, to deal with any new problem case [67]. Testing the space of all

possible precedence relations for any given problem is computationally inefficient, and incurs

a significant computation time as the number of tasks and task types increases. The second

challenge, therefore, is selecting the appropriate scheduling technique for any given problem

case in an operationally robust manner.

This research questions is addressed in Chapter 5; in addressing the question, the main

contributions are an auction scheduling algorithm that employs decision-based scheduling

heuristics to encode soft precedence constraints, and a data-driven framework for generating

robust heuristic selection policies that is useful for a variety of multi-robot task scheduling

problems. The work therein is in preparation for submission for publication in the journal

of Robotics and Computer-Integrated Manufacturing.
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Chapter 2

BACKGROUND

2.1 Multi-Robot Task Allocation

Multi-robot task allocation (MRTA) deals with various classes of problems of allocating and

scheduling multiple tasks to multiple robots to maximize some reward or minimize some cost.

This work considers the NP-hard problem ofm robots, or agents, ri performing n tasks, where

n >> m. The NP-hardness of the problem arises from each robot being assigned multiple

tasks where the task scheduling is constrained by inter-dependency of the task schedules of

the robots. In this work, the schedule inter-dependency comes primarily in the form of a

spatial proximity constraint to preclude inter-robot collision.

2.1.1 Problem Classification

In [30], Korsah et. al. proposed a taxonomy in which MRTA problems are classified according

to four different parameters that deal with the robots’ capabilities, the nature of the tasks,

the type of assignment, and task scheduling inter-dependency.

• Robot are either single-task (ST) or multiple-task (MT) robots, signifying whether

they are able to work on a single task or multiple tasks at a time.

• Task can be worked on by a single robot (SR) at a time, or multiple robots (MR).

• Task assignment is either instantaneous assignment (IA), where tasks are assigned to

the robot instantaneously with no planning of future allocation, or as time-extended

assignment (TA), where each robot is given several tasks that must be done according to
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a specified schedule. TA problems are generally much more computationally demanding

[33].

• Task schedule interdependence breaks down into four type:

– no dependencies (ND), where the effective utility of a robot performing a given

task does not depend on any other agent or task. These problems can be simplified

into a linear assignment problem and solved in polynomial time [30,31].

– in-schedule dependencies (ID), where tasks have intra-schedule dependencies (af-

fected only by the tasks in the given agent’s schedule). These problems are often

formulated as an mTSP and solved using mixed integer programs, and optimal

solutions are generally found in non-polynomial time; however, since each agent’s

schedule is independent of all the other schedules, the problem complexity can be

reduced to be more tractable, contingent upon use of appropriate heuristics [30].

– cross-schedule dependencies (XD), where tasks have inter-schedule dependencies

(affected by the tasks in the agent’s schedule, as well as the schedules of the other

agents). The schedule coupling in these problems increase the complexity, and

require more clever heuristics [37].

– complex dependencies (CD), where the allocation and scheduling of the tasks

also depends on the decomposition of complex tasks into simpler tasks. These

problems are generally all NP-hard.

Computational complexity generally increases with complexity of the schedule depen-

dencies, and solutions are computationally intractable for large scale problems with

XD or CD dependencies [7, 30]

These various classes of problems are discussed at length in the MRTA taxonomy in [30].

Since the robots in this work have the potential for collisions, the scheduling problems falls

into the the XD[ST-SR-TA] class of MRTA problems.
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2.1.2 MRTA Solution Approaches

The various solution approaches are given in detail in [30] and [7]; here, MRTA solution

approaches are broadly grouped by organizational paradigms (centralized vs. decentral-

ized approaches) and solution approach (optimization vs. market-based approaches) [6, 7].

Centralized approaches rely on a central computer that allocates and schedules the task to

the robots, whereas de-centralized approaches disperse some or all of the computation to the

robots. In general, centralized approaches use optimization methods, since information about

the tasks and agents is contained centrally, and de-centralized approaches use market-based

methods, which are better suited for agent-agent communication [6]. There are, however,

many centralized market-based methods and de-centralized optimization methods that have

had significant success [15,44].

2.2 Optimization Methods

Optimization-based solutions set up task assignment and scheduling as an objective function,

usually a cost function to be minimized, or a reward function to be maximized, and seek

to find globally optimal solutions to the function in order to find optimal allocation and

scheduling. Various optimization objectives are used, depending on the application, and these

are commonly spatial in nature (e.g., minimize total path of travel [18]), temporal in nature

(e.g., minimize total time of completing all tasks [14]), or have to do with some objective

regarding the tasks themselves (e.g., minimize the tardiness of completing the tasks [16],

or maximize the number of tasks completed in a given time frame [17]). Some MRTA

applications benefit from using a combination of multiple optimization objectives [14–16,35].

The various objectives and their applications are covered in greater detail in [7] and [30].

The application in this work primarily benefits from minimizing the time to complete all

tasks, or makespan, as the optimization objective.

As the XD[ST-SR-TA] MRTA problem is NP-hard, much of the recent work has focused

on using approximation techniques to reduce computational complexity, and what follows is
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a review of these techniques.

2.2.1 TSP Solution Heuristics

MRTA is often approached as a multiple traveling salesman problem (mTSP), a variant of

the tradition traveling salesman problem (TSP), a well-studied computation problem that

tries to find the sequence of cities a traveling salesman must visit such that the salesman’s

travel distance is minimized. Optimal solutions to TSPs exist most commonly in the form

of branch and bound methods, where the state space of candidate solutions, represented

as a tree, is pruned by using the upper and lower bounds of the optimal solution to prune

the branches of the tree that have a higher cost than the computed lower bound [9, 10].

These methods are intractable for large-scale applications, as in this work, and heuristics

are commonly used for approximation to reduce complexity. In [13], a Monte Carlo tree

search-based heuristic was used in conjunction with the branch and bound algorithm to

yield near-optimal robot task allocation for 100 tasks within an hour. The computation

time for this method, however, increases as the number of tasks increases. In [11], a hybrid

algorithm is proposed to solve a vehicle coordination problem formulated as an mTSP using

known vehicle constraints, such as passenger capacity and vehicle battery capacity, as a

heuristic to prune the solutions space. This approach yielded near optimal solutions for

50 tasks in approximately three minutes, and for 100 tasks in approximately 10 minutes.

In [19], a multiple traveling robot problem was solved using mTSP methods and the closest

cost (CC) and farthest addition cost (FAC) heuristic functions, and was able to allocate

robot targets in polynomial time. The solution quality, however, increasingly deviated from

the optimal solution as the number of targets increased, resulting in a 15% deviation at

100 targets. Heuristic methods offer a means of reducing the computational complexity of

the problem to make it more tractable for various applications. However, they are often

application-dependent, and heuristics that are applicable to a variety of problems (meta-

heuristics) are still challenged by high computational complexity for large-scale problems.

In other words, heuristics are useful, but need to be tailored to the specific application to
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be of benefit. The methods in this work employ an implicit geometric heuristic to enable

collision-free task scheduling.

2.2.2 Mixed Integer Linear Programming (MILP) Methods

Another common solutions method to MRTA is the use of MILPs, which set up the assign-

ment problem as a linear program with integer program coefficients. A common formulation

of a MILP is given in Equation 2.1. The program seeks to minimize the function z = cx,

where c is the cost function and x is the decision variable. In the context of MRTA, x is the

assignment decision variable and the values of c are the costs of assigning a task to a robot.

min
x
z = cx

s.t.Ax ≥ b

x ≥ a

(2.1)

Here, A, b and a are the coefficients of the constraint equations. In general, MILPs are com-

putationally demanding [37], and various works have successfully applied MILPs by combin-

ing them with other computational techniques and heuristics, like constraint programming

(CP) [14] and decomposition [37, 39, 40]. A prominent example is in [14], where Gombo-

lay et. al. employed a MILP-based method, using decomposition to solve the allocation

and task sequencing problems separately. Their method used constraint programming (CP)

heuristics for allocation, and a multi-agent sequencer inspired by processor scheduling [42] to

near-optimally (within 15%) schedule 500 tasks to 10 agents in 20 seconds. Here, the MILP

formulation relied on (CP) as a branch-and-bound technique to prune the solutions space in

order to enable low computation times. The computation time still increases if the problem

scale goes up or if the optimality criteria is increased. Similarly, in [12], robot task allocation

was done using MILP and CP to achieve optimal allocation for 200 tasks in 100 seconds.

A MILP in [38] was solved directly as an NP-hard problem, but a solution was found in

reasonable time due to the small size of the problem. The trend with using MILP-based
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allocation and scheduling techniques, as in the mTSP solutions, is that optimal solutions

for small problems can be found with low computation times, and that clever heuristics are

rquired as the problem size is increased in order to maintain fast computation [37].

2.2.3 Evolutionary Algorithms

Evolutionary or genetic methods are inspired by evolutionary biology, and rely on updating,

or ”evolving”, solutions to achieve optimality by perturbing the solutions, or ”mutating”, and

choosing the most optimal ones, or the ”fittest”, to continue to evolve. These methods have

seen fair success in MRTA problems, particularly in the ND and ID classes [2, 8, 43]. In [8],

a genetic algorithm was used to allocate targets to a robot team that was representative

of a team of firetrucks tending to multiple fires. Their method relied on using a heuristic

to bound the solution space in order to solve time-extended assignment (TA) case, and

found near optimal (within 10%) for 300 tasks in 104 seconds. In [44], a decentralized

evolutionary algorithm was used to solve a generic MRTA problem formulated as an mTSP.

Here, only the instantaneous assignment (IA) case was solved, and to achieve optimality,

a random mutation was periodically injected to guide the solution. For the TA case, as in

the current work, a heuristic is required in order for the mutation to more quickly guide the

solution towards optimality. These methods, however, are challenged in application to the

current work because they suffer from getting trapped in local minima, especially in large

scale problems where the solution space has more potential for local minima. Moreover,

genetic algorithms still require heuristics to address the TA case, and are better suited for

applications where computation time is not a limiting factor [8].

2.2.4 Partitioning Methods

Graph partitioning is a computation problem that aims to cluster graph vertices such that

edge cuts are minimized, and is less commonly used in MRTA applications. Partitioning

techniques are not as commonly used for MRTA as centralized optimization or market-based

approaches, but they are shown to have direct benefits in solving task allocation problems
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with favorable scaling properties in [27]. Moreover, partitioning has shown effectiveness

in fair global task subdivision for heterogeneous robot teams in [28] by using locational

optimization to subdivide a region to 50 robots in under two seconds. Partitioning methods

also had favorable convergence for workload division in multi-robot exploration in [29] by use

of a pair-wise optimization technique. The work in this thesis employs a similar technique

for equitable workload allocation. Partitioning methods, however, are generally only used

for allocation (IA), and the TA case is generally not addressed by partitioning. For ND

and ID problems with the TA case, the tasks in the respective partitions can be sequenced

independently of all other partitions. The work in this thesis is towards extending the

partitioning methods for allocation and scheduling in a TA and XD MRTA problem. The

methods are further outlined in Chapter 3.

2.3 Market/Auction-Based Methods

In a market economy, agents compute the cost of completing a task and bid on the tasks

according to that cost; an auctioneer agent, either one of the agents or an external auc-

tioneer, then allocates the task to the highest bidder. Auction based approaches are well

suited for dynamic tasks and environments, and benefit from the ability to distribute the

computational burden among the agents. They are especially useful when communication

is limited: in [22], a consensus based algorithm was used to allocate task bundles, and was

especially successful in resolving conflict that arose due to limited communication. However,

market-based methods often produce less optimal solutions than the fully centralized opti-

mization approaches [6]. These methods have enjoyed popularity in multiple mobile robot

system (MMRS) task allocation, especially for unknown region exploration [5,23–25]. Since

centralized optimization methods generally produce more optimal solutions, recent efforts

have focused on improving the optimality of the market-based solutions. For example, Ko-

rsah et. al. [26] seeded their market based method with pre-computed optimal schedules

of static tasks, which, however, could be computationally expensive for large scale prob-

lems. Strategic pricing during the auction process was used to achieve global assignment
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optimality in [32], but only considered the instantaneous assignment (IA) case, and did not

consider temporospatial task constraints. Task cluster allocation was also shown to have

promising results in improving the workload balance in [4]. However, it also led to increased

computational complexity due to the necessity to bid on all the cluster combinations.

Therefore, similar to the centralized optimization methods, the main challenge is that

improved solution quality often comes at the cost of increased computation times for large

scale problems as in the current application. We address this challenge by employing a

market-based method as a schedule refinement technique on a smaller scale problem defined

by the leftover tasks, instead of using it to directly solve the full scheduling problem. In

particular, our method exploits a schedule placement technique similar to the one used

in [15], where optimal placement of the task within the schedule helped inform bids and

increased solution optimality.

2.4 Optimal Robot Placement

Stationary robots must be properly placed in order for them to maximally be able to reach

their own assigned tasks and share tasks with proximate robots, or to reduce their accu-

mulated effort in completing their assigned tasks [45]. A simple way to solve this problem

is to maximize the reach of robots to their assigned tasks, often by placing the robot bases

according to a geometric centroid of the workspace [41,46]. More complex approaches seek to

minimize a motion or energy cost, or maximize a specific property of the robot’s capabilities,

in order to make a robot as efficient as possible in completing its assigned tasks. In [47], a

multi-objective optimization criteria that seeks to minimize actuation energy and maximize

robot dexterity (in order to maximize the ability to avoid collisions in an obstacle-laden

workspace) is used to determine optimal robot placement. In [48], power consumption of

industrial robots is minimized by placing robot in positions that minimize the use of the

most energy-consuming actuators of the robots. Optimal robot placement was used in [49]

to ensure proper coverage of complex surfaces, like a car shell; additionally, the methods

in this paper also find the optimal number of robots required to cover the entire surface.
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Of particular interest to the work in this thesis is robot placement informed by the scope

of failures. As robot failures increase (along with the variety in failures across the robots),

the need for robots to be able share work becomes more and more important to preserving

the overall efficiency of the MRS. As such, the reach of the robots to certain tasks that

would enable maximum workload sharing is the primary goal. So far, the literature on robot

placement does not address this.

