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Abstract

With transport logistics representing the majority of logistic expenses in industrial ware-

houses, task allocation and scheduling strategies must take into account travel times to

achieve an effective optimization. This work represents the RobotAtFactory competition

as a Hybrid Flow Shop Scheduling Problem with Transportation Resources, evaluates

the ideal number of resources for the competition and proposes a joint scheduling and

routing algorithm. The impact of the number of available vehicles was simulated while

controlling for variations in machine processing time, in the initial setup of parts and

in the effectiveness of the scheduling strategy. The results showed that, for the com-

petition layout, the usage of two robots significantly reduced the makespan even when

guided by simple strategies, while higher number of robots demanded a higher complex-

ity while offering diminishing returns. The joint scheduling and routing approach did not

improve upon the baseline, possibly due to a lack of complexity in the environment.

Keywords: scheduling; Hybrid Flow Shop Scheduling; path-planning; TEA*; RobotAt-

Factory.
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Resumo

Com a logística de transporte representando a maior parte das despesas com logís-

tica em armazéns industriais, estratégias para a alocação e o escalonamento de tare-

fas precisam levar em conta os tempos de deslocamento para alcançar uma otimiza-

ção efetiva. Este trabalho representa a competição RobotAtFactory como um Prob-

lema de Escalonamento de Flow Shop Híbrido com Recursos de Transporte, avalia o

número ideal de recursos para a competição e propõe um algoritmo para o escalona-

mento e roteamento conjunto. O impacto do número de veículos disponíveis foi sim-

ulado controlando para variações no tempo de processamento das máquinas, no ar-

ranjo inicial de partes e na efetividade da estratégia de escalonamento. Os resultados

mostram que, para o ambiente da competição, o uso de dois robôs reduz significativa-

mente o tempo total mesmo quando guiado por estratégias simples, enquanto números

maiores de robôs demandam uma complexidade maior e oferecem retornos progressiva-

mente menores. A abordagem conjunta de escalonamento e roteamento não apresen-

tou melhorias, possivelmente por causa de uma falta de complexidade no ambiente.

Palavras-chave: Escalonamento; Escalonamento de Flow Shop Híbrido; Planejamento

de caminho; TEA*; RobotAtFactory.
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Chapter 1

Introduction

With a world that is each day more interconnected, the current industry logistics are

always pushed to the limit. It is to solve these logistical problems that the field of

Operations Research (OR) is built on. Initially created as a separate and identifiable field

to solve the logistical problems of the Allies during World War II, OR evolved during the

following decades into a more general field tasked with designing, analyzing and improving

the performance or operation of systems through the use of mathematical models [1].

The traditional class of models used under OR to deal with manufacturing environ-

ments are the optimal job scheduling problems. These problems are concerned with the

optimal allocation and sequencing of a limited number of resources to tasks. Despite the

name, it is usually impossible to find optimal solutions to these problems, as they have

been established as NP-Hard problems [2]. This computational complexity forces most

systems to rely on heuristics to provide good results in a reasonable time frame.

These traditional scheduling models, however, assume that the movement of tasks

between machines can be ignored, concerning themselves only with the time each task

takes to finish processing in a given machine. It has been known for a long time that pickup

and deliver operations account for more than 55% of warehouse logistics expenses [3],

which signals that this simplification can compromise the underlying system by returning

suboptimal schedules.

To account for the additional problem of transportation, the classical formulations
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where slowly incremented with transportation resources. These representations correctly

estimate the time spent on movement between tasks, but do not represent the possibility

of collisions between these moving agents. This was not a problem when the field of

scheduling with transportation was focused on optimizing the movement of human workers

in factories and industrial warehouses, but today there is a trend towards the complete

automation of these places with intelligent robots. This change transforms the issue of

planning paths without conflict, a task so trivial for humans, into a challenge that must

be solved for the robotic workers.

Although path planning for single robots in a known environment is a largely solved

problem (due to the guarantee from algorithms such as A* of an optimal path), this is

definitely not the case for multi-robot systems. This poses a clear challenge when designing

these systems, as a decision must be made if the possible benefits that multiple robots

bring are enough to justify the added complexity needed to ensure that these systems

function without defects.

As a study environment for the challenges involved in warehouse scheduling this re-

search uses the RobotAtFactory (RaF) competition [4], a national robotics competition

where one or more robots must move boxes around efficiently without external commu-

nication. These boxes (depending on their type) may need to pass through multiple

machines before reaching their final destination, resembling the flow of operations inside

a real industrial warehouse.

This added complexity can also be seen as an opportunity to be explored. As these two

optimization problems (the scheduling with transportation resources and the multi-vehicle

path planning) are now part of the same problem domain, the shared knowledge of both

problems can be used to produce better solutions for these situations. This opportunity

forms the basis of this research: Does the knowledge of the exact paths to be traveled by

these robots enables the optimizer to produce better task schedules?

2



1.1 Objectives

As mentioned before, this dissertation uses as a study environment the RaF competition,

where a robot must move boxes around efficiently without external communication. To

that end, the optimal job scheduling representation that best represents the competition

flow must be identified and its variables adjusted to match the competition environment.

In order to determine if the knowledge of the exact paths in a multi-robot system

improve scheduling, the need for a multi-robot system in the first place must be clearly

established.

This research proposes to verify this need with the aid of a scheduling optimizer based

on a genetic algorithm and a separate multi-vehicle path-planning based on the Time-

Extended A* (TEA*) algorithm. For situations where there is an advantage to multiple

vehicles, a joint scheduling and routing algorithm (made of the combination of the genetic

task scheduler and the TEA* algorithm) is proposed to then verify if the exact paths confer

an advantage to task scheduling.

As such, this dissertation has the following objectives:

1. Describe the RaF competition as an optimal job scheduling problem, considering

the peculiarities that are not accounted for in most representations.

2. Evaluate the ideal number of robots given the competition complexity.

3. Propose a joint scheduling and routing algorithm and evaluate if it brings any

advantage.

The remaining work is divided into five chapters. Chapter 2 describes the context relevant

to this work and the technologies used from each area. Chapter 3 describes the methodol-

ogy followed and the scenarios proposed to answer this dissertation’s objectives. Chapter

4 describes the implementation of the tools used and the difficulties encountered during

their development. Chapter 5 describes the results that were obtained and interprets

these results. Finally, Chapter 6 presents the conclusion and proposes future works.
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Chapter 2

Context and Technologies

This chapter presents the technologies and algorithms relevant to scheduling, path plan-

ning and simulation. Section 2.1 presents the RobotAtFactory competition. Section 2.2

presents an evolution of scheduling problems from the job shop scheduling problem to the

hybrid flow shop scheduling problem with transportation resources. Section 2.3 presents

key concepts in path planning and the path planning algorithms used in this work. Sec-

tion 2.4 presents the functioning of the Genetic Algorithm optimization. Section 2.5

presents the Agent-Based Simulation framework for industrial simulation and the GAMA

simulator. Finally, Section 2.6 presents the approaches used in related works.

2.1 RobotAtFactory

The RobotAtFactory (RaF) competition [4] is an annual national robotics competition

where participants must design one or more autonomous robots to transport materials

between machines and warehouses within an environment inspired by a factory floor for

Industry 4.0.

The competition’s environment is composed of one incoming warehouse, one outgoing

warehouse and four machines as shown in Figure 2.1.
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Figure 2.1: The Raf competition environment Source: [4]

The material to be transported through the various machines is refereed to as a “part”

and is present in 3 variations: a “raw” part (denoted by the color red ), an “intermediate”

part (denoted by the color green ) and a “final” part (denoted by the color blue ). Parts

must be processed from the “raw” stage to the “final” stage following the sequence in

Figure 2.2.

Figure 2.2: Diagram of the flow of parts

The incoming warehouse is where the parts are placed at the start of the competition.

Each of the four slots holds one part and there is no restriction on which type of part

must be there. The outgoing warehouse, on the other hand, is where all parts must be

placed at the end of the competition and can only receive parts that are in the “final”

(blue) stage.
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Each machine in the competition is composed of one input warehouse (where the part

should be placed) and one output warehouse (where the processed part should be picked

up again), which are accessible by opposing sides as shown in Figure 2.3. Each machine

is also assigned to a fixed type, Limiting the type of parts that can be processed in them.

The statistical distribution of the processing time for each machine is only available to

each team right before the competition.

(a) Machine diagram

(b) Machine 3D model

Figure 2.3: Diagram and 3D model of a RaF machine

As all parts placed in the outgoing warehouse must be in their final (blue) stage, any

other part must pass through a processing stage before the final delivery. As shown in

Figure 2.4, machines of type A are used to process raw to intermediate parts and machines

of type B process intermediate to final parts.

6



Figure 2.4: Machine constraints for input and output

2.2 Scheduling

The scheduling problem is concerned with the decision-making process for the ordering

and allocation of limited resources during a set time period with the goal of maximizing a

set of objectives [5]. This section presents an overview of traditional scheduling problems

and traces their evolution into more complex models that integrate both machine and

transportation allocation decisions. It begins by discussing the fundamental job shop and

flow shop scheduling problems, then explore their flexible variants, and conclude with an

examination of scheduling problems that incorporate transportation constraints.

2.2.1 Job Shop Scheduling Problem (JSSP)

The traditional Job Shop Scheduling Problem is, as the name implies, concerned with the

scheduling of elements inside a job shop. Here the term job shop refers to an environment

7



(such as a factory) where a set of “jobs” must be processed until all are considered to

be in a “completed” state. A job is nothing more than a set of atomic tasks (here called

operations) that must be completed in an order specific to each job. To complete these

operations is to “process” them for a set amount of time in one of the machines that are

available inside the job shop.

Figure 2.5: Example of a job shop problem

In the instance shown in Figure 2.5, O11, O12, O21 and O22 represent operations,

with their respective expected times: 10, 5, 5 and 5 minutes. Thus, “Job 1” indicates

that a piece must be processed first by Machine 1 (Red) for 10 minutes, and then be

subsequently processed in Machine 2 (Green) for 5 minutes. “Job 2” also needs to use

these same machines, but in a different order.

Each operation is pre-assigned to a specific machine and is given a fixed processing

time. This leaves the order of operations on each machine as a decision variable that

impacts the production time. For example, if the jobs in Figure 2.5 are parallelized as

much as possible it will result in the solution displayed in the Gantt chart of Figure 2.6.

On the other hand it might be best to finish one job as soon as possible, in which case

machine 1 would be idling until job 2 could be processed there, as seen in the Gantt chart

8



of Figure 2.7.

Figure 2.6: Solution for Figure 2.5 that minimizes the time for completion of all jobs

Figure 2.7: Solution for Figure 2.5 that minimizes the time for completion of one job

More formally it is said that the Job Shop Scheduling Problem is composed of a

job shop containing a set of machines M = {M1,M2, ...,Mm} and a set of jobs J =

{J1, J2, ..., Jj} where each job j contains an ordered set of operationsOj = {Oj1, Oj2, ..., Ojo},

with each operation being assigned to one machine in M with a fixed production time pjn
before the scheduling takes place. The end goal of this problem is to find the combined

order of execution in all machines that optimizes the final makespan (the end time of the

last operation) of the overall system [6]. This problem has been established as NP-Hard

for any setup containing more than two machines [2].

While the JSSP does not enforce any relation between the operation position in the

sequence and the machine to which it was assigned (so the same machine that processed

the first operation of Job 1 could process the second operation of Job 2 and vice-versa in

9



Figure 2.5), this freedom does not make sense in many manufacturing systems. Indus-

trial machines are complex equipments with very specific inputs and outputs, and most

industrial processes are planned to be executed in a very specific sequence. From this

restriction is defined the Flow Shop Scheduling Problem (FSSP), where each machine

can only process operations belonging to a specific stage. The FSSP with n stages has a

set of jobs J = {J1, J2, ..., Jj} and an ordered set of machines M = {M1,M2, ...,Mn},

where each machine represents a stage in the production line. In the standard version of

the FSSP every job has a set of operations Oj = {O1, O2, ..., On}, as they all must pass

through all stages. If skipping is allowed then some jobs may skip a number mj of the

initial stages as long as they pass through the remaining stages from mj + 1 to n [7].

2.2.2 Incorporating Machine Allocation

One of the greatest strengths of production lines lies in its ability to parallelize processes

when necessary. This choice of parallelization must be a part of the optimization process,

leading to the introduction of the machine allocation as a decision variable in the JSSP

and the birth of the Flexible Job Shop Scheduling Problem (FJSSP), which extends the

original problem by providing a set of eligible machines Mij for each operation Oij[8].

This can be seen as removing the pre-allocated machines in Figure 2.5, with the expec-

tation that the optimizer will decide upon each operation assignment and then with the

order of their execution.

Hybrid Flow Shop Scheduling

When this machine flexibility is applied to the FSSP, it results in the Hybrid Flow Shop

Scheduling Problem [9], which increments the amount of machines available on each stage.