2.5 Ordering Constraints

2.5.1 MRTA Ordering Constraints

Tool changes implicitly increase the cost of some candidate solutions of the task ordering

problem, particularly those that require the most tool changes, since excessive tool changes

incur a time overhead and negatively impact MRS efficiency, and naturally introduce ordering

constraints to the scheduling problem. Ordering and temporal constraints generally increase

the complexity of the scheduling problem [7,37]. Per Nunes et. al.’s MRTA-TOC (Temporal

and Ordering Constraints) taxonomy in [7], these constraints take the form of time window

constraints or synchronization and precedence constraints. Time windows define a start and

end time for the tasks, and are generally concerned with minimizing task execution tardiness

(either being too early or too late). Precedence constraints can be implicitly derived from

time windows, although time windows aren’t sufficient. Precedence and synchronization

constraints specify a partial or total order for the tasks, defining after or before which task(s)

can a given task be completed, or what tasks must be done concurrently (with either the

same start time, same end time, or both) [10]. Robot end effector tool changes fall more

into the category of precedence constraints, as tool changes incur no cost upon being done

earlier or later in the process. There are various works that have successfully implemented

precedence constraints into their scheduling methods, merely a few are highlighted here.

In [14], a precedence constraint is used as a heuristic to enable a robot to prioritize a task

based upon how many tasks in its immediate proximity are assigned to other robots. In [53],
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hard task precedence constraints were imposed on the robot team that required the robots

to explicitly communicate to each other when a task was done. The constraints were also

used to alter the schedules if a task execution failed. In [54], tasks were divided into disjoint

subsets with precedence constraints imposed on the subsets. The current work considers a

similar formulation, where tasks requiring the same tool are grouped, however, there are no

precedence constraints on the groups, rather a preference to stay within a group.

There is a distinction between hard and soft constraints, and Nunes et. al.’s taxonomy

provides literature on soft and hard temporal constraints for time windows. Hard constraints

are those that are not allowed to be violated, whereas soft constraints can be violated but

incur some penalty. The same distinction, however, isn’t given for precedence constraints.

A generalized model for precedence constraints is given in [55], and a clever prioritization

technique informed by the precedence graph is developed in order to guide the scheduling such

that tasks that root precedence chains are scheduled earlier to ensure that long precedence

chains do not limit the minimization of the makespan. The work in this thesis explores

a prioritization preference in the form of a soft precedence constraint, and adapts existing

methods that deal with hard constraints.

2.5.2 Job Sequencing and Tool Switching

There is strong resemblance between our problem and the job sequencing and tool switching

problem (SSP) a well studied problem that deals with sequencing tasks that require different

tools. As in our application, where hard task precedence constraints do not inherently exist,

the SSP seeks to sequence tasks such that some objective (i.e., makespan, efficiency, tool

switches) is optimized [56]. SSPs often deal with only one machine, and optimal scheduling

solutions have only been found for single-machine SSPs [58], which aren’t related to our work.

Multi-machine SSPs, like MRTA solutions, use approximate methods for scheduling. In [57],

an integer linear program (ILP) was used with a neighborhood search heuristic to minimize

schedule makespan on multiple parallel machines. In [71], two MILPs were used along with

a tabu search heuristic to schedule parallel machines, and constraint programming was used
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in [72] to solve the same problem. The difficulty with the SSP solutions to MRTA problems

is that the machines don’t have the same conflict potential as robots do, and therefore don’t

have the same cross-schedule dependencies that our problem has. We therefore approach the

tool change minimization problem as an MRTA problem with precedence constraints.
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Chapter 3

PARTITION-BASED TASK ALLOCATION AND
SCHEDULING

This chapter describes the nominal task allocation and scheduling methods as well as the

market-based schedule optimization algorithm in the two-stage schedule execution method.

The methods are then tested on an example problem of wing skin attachment by four robots.

3.1 Problem Formulation

Consider the class of manufacturing problems where m pairs of homogeneous, stationary

robots ri perform n discrete assembly tasks on a work part, where n >> m. Since task

allocation of any robot inherently depends on the schedules of all the other proximate robots

in order to avoid collisions, this class of problems best fits in the single-task robots, single-

robot tasks, time extended assignment with cross-schedule dependencies (XD[ST-SR-TA])

category of problems in the MRTA taxonomy [30]. The robots are situated about the part

along opposing pairs. The reach of each robot is limited to a subset of tasks but overlaps

with the reach of the adjacent and opposite robots. This arrangement, shown in Fig. 3.1,

defines an axial direction that is leveraged for task scheduling in the next section.

The task allocation and scheduling problem seeks to minimize the spread in total schedule

completion times, or makespans, amongst the robots and avoid all robot-robot collisions. The

methods in this chapter aim to provide a foundation for solving this class of manufacturing

problems.



19

Figure 3.1: A generalized aerospace/aircraft part that has tasks (drilling, fastening, trim-

ming, painting, etc.) (nearly) uniformly distributed across the work part. The part is

assembled by m robot pairs situated around the work part defining an axial direction. The

robots have limited but overlapping reach, and experience periodic failures that require them

to be pulled out of operation for maintenance.

3.1.1 Schedule Efficiency Metric

The MRS schedule efficiency metric ε is given as

ε =
tmin

tact
(3.1)

where tmin is the minimum possible time for all the robots to complete all the tasks, or

makespan, and tact is the actual makespan. Here, tmin is assigned to be the sum of the

service times ts,j of all the n tasks, and tf,i is assigned to be the sum of the failure repair

times for all the 2m robots, split evenly among all the robots. Repair time does not penalize

efficiency as the robots are not capable of doing work during this time. This gives the

expression

tmin =

n∑
j=1

ts,j +
2m∑
i=1

tif

2m
(3.2)
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For the current application, travel time between the tasks is significantly less than the task

completion time. So, we include an approximated travel time in each ts,j and do not consider

it separately in our formulation. We use tact to denote the time the last-to-finish robot takes

to complete its allocated tasks, which is the maximum sum of the makespan tis (the time for

robot i to complete all its assigned tasks) and its repair time tif , expressed as,

tact = max
i

(tis + tif ) (3.3)

Combining (3.2) and (3.3), the efficiency metric for a task schedule is expressed as

ε =

n∑
j=1

ts,j +
2m∑
i=1

tif

2mmax(tis + tif )
(3.4)

Task schedules are evaluated using this efficiency metric.

3.2 Conflict-Free Nominal Scheduling

This section outlines the proposed nominal scheduling method. We first show the existence

of a solution for a uniform task distribution, and then show robustness of the solution due

to COA variations by relaxing the uniformity assumptions. For m opposing robot pairs, we

designate the makespan for the i-th pair as tip, and further distinguish the top and bottom

robot makespans as tit and tib, respectively.

3.2.1 Fair Partitioning

Our method makes the following three assumptions about task distribution uniformity, which

are typical for aerospace assembly applications.

Assumption 1 The task distribution uniformity allows the workpart to be divided into m

regions along the axial direction with equal service time tp, each assigned to a robot pair,

assuming no failure occurrence.



21

Assumption 2 Each opposing robot pair is placed such that the tasks in its assigned region

can be assigned evenly between the two robots into top and bottom regions (with task equal

task service times tit = tib = 0.5tp) as illustrated in Figure 3.2.

Assumption 3 As the robots complete their assigned tasks, they traverse the workpart in

the axial direction at equal rates q.

Remark 1 These assumptions are valid for a variety of aerospace manufacturing tasks, e.g.

drilling, fastening, trimming, and painting, using homogeneous robots (drilling, fastening,

trimming, painting of wings, fuselages, empenages, stabilizers).

By Assumptions 1 and 2, we use partitioning to achieve equitable task allocation among

all the robots and minimal idle cost, resulting in 2m partitions, each one assigned to a

different robot. We employ a pairwise optimization method as in [28] for partitioning. An

example partitioning of the work part is shown in Figure 3.2.

Figure 3.2: Partitioning allocates the tasks among all the robots, such that the completion

time of all the partitions is equal in order to minimize idling. The overlap region contains

tasks that can be serviced by more than one robot, and can, therefore, be reallocated to

balance the workload of the robots.
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3.2.2 De-conflicted Offset Scheduling

The partitioned work is scheduled by sequencing all the tasks in every partition in the same

axial direction and offset the start locations of all the robots on one side (top or bottom)

of the work part as shown in Figure 3.3 (a) 1. We denote the i-th offset and non-offset

robots as top rit and bottom rib robots (as in Figure 3.3), respectively, but either the top or

bottom robot can be offset in practice. The robots rit with offset start locations return to

finish the rest of the work in their respective partitions using the same axial sequencing when

they reach the partitions’ ends, as shown in Figure 3.3 (a). For the i-th offset robot, rit, we

designate the offset location as a distance lit from the start of its partition, which defines a

distance l∗it to the end of its partition, as in Figure 3.3. These have traversal times (time to

complete the work) tit and t∗it , respectively.

Our first claim is that the offset-based task scheduling, subject to the following two

constraints, ensures safety, i.e., collision-free operation. Safety is specified by the spatial

proximity constraint that requires the distance between the end-effector positions (task lo-

cations) of any two robots to be at least αdee at all times, where dee is the diameter of the

end-effectors and α ≥ 1 is a safety factor.

Constraint 1: We constrain the robot spacing to be sufficiently large such that the offset

distances lit and l∗it are larger than the proximity constraint:

lit > αdee and l∗it > αdee . (3.5)

Constraint 2: We constrain the offset of robot rit such that the time it takes to reach the

end of its partition, t∗it , is greater than that of ri−1t , for i > 1:

t∗it > t∗i−1t . (3.6)

The first constraint ensures that each robot has sufficient spatial separation from its

1This is feasible only if the task ordering constraints do not prevent axial sequencing.
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(a) Offset Start Locations (b) Offset Robots Return

Figure 3.3: Sequencing the tasks in each partition in the axial direction and offsetting the

start locations of one side of robots (top robots), as shown in (a), enables collision free

operation. Once the top robots reach the end of their partitions, they return to the start

of their partitions, as shown in (b), and service the remaining tasks in the same axially

sequenced manner. The bottom robots have moved out of the way at this point, and no

collisions occur.

opposite and adjacent robots at the start of the operation. Note that this constraint also

implicitly limits the length of any partition to be no less than 2αdee, and, consequently,

limits robot density. The second constraint ensures that ri−1t returns to the beginning of its

partition before rit does, which precludes collision when rit returns. These two constraints

together allow collision-free operation because Assumption 3 ensures that the robots have

equal axial traversal rates q, and, thus, the spatial proximity constraint is not violated.

In practice, variable task service times and COAs with missing tasks can cause the axial

traversal rate of a robot to fluctuate during operations requiring the solution to be robust.

Our second claim is that Assumption 3 can be relaxed to allow for variation δq in the axial

traversal rate q and still preserve the collision-free nature of the nominal schedule, provided

that the maximum variation δq in the traversal rate q is small, and the constraint inequalities

in (3.8) and (3.9) are satisfied. This follows from the fact that the distance dbi,ti−1(t) between
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the i-th non-offset robot rib and the previous offset robot ri−1t , given as

dbi,ti−1(t) = l∗i−1t − (qi−1t − qib)t > αdee (3.7)

can decrease at the maximum by 2δqt in time t where 2δq is the maximum difference in the

traversal rates of the two robots. Then, collision between robots rib and ri−1t can be avoided

(before robot ri−1t returns to the beginning of its partition) by ensuring that the distance

dbi,ti−1(t) is sufficiently large, i.e.,

dbi,ti−1(t) = l∗i−1t − 2δqt > αdee (3.8)

where the offset l∗i−1t is the initial distance between them. Similarly, collision between the

i-th non-offset robot rib and the next offset robot rit is avoided (before rit returns to the

beginning of its partition) provided

dbi,ti(t) = lit − 2δqt > αdee, t ≤ t∗it . (3.9)

We also avoid collision between robots rit and rib after rit returns to the beginning of its

partition, as in Figure 3.3. When robot rit returns, the distance dbi,ti between the two robots,

which is initially at least (q − δq)t∗it , needs to satisfy

dbi,ti(t) = (q − δq)t∗it − 2δq(t− t∗it ) > αdee (3.10)

for time t > t∗it . If the variation δq in the axial traversal rate q is small, then the inequalities

in (3.8), (3.9), and (3.10) are satisfied because (i) their left hand sides approach the spacing

between the robots (l∗i−1t , lit and l∗it , which are sufficiently large from Constraint 1; (ii) the

time t is finite and bounded by the maximum makespan; and (iii) the minimal distance

(q − δq)t
∗i
t approaches l∗it . Thus, the above analysis shows the existence of a collision-free

nominal schedule if the maximal variation δq in the axial task execution rate q (due to COA
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variation) is not too large.

3.2.3 Schedule Execution and Failure Handling

To maintain the collision-free nature of the nominal schedule and avoid frequent rescheduling,

a robot returning from maintenance after a failure occurrence returns to the place in its

nominal schedule where it would have been had no failure occurred. This requires the robot

to skip some of its work to be dealt with after the nominal schedule is completed. These

leftover tasks are then reallocated among the robots, and are executed after the nominal

schedule is completed. In this sense, our scheduling framework is an adaptive approach for

handling dynamic environments.

3.3 Market-Based Leftover Schedule Optimization

This section presents the leftover scheduling method and task reallocation algorithm. Left-

over work, hereafter referred to as leftovers, can be disbalanced and non-uniformly dis-

tributed, and the main thrust behind leftover scheduling is for robots to pick up work from

other robots in order to balance the workload. For workload rebalancing to be possible, we

guarantee that all the robots have leftover tasks in areas of overlapping reach with at least

one other robot by omitting a subset of tasks in the region of overlap from the nominal

scheduling and relegating them to the leftover scheduling. The approach first constructs a

conflict-free leftover schedule that is not necessarily balanced, and then uses a market-based

algorithm to balance the workload and optimize the schedule. It is necessary for the initial

schedule to be conflict free because the algorithm can then be constrained to reallocate the

tasks without introducing collisions. To simplify the construction and refinement of the left-

over schedule, the adjacent tasks are grouped into larger portions of work, referred to as cities

(as in the TSP formulation). The reduction of problem complexity decreases computation

time (scheduling cities rather than individual tasks) at the cost of efficiency. This trade-off

is discussed more later.
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3.3.1 Initial Leftover Scheduling

The initial scheduling is constructed by modifying the partitioning and offset-scheduling

method used for nominal scheduling to ensure that the decreased uniformity in leftovers

does not cause collisions. For this purpose, we use the overlap region between the robot

pairs with width w > αdee, and extend part of the robots partitions over the width of this

region, the lt,i part of the rb,i’s partition, and the l∗t,i part of rt,i partition, as shown in

Figure 3.4. Note that this region should contain sufficient number of tasks relegated from

the nominal schedule such that the maximum deviation δq,L in the axial traversal rate qL is

sufficiently small in the extended regions even in the presence of leftovers.

We claim that the offset-scheduling method results in a collision-free initial leftover sched-

ule, provided: (i) the robots are able to reach the tasks in the overlap region; (ii) the spacing

constraint in (3.5) is satisfied; (iii) the time tb,i that rb,i takes to service the extended part

of its partition is not more than the time t∗t,i that rt,i takes to service its extended part, i.e.,

t∗t,i = tb,i; and (iv) the partitioning is such that the service times of the extended parts in-

crease along axial direction, i.e., tb,i < tb,i+1 to ensure that the constraint in (3.6) is satisfied.

The claim follows since both robots, rt,i and rb,i, do not move to their second non-extended

regions (shown as the gray regions in Figure 3.4) before they complete the tasks in their

extended regions. Note that the distance between the robots in the extended regions can be

shown to remain sufficiently large, using arguments similar to those in inequalities (3.8) and

(3.9), provided the variation in the axial traversal rate is sufficiently small. Moreover colli-

sions are avoided when the robots are in the gray (non-extended) regions since the overlap

distance is larger than w > αdee.

3.3.2 Market-Based Optimization Algorithm

The schedule optimization algorithm uses a market based method to re-balance and resched-

ule the leftover cities in the initial leftover schedule in order to reduce idle cost. There

are nc cities, 2m robots, ri ∈ R = {r1, . . . , r2m}, and a corresponding schedule matrix
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Figure 3.4: Extending the partitions to cover an overlap region (containing tasks intentionally

left out from the nominal schedule and relegated to the leftover schedule) to ensure the

maximum deviation δq,L in the axial traversal rate qL is sufficiently small in the extended

regions (shown in white) even in the presence of leftovers. This reduction of traversal rate

variations along with sufficient sizing of the overlap region ensure that the initial leftover

schedule is collision free.

S = [S1 . . . S2m]T , where Si is the schedule of robot ri. Note that r2i−1 = rb,i and r2i = rt,i

from the previous section, since the distinction between the top and bottom robots is not

necessary for the market-based method. The vector Si = [si,1 . . . si,l−1 cj si,l+1 . . . si,ni
0 . . . 0]

contains cities si,l = cj, denoting that city cj is serviced by robot ri and that it is the l-th

city ri services (has placement l in Si); each Si contains ns elements, of which the first ni are

non-zero cities. We take ns as either the smallest number of the lowest service time cities

it takes to exceed an equal workload, or the number of cities in the schedule with the most

cities, whichever is larger. City cj has service time ts,j; all the nc cities must be in S for the

schedule to be complete. The time it takes robot ri to complete its schedule Si is defined as

ti = Σts,j for all cj in Si.

In this market, robot ri is looking to sell a city cj in its schedule Si to any robot rk 6=i,

as shown in Figure 3.5. The seller is a robot who most wants to sell one of its cities, and,

likewise, the buyer is a robot who most wants to buy that city, and an agent’s desire to buy

or sell is proportional to the agent’s deviation from an equal workload distribution, measured

by a robot’s utility. For robot ri, ui = ti/Σti, and the utility vector U = [u1 . . . u2m] contains
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the utilities of all the robots. The price at which any robot ri wants to sell a city cj in its

schedule is determined by the service time ti,j of cj (normalized by the maximum city service

time max(ti,j)). The price matrix P consists of 2m row vectors of price, one for each robot

ri, and each price vector Pi contains nc elements, where each element pi,j is the price of

city cj if cj is in Si, otherwise pi,j = −∞. Note that the price of a city cj is independent

of its placement in ri’s schedule Si. The city most desired to be sold, and consequently its

seller, is chosen on a basis of margin, which we define as mi,j = (β ∗ ui) + pi,j. Here, β

is a weighting factor that is used to bias the sellers to be more concerned with the utility

than price, a similar market biasing approach as used in [32] for increasing optimality. From

the margin matrix M, the best seller and best city to sell is found based on the maximum

margin, i∗ = argmaximij and j∗ = argmaxj mij, respectively.

Once the best seller ri∗ and the desired city to sell cj∗ is chosen, a set of candidate buyers

is chosen on the basis of which robots have the ability to service cj∗ . Ability ak,j∗ in this

application is determined by whether cj∗ is in rk’s reach, and is 1 if it is, 0 if it is not. Each

candidate buyer is then checked to see if the maximum margin value resulting from proposed

transaction, m∗p, is greater than the current m∗, and is disqualified from the candidate set if

m∗p > m∗. For each buyer rk in the candidate buyer set, the proposed transaction (resulting

in proposed utility, price and margin matrices, Up, Pp, Mp) is evaluated by the reduction in

the standard deviation of the utility vector, ∆k = σ(U)−σ(Up), and the best buyer is chosen

to be the one whose transaction will yield the highest reduction in the standard deviation of

the utility vector, k∗ = argmaxk ∆k. The algorithm seeks to minimize the spread in utility

to minimize the imbalance in work distribution. Once the best buyer rk∗ is chosen, cj∗ is

placed in every placement l of rk∗ ’s schedule Sk∗ , and a minimum distance wl between any

two robots at any time for the entire schedule S is determined for each placement of cj∗ in

Sk∗ . A description of how wl is calculated is given below. The best placement l∗ for cj∗ in

Sk∗ is chosen as the one with the max minimum distance, l∗ = argmaxl wl. The pseudo-code

for the method is provided in Algorithm 1.
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Figure 3.5: Shown here is a visualization of robot schedules, and an illustration of the market-

based method. Cities are given an additional subscript that isn’t used in the text to help

illustrate which robot they belong to. The method finds the most motivated seller ri∗ and

the best city to sell cj∗ in order to get the highest reduction of work dis-balance. Candidate

buyers are chosen and ranked by the overall reduction in workload dis-balance. Candidates

are tried by their ranked order to see if they are able to buy the city from the seller without

introducing collisions. Here, buyer candidate k is attempting to find a placement for cj∗

(shown here as ci∗,j∗) in its schedule.
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If the largest minimum distance w∗ = max(wl) is greater than the collision threshold, ri∗

sells cj∗ to rk∗ and inserts cj∗ in placement l∗, yielding the maximum geometric separation of

the robots during the whole schedule. If w∗ is less than the collision threshold, we choose the

next best buyer (based on next highest ∆k), and proceed to check all the placements of cj∗ in

the new buyer’s schedule. This ensures no collisions are introduced into the schedule. If no

suitable buyers are available for cj∗ , the next highest margin mi,j is found (resulting in a new

city and seller), and the process for selling the city is repeated. This is done until a city is sold,

or until all the margins, m∗ − pi∗,j∗ ≤ µ(U), are chosen and checked for potential buyers2.

If no sale happens, no further optimization is possible. This algorithm is executed on the

initial leftover schedule. Figure 3.6 shows an example of how the market-based optimization

balances the robots’ schedules.

(a) Initial Schedule (b) Schedule After Optimization

Figure 3.6: An example of how the market-based optimization algorithm balances the sched-

ules between the robots. Notice that the algorithm re-allocates certain task cities from robots

that have more assigned work to robots that have less assigned work in order to balance the

spread in workload.

2This guarantees the convergence of Algorithm 1.
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3.3.3 Distance Calculation for Collision Avoidance

Placement of the city within the schedule is chosen on the basis of maximum spatial sepa-

ration of the robots throughout the operation of the whole candidate schedule. To this end,

a pairwise distance checking process checks the distances between each robot pair for the

whole schedule. Since cities are grouped by proximity, each city has its own collision-free

radius that is taken to be the sum of the robot end effector radius and the largest distance

between the city’s geometric centroid and any hole in that city. This allows to check the

distance between robots when they are servicing cities instead of checking for every hole in

the schedule. The distances are checked by robot pairs by checking the distance between

every temporally coincident pair of cities, as shown in Figure 3.7. The distance between any

two robots for a given pair of cities is determined by subtracting the two cities’ collision radii

from the distance between their centroids. The minimum distance for the whole schedule for

all the robot pairs is then taken to be as the distance wl. Collision is then detected if wl < 0

(since the end effector radius is already in the cities’ collision-free radius).

3.4 Experiments and Results

Considered here is the problem of drilling holes in a section of an aircraft wing box by four

robots situated around the wing An example aircraft wing is used, featuring 15 ribs and

three spars. Each spar consisted of 266 holes, while the ribs contained 109, 107, 105, 101,

99, 95, 93, 91, 87, 85, 83, 79, 77, 73, and 71 holes, respectively. Rib hole drill (service) time

was set to 30 s per hole for the largest rib, and then decremented by 0.5 s for each successive

rib (e.g., 29.5 s per hole for the next largest rib, 29 s per hole for the one after that, and so

on). Every spar section between any two adjacent ribs was assigned the same hole drill time

as that of the longer rib. We used α = 1.5 and β = 20 as the parameters in our methods,

and dee was 2 ft. The example wing is shown in Figure 3.8.

All the scheduling methods were implemented in MATLAB R2016b on a quad-core Core

i7-4870HQ machine with 16 GB of RAM running Windows 10. The results were validated
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Figure 3.7: To check for collisions between any two robots, each temporally coincident pair

of cities must be checked against a collision threshold. Since cities are grouped by proximity,

each city has its own collision-free radius that is taken to be the sum of the robot end effector

radius and the largest distance between the city’s geometric centroid and any hole in that

city. Here, the threshold is to see if the distance between the city pair’s centroids is larger

than the sum of their collision-free radii.

Figure 3.8: Mock three-spar, 15-rib wing used for the testing of our methods. Ribs have

even, two-foot spacing. The middle spar, highlighted in red, offers regions where all the

robots are able to service tasks in the workload re-balancing stage.
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on a physical robot cell featuring four ABB IRB-120 arms positioned about a miniature

aluminum mock wing built according to the dimensions shown in Figure 3.8. This setup is a

15% scale version of a feasible manufacturing setup for drilling a full-sized, real aircraft wing.

The wing is raised from the floor on an aluminum T-frame that holds plexi-glass shields. The

robot controllers, situated on the floor beneath the robots, are collectively directed via the

cell control software. The physical cell is shown in Figure 3.10. The system validated our

assumption of the travel times between holes being negligible relative to the task service

times.

The cell control software was responsible for synchronized starting of the robots’ pro-

grams, as well as keeping track of each robot’s schedule and feeding hole targets to the

controllers (each controller always had the next three targets). It also monitored the syn-

chronization of the robots with each other, and determined how many holes were relegated

to the leftovers for the robots returning from failures. The program was implemented in

C# using the ABB PC SDK 6.07 on a quad-core Core-i5 6400 machine with 8 GB of RAM,

and communicated with the robot controllers via Ethernet UDP through a network switch.

A redundant collision monitoring system used streaming robot position data to reconstruct

simple 2D shapes representing the robots with the desired safety margins, and checked for

intersections among the shapes. This was implemented using Python 3.7 and ran on a sep-

arate machine with the same specifications. A more detailed description of the software

components and the associated architecture developed are provided in Appendix B.

Greedy Algorithm

The performance of the proposed method was evaluated by comparing against the perfor-

mance of a greedy scheduler. The greedy method used the same scheduling framework (time-

constrained nominal scheduling and leftover work rescheduling). For the nominal schedule,

the greedy method used the same partitions for task assignment and the same start posi-

tions as the proposed method, but sequencing of the holes was done using a nearest neighbor

search. Similarly, the leftover partitioning was done using the proposed method, and the
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(a) Beginning (b) Middle of simulation

(c) Middle of simulation (d) End of simulation

Figure 3.9: Example of a MATLAB simulation showing execution of a nominal schedule.