This hybrid flow shop view not only captures the order of operations but also integrates

the unique challenges of resource allocation, making the problem more representative of

real-world manufacturing and logistics systems. Many real world complex problems can

be modeled as hybrid flow shops, such as semiconductor manufacturing.
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2.2.3 Incorporating Transportation

The extension of transportation resources merits a subsection of its own, considering

the complexity added to the overall problem. There are two main ways of considering

transportation in scheduling problems with escalating levels of complexity:

Transportation Constraints

The simplest way of representing movement inside a job shop environment is with trans-

portation constraints, were the transport vehicles are not considered as fully-fledged re-

sources, but represent instead a time-constraint between the end of one task and the start

of another. There is no concern over vehicle allocation or collision, and these details are

usually not sequence-dependent, varying only with the distance between machines. It is

a useful abstraction to represent the usage of conveyor belts in real-world factories, or

any other continuous method of transportation. This approach corresponds to about 46%

of all papers in Hosseini et al. review [10], demonstrating its popularity as a method of

abstracting away the complexities of transportation.

Transportation Resources

Transportation resources represent an evolution in complexity over transportation con-

straints, as the use of a limited number of resources to deal with transportation brings

additional associated constraints. The most fundamental constraint associated with this

is the need for the so-called free-carry rides, periods where the vehicle does not carry any-

thing but must proceed to a starting point in order to begin the next operation. These

transportation resources affect the problem in a substantially different way compared to

machine resources due to their dependence on sequence-dependent setup times. This hid-

den cost has nothing to do with the actual transportation task, but it is actually specific

to the pair composed by the previous task and the current task. Consider the example
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from Figure 2.8, where there are two transportation tasks of equal length, one from point

A to point B and the other from point C to point D.

Figure 2.8: An example of two possible transportation tasks

If these were processing tasks on a machine or simply represented as transportation

constraints their order would not be relevant to the final makespan, as they both will take

the same time to be completed. However when dealing with vehicles it must be taken into

account that each task realized by them also changes their position in space, influencing

their next task. In this case if task A → B is executed before C → D(Figure 2.9a) the

vehicle will have a much easier time going from the end of one task to the beginning of

another than if it had executed C → D before A → B(Figure 2.9b). The time that the

vehicle takes to complete this setup to be able to advance to the next task in its sequence

is the sequence-dependent setup time.

(a) Movement sequence when execut-
ing A → B before C → D

(b) Movement sequence when execut-
ing C → D before A → B

Figure 2.9: The difference between two sequences of actions

2.2.4 Graph Representation for Scheduling Problems

In the literature scheduling problems are usually represented with Gantt charts, however

there is evidence that the knowledge in scheduling problems is better represented by graph

structures [11]. Different approaches have been proposed to represent different variations

of scheduling problems over the years [12]–[14], with the most relevant iteration for this

work being the representation proposed by Berterottière et Al. to the Flexible Job Shop
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Scheduling Problem with Transportation Resources [15].

Their representation utilizes a disjunctive graph G = (V,A,E) to represent the problem.

In this graph there is one node for each operation and two additional dummy nodes to

capture the start and end of the overall system. The arcs capture precedence constraints

and resource allocations, with the set of conjunctive arcs (directed arrows) A representing

the fixed precedence relations between operations and the set of disjunctive arcs (undi-

rected edges) E representing possible assignments of operations to any shared resource

(vehicle or machine). An example of a flexible job shop with 2 jobs, 2 machines and 2

vehicles is present in Figure 2.10.

Figure 2.10: Disjunctive Graph representing the FJSPT

To better understand, consider the division between constraints (i.e. edges) based

on their origin and malleability: environment-derived constraints and decision-derived

constraints. Environment constraints are those inherent to the problem itself and cannot

be changed by optimization decisions. They represent essential characteristics of the

system, such as the necessary order of flow through all the different stages. In Figure

2.11 they represent the necessary order of events for Job 1 and Job 2. The outgoing

edges from the START node indicate that both jobs need to first undergo a transport

operation before their first processing operation, that is, they must be transported from

their start positions (wherever they may be) to their respective machines (which can be
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same machine or separate ones). After they must be again transported to where they will

pass through a second processing operation, to only then reach the end of the scenario.

Figure 2.11: Environment constraints of Figure 2.10

Decision constraints, on the other hand, are those derived from the proposed allocation

and order of resources (both vehicles and machines). They are the pieces that can moved

to alter the solution, and are the objects to be optimized. In the case of Figure 2.12

operations O11 and O21 share an undirected edge, indicating that they must be processed

in the same machine but the order in which they will be executed has not yet been

defined (the same is true for operations O12 and O22). For the transport operations there

are more undirected edges as they represent all the possible combinations of paths for

vehicle 1 (represented by the orange edges) and vehicle 2 (represented by the blue edges).

Figure 2.12: Decision constraints of Figure 2.10

A solution is found when all disjunctive arcs are either removed or replaced with

conjunctive arcs, representing the assignment and sequencing of operations among the

available resources. The resulting directed graph must be acyclic, as any cycle represents

a deadlock situation and consequently an infeasible solution.
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Figure 2.13: Solution for the problem case of Figure 2.10

To visualize a possible solution for this graph, the decision variables are fixed: vehicle

1 will be responsible for transporting all operations of job 1 (T11 and T12) and vehicle 2

will be responsible for transporting all operations of job 2 (T21 and T22); Operation O11

will be executed before operation O21 and operation O12 will be executed after operation

O22. This results in the graph shown in Figure 2.13, with the respective Gantt chart

shown in Figure 2.14.

Figure 2.14: Gantt chart for the solution from Figure 2.13

2.3 Path Planning

To find the best schedule for a system with transportation tasks it is essential to know

how much time is used by each transportation task. This is where the need for path

planning arises, as it refers to the problem of finding a collision-free route from one

place to another. In practice this usually means finding the fastest or shortest route,

but there are scenarios where researchers can focus on reducing computation time or
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prioritizing a smooth trajectory [16]. The field is divided between global and local path

planning based on how much information is available about the environment. Global path

planning refers to situations where the agent has a complete knowledge of the operational

environment and is able to plan the entire route before execution, which is why it is

sometimes called offline or static path planning. Local path planning is needed when

the agent has only partial knowledge of the environment, usually only of its immediate

surroundings. These scenarios require real-time mapping and planning of the environment,

and are usually called online or dynamic path planning [17]. In [18] a distinction is

made between classical path planning approaches and heuristic-based ones. The following

subsections will describe the main classical algorithms still in use while heuristic methods

will be described in a separate section, as they are also relevant to scheduling problems.

2.3.1 Environment Modeling

Before the question of which algorithm will be used is ever asked, the environment must

be discretized in order for path planning to be possible. Here there are two possibilities:

Cell Decomposition and the Roadmap Approach.