Robot (and their completed tasks) are color-coded, and the location of a robot end effector

is shown as a circle.
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Figure 3.10: A 15% reduced scale physical cell used to test the scheduling methods and

validate the simulation results. The robot controllers interfaced with the cell control software,

where the generated schedules where executed.
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Figure 3.11: Snapshots of a video showing the operation of the physical robot cell.



37

sequencing done using nearest neighbor search. Because a nearest neighbor search does not

guarantee a collision free schedule, the robot whose next move towards the next task would

result in a collision must wait until the robot with whom the conflict would’ve arisen moves

on, and then can resume with the next task no longer being a potential cause for collision.

This eliminates any collisions and introduces wait gaps in the schedules. A greedy scheduler

like this is representative of how a robot programmer would schedule the drilling tasks in a

typical industrial application.

3.4.1 Experiments

Both of the methods were evaluated using five different COA cases with 100 failure instances

for each COA case, leading to a total of 500 test scenarios. The COA cases were generated to

have gradually more components missing from the COA (inadvertently omitted parts from

the drilling process, as typically seen in the industry), with the first case being the full wing

with no missing component (generic COA case).

The failure instances were generated for each robot by randomly drawing a first occurrence

time (time at which the first failure occurred), recurrence time, and repair time. These three

parameters were drawn randomly for each robot (duration was randomized for each failure)

from normal distributions. The means and standard deviations of the distributions were

determined using a nominal value of how many holes a 1
4

inch drill bit would last in aluminum

and an average drill bit replacement time. These were taken to be 300 holes and 8 minutes,

respectively. Table 3.1 outlines the distribution parameters used for the generation of failure

instances. Note that first occurrence time is lower than the recurrence time, accounting for

the possibility of first failures occurring earlier if drill bits are not replaced from a previous

drilling operation. These parameters resulted in an average of 45 leftover cities per test

scenario, each containing between two and 16 holes.

3.4.2 Results

Performance improvement: Figure 3.12 compares the efficiency of our method to
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Table 3.1: Normal Distribution Parameters for Robot Failure Occurrence Time, Recurrence,

and Repair Time

Parameter µ σ
First Occurrence 5073 s 1602 s

Recurrence 6942 s 1068 s
Repair Time 480 s 80 s

that of the greedy scheduler, where we observe about 98% efficiency on an average with our

method. For every COA case, the proposed method generates more efficient schedules than

the greedy scheduler, with the efficiency increasing by about 13% on an average. This result

is especially promising for high volume airplane assembly lines as 13% improvement on a

five-hour wing skin attachment lead time results in a 40 minute saving. It is also observed

that our method yields significantly more consistent schedule efficiency across the COA cases

(all the values are within 0.5% of each other) as compared to the greedy method (the values

vary by as much as 12%). This trend indicates that the proposed method is not affected by

non-symmetric task distribution as much as the greedy scheduler.

Impact of market-based optimization: To characterize the impact of the market-

based optimizer, it is compared with the partition-based scheduler without leftover optimiza-

tion. We observe that the partition-based scheduler still outperforms the greedy method

significantly, even in the absence of optimization. The market-based optimizer, however,

improves the schedule efficiency by about 2% on an average, from 96% to 98%. This im-

provement is quite substantial when implemented across multiple processes for a high-flow

aircraft production line. The results in Figure 3.12 are grouped by COA case3, and are

summarized in Table 3.2.

Computation time: Figure 3.13 compares the computation times of both the meth-

3The inferior performance of the greedy method on COA 2 is a result of a rib missing from this COA,
causing the robots to move toward each other, leading to long wait times in their schedules.
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Figure 3.12: Comparison of the overall schedule efficiencies of our two-stage scheduling

method with market-based leftover optimization, without leftover optimization, and a greedy

M-TSP solver.
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Table 3.2: Summary Statistics of Schedule Efficiencies for the Proposed and Greedy Methods

Avg. ε (Proposed) 98.5% ± 0.92%
Min. ε (Proposed) 93.1%
Avg. ε (Greedy) 85.0% ± 4.27%
Min. ε (Greedy) 72.4%

ods, and shows them both to be competitively low. The greedy method has lower com-

putation times, which is expected since the greedy scheduler is computationally simpler,

the difference being about 18 ms on an average. Even so, the proposed method solves the

scheduling problem in 122 ms on an average, and has a maximum computation time of only

300 ms. In practice, this would allow an industrial MRS to start drilling almost immediately.

The computation time results in Figure 3.13 are grouped by COA case, and are summarized

in Table 3.3.

Table 3.3: Summary Statistics of Computation Times for the Proposed and Greedy Methods

Avg. Comp. Time (Proposed) 122.5 ± 37.3 ms
Max. Comp. Time (Proposed) 300.5 ms
Avg. Comp. Time (Greedy) 104.9 ± 21 ms
Max. Comp. Time (Greedy) 170.31 ms

Effect of discretization: The discretization of the leftover tasks into cities reduces

the resolution of the problem, and decreases the potential for finding a perfect workload bal-

ance among the robots. Consequently, none of the experiments yield an efficiency of 100%.

This coarsening of the resolution, however, makes the initial scheduling and subsequent left-

over optimization problems smaller by an order of magnitude (40 cities versus 400 holes).

This greatly reduces the computational complexity of the market-based method, since there
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Figure 3.13: Computation times for all the experiments using the proposed method and

greedy method, grouped by COA case.
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significantly fewer schedule placements to check [10] Therefore, it enables competitive com-

putation time to that of the greedy scheduler, but still yields significantly higher schedule

efficiency. The value of fast leftover optimization is expected to become more pronounced

when the size of the problem is increased, as, for example, when there are more than 10

robots on a full-sized wing.

Failures during leftover scheduling: This method assumes that no failures occur

during the execution of the leftover schedule. While this assumption holds true when the

amount of leftovers is small, the risk of incurring a failure in the leftover stage grows as the

accumulation of failures increases. The possibility of failures occurring during the leftover

schedule execution can be largely precluded by performing preventive maintenance just before

the execution of the leftover schedule. The limit for the amount of leftover work is then driven

by the failure recurrence distribution.

3.5 Conclusions

In this chapter, partition-based task allocation is adapted to the multi-robot task scheduling

problem for the assembly of aircraft structures. The method takes advantage of known prob-

lem structure for efficient, collision-free task scheduling, and employs a dual-stage schedule

execution strategy to handle robot failures. A market-based optimization algorithm is pre-

sented to help recover the efficiency lost due to the robot failures. Results show that the

method produces high schedule efficiencies and favorable computation times as compared

to a greedy method, and works well on a physical four robot assembly cell. Since aircraft

assembly processes are generally well structured problems, the methods are adaptable to suit

a wide variety of aircraft components.
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Algorithm 1 Update schedule matrix S by selling a city such that the robots’ utilities are
maximally equalized

1: Compute U, P, M from S
2: m∗ = max(mij)
3: i∗ = argmaximij; j

∗ = argmaxj mij

4: Sale← False
5: while Sale = False do
6: ∆← ∅
7: for each rk ∈ R\ri∗ do
8: if ak,j∗ = 1 then
9: Sp = S

10: Sp
i∗ = [si∗,1 . . . si∗,j∗−1 si∗,j∗+1 0 . . . 0]

11: Sp
k = [sk,1 . . . sk,nk

cj∗ 0 . . . 0]
12: Compute Up, Mp from Sp

13: m∗p = max(mp
i,j)

14: if m∗p < m∗ then
15: ∆k = σ(U)− σ(Up); ∆← ∆ ∪∆k

16: while ∆ 6= ∅ do
17: Sp = S; k∗ = argmaxk ∆k

18: for l = 1, . . . , nk∗+1 do
19: Sp

k∗ = [sk∗,1 . . . sk∗,l−1 cj∗ . . . sk∗,nk∗ . . . 0]
20: wl ← min pairwise robot distance in Sp

21: w∗ = max(wl); l
∗ = argmaxl wl

22: if w∗ > αdee then
23: Si∗ = Sp

i∗

24: Sk∗ = [sk∗,1 . . . sk∗,l∗−1 cj∗ . . . sk∗,nk∗ . . . 0]
25: Sale← True
26: return Sp

27: else
28: ∆← ∆\∆k∗

29: m∗ ← next highest max(mi,j)
30: i∗ ← next highest argmaximij

31: j∗ ← next highest argmaxj mij

32: if m∗ − pi∗,j∗ ≤ µ(U) then
33: Sale← True . Sale is not useful
34: return S
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Chapter 4

OPTIMIZING MRS DESIGN BY ROBOT PLACEMENT AND
MOBILITY

This chapter addresses the second research question (R2): How to optimize the design

of the multi-robot system with robot base placement and mobility?

4.1 Introduction

To maximize MRS efficiency, stationary robots must be properly placed in order for them

to maximally be able to reach their own assigned tasks and share tasks with proximate

robots [45]. In the absence of failures, the straight-forward solution to the placement problem

is to place the robots to maximize coverage of each robots’ assigned tasks. However, as

failures increase in variety and magnitude (occurrence frequency and duration), the need for

robots to be able to share work becomes increasingly vital to minimizing robot idle time

and maintaining MRS efficiency. As such, the locations of the robot bases not only depend

on the coverage of all their assigned tasks, but also on ensuring that appropriate overlap is

given to ensure maximal workload sharing potential. Moreover, significant changes in the

work conditions, either from severe robot failures or substantial changes in the COA, can

require more task sharing than stationary robot MRS can afford, reducing the efficiency of

the system. As a results, the loss of efficiency of a production cell becomes increasingly

costly to the manufacturer when more of these significant failures occur, and thus, robot

mobility to increase the reach of the robots must be considered. However, while mobile

robots potentially make for a more efficient MRS, the added cost of a mobility system, such

as a rail-mechanism or an automated guided vehicle (AGV), must be considered and weighed

against the potential benefit of the mobility system. The research in this chapter explores
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stationary robot base placement and robot mobility as potential solutions to the problem of

increased robot failures, and

4.2 Related Work

4.2.1 Robot Base Placement

Optimal robot base placement is popularly used for ensuring tasks and task-paths are within

a robot’s reach [50]. In [50] and [51], this was done using inverse reachability maps [52] to

find feasible robot base placements. Where tasks are reachable, robot base placement is used

for optimizing task execution. The work in [41] increased the cycle-time of a multi-robot

automotive assembly cell through optimal robot base placement. In [48], power consumption

of industrial robots was minimized by placing the base so as to minimize the use of the most

energy-consuming actuators of the robots. The literature seems

4.3 Cost of Efficiency

4.3.1 Effects of Increased Failures

To show the motivation behind the need for robot base placement/mobility, this section shows

the effects of increased robot failures on MRS efficiency. To this end, five failure profiles were

generated, each progressively increasing in scope, and are given in Table 4.1 below. Since

robot failures are generated from a normal distribution, as in Chapter 3, the failures are

increased by increasing the failure occurrence and recurrence frequency, failure duration,

and variation of failures across the robots. Note that Profile 1 is the failure distribution used

in Chapter 3. At each profile, variation of failures across robots is effected by assigning a

failure profile to each robot randomly selected from the set of profiles ranging from Profile 1

to the profile in question (e.g., for Profile 3, each robot is randomly assigned a failure profile

between 1 and 3).

The methods in Chapter 3 are applied using the profiles in Table 4.1 in order to show the

effects of increased failures, and Figure 4.1 shows the resulting efficiencies for all the failure
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Table 4.1: Failure Profile Distribution Parameters for Robot Failure Occurrence Time, Re-

currence, and Repair Time

Parameter (µ± σ) First Occur. Recur. Repair Tm.
Profile 1 5073 ± 1602 s 6942 ± 1068 s 480 ± 80 s
Profile 2 4532 ± 1704 s 6311 ± 1185 s 535 ± 92 s
Profile 3 3991 ± 1806 s 5680 ± 1302 s 590 ± 104 s
Profile 4 3450 ± 1908 s 5049 ± 1419 s 645 ± 116 s
Profile 5 2909 ± 2010 s 4418 ± 1536 s 700 ± 128 s

profiles. Note that as the failures increase, the efficiency decreases.

4.3.2 Cost of Lost Efficiency

Robot mobility systems come in the form of complex mechanisms (rail, AGV, etc) that have

an associated cost.To determine if robot mobility is cost-effective, it is necessary to determine

whether or not the cost recovered by robot mobility exceeds the cost of a mobility system.

To this end, it is necessary to quantify the recovered efficiency in terms of cost (or reward),

so that a comparison to the cost of mobility can be done.

The cost of efficiency is determined by first considering the cost of wings manufactured

per month, given as

cwing/month(tm) =
24 ∗ 30

twl

pwtmεnom (4.1)

where twl is the lead time of drilling one wing in hours, pw is the price of the wing, tm is

the number of months, and εnom is the nominal efficiency (the mean efficiency as found in

Chapter 3). The cost of lost efficiency from increased failures is then

ceff,lost(tm, εlow) =
24 ∗ 30

twl

pwtm(εnom − εlow) (4.2)

where εlow is the efficiency of low efficiency cases. Conversely, the cost (or reward) of recovered
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Figure 4.1: Total efficiency before (red) and after (blue) market-based optimization as the

failures increase. Failures increase in occurrence frequency, duration, and variation across

robot. Profile 1 is the same failure profile as used in Chapter 3.
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efficiency is

ceff,rec(tm, εlow, ε
′) =

24 ∗ 30

twl

pwtm(ε′ − εlow) (4.3)

where ε′ is the efficiency after using a mobility solution on a εlow case. The cost of the rail

is more straight-forward, and is given as

crail(tm) = pr + pr,optm (4.4)

where pr is the price of the rail (with installation) and pr,op is a monthly rail operation cost.