Cell Decomposition

Cell decomposition involves dividing the environment in a finite number of cells in such

a way that the actual path planning problem is reduced to a grid search problem. To be

a valid cell decomposition, three points must be satisfied [5]:

1. Computing a path from one point to another inside a cell should be trivial

2. Cell adjacency information should be easily available

3. The cell containing a certain point p should be efficiently determined

Exact cell decomposition involves drawing parallel lines from the vertex of each obstacle,

forming a grid of unoccupied cells.
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Roadmap Approach

The roadmap approach seeks to reduce the environment to a graph with nodes and edges,

producing an image that looks similar to a roadmap. Three popular techniques for it are

the Visibility Graph, the Voronoi Diagram and the Probabilistic Roadmap. The Visibility

Graph treats the obstacles as polygons, considering each vertex a node on the network.

These nodes are then all connected to all other visible nodes and a graph search algorithm

is used to find the optimal path. The Voronoi Diagram uses the edges of the obstacles

to determine the perpendicular bisector between any two edges. This enables the agent

to traverse in the fastest possible path between any two objects, avoiding collisions. The

Probabilistic Roadmap works by generating many nodes in the environment. If the nodes

lies in a free space it is added to the graph. If any two nodes can be connected by an

edge also in free space, it is also added to the graph. This causes an effect where the

longer it runs the better the resulting path will be, but also demands a great increase in

computation power.

2.3.2 A* Algorithm

The A* algorithm is a heuristic approach to the classical Dijkstra search algorithm [19].

A* is guaranteed to find optimal solutions for shortest-path problems in known discrete

environments when its heuristic function satisfies two conditions: it must be admissible

(never overestimates the true cost to target) and consistent, which demands that h(u) ≤

cost(u, v)+h(v) must be true for every edge (u, v). The classical Dijkstra algorithm works

by:

1. Initializing the distance to the source node as 0 and the distance to all the other

nodes as ∞

2. Adding all nodes to a priority queue ordered by smallest distance.

3. While the queue isn’t empty:

(a) Pop the node with the smallest distance.
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(b) For each neighbor of the current node:

i. Calculate the distance to the neighbor node by adding the edge weight to

the distance of the current node.

ii. Assign this new distance to the neighbor node if it is shorter than the

neighbor’s recorded distance.

(c) Mark the current node as visited

4. Stop when the target node is found or after all possible nodes have been visited.

The A* algorithm incorporates an heuristic in the calculation of the smallest path

in the queue, representing the best guess to where the shortest path should be.

This means that while Dijkstra uses the distance g(X) from the current node to

the source node, A* sums this distance with an heuristic value h(n) of the distance

(usually the euclidean or manhattan distance) from the current node to the target

node.

f(X) = g(X) + h(X) (2.1)

2.3.3 Time-Extended A* Algorithm

The Time-Extended A* (TEA*) algorithm is an extension of the A* algorithm for online

path-planning of multiple vehicles [20]. TEA* enables multi-vehicle path-planning by

incorporating a time dimension t to the search, allowing the algorithm to store the period

under which each position is occupied. This effectively turns the 2D environment into a

3D one seen in Figure 2.15, where every position is defined by an x, y and t coordinates.
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Figure 2.15: TEA* layer representation and neighborhood search. Source: [20]

The practical effect on the A* algorithm is seen mainly on the neighborhood explo-

ration: a TEA* algorithm will always search in the neighborhood of the next time layer.

While true obstacles block their occupying grid across all time layers, the path of other

vehicles in the same grid are transformed into temporary obstacles to block the search.

The TEA* avoids deadlocks by considering the current position of other vehicles as

obstacles for a limited number of time layers, after which it is the responsibility of these

idle vehicles to move out of the way.

2.4 Genetic Algorithm Optimization

First proposed by John Holland as a theory of adaptive systems [21], Genetic Algorithms

(GAs) have become the best known algorithms in the field of Evolutionary Computation

[22] and the most popular method for solving Hybrid Flow Shop scheduling problems [23].

Inspired by the theory of natural evolution proposed by Charles Darwin and its implication

on genomes, GA aims to optimize the values (genes) of a given array (chromosome) from

an initial random population of individuals.
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Figure 2.16: Diagram of Genetic Algorithm execution

The algorithm works in an iterative manner over many generations of individuals,

with its flow described in Figure 2.16. Initially, a sample of individuals is generated, from

where the best individuals are extracted and combined with each other in a crossover op-

eration. After, random mutations occur in the genes of these newly generated individuals

to explore solutions that exist outside the scope of the initial population. If necessary

these individuals are repaired and sent again to the fitness evaluation, now as part of the

second generation of chromosomes.
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2.4.1 Encoding

The choice of encoding is the fundamental decision to take when optimizing a problem with

GA. The encoding must codify a single solution to the problem into an array, preferably

in such a way that it is impossible to generate invalid solutions.

Figure 2.17: Example of repetitive permutation

In scheduling problems it is common practice to use repetitive permutation (such as

the one in Figure 2.17) to represent invariable precedence constraints, as the repeated

numbers can be swapped around without invalidating the solution and can be trivially

converted to the original sequence.

2.4.2 Sampling

Sampling refers to the choice of individuals that will compose the first generation of the

algorithm. When dealing with large problem spaces, the initial sampling can be crucial

to ensure a diverse genetic pool, as that is essential for the algorithm to travel across as

much of the solution space as possible.

2.4.3 Selection

The fitness of an individual compared to the rest of the population is the core of the algo-

rithm and is tightly coupled to the chosen encoding and the problem at hand. Some good

considerations when building a fitness function include low computational complexity (as

they are executed thousands of times per optimization) and deterministic behavior (as

the fitness of identical individuals should ideally be identical).
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2.4.4 Mutation

The mutation operation is essential for exploring the space outside the initial genetic pool.

Through a randomized method, different parts of an array can be modified to values

previously inexistent in the sampled population but still valid in the space of possible

solutions. The simplest possible mutation is the bitflip mutation, where binary genes are

conditionally flipped between 1 and 0 depending on a predetermined probability. The

bitflip mutation extended to categorical values (such as a bounded integer) is called the

Random Resseting mutation.

2.4.5 Crossover

The crossover aims to preserve and combine well performing chromosomes for the next

generations, and it is applied between two chromosomes with one selected as donor and

the other as receiver. A popular crossover operator for problems using repetitive per-

mutation encoding is the Generalized Order Crossover [24], a variation of the standard

Order Crossover that is capable of dealing with repetitions in permutations without gen-

erating invalid sequences. The operator works by annotating the genes of both parent

chromosomes with their respective position in the job order.

2.4.6 Repair

When it is not possible to use an encoding scheme to guarantee valid solutions then

repair mechanisms must be utilized. They work by making small adjustments after each

operation that produces chromosomes (Sampling, Mutation and Crossover) to ensure that

they represent valid solution. While not a strictly necessary operation, it is useful to not

waste computation time exploring families of invalid solutions.
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2.5 Simulation

Simulation models are essential tools for experimenting and validating complex system

designs, as well as offering predictions on future system performance. This can aid the

decision-making process by allowing for potential failures and bottlenecks to be identified

before being implemented in the real world. Due to the increasing dominance of Internet

of Things (IOT) approaches in the industry, there has been an explosion in the number

of papers published in recent years about simulations in industrial contexts [25].