Cost effectiveness of the rail can be determined if the condition

ceff,rec > crail (4.5)

is met.

4.4 Robot Placement and Mobility

The solution to the problem of decreased efficiency proposed here is to increase the overlap

of the robot reach in order to increase task-sharing capabilities. To this end, the two robot

base placement paradigms considered here are smart placement of stationary robot bases

and robot base mobility. These methods are described in this section. Since robot base

location is used here as a means to increase task-sharing (or re-scheduling), these methods

are naturally suited for use with the market-based schedule optimization algorithm from

Chapter 3. For the methods outlined below, the algorithm from Section 3.3.2 is modified to

accept robot base locations as an input from which the ability matrix A is constructed.

4.4.1 Stationary Robot Base Placement

The stationary base placement paradigm is outlined here. We consider this paradigm be-

cause it offers some control over the overlap of robot reach without the cost that is associated

with implementing a mobility system. The strategy proposed here is to find the locations
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of the robot bases that result in maximum work balanceability by doing an exhaustive base

placement search, as shown in Figure 4.2. For a given case, the best base placements are

determined by running the scheduling method and optimization algorithm for all combina-

tions of robot base placements, and finding the base placements that result in the highest

efficiency. This requires the optimization algorithm to be run mnx times, where m is the

number of robots, and nx is the number of placement locations considered for each robot,

assuming all robots have the same number of candidate base placements. Although the

market-based algorithm is computationally inexpensive, a solution-space search can still be

computationally taxing if the number of robots and potential base locations become large.

However, an exhaustive placement location search provides a simple way to identify the up-

per bound of potential benefit in recovered MRS efficiency for this method. If the upper

bound is not sufficiently high, there is no need to consider more efficient placement search

strategies. Note that placement is done prior to schedule generation and execution.

4.4.2 Mobile Robot Bases

The mobile robot paradigm is outlined here. Since base mobility can produce the same

base placement effect as stationary base placement (changing the base location before sched-

ule generation and execution), the proposed base mobility strategy considers base mobility

during schedule execution. This allows robots to relocate their bases in between their sched-

uled tasks. Task sharing during the execution of the schedule implies that the optimization

algorithm will be run again during the execution of the schedule. The proposed strategy

allows the first-to-finish robot ri′ to move its base during the re-optimization. From the

market-based formulation in Chapter 3, i′ = argmini(ui), where ui is the i-th’s robot utility,

a measure of its schedule’s makespan (time to finish it’s assigned tasks).

4.4.3 Splitting Task Cities

To run the optimization after ri′ completes its schedule, the market-based algorithm initial-

izes a new market (utility, price, and margin matrices) with the remainders of the schedules
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Figure 4.2: Visualization of robot base placement, whether of stationary robots (top robots)

or of robots on a rail mechanism (bottom robots). A MRS can have either all stationary

robots, have a rail mechanism on both sides, or have a mixed setup as shown. For the

stationary robot paradigm, a base placement search is done prior to schedule generation

and execution in order to determine upper bounds on the potential benefit. For mobile

robots, robot base relocation is considered for the first to finish robot, along with schedule

re-optimization, during the execution of the schedule.



51

Figure 4.3: Visualization of task city splitting (CitySplit) for mid-schedule re-optimization.

The tasks highlighted in orange are cut at the city split boundary to form new tasks. Then,

the market-based algorithm is initialized with the new schedules that are to the right of the

city split boundary for re-optimization.

of all the other robots, where the schedule of the first-to-finish robot is empty (i.e., Si′ = {}.

Since there is no guarantee that the all the robots will be between tasks when ri′ completes

its schedule, the cities are cut at the boundary in time where the ri′ ’s schedule ends, as

shown in Figure 4.3. This creates m − 1 new cities which contain the tasks that remained

in the cities the robots ri 6=i′ were servicing when ri′ completed its schedule. This method is

henceforth referred to as CitySplit. The optimization is then done with these new schedules.

This process can be repeated with the next first-to-finish robot, and so on.

For the re-optimization, new base placements are considered for ri′ . However, the creation

of new cities alone can aid in the re-optimizing of the schedule, and therefore it necessary to

see the effects of the CitySplit with no base mobility in order to see if the benefit from the

re-optimization is a result of CitySplit or base mobility.
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4.5 Simulation and Results

To show the benefit of all the base placement approaches, we first compare the efficiencies

from using each approach (stationary placement, CitySplit without mobility, CitySplit with

mobility) across all the failure profiles, and then compare the cost of efficiency to the cost

of mobility. An example case is then shown to illustrate the benefit of robot mobility. All

methods were tested on the aircraft wing hole drilling problem used in Chapter 3.

4.5.1 Experiment Cases

We tested the methods using the failure profiles given in Table 4.1 and all the condition of

assembly (COA) scenarios from Chapter 3. Results from the first COA are given in this

chapter, and the results from the rest of the COA are given in Appendix C. Since the mid-

schedule optimization and robot mobility require the market-based algorithm, the methods

were used for the leftover scheduling, although the nominal schedule was still required for

the generation of failures and for calculating efficiency. For each experimental run, five

resulting efficiencies are tracked: (i) baseline (), (ii) stationary base placement search, (iii)

CitySplit with no robot mobility (robot base location = xnom), (iv) CitySplit with robot base

mobility allowed in robots on only one side of wing to simulate the effects of having one rail

(robots 2 and 4), and (v) CitySplit with mobility in all robots. 300 cases were generated

from each failure profile, and the methods were tested on the bottom (lowest efficiency)

15% of the cases, 45 cases for each failure profile. In order to quantify the added benefit

of mobility on top of CitySplit, from the 45 cases for each profile, we also tracked the cases

that benefited from having mobility on top of CitySplit (i.e., the cases where there was a

difference between efficiency in (iii) and (v)). Since the robots can only be re-positioned

along the axial direction, we considered candidate placements only along the x-direction.

We used the placements of the robots from Chapter 3 as our nominal placements, xb,nom,

and incremented the placements (for the 15% scaled wing from Figure 3.8), by 1.5 inches.

The candidate placements were generated with five increments in either direction from the
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nominal placement.

4.5.2 Comparing the Base Placement Paradigms

We first compare the resulting efficiencies of all the approaches to the baseline efficiency.

The top plot in Figure 4.4 shows the efficiencies of all the approaches for failure Profile 5,

and also the efficiencies of repeating the CitySplit process for multiple base moves. Note

that CitySplit with mobility outperforms stationary base placement by X% on average. The

bottom plot shows the same results but only for the cases that benefited from mobility on

top of CitySplit (i.e., cases where there was a difference between CitySplit without mobility

and with mobility).

4.5.3 Effects of City Splitting and Mobility

We compare the efficiency between CitySplit with no mobility and CitySplit with all mobile

robots to show the added benefit of mobility on top of the CitySplit. This result is the basis

for determining the cost-effectiveness of mobility. Figure 4.5 shows the increase in efficiency

over the baseline for CitySplit with no mobility and CitySplit with mobility. Shown are only

the cases that benefited from the added mobility, across all Failure profiles. Out of 45 cases

tested, 12 cases on average benefited from having added mobility over just CitySplit. The

number of cases benefiting from mobility are taken into account for cost calculation. The

benefit of added mobility is calculated by taking the difference between the efficiency from

CitySplit with no mobility and CitySplit with mobility. Figure 4.5 shows this benefit for

each failure profile. Note that as failures increase, the benefit associated with allowing robot

base mobility also increases.
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Figure 4.4: Efficiency results from (a) failure Profile 4 and (b) failure Profile 5. The bottom

(lowest efficiency) 15% of cases are selected from failure Profile 5, and the various robot base

placement methods are tested. The baseline efficiency is in black. Iterated base mobility are

tested (top), and the cases out of the bottom 15% that benefited from base mobility (single

mobility) are compared for each method (bottom).
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4.5.4 Cost Balance

Since not every case benefits from either CitySplit or robot mobility, Equation 4.3 is modified

here to account for the number of cases that benefited from robot mobility. This gives

ceff,rec(tm, εlow, ε
′) =

24 ∗ 30

twl

pwtm(ε′ − εlow)
nCABM

ncases

(4.6)

where nCABM is the number of cases affected by mobility, an ncases is the total number

of cases. This equation is used to calculate the cost of the recovered efficiency for all the

profiles, using the efficiency of CitySplit with mobility as ε′ and the efficiency of CitySplit

without mobility as εlow. We run an example scenario with the values: the price of the

wing is pw = $30, 000, 000, the wing lead time is twl = 8 hrs, and the time to consider

cost-effectiveness tm = 12 months. For the rail cost in Equation 4.4, we take the rail cost

pr = $2, 000, 000, and the monthly operating cost pr,op = $15, 000 per month. Using these

values, the cost-effectiveness of robot mobility can be evaluated using Equation 4.5. The

cost is calculated for all failure profiles, and the results are shown in Figure 4.6.

4.5.5 An Example Case

Here, an example case of how the schedule efficiency increases with robot base mobility is

shown in Figure 4.7. Note the increase in efficiency as the mobility of Robot 3’s base allows

it to reach and take on some of Robot 1’s tasks. In addition, because the CitySplit method

generates higher resolution task cities, other task trading is enabled.

4.5.6 Discussion

Stationary vs. mobile robots:

Figure 4.4 shows the comparison between MRS efficiency from using stationary robot base

placement or mobile robots. In general, robot mobility outperforms stationary robots by

1% for all cases and by 3% for cases affected by mobility, on average. Smart placement of
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mobility at a certain point.
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Figure 4.7: A plot showing task assignment and robot reach on an example case of the cases

that benefited from robot motion during leftover schedule execution. Shown is the task

assignment and robot reach of the baseline leftover schedule (top) and the task assignment

and robot reach after robot base mobility (bottom).
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stationary robots appears to be a good strategy (1% improvement over baseline, on average,

and over 5% on some cases) in the absence of a robot mobility system. However, placement

was searched for in every case, and a single placement for all the cases must be considered,

since moving the robots around for every manufactured wing is not possible. Future work

will do a placement search using single candidate placements for all cases to find the poten-

tial benefit of leaving the robots in a single place for all cases. Additionally, not all cases

benefit from mobility. Another future work will focus on determining the potential benefit

of mobility for any case based on the problem characteristics.

Effects of splitting task cities:

The efficiency recovered from using CitySplit alone is not negligible (1.5% on average), as

seen in Figure 4.5. This means that using CitySplit offers an advantage even if there is no

robot mobility system. It can be used as an extra layer of optimization in stationary robot

MRS. The added benefit of mobility, however, is 2% on average, being most beneficial for

profiles 4 and 5, being even greater than the increase in efficiency from CitySplit alone.

Cost-effectiveness of mobility:

From Figure 4.6, it can be seen that for a given scenario, a cost analysis can be performed to

determine whether mobility is cost-effective. Depending on the failures that a manufacturer

is anticipating, and on the cost of the manufactured part and mobility system, a plot like

shown in Figure 4.6 can be used to make a decision on whether or not a cell should have

robot mobility.

4.6 Conclusion

This chapter explores robot base placement and mobility as a cost-effective means of re-

covering efficiency lost due to increased robot failures. Stationary robot base placement as

well as mobile robot bases are considered in order to determine whether mobility is cost-

effective. We found that, for the wing application from Chapter 3, as the failures increase,
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robot mobility is a cost-effective means to recover lost efficiency.
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Chapter 5

DECISION-BASED HEURISTICS FOR MINIMIZING TOOL
SWITCHING

This chapter addresses the third research question (R3): How to minimize tool changes

in the scheduling in order to maintain MRS efficiency?

5.1 Introduction

In this chapter, we first present a heuristic-based approach to determine maximally effi-

cient task precedence relations. Our approach builds on existing auction-based algorithms

for conflict-free scheduling. Subsequently, we provide a robust data-based strategy to learn

a policy for automatically selecting the appropriate scheduling heuristics to minimize tool

switching and maximize efficiency for any problem case. We then present promising results

from testing our methods on a wing assembly problem involving the drilling of approximately

2000 holes with varying diameters by four robotic arms. Therefore, our main contributions

are an auction scheduling algorithm that employs decision-based scheduling heuristics to en-

code soft precedence constraints, and a data-driven framework for generating robust heuristic

selection policies that is useful for a variety of multi-robot task scheduling problems.

5.2 Related Work

There is much resemblance between our problem and the job sequencing and tool switching

problem (SSP) [56]. The SSP deals with sequencing jobs that each require a set of tools on

a machine that is able to hold only a limited amount of tools at a time. In order to perform

some of the jobs, the tools must be switched on the machine, and the sequencing problem

aims to minimize the amount of tool switches [57]. Like MRTA problems, the SSP is NP-hard
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and current solutions employ heuristics coupled with integer programming, especially mixed

integer linear programs (MILP) [68–70]. Methods that have been able to solve the SSP in

polynomial time are restricted to single machine SSPs [58], and are not related to our work.

Our problem is more related to the multi-machine SSP, for which heuristics and integer

programming are also widely used [57, 71, 72]. However, since SSPs deal with stationary

machines, their solutions don’t take into account for the cross-schedule dependencies that

arise from potential robot-robot collisions, as is the case in this research, and therefore aren’t

suited to solved our problem.