Among the several possible simulation methods available, the established framework

has been Discrete Event Simulation, but the increase in computational power has allowed

other methods such as Agent Based Simulation and System Dynamics to experience a

rapid growth in the number of publications with each year [26]. After considering the

frameworks Discrete Event Simulation and Agent-Based Simulation for this work, it was

decided that the Agent-Based approach provided a more natural way to express the

studied system.

2.5.1 Agent-Based Simulation

Agent based simulation is built around the idea of constructing the various agents that

will interact in the environment and allowing emergent behavior to appear during the

simulation. It is the best approach on complex systems where environments are dynamic

and hard to model using a discrete event approach. It is more resource intensive than

DES as it uses fixed time steps.

There are well-established commercial in the simulation market, and most of them

support more than one type of simulation. Among the best-known and most used are

Flexsim, Simio and Anylogic [27]. Although their use was considered, the need for a

special license for research prompted a search for open-source alternatives that could

meet the needs of this work, which led to the choice of the GAMA simulator.
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2.5.2 GAMA Simulator

GAMA [28] is an open-source modeling and simulation platform to develop spatially ex-

plicit agent-based simulation. The biggest advantages that GAMA offers in comparison

with alternative are its easy integration with external databases and its comodel capabil-

ities. Models in GAMA are defined as code written in its GAML language, as shown in

Figure 2.18.

Figure 2.18: Interface of the GAMA simulator

Database Access

Gama supports the execution of SQL queries to MySQL, PostgreSQL and SQLite databases.

By inheriting the AgentDB multiple SQL queries can be made through a single connec-

tion, enabling easy recording of the results of many experiments in a way that is easily

accessible afterwards.

Encapsulating logic with Comodels

Another extremely helpful tool provided by the GAMA simulator is the ability to trans-

form simulations into comodels. With the aim of supporting complex multi-disciplinary

projects, GAMA introduces the concept of comodels [29] as a way of encapsulating logic

in several micro-models inside a large macro-model.
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Figure 2.19: Diagram of a micro-model. Source: [29]

Since each micro-model is essentially its own simulation (with a separate global state,

as shown in Figure 2.19), they are very useful when running multiple simulations in batch,

as each separate case is its own simulation with a loop controlled by a macro-simulation.

This solves the problem of validating all cases without depending on an external script

to initialize each simulation with different variables or on implementing this functionality

inside the model (which would make it impossible to ensure reproducible results from the

simulation).

2.6 Related Works

While this research exists in an intersection between multiple domains - production

scheduling, multi-robot path planning and simulation-based optimization - this work is

hardly the first to make the association between these domains. Hosseini et al. describe

144 papers in their Literature Review of scheduling in manufacturing with transportation

[10]. What is uncommon, according to the authors, is the consideration of collision-prone

routes, as only 6 papers out of the 144 include the possibility of collisions in their consid-

erations.

Among the 6 works that do integrate scheduling with collision-aware path-planning, 2

of them deal with vehicles bound to a straight rail with only lateral movements [30], [31],

which do not apply to this work. Among the remaining four there are two works dealing

with Flexible Manufacturing Systems [32], [33], one work with a Job Shop environment

[34] and one work with a Flexible Job Shop [35]. To our knowledge there are no works
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that deal with routing aware of collisions in a hybrid flow shop environment. Furthermore,

all machines in related works assume that the delivery and pickup of jobs are done in the

same location and all machines are assumed to have infinite buffers.

Table 2.1: Comparison of Features in Related Works

No. Author Shop Model Path Topology Machine Buffer Machine Topology

FMS JSSP FJSSP HFSSP Rail-Bound Network Infinite Zero
Pickup and Delivery

at the same location

Pickup and Delivery

at different locations

[30] Bürgy and Gröflin ! ! ! !

[31] Zhou and Lei ! ! ! !

[32] Lyu et Al. ! ! ! !

[33] Nishi et Al. ! ! ! !

[34] Saidi-Mehrabad et Al. ! ! ! !

[35] Liu et Al. ! ! ! !

This Work ! ! ! !
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Chapter 3

Methodology

This chapter is divided in 3 sections, explaining the problem, the research questions

and the proposed solutions. Section 3.1 defines the problem and the research questions

that guided this research. Section 3.2 defines the competition from the point of view

of Operations Research and the associated graph representation used to represent this

problem and its associated solutions. Section 3.3 defines the different scenarios proposed

for answering each research question.

3.1 Problem Definition and Research Questions

To guide this investigation, a series of research questions were formulated to address both

the scheduling efficiency and the integration of realistic constraints into the system. These

questions contribute to an understanding of both the theoretical limits of the scheduling

model and the practical impact of routing constraints and resource allocation on overall

system performance.

1. When applying a hybrid flow shop scheduling model to the RobotAtFactory environ-

ment — ignoring collision constraints — how significant is the impact of the number

of vehicles on the total completion time for different combinations of parts and

different machine processing times?

27



2. Given that the analysis conducted in the previous question indicates a potential

reduction in completion time with increased vehicle numbers, does enforcing fixed

spatial constraints (to prevent collisions, making each robot move on mutually ex-

clusive sectors of the environment) maintain this efficiency advantage?

3. Considering that the ideal scheduling scenario (from Question 1) does not account

for collision avoidance, the TEA* algorithm is used to plan conflict-free paths for

all vehicles. How close do these TEA*-derived paths come to achieving the ideal

completion time?

4. The GA’s fitness value is computed using an approximated time (based on shortest

paths) but may differ from the true execution time when more realistic routing

(using TEA*) is applied. As the evaluation becomes increasingly realistic, is there

a significant difference in optimization efficiency?

3.2 The RobotAtFactory Competition as a Hybrid

Flow Shop Scheduling Problem

The RobotAtFactory competition, as explained in Section 2.1, is composed of multiple

tasks which can be scheduled in different ways to minimize completion time. This allows

the competition to be examined from the perspective of Operation Research, from where

the competition extends naturally into a Hybrid Flow Shop model, described in Section

2.2.2.

To better understand how this relation takes place, let’s understand how the competi-

tion’s tasks are organized. Departing from the base job shop model, the parts on RaF

clearly follow a fixed sequence of stages (Red → Green → Blue) and the machines are

grouped based on the kind of transformation that they are capable of (either Red →

Green for machines of type A or Green → Blue for machines of Type B). This introduces

flow constraints into the model - transforming it into a flow shop model - and the presence

of multiple machines per stage evolves the problem into a hybrid flow shop model. The
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machines also can only accommodate one part at a time, independently if the part is in

process or not, which implies a lack of input and output buffers in the model (refereed

here as a no-buffer problem ).

Figure 3.1: Converting the competition labels to flow shop stages

This results in a no-buffer hybrid flow shop problem with 3 stages, where the first

stage has 2 available machines, the second stage has 2 available machines and the third

stage has 4 available machines, as shown in Figure 3.1. Since it acts only as a delivering

point, the third stage is considered a special machine with a processing time of 0.

The robots responsible for transport start in the green area ( Figure 3.2 - left) and must

travel within the boundaries established by a spatial graph connecting all input and output

nodes of each machine. Unless otherwise stated every algorithm uses the spatial graph

derived from the original AruCo markers on the competition floor presented in Figure 3.2

(right).

Figure 3.2: Spatial Graph Adapted from the Robot at Factory competition

To represent both production and transport processes, it is used a weighted directed
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graph derived from a formulation used for the Flexible Job Shop Scheduling Problem

with Transportation Resources described in Section 2.2.4 with additional consideration

in order to extend this representation to the Hybrid Flow Shop Scheduling Problem with

no buffers.

3.2.1 Including the lack of buffers in the graph

In producing the directed graph is where this representation differs from [15] to accom-

modate the no-buffer condition. In the Hybrid Flow Shop Scheduling Problem (HFSSP)

graph (Figure 3.3a) the sequencing of production operations on the same machine is rep-

resented as a direct connection between operations Ojn and Okn and the sequencing of

transport operations on the same vehicle is likewise represented as a connection between

Tjn and Tkw. This implies the existence of infinite input and output buffers in all machines

as a delay in transport Tjn+1 would not affect the start time of Okn and a delay in the

start time of operation Ojn would not affect the start time of transport Tkw. To solve

this additional meaning is assigned to the T and O nodes, as now node Tjn indicates the

start and node Ojn indicates the end of operation Tjn. The practical implication is that

now a sequencing on the same machine between operations Ojn and Okn is represented

by a direct connection from Tjn+1 to Okn and a sequencing on the same vehicle between

operations Tjn and Tkw is represented by a direct connection from Ojn to Tkw.

(a) Original solution for Figure 2.10 (b) No-buffer solution for Figure 2.10

Figure 3.3: Difference between graph representations for infinite and zero buffer scenarios
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3.3 Scenarios

The scenarios progressively introduce additional layers of complexity—from pure schedul-

ing under ideal conditions to fully integrated scheduling and routing under realistic con-

straints. By examining each scenario separately, it is possible to pinpoint the impact

of various system modifications on the overall efficiency and reliability of the scheduling

solution.

Each instance of each scenario is composed of a defined spatial environment (encom-

passing both machine position and production time), a defined number of vehicles and a

defined 4-part setup (The initial color of each of the 4 parts in the Incoming Warehouse).

The genetic algorithm optimization is applied for each of these instances, defining the

final makespan as the longest path from node START to node END.

The problem space for each scenario is composed of six different environments, all of them

spatially equal but with different production times for all machines (the production times

are defined as a proportion of the average transport time T, such that the 6 possibilities

are 0, 0.01T , 0.1T , 1T , 10T and 100T ). For each production time one instance is created

for each combination of parts. Since there are 4 parts in each round and each part can

be in one of 3 stages, there is a total of 34 = 81 starting combinations. Each of these

possible instances is run for 1,2,3 and 4 vehicles.

3.3.1 Scenario 1: Pure Scheduling

Figure 3.4: Diagram of scenario 1

In the first scenario, the focus is solely on task scheduling. Given the number of robots

available and the initial configuration of parts the task order is optimized to obtain the

lowest possible makespan.
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Figure 3.5: In Scenario 1 the routes are based only in the shortest path to the next
destination, creating situations where collisions may occur

In this environment every transport operation follows the shortest path from start to

destination. Here, collision considerations are completely ignored and vehicles are allowed

to pass freely through one another, creating paths such as the one in Figure 3.5.

3.3.2 Scenario 2: Scheduling with Complete Space Separation

In this scenario, while still relying on the idealized routing (shortest paths with A*),

spatial constraints are introduced to avoid collisions. Each vehicle is assigned an exclusive

zone, ensuring that no two vehicles can occupy the same node simultaneously (in most

cases). This enables an evaluation the impact of different number of vehicles in a heavily

constrained scenario.

Figure 3.6: Representation of vehicle responsibility used in scenario 2

This complete separation is only possible in the first place because the RobotAtFactory
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(RaF) environment implements separate physical location for pickup and delivery of parts.

This way each vehicle can be constrained to be responsible for a single type of part (Figure

3.6), thus enabling the vehicles to act in separate spheres of influence.

(a) Example division for 2 vehicles (b) Example division for 3 vehicles

Figure 3.7: Possible division of space for multiple vehicles

Since this approach depends on fixing vehicle allocations for each stage, this strategy

only really makes sense for combinations of two and three vehicles. Furthermore while this

approach greatly decreases the common area where vehicles interact it does not eliminate

it, as all stages may appear in the incoming warehouse (as shown in the area separations

represented in Figure 3.7).

3.3.3 Scenario 3: Routing with Time-Extended A*

Figure 3.8: Diagram of Scenario 3

In this scenario, the aim is to generate conflict-free paths with the Time-Extended A* for

the solutions found in scenario 1. Unlike in previous scenarios, the routing method takes

into account the position of all vehicles when planning each path. This method allows the

33



system to adapt to potential conflicts by planning alternative routes that may be longer

than the shortest path but are free from collisions. The focus here is to quantify how

these adjusted routes compare to the ideal scheduling times.

Figure 3.9: A situation where the task order was optimized with the assumption that the
transport task would take the time to travel the shortest path, while in reality the routing
algorithm planned a much longer path to avoid collisions

This approach may result in suboptimal scheduling, as the scheduling order may have

been optimized for a different route than the one planned by the TEA* router. This may

lead to situations such as the one in Figure 3.9, where the time taken to complete a task

ends up being higher than expected.

3.3.4 Scenario 4: Joint Scheduling and Routing with TEA*

Figure 3.10: Diagram of scenario 4
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Scenario 4 combines scheduling and routing into a unified optimization process specifically

to avoid problems such as the one in Figure 3.9. In the integrated approach of Figure 3.10,

the fitness evaluation for the GA is not based on a simple shortest-path approximation

but is derived directly from the TEA* algorithm’s conflict-free paths. This scenario

examines whether the incorporation of realistic routing delays into the fitness function

yields significant differences in optimization performance when compared to the more

simple evaluation metrics used in previous scenarios.
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Chapter 4

Development

The development of this work has three foundational pillars that form its base: the

genetic algorithm optimization, the graph representation and the simulation validation.