We approach our problem as an MRTA problem with precedence constraints. Our prob-

lem fits into the single-task robot, single-robot task, time extended assignment with syn-

chronization and precedence constraints (ST-SR-TA:SP) category of problems per Nunes et.

al.’s MRTA-TOC (Temporal and Ordering Constraints) taxonomy [7]. For these problems,

auction-based methods are widely used due to their ease of implementation and robust ex-

ecution [66]. In auction-based algorithms, robots are agents that bid on tasks per some

objective, and the tasks are allocated to the highest bidding agent. To address precedence

constraints, in [54], tasks were divided into disjoint subsets per their precedence, and the

constraints were imposed on the subsets. An iterated auction algorithm with prioritization

(pIA) that leverages these subsets, was proposed in [55]. During the auction, tasks were

assigned priorities on the basis of longest successive precedence chains, in order to allocate

tasks that are more critical first. These methods, however, aren’t readily suited to deal with

our problem because they leverage hard precedence constraints, where the ordering of the

tasks is known before hand and cannot be changed, which are absent in our problem. Our

work, then, adapts the pIA to handle soft precedence constraints using a heuristic approach.

Additionally, we employ a schedule placement technique similar to the one used in [15], where

the best placements of the task in the bidder’s schedule helped inform the bids and increased

solution quality. Therefore, our work is towards extending the use of auction-based methods

to deal with a class of MRTA problems with soft precedence constraints.
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5.3 Problem Formulation

The main challenge presents itself in the absence of hard precedence relations between the

tasks. The main problem, then, stated generally, is to determine the task precedence relations

such that schedule efficiency is maximized and tool switches are minimized. To approach

this challenge, we first formulate the problem as posed in [55].

5.3.1 Precedence Layers

In the hard precedence constraint MRTA problem, we are given T , a set of nt tasks that

have task precedence relations defined by a directed graph G, as shown in Figure 5.1a, and

m robots rj ∈ R that the tasks are to be assigned to.

Per Luo et. al.’s formulation in [54], the tasks are arranged into subsets, or layers, with

precedence being defined between the layers, as shown in Figure 5.1b. The tasks that have no

antecedents are put into the free layer, Tf . The layers that have no antecedents are denoted

as Ti, where i ∈ {1, . . . , na} indicates the number of antecedents any task in layer Ti has and

na is the maximum number of antecedents than any task in T has.

In our problem, the only precedence chain that is given is that a robot should do tasks

that do not require a tool change. Following a similar approach of dividing tasks into subset

on the basis of precedence, we put all the tasks that correspond to the robot’s current tool

into layer Tc, and all other tasks, which would typically have their own layers, into a single

layer Ts, as showing in Figure 5.1c. The precedence relation between these two layers is

loose, meaning that not all the tasks in Tc have to be completed before any tasks in Ts can

be done. Switching to a task in Ts is allowable, but incurs a penalty (the time cost of a tool

change). We refer to this type of constraint a soft precedence constraint.

Similar to the formulation in [55], we separate all the tasks into layers by common tool

that is required for the task. Ts here is split into i ∈ {1, . . . , nl} layers TSi
, where nl is the

number of tool types necessary to complete all the tasks in T . Tc is then set to TSi∗ and

TS = TS \ TSi∗ , where i∗ corresponds to the tool the robot starts with, determined by either
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(a) Precedence constraints graph (b) Hard precedence constraints

(c) Single-precedence graph (d) Soft precedence constraints

Figure 5.1: (a) A hard precedence constraint, usually given in the form of a directed graph

[55]. (b) The graph given in (a) can be arranged into layers with determined hard precedence

relations, denoted by the red arrows, as in [54]. (c) A precedence graph with a single, loose

antecedent layer. (d) Soft precedence constraint layers formed by grouping tasks of a common

tool type. The green dashed arrows indicate that the layers have no set precedence relations.

it’s current tool or the first tool it selects. We refer to Tc as the current layer. The precedence

relations between Tc and TSi
are also soft precedence constraints, and are equivalent for all

i. When a task is to be executed in TSi
, the bidding agent jumps from Tc to TSi

(i.e., TSi

becomes Tc, and vice versa), and a tool switch penalty is incurred. The incurred penalty is

the same whether or not Tc is empty. The scheduling problem is illustrated in Figure 5.2.

5.3.2 Problem Statement

We set up the main problem by posing four decision questions that flow out of the soft

precedence constraint formulation:

1. How to designate the initial layer Tc?
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Figure 5.2: An example of a soft-precedence constrained, multi-robot task allocation problem.

The task types are represented by the different colors, and the reach of the robots is denoted

by the dashed arcs. The tasks that are initially completed according to a nominal schedule,

as in [20], are shown by the orange, green, purple and blue lines, and the leftover tasks

resulting from robot failures are outlined by the solid and dashed lines. Note that some of

the tasks are in overlapping robot reach areas, shown in dashed outlines, whereas, the other

tasks are in areas reachable by only one robot, as indicated with solid outlines.

2. How to assign task priority in Tc?

3. When should the bidding agent jump from Tc to TSi∗?

4. How to select the layer TSi∗ to jump to?

The main problem statement then, is to find the way, or heuristic, to answer these questions

for a given set of tasks and robots that maximizes efficiency. The example scheduling problem

shown in Figure 5.2 shows multiple task layers (denoted by color) that contain tasks with
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varying robot reachability, and illustrates how the questions guide the scheduling, as different

ways to answer the questions result in different tasks schedules.

We define efficiency as the ratio between the actual schedule makespan tact, and an

idealized schedule makespan topt, as in [20]. The actual makespan is given as the time the

last-to finish robot takes to complete all its tasks, expressed as

tact = max
j

(ttasks,j + ttsnts,j) (5.1)

where ttasksj is the time it takes the j-th robot to complete its assigned tasks, tts is the

tool switch time, nts,j is the number of tool switches the j-th robot has to make, and j ∈

{1, . . . ,m}. The idealized makespan is given as the sum of the completion times of all the

tasks and an ideal minimum time required for tool switches, split evenly amongst the m

robots, is expressed as

tmin =

nt∑
k=1

ttask,k + ttsn
∗
ts

m
(5.2)

where ttask,k is the time to complete the k-th task, and n∗ts is an idealized number of tool

changes. We determine n∗ts by finding the difference between the number of required tool

types nl and the number of different tools the robots currently have installed nc. This gives

the efficiency expression as

ε =

nt∑
k=1

ttask,k + ttsn
∗
ts

mmaxj(ttasks,j + ttsnts,j)
(5.3)

Note that even though comparing the actual makespan to an idealized makespan is more

restrictive than comparing to an optimal makespan, since the n∗ts does not take into account

robot task reachability, this measure of efficiency provides a valid way of comparing the

relative performances of various scheduling methods.
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5.4 Iterated-Auction-Based Policy Learning

To address the main problem, we first adapt the iterated auction with prioritization (pIA)

algorithm from [55] to handle the questions posed in Section 3 in a heuristic manner. We then

develop a data-driven approach to generate a policy to select the appropriate way to answer

the questions from Section 3 for any given problem case based on problem characteristics.

5.4.1 Soft Precedence Iterated Auctions (SPIA)

We present an iterated auction algorithm that is able to handle soft precedence constraints,

adapted from the iterated auction with prioritization (pIA) algorithm presented in [55]. We

treat each of the four questions in Section 3 as a decision variable da, where a ∈ {1, 2, 3, 4}.

We set up discrete choice categories da,b in each decision variable, where b ∈ {1, . . . , na} and

na is the number of categories in the a-th decision variable. Every category da,b provides a

heuristic way for answering the a-th question, and only a single category can be selected for

each decision variable. The set of selected categories b∗a for all a then generates a scheduling

heuristic, and is denoted by [b∗1, b
∗
2, b
∗
3, b
∗
4].

In our market, we have a set of m robots rj ∈ R, and nt task layers, TSi
. We denote

global layers as TGi
= TSi

and local layers as Ti,j = Aj(TSi
), where Aj returns the set of all

the tasks in TSi
that the j-th robot is able to reach, and j ∈ {1, . . . , nr}. Note that the same

task can appear in a local layer of multiple robots. Every robot then can only bids on tasks

in it’s own local layers. When a task is assigned, it is removed from every layer it appears

in, local and global.

To set up the auction, we initialize a set of m∗ buyers B as the set of all robots that have

any non-empty Ti,j (i.e., robots that have any tasks that they can reach). For each rj ∈ B,

a local current layer Tc,j = Ti∗,j is initialized, where i∗ is the j-th robot’s local layer that is

selected to be its current layer. Ti∗,j must be non-empty. The basis on which i∗ is selected

is determined by the category selected in d1.

The auction entails the robots taking turns in bidding on and buying tasks in their
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respective current layers. For each rj, a schedule Sj, an order set, is initialized as an empty

set. A bidding round occurs in the following way: a robot rj∗ is selected to be the bidder,

and calculates bids on all the tasks in Tc,j∗ . For every task tk ∈ Tc,j∗ , nl bids are calculated

for every placement (insertion point) l ∈ {1, . . . , nl} in rj∗ ’s schedule Sj∗ . For every potential

placement l of tk in Sj∗ , a schedule Sp
j∗ for is proposed. Using the proposed schedule Sp

j∗ and

the schedules of the non-bidding robots Sj 6=j∗ , a minimum pairwise distance wk,l between all

the robots is found. If wk,l > ρ ∗ dee, the bid, then, is bk,l = βk ∗ wk,l, otherwise bk,l = 0,

where βk is a biasing factor we use to assign a priority to task tk, and is determined by the

selected category in d2. ρ ∗ dee is the spatial collision constraint, where dee is the diameter

of the robot’s end effector, and ρ is a safety factor.

The number of placements nl is pruned by only considering (i) placements adjacent to

those with tasks of a common tool type, and (ii) the last placement in Sj∗ . We denote these

placements as l̂. The highest bid determines the purchased task tk∗ and it’s placement l̂∗ in

Sj∗ by taking argmaxk,l̂(bk,l̂). In this way, bids that maximize the physical separation of the

robots are preferred. Once the task has been purchased, it is removed from Tc,j, and from

any layer of any other robot that contains it, as well as from the global layers. At this point

the next bidder is selected, and in this sense, the auction is iterated.

If no bid is acceptable (i.e., max(bk,l̂) = 0), the bidder will decide on whether to jump

from Tc,j∗ to another local layer, or to append a wait gap task twg to the schedule, no longer

that δ, which is based upon the selected category in d3. Once the conditions set by d3 are

met, or the current Tc,j∗ is empty, the bidder will jump to a new layer, and append a tool

change task ttc to the end of it’s schedule. The selection of Ti∗,j∗ as the bidder’s next current

layer is done as directed by the category selected is d4.

The current bidder rj∗ is selected from the buyer set B as the robot that has the shortest

makespan (i.e., j∗ = argminj(makespan(Sj))), where makespan(Sj) returns the time it takes

to perform all the tasks in Sj. For the first m∗ rounds of bidding, when the robots are bidding

on their first tasks, the bidders are selected on the basis of which robot has the least tasks in

their current layer (i.e., j∗ = argminj(makespan(Tc,j))). This ensures that the robots that
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have a narrower selection in their current layers are able to go first, since non-empty schedules

of other robots can restrict task selection because of the spatial collision constraint. A robot

leaves the buyer set B when all its local layers are empty, and the auction is done when all

the global layers are empty. The pseudocode for this algorithm is given in Algorithm 2.

Remark 1: The categories in d3 determine a maximum allowable wait gap that the

bidder can append to its schedule before jumping to allow conflicting robots to bid on other

tasks and eliminate the conflict. The execution time of an appended twg is set to be only larger

than the difference between the makespans of bidder’s schedule and the shortest schedule

of the conflicting robots. The execution time of twg is increased in this manner to allow for

other other robots to move on to other tasks to relieve conflict to the threshold set by d3, at

which point twg is removed from the end the bidder’s schedule.

Remark 2: We make the bidding robot append a mandatory wait gap if there are no

other non-empty layers it can jump to. This prevents deadlock between robots vying for

task in close proximity towards the end of the auction.

5.4.2 Learning Scheduling Policy

The combinations of the categories in the decision variables result in a variety of decision

paths, which are essentially scheduling heuristics. Since different heuristics perform differ-

ently for various case problems, the goal of the scheduling policy is to determine the best

heuristic to employ for any given case. The aim, then, is to use differentiating characteristics

inherent to the cases to determine the best performing heuristic for a given case.

For a given problem case pi, we have characteristic variables

Ci = [ci,1, . . . , ci,j, . . . , ci,nC
], and schedule efficiencies εi,k resulting from using heuristics Mk,

where k ∈ {1, . . . , nM}. We seek models Ak

ε̂i,k = Ak(Ci) (5.4)

such that ε̂i,k = εi,k for all k. The best heuristic Mi,k∗ to select for any given case i, then,
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can be expressed as

k∗ = argmax
k

(ε̂i,k) (5.5)

In practice, however, fitting Ak models is difficult, and having many characteristic variables

can lend itself to overfitting. We use a linear regression model instead to fit the Mi,k efficiency

data to the Ci:

εi,j =
∑

Ciα (5.6)

To determine the correlation between εi,k and elements of Ci, and to avoid overfitting, we seek

to find the dominant modes ci,j∗ ⊂ Ci of the model by eliminating characteristic variables

that don’t contribute to the fit. We use a readily available least squares fit algorithm,

originally tailored for Sparse Identification of Non-linear Dynamics (SINDy) from [73], to

fit the data and determine the dominant modes. In SINDy, the fit sparsity is controlled by

parameter λ, such that any elements of αj < λ are set to zero, and the model is fit again

with only the non-zero coefficients, α∗j . The dominant modes j∗ are determined by increasing

λ to the point that fit quality starts to markedly decrease. We denote the set of dominant

modes as Ĉi. The collection of Ĉi for a set of training cases i ∈ {1, . . . , ntrain} is separated

into nl clusters Dl in the dominant modes, where l << ntrain. The clustering is done per the

efficiency of the highest performing heuristic in the cluster.