Section 4.1 explains how scheduling is optimized through a genetic algorithm. Section 4.2

describes how the graph representation is used to decode the chromosome of each solution

and calculate the time for the expected makespan. Section 4.3 describes the simulation

implementation for validating the optimized solutions.

4.1 A Genetic Algorithm Approach to Scheduling

In a complex system like the RaF competition, the number of possible scheduling combi-

nations is enormous due to the simultaneous assignment of production tasks and routing

decisions for vehicles. Therefore, optimization is essential. By applying a Genetic Algo-

rithm (GA) tailored for permutation problems, a large solution space is efficiently explored

and converges on near-optimal scheduling plans that balance production times, routing

constraints, and resource allocation. The implementation of the Genetic Algorithm was

made in Python with the Pymoo [36] library version 0.6.1.3.

The algorithm execution was significantly sped up by the use of Pymoo’s starmap

parallelization, enabling the computation of multiple chromosomes in parallel inside each

generation.
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Chromosome representation

The right choice of encoding is essential for a good optimization and should accurately

reflect the decision variables of this problem. The chosen encoding divides the chromosome

in three parts of equal length (as shown in Figure 4.1), representing the execution order

for the operations, the machine allocated for each operation and the vehicle allocated for

the transportation of each operation.

Figure 4.1: Chromosome encoding

The first vector represents a global order of execution for all operations, to be used

in cases where the model must make an ordering decision. This means that when two

operations are assigned to the same resource (machine or vehicle), their order in this

resource’s queue is defined by this vector. It is represented using repetitive permutations,

with each operation represented only by the number of their job and their index inside the

job being defined by their position in relation to other numbers of equal value (see Figure

4.2a). This ensures that invalid states (such as operation O12 coming before operation

O11) are impossible to represent in the encoding.
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(a) Job Ordering

(b) Machine Allocation

(c) Vehicle Allocation

Figure 4.2: Example of chromosome encoding: (a) presents two examples of possible job
ordering. In the upper example all tasks of Job 1 are executed, then all tasks of Job 2
and then all tasks of Job 3. In the lower example the first task of all jobs is executed,
then the second task of all jobs and then the third task of all jobs. (b) presents the
machine allocation for each task, where the number inside each gene indicates the index
of the chosen machine in the vector of machines available for that stage. The stage of an
operation corresponds to its position inside its job (that is, operation OX1 is of stage one,
operation OX2 is of stage 2, ...). (c) presents the allocation of vehicles for the transport
operation of each task. As the vehicle availability does not differ for different stages, the
number corresponds to vehicles in a single global vector.

The machine (Figure 4.2b) and robot (Figure 4.2c) allocation vectors establish which

resource will be assigned to that operation from the possible pool of resources. The corre-

sponding operation is based on the vector position, such that the first position correspond

to the first operation of the first job, the second position to the second operation of the

first job, until the last operation which will correspond to the last operation of the last

job. Each position in the machine vector has a different range of values as each stage can

have a different number of possible machines. The machine allocation on the last stage,
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due to it being the end of the system, needs to have distinct allocations for every job

(that is, the last operation in the machine vector for jobs 1,2,3 and 4 will always be a

permutation of 1,2,3 and 4).

Fitness function

The quality of each individual solution is measured by the total makespan — that is, the

difference between the start time of the first operation and the completion time of the

last operation. To be able to estimate this value a conversion must be made from the

chromosome encoding to a graph representation.

This conversion is a two-step process: First the three-vector representation is trans-

lated from the chromosome to a set of ordered operations for each resource in the system;

Last the correct constraints must be added to the graph representation to ensure that the

order of operations in each resource is respected.

Figure 4.3: Conversion of the job ordering and vehicle allocation vectors into the ordered
task list of each vehicle

To accomplish the first part a separate empty set is established for each distinct value

in the vector. After, for each of these values, each operation marked with this value is

added to its respective set in the order seen in the job ordering vector. The result of these

steps can be seen in Figure 4.3, where the vehicle allocation is translated into a set of

tasks for each vehicle to be executed in the order established by the job ordering vector.

Crossover operator

The chosen crossover operator is the Generalized Order Crossover. To understand its

action consider a crossover operation between the two chromosomes from Figure 4.2a.
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This operation starts by assigning one chromosome as the donor and the other as the

receiver chromosome, and annotating each chromosome with the actual job_operation

code for each position. Then, a section is selected from the donor chromosome to be

transplanted into the receiver chromosome (Figure 4.4).

Figure 4.4: After determining one parent chromosome as the donor chromosome and
the other as the receiver chromosome, a section in the donor chromosome is selected as
the donated section. The repetitive permutation encoding is decoded for all genes, with
the operations in the selected section of the donor chromosome marked in the receiver
chromosome

The selected section is inserted into the receiver chromosome at the same location it

resided in the donor chromosome, shifting the local genes to the right (Figure 4.5).
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Figure 4.5: The selected section from the donor chromosome is inserted in its original
position in the receiver chromosome, and the repeated operations from the original receiver
chromosome are removed

Considering the annotated values, the elements in the receiver chromosomes which are

also presented in the donated section are removed, as shown in the last step of Figure 4.5.

Figure 4.6: The child chromosome after the execution of the Generalized Order Crossover

After successfully applying the operator to the job ordering vector, the equivalent

machine and vehicle assignments of the operations contained in the donated section from

the donor chromosome are transferred to the receiver chromosome after coherence is

established, as shown in Figure 4.6. If one of the donated genes references the machine

allocation of the last stage, the operator ensures that each job at the last stage is assigned

to a distinct machine.
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Mutation Operator

The mutation operation is essential for ensuring that the GA is capable of reaching solu-

tions that are not present in the initial population. With that consideration the Random

Resetting mutation, an extension of the bit flip operator for integer values, is applied over

the machine and robot allocation arrays. The operator works by assigning random values

to randomly selected positions in each array, with each value being inside the accepted

range for the operation referenced in the execution order array as can be seen on the first

two mutations in Figure 4.7.

Figure 4.7: How Random Resetting mutation works on a machine allocation array: The
chosen location in the first two mutations is randomly changed to a value bounded by
the IDs of available machines based on the operation stage (number to the right above
each gene). In the special case of stage 3 (where the parts must stay until the end of the
competition), the position among all stage 3 genes is shifted every time one of them is
mutated
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As with the Crossover operator, this operation has a peculiar behavior when applied

to stage 3, due to its special position as the end of the system. As shown in the last

mutation of Figure 4.7, if the position affected assigns the machine to the last stage of

operations (in this case stage 3), a right shift between all assignments of the last stage

substitutes the random value assignment.