From this, we give a data-driven, cluster-based policy π(l∗) to determine the best heuristic

Mi′,k∗ to use for any test problem case pi′ , where Ĉi′ classifies i′ to the l∗-th cluster. The

policy is expressed as

π(l∗) = argmax
k

((ε̄i∗,k)) (5.7)

where ε̄i,k is the average efficiency resulting from heuristic k across i∗ problem cases, i∗ are

the cases in the l∗-th cluster. The policy returns the best heuristic to use for case i′ based

upon the cluster i′ belongs to.
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5.5 Experimental Results

To demonstrate the performance of our approach, we present computational results for the

example wing assembly problem used in [20]. We first show the performance of our heuristic-

based auction method by comparing it to the performance of the baseline partition-based

scheduling method in [20]. Then we show the performance of our method selection policy

by comparing to a greedy method selection approach.

5.5.1 Example Wing Problem

We consider the problem of drilling rows of holes in an aircraft wing box by four robots

positioned on either side of the wing. The aircraft wing has 15 ribs and three spars defining

rows of evenly spaced holes to drilled, as in [20]. Four different tool sizes were assigned to

the holes, 7/16 in., 3/8 in., 5/16 in. and 1/4 in., and are shown in orange, green, purple and

blue colors, respectively, in Figure 5.3. The tool change time is set to 420 seconds.

Figure 5.3: Mock three-spar, 15-rib wing used for testing our methods, from [20]. The various

tool size requirements are denoted by the various colors: 7/16 in., 3/8 in., 5/16 in. and 1/4

in. are shown in orange, green, purple and blue, respectively. The time to change a tool to

perform the various tasks is 420 s.

In order to evaluate performance on a variety of problems, we tested our methods on the
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leftover scheduling problem from [20], where the tasks to be done are generated probabilis-

tically. Per their method, a nominal schedule is generated using a partition-based approach,

where robots skip work upon returning from failures to be done after the nominal schedule

is complete. We use these leftover tasks, which come in the form of groups of holes (i.e.,

each task requires only one tool) and are probabilistically driven, to test our methods. The

failures are generated by randomly sampling first failure occurrence time, failure recurrence

time and failure duration time from the normal distributions given for two failure profiles in

Table 5.1. The failures occur more frequently and last longer from failure profile 2 than they

do from failure profile 1. The difference between the two profiles is illustrated in the exam-

ples in Figure 5.4. We test our methods on 1000 such failure cases. The spatial constraint

parameters were ρ = 1.5 and dee = 2ft.

Profile 1 Profile 2
Parameter
First Occurrence
Recurrence
Repair Time

µ σ
4123 s 1643 s
5498 s 1205 s
696 s 214 s

µ σ
3480 s 2008 s
4640 s 1472 s
803 s 268 s

Table 5.1: Normal Distribution Parameters for Robot Failure Occurrence Time, Recurrence,

and Repair Time

5.5.2 Experiments

We ran the algorithm and experiments in MATLAB R2016b on a Windows 10 computer with

16 GB of RAM and a Core i7-4870HQ processor. A physical system, built to a 15% scale to be

representative of a feasible aircraft assembly cell, was used to simulate a wing-drilling process

and validate the MATLAB simulations results. The cell was made of aluminum T-frame and

plastic shields, with four ABB IRB-120 robotic arms situated around a miniature mock wing

built to the dimensions shown in Figure 5.3. The robot controllers were collectively controlled

over Ethernet UDP by supervisory cell control software implemented in C# using the ABB
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(a) Profile 1 Example (b) Profile 2 Example

Figure 5.4: Two example cases of the problem cases used to test the proposed methods.

The tasks shown are the leftovers that results from robots skipping work when failures occur

during the execution of a nominal schedule. Failures occur per the distributions given in

Table 5.1. Note that the failures resulting from (b) Profile 2 are more substantial than from

(a) Profile 1.

PC SDK 6.07. The supervisory software fed the hole targets to the robot controllers and

simulated drilling by having the robots wait at the hole for a specified drill time, and was

implemented on a separate machine with a Core-i5 6400 processor and 8 GB of RAM. The

physical cell is shown in Figure 5.5.

Decision Variable Categories and Characteristic Variables

We use the categories for our decision variables as shown in Table 5.2. The categories are

set to be tied to the geometric locations of the tasks (e.g., selecting the next layer that has

tasks with the most overlapping reach), since the problem cases differ from each other by

the geometric locations of the tasks. There are 32 possible combinations of the categories,

so there are 32 total heuristics to test. We select seven variables to capture the problem

characteristics, and these are given in Table 5.3.
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Figure 5.5: A physical multi-robot cell on which the algorithm was tested and the com-

putational results were validated, built to a 15% reduced scale. A supervisory cell control

software was used to communicate with the robot controllers and execute task schedules.

The robots are simulating a wing drilling process.

Regression and Clustering

We set up the SINDy regression model as outlined in Section 4, and we tune the sparsity pa-

rameter λ to find the most dominant modes. We first normalize the characteristic variables

before fitting the model. To generate the heuristic selection policy, we use two different ap-

proaches to cluster the characteristic variable space in order to be able to capture differences

in the distribution of the cases in different dominant characteristic modes.

(I) We use axis-aligned partitioning to separate the variable space into four regions. In

each partition, we determine the top (highest average efficiency) heuristic, and find the de-

viation of the top heuristic efficiency from the max possible (from all heuristic) efficiency for

each case in the partition. We search the characteristic variable space for the the set of par-

titions that give the best efficiency performance (minimum total deviation from the globally
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da da,b Category Description
1 1 Tc is layer corresponding to robot’s current tool

2 Tc is layer selected per d4 criteria
2 1 tasks with minimal robot reach overlap (βk = 20)

2 tasks with maximal robot reach overlap (βk = 20)
3 1 max wait gap of γ ∗makespan(ttc): γ = 0

2 γ = 0.5
3 γ = 1
4 γ = 1.5

4 1 layer with maximum shared reachability of tasks
2 layer with minimum shared reachability of tasks

Table 5.2: Descriptions of the Categories in the Decision Variables

Char. Var. Description
1 total duration of failures
2 average x-value of failures
3 spread in duration of various tool types
4 spread in reach overlap of various tool types
5 average reach overlap of all failures
6 average distance between all tasks
7 density of failures

Table 5.3: Summary of Characteristic Variables

optimal efficiency) by checking every possible partition set on a grid with an increment of

0.01 in the characteristic variable axes. The resulting policy is determined by selecting the

top heuristic in the partitions that result in the lowest deviation.

(II) We use k-means clustering to separate the data. The resulting policy is determined

by the top-performing heuristic from each cluster.

We use 800 randomly selected failure cases to train the SINDy model, and generate the

policy. We test the policy with the remaining 200 failure cases. This is done for each failure

profile separately, for a total of 2000 cases.
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5.5.3 Results And Discussion

Performance of SPIA algorithm: We show that our heuristic-based auction method

outperforms the baseline partition-based scheduling method by presenting efficiency results.

Table 5.4 compares the efficiency obtained using our SPIA algorithm (across all 32 heuristics,

as well as for the top heuristic, determined by highest mean over the failure cases) to the

baseline efficiency obtained using the methods in [20], for all 1000 failure cases in each

failure profile. We observe that the average efficiency obtained using SPIA is consistently

higher [F (2, 2997) = 1058.9, p = 0] than the average baseline efficiency by 12.5% and 14.3%

for failure profiles 1 and 2, respectively. This indicates a significant time savings for a wing

drilling process that takes many hours to complete. If we rank order the 32 heuristics by their

average resulting efficiency across all failure cases, and select the heuristic with the highest

average efficiency (top heuristic), its efficiency is consistently higher [F (1, 1998) = 156.8, p =

0] than the average SPIA efficiency by 6.4% and 7.5% with for the two profiles, respectively.

This shows that it is necessary to select the proper categories in the decision variables, and

provides the motivation for a policy search. The top heuristic is M28 = [2, 2, 2, 2] for both

profiles. The top SPIA heuristic average efficiency is also higher than the baseline efficiency

by 16.9% and 18.8%, for each profile respectively, which results in a significant time savings

on wing manufacturing processes that take many hours to complete.

Profile 1 Eff. (%) Profile 2 Eff. (%)
Method
Baseline
SPIA (Avg.)
SPIA (Top)

Min. Avg. Max.
40.2 58.4 78.6
52.1 70.9 86.1
53.8 75.3 92.5

Min. Avg. Max.
34.0 55.7 76.7
47.4 70.0 84.6
46.8 74.5 92.1

Table 5.4: Summary of Efficiency Results of Our Methods (Average and Top Heuristics)

Compared to Baseline for Both Failure Profiles Across Training and Test Cases

Dominant modes from SINDy:

To show that our data-based policy approach is robust to characteristic differences in the
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problem profiles, Table 5.5 shows the dominant modes and fit quality (R2) as the regression

sparsity parameter λ is increased. We observe that for the selected characteristic variables,

SINDy is able to generate an acceptable fit using only two modes. From this, we observe:

(i) that the fit between the characteristic variables and heuristic performances is acceptable,

even with only two modes, and (ii) since the dominant modes are able to capture heuristic

performance, we can use them to inform heuristic selection for a given case. Note that

different sets of dominant modes are found for the two different problem profiles, indicating

that the our data-based approach is robust to inherent differences in the two problem profiles.

Profile 1 Profile 2
Sparse (λ)
0
3
6
8

Avg. R2 Modes
0.541 [1,2,3,4,5,6,7]
0.538 [1,2,5,6,7]
0.528 [2,5,6]
0.501 [2,6]

Avg. R2 Modes
0.720 [1,2,3,4,5,6,7]
0.718 [1,2,5,6,7]
0.713 [1,2,5]
0.708 [2,5]

Table 5.5: Summary of Dominant Modes and Quality of Fit as Sparsity is Increased

Performance of heuristic selection policy: We show that our cluster-based heuris-

tic selection policy performs well compared to a greedy selection policy by comparing the

resulting efficiencies for the test problem cases. Figure 5.6 shows the resulting clustering

technique that resulted in the best policy, and selected heuristics in the clusters that yield

the lowest efficiency deviation for the selected training cases. For failure profile 1, we show

only the k-means cluster-based policy in Figure 5.6a, and for failure profile 2, we show only

the axis-aligned partition-based policy in Figure 5.6b. We observe that for a plurality of

the training cases, the top heuristic (i.e., the heuristic with the highest average resulting

efficiency) is chosen.

We show the performance of our heuristic selection policies in Table 5.6. We compare the

average resulting efficiency (across the 200 randomly selected test cases in each failure profile)

for: (i) greedily using only the single top heuristic for every test case, (ii) using the heuristics
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Heuristic Selection Policy Profile 1 Eff. (%) Profile 2 Eff. (%)
Single Top Heuristic 74.95 73.94
Axis-Aligned Partitions 74.95 74.08
K-means Clustering 75.00 73.96
Max Possible Efficiency 78.69 77.90

Table 5.6: Summary of Resulting Efficiency from Heuristic Selection Policies for Only Test

Cases

selected by the axis-aligned-partition-based policy, (iii) using the heuristic selected by the K-

means cluster-based policy, and (iv) the globally maximum possible efficiency (i.e., selecting

the best possible heuristic for each test case). We observe that the efficiency obtained

using the heuristics selected by the axis-aligned partition-based and k-means cluster-based

policies is consistently higher [F (3, 796) = 8.13, p = 2.44 × 10−5] than that obtained by

greedily selecting the single top heuristic by 0.14% and 0.02%, respectively, on an average

for failure profile 2. For failure profile 1, the k-means cluster-based policy outperformed

[F (3, 796) = 14.69, p = 2.57 × 10−9] the top heuristic by 0.05%, and the partition-based

policy performed equally with the top heuristic. This indicates that our policies perform

at least as well as greedily selecting the top heuristic. We also observe that the efficiencies

obtained using the heuristic selection policies are not significantly worse than the globally

maximum efficiency, by 3.7% and 3.8% for on an average for profiles 1 and 2, respectively.

Extensions of data-driven policy learning: Our machine-learning approach is

operationally robust, and is particularly beneficial when there are many more heuristics to

select from. We considered 32 possible heuristics in our auction method, and exhaustively

testing each heuristic would potentially be tractable only by virtue of the computational

simplicity of the auction-based methods. Moreover, since our data-driven policy learning

paradigm informs the selection of the appropriate scheduling heuristic (or method) based

on the inherent characteristics of a particular problem, it is therefore generalized to be

suitable to a variety of MRTA solution methods. Our approach is particularly beneficial for
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computationally time-consuming solutions, like genetic algorithms and traveling salesman

problem solutions, where the time-savings from using an automated method selection are

substantial.

5.6 Conclusions

In this chapter, we present a data-based approach for learning how to best select a scheduling

heuristic for multi-robot task allocation problems with soft precedence constraints. We

adapt existing auction-based approaches to be suitable for soft precedence constraints by

introducing a four decision variable heuristic into the auction process. We then present a

machine-learning-based policy to select the best heuristic for any given problem case that

takes advantage of known inherent problem characteristics. Results show that our adapted

auction algorithm produces higher efficiency task schedules compared to a partition-based

scheduler. Moreover, using heuristics selected by our learned policy yields higher efficiencies

than greedily selecting a single best heuristic.
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Algorithm 2 Iterated auction for multi-robot scheduling of task with soft precedence con-
straints.

1: Initialize global layers TGi
from T

2: for each rj ∈ R do
3: Sj = {}
4: Initialize local layers Ti,j

5: Initialize buyer set B
6: for each rj ∈ B do
7: Initialize Tc,j per d1

8: while TGi
not empty for all i do

9: j∗ = argminj(makespan(Sj)) for rj ∈ B
10: if Ti,j∗ not empty for all i then
11: if Tc,j∗ not empty then
12: for each task tk ∈ Tc,j∗ do

13: for each placement l̂ in Sj∗ do

14: Sp
j∗ = Sj∗ ; S

p
j∗ ← tk in placement l̂

15: wk,l̂ ← min pairwise robot distance using Sp
j∗ and Sj 6=j∗

16: if wk,l̂ > ρ ∗ dee then
17: bk,l̂ = βk ∗ wk,l̂; Compute βk per d2
18: else
19: bk,l̂ = 0

20: bk∗,l̂∗ = max(bk,l̂); k
∗, l̂∗ = argmaxk,l̂(bk,l̂)

21: if bk∗,l̂∗ > 0 then

22: Sj∗ ← tk∗ in placement l̂∗

23: remove tk∗ from all global and local layers
24: else
25: Sj∗ ← wait gap twg with min time to select next bidder
26: δ ← condition from d3
27: if

∑
(makespan(twg)) > δ then

28: Sj∗ = Sj∗ \ twg

29: Tc,j∗ ← Ti∗,j∗ , selected per d4; Sj∗ ← ttc appended

30: else
31: Tc,j∗ ← Ti∗,j∗ , selected per d4; Sj∗ ← ttc appended

32: else
33: B = B \ rj∗
34: S ← Sj

35: return S
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Figure 5.6: Plots of the heuristic selection policies resulting from characteristic variable

clustering. The clustering method used in (a) is K-means clustering, and the clustering

method used in (b) is axis-aligned partitioning. The different colors represent the heuristic

to select in a particular cluster. The training cases are marked with ’o’s, and the test cases

are marked with ’+’s.
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Chapter 6

CONCLUSIONS

6.1 Summary

The objective of this thesis is to increase the efficiency of aircraft assembly MRS by balanced

task allocation, collision-free scheduling, and fast computation. To this end, the thesis’ main

contributions are (i) a partition-based scheduling approach and a market-based schedule

optimizer in a two-stage scheduling framework to enable fast computation and balanced,

collision-free task execution; (ii) a robot base placement and mobility strategy to maximize

the workload sharing capacity of the robot team; and (iii) a decision-based approach for min-

imizing tool switching, coupled with a machine-learning-based framework for automatically

selecting a scheduling technique based on problem characteristics.

6.1.1 Partition-Based Task Allocation and Scheduling

Chapter 3 presents an extension of partition-based allocation methods to nominal task

scheduling, and develops a market-based schedule optimizer along with a two stage schedul-

ing framework. These methods rely on assumptions that are reasonable for a variety of

problems, and are therefore adaptable to a variety of aircraft manufacturing processes. Re-

sults show high MRS efficiency (98%), and computation times that are less than a second.

This work was published in the Robotics and Automation Letters in 2019 [20].

6.1.2 Robot Base Placement and Mobility

Chapter 4 shows the effectiveness of robot base placement and mobility as a cost-effective

means of increasing MRS efficiency. As robot failures increase, the ability for robots to share

the workload and maintain MRS efficiency relies on their reach and the placement of their
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bases. The methods in this chapter employ a modified market-based schedule optimization

algorithm that enables task splitting and allows robot mobility and schedule re-optimization

during the execution of the schedule. Results show an increase of efficiency by 3% on an

average for systems that employ this base placement and mobility strategy.

6.1.3 Decision-Based Heuristics for Minimizing Tool Switching

Chapter 5 presents an adapted auction-based method that employs decision-based heuristics

for minimizing tool switching, and then develops a machine-learning-based framework for

automatically selecting the best heuristic to use for any given problem case based on the

problem characteristics. Results show that our adapted auction method yields MRS efficien-

cies that are consistently higher than those resulting from using the only the partition-based

scheduling methods from Chapter 3. Our data-driven approach for the selection of scheduling

heuristics outperforms greedily selecting a top-average heuristic, and is furthermore gener-

alized to be suitable for a variety of scheduling methods This work is in preparation for

submission for publication in the journal of Robotics and Computer-Integrated Manufactur-

ing.

6.1.4 Applications and Impact

The methods developed in this thesis are directly applicable to multi-robot aircraft structure

assembly systems with stationary robotic arms. The development of the methods was in

part enabled by the use a physical robot cell that is representative of feasible industrial

manufacturing cells, as well as the guidance of aerospace industry experts. The physical

system was instrumental in validating the assumptions that our methods made and the

results that our methods obtained. As such, the methods can be applied to systems existing

in the industry today. Moreover, because aircraft structure assembly is a time-consuming

process (on the order of many hours), and aircraft parts are generally very expensive (on the

order of millions of dollars), the time-savings in assembly that these methods provide is of

substantial monetary benefit to manufacturers.
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6.2 Future Investigation

This section provides directions for furthering the work in this thesis.

6.2.1 Task City Definitions

The leftover tasks arising due to robot failures, from Chapter 3, are grouped into task cities

primarily by the particular failure during which they were skipped. The city grouping in

Chapter 3 also ensures that the tasks in a city are geometrically adjacent (failures that results

in city residing on two different ribs or spars are split into two cities). Chapter 4 further

splits these cities by truncating them at the point of the shortest robot schedule, which

allowed the market-based optimization to further increase the schedule efficiency. Therefore,

a more robust approach to split these cities can investigated. This can be done in a similar

manner to the approach used for the selection of the scheduling heuristics in Chapter 5. A

data-driven approach for determining the appropriate task city definitions to enable maximal

work balancability would be a worth-while effort.

6.2.2 Automated Selection of Problem Characteristic Variables

The framework for automatically selecting the appropriate scheduling heuristic given Chapter

5 is generalized to be suitable for a variety of methods. Similarly, the initial selection of the

characteristics variables can be done in a more automated fashion, since, in Chapetr 5, the

initial selection of the variable set was informed by the geometric nature of the problem.

To this end, developing an automated approach to selecting the characteristic variables that

describe the features of the problem would be a worthwhile effort in making the data-based

approach also general to a variety of problems.
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Appendix A

SUPERVISORY CELL CONTROL SYSTEM

This appendix outlines the supervisory control software that was developed to operate

the robots per computed schedules.

A.1 System Architecture and Components

A.1.1 System Architecture

Here, the architecture of the MRS software system is described. The architecture comprises

the supervisory control (M-RACC: multi-robot assembly cell control) software, the scheduling

software, the redundant collision avoidance software, on-board robot vision system, and the

robots themselves (physical or virtual). Figure A.1 shows the system architecture.

A.1.2 Robot Vision

The vision system entails cameras mounted on the robots and an NI LabView image process-

ing program. Robot vision is here used for calibrating robots to a given section of the wing.

The robot jogs to where it thinks a fiducial is located, and the LabView program calculates

by how much the robot is off. Using three fiducial markers in a given section of the wing,

the robot is able to calibrate its coordinate system to that of the wing section.

A.1.3 Scheduler

The scheduler is a MATLAB program that runs the scheduling methods described in this

thesis. The schedules are written to a CSV file that M-RACC then retrieves and interprets

to appropriately control the robots.
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Figure A.1: MRS system software architecture. The supervisory control software (M-RACC:

multi-robot assembly cell control) is the centrally responsible agent. The other agents answer

to and are controlled through M-RACC, with the exception of a safety stop that can be

triggered by the collision avoidance software directly. This is to ensure that the robots are

safe even if M-RACC doesn’t control the robots properly.
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A.1.4 Active Collision Avoidance (ACA)

The collision avoidance software monitors the poses of the robots by streaming robot poses

every 50 ms. Impending collision is detected by overlaying envelopes over the robots’ dimen-

sions (with a margin of safety) and detecting intersections between the safety envelopes, as

shown in Figure A.2. Two envelopes are used: a larger safety margin envelope is used to

Figure A.2: A robot with an overlaid safety envelope. The collision avoidance software

detects intersections between the safety envelops and prevents the robots from physically

colliding with each other.

inform M-RACC that a collision is impending, and a smaller safety envelope is used for the

collision avoidance software to then trigger an emergency stop to ensure a collision doesn’t

occur.
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Appendix B

ROBOT BASE PLACEMENT AND MOBILITY RESULTS

This appendix contains results from the various cases considered in Chapter 4. The two

sections in this appendix cover (i) various individual cases where robot mobility was either

beneficial or ineffective, and (ii) the efficiency benefit results for all the conditions of assembly

(COAs) from Chapter 3.

B.1 Individual Case Studies

This sections shows several example cases that illustrate when mobility is beneficial and

when it gives no benefit.

B.1.1 Cases Benefiting from Robot Mobility

Four cases that benefited from robot mobility are given here. For each case, three plots are

given: (a) baseline allocation, (b) allocation using only CitySplit, and (c) allocation with

CitySplit and mobility.

B.1.2 Cases Not Benefiting from Robot Mobility

Four cases that did not benefit from robot mobility are given here. We found that these

cases had less cities in the overlap region than the cases that benefited from mobility.

B.2 Results for all COAs

The efficiency results from stationary robot base placement and mobile robots for all COAs

are given here. The results for the first COA are provided in Chapter 4.
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Figure B.1: First example case that benefited from mobility. Shown are (a) the baseline

allocation, (b) allocation using only CitySplit, and (c) allocation with CitySplit and mobility.
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Figure B.2: Second example case that benefited from mobility. Shown are (a) the baseline

allocation, (b) allocation using only CitySplit, and (c) allocation with CitySplit and mobility.
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Figure B.3: Third example case that benefited from mobility. Shown are (a) the baseline

allocation, (b) allocation using only CitySplit, and (c) allocation with CitySplit and mobility.
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Figure B.4: Fourth example case that benefited from mobility. Shown are (a) the baseline

allocation, (b) allocation using only CitySplit, and (c) allocation with CitySplit and mobility.
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Figure B.5: First example case that did not benefit from mobility.
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Figure B.6: Second example case that did not benefit from mobility.



102

-200 0 200 400 600 800 1000 1200 1400 1600

inches

-500

0

500

in
c
h
e
s

LO Sched: Baseline - Eff = 92.66%

Robot 1 (23.6%)

Robot 2 (33.0%)

Robot 3 (19.8%)

Robot 4 (23.6%)

Figure B.7: Third example case that did not benefit from mobility.
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Figure B.8: Fourth example case that did not benefit from mobility.
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B.2.1 COA 2 Results

The results for COA 2 are given here. The results are consistent with the findings in Chapter

4.
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Figure B.9: Efficiency results for COA 2 showing (a) baseline efficiency for all profiles, and

(b) efficiency results using the methods in Chapter 4 for failure Profile 1.
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Figure B.10: Efficiency results for COA 2 using (a) failure Profile 2 and (b) failure Profile 3.
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Figure B.11: Efficiency results for COA 2 using (a) failure Profile 4 and (b) failure Profile 5.
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Figure B.12: Efficiency results for COA 2 showing the increase in efficiency over baseline for

CitySplit with and without mobility.

B.2.2 COA 3 Results

The results for COA 3 are given here. The results are consistent with the findings in Chapter

4.

B.2.3 COA 4 Results

The results for COA 4 are given here. The results are consistent with the findings in Chapter

4.

B.2.4 COA 5 Results

The results for COA 5 are given here. The results are consistent with the findings in Chapter

4.
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Figure B.13: Efficiency results for COA 3 showing (a) baseline efficiency for all profiles, and

(b) efficiency results using the methods in Chapter 4 for failure Profile 1.
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Figure B.14: Efficiency results for COA 3 using (a) failure Profile 2 and (b) failure Profile 3.
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Figure B.15: Efficiency results for COA 3 using (a) failure Profile 4 and (b) failure Profile 5.
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Figure B.16: Efficiency results for COA 3 showing the increase in efficiency over baseline for

CitySplit with and without mobility.
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Figure B.17: Efficiency results for COA 4 showing (a) baseline efficiency for all profiles, and

(b) efficiency results using the methods in Chapter 4 for failure Profile 1.
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Figure B.18: Efficiency results for COA 4 using (a) failure Profile 2 and (b) failure Profile 3.
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Figure B.19: Efficiency results for COA 4 using (a) failure Profile 4 and (b) failure Profile 5.
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Figure B.20: Efficiency results for COA 4 showing the increase in efficiency over baseline for

CitySplit with and without mobility.
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Figure B.21: Efficiency results for COA 5 showing (a) baseline efficiency for all profiles, and

(b) efficiency results using the methods in Chapter 4 for failure Profile 1.
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Figure B.22: Efficiency results for COA 5 using (a) failure Profile 2 and (b) failure Profile 3.
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Figure B.23: Efficiency results for COA 5 using (a) failure Profile 4 and (b) failure Profile 5.
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Figure B.24: Efficiency results for COA 5 showing the increase in efficiency over baseline for

CitySplit with and without mobility.