4.2 Graph Implementation

The implementation for the graph representation of the Hybrid Flow Shop Scheduling

problem was made in Python with the aid of the NetworkX [37] library version 3.4.2.

The graph is represented as a MultiDiGraph object from NetworkX, meaning that it is

a directed graph which allows multiple edges between each pair of nodes. The graph is

built incrementally in 3 stages:

1. Base environment graph: This graph contains all the necessary nodes, but only

contains environment-derived edges (such as those due to proper stage ordering)

2. Complete graph: This graph adds the edges derived from the decision variables,

such as ordering and assignment of resources (vehicles and machines)

3. Complete Weighted Graph: This graph add the correct weight to each edge accord-

ing to the selected path planning algorithm

Since the first stage will be equal for every instance in a single run of the optimizer,

stage 1 is controlled by a static method and configured in a class-wide level, while stages

2 and 3 are configured in the instance level through the class constructor.

4.2.1 Building a Base Graph from the Environment

The base graph is built from the hybrid flow shop problem characteristics: The total

number of stages, the total number of jobs and the number of skipped stages for each job.

Figure 4.8 shows how these variables impact the size of the graph.
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Figure 4.8: Variation of the base graph for the environment variables for a number j of
jobs, each job with at most s stages. T represents a transport operation, and O represents
a processing operation performed on a machine

Since these variables depend only on the problem environment and do not vary across

individual solutions, a single graph is created as a static variable for the class during

the GA initialization. This enables the algorithm to copy this graph when building the

detailed version within each instance of the optimization.

4.2.2 Integrating the Decision Variables

With the base graph established, the next step is to determine which edges must be added

to satisfy the constraints imposed by the solution of each chromosome encoding.

The constraints are derived from two independent situations: The sharing of a single

machine by two or more processing tasks and the sharing of a single vehicle by two or

more transportation tasks. Each of these is calculated by combining the job ordering

section of the chromosome with, respectively, the machine allocation section and the

vehicle allocation section.

For the machine constraints, the combination of job ordering and machine allocation

is used to build an ordered list for each machine of its assigned operations.

machineList = [..., Oxy, Okw, ...]
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Each pair of operations Oxy and Okw in the list corresponds to one edge going from op-

eration Txy+1 to operation Okw, indicating that the operation Okw can only start after

operation Oxy has been completed and removed from the respective machine.

Figure 4.9: The edge enforcing the precedence constraint between Oxy and Okw when they
are in the same machine

For the vehicle constraints one extra step is needed. The vehicle lists are built in the

same manner of the machine lists, combining the job ordering and vehicle allocation to

build one ordered list for each vehicle.

V ehicleList = [Tij, ..., Txy, Tkw, ...]

Before evaluating the pairs, however, a special constraint must be included from the

START node to the first element of each list, representing the time spent by the vehicle

getting from its starting position in the shop to the location of its first transportation

task. In this case this would represent an edge going from node START to node Tij.

Figure 4.10: The edge enforcing the constraint imposed by the travel time from the initial
position to the first task of a vehicle

After the start node is correctly linked to the first element of each list it is possible

to evaluate the pairs of transport operations, with each pair of operations Txy and Tkw
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corresponding to an edge going from operation Oxy to operation Tkw, indicating that the

vehicle can only start operation Tkw after it has successfully completed operation Txy.

Figure 4.11: The edge enforcing the precedence constraint between Txy and Tkw when
they are in the same vehicle

4.2.3 Graph Weight Calculation

The weight w of each arc is dependent on the types of operations involved in each side and

are described with the auxiliary operators a(Ojn) for returning the machine m allocated

to operation Ojn; p(m) for returning the processing time of a specific machine; i(m) for

returning the position of the input location of a specific machine; o(m) for returning the

output location of a specific machine; and d(p1, p2) for returning the time spent moving

from position p1 to position p2. To ease visualization, the shorthand injn := i(a(Ojn)) and

outjn := o(a(Ojn)) describe the position of the input and output of a machine assigned to

operation Ojn.

With this established notation the 6 possible types of edges are defined:

• START → Tjn : d(initial_position, outjn)

Marks the beginning of the transport operation for the first operation in a job, es-

tablishing the starting condition of the scheduling sequence. The weight represents

the time taken by a vehicle from its position at time 0 to one of the boxes containing

the part that will be carried in operation Tjn. Due to the established convention,

the positions at the incoming warehouse are treated as incomplete machines, as they

only possess their output component.
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• Tjn → Ojn : d(outjn−1, injn)

Represents the transportation time between operations. This edge’s weight is calcu-

lated by the distance between the location where the operation Ojn−1 was collected

and the location where operation Ojn must be delivered. It ensures that the time

taken for a vehicle to move between machines is accounted for.

• Ojn → Tjn+1 : p(a(Ojn))

Indicates the processing time required on a machine before the subsequent trans-

port operation can begin. Its weight is equal to the processing time of the machine

executing the operation Ojn.

• Ojn → Tkw : d(injn, outkw−1)

Captures the sequencing of two transport operations assigned to the same vehicle,

as the node Ojn represents both the start of its production operation and the end of

transport operation Tjn. Its value is the time spent moving from the output location

of operation Ojn to the input location of operation Okw−1.

• Tjn+1 → Okn : 0

Captures the sequencing of two production operations in stage n assigned to the

same machine, as the operation Okn can only start after operation Ojn has been

removed from the machine (thus the connection from Tjn+1). The actual value of

this edge is 0 as there is no actual relation between the two connected operations,

with the edge acting only to propagate any delays that may have affected the start

of transport operation Tjn+1.

• Ojn → END : 0
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Connects the final operation of a job to the dummy END node, ensuring that the

makespan calculation covers the complete schedule from the initial START through

to the final delivery. As it represents the final delivery, its weight is 0.

To validate this solution as a possible scheduling for the problem, the final graph must

be a Directed Acyclic Graph (DAG), as any cycle in this graph highlights the presence of

circular dependencies in the solution which will lead to a logical deadlock.

After a solution has been deemed valid there is still the concern of order of evaluation.

While it is possible to use functions that evaluate to the same result independently of the

order in which they are executed, in others it is desirable to only evaluate an arc after

the value for every one of its dependencies have already been determined. An example of

this behavior on this research is the difference between evaluating transport times with

the A* versus the TEA* algorithm: while the A* is used to calculate the shortest path

between two points and only depends on the initial and final point, the TEA* algorithm is

concerned with the specific time window in which the vehicle is located at every node along

the way in order to avoid collisions. This extra necessity can be satisfied by providing

the start time of the operation which, if all the dependencies values are known, is only a

matter of determining the length of the longest path from the node START to the current

node.

Conveniently, every directed graph that is also a DAG has an order of evaluation in

which every dependency is evaluated with respect to precedence, and its called a topo-

logical array and is shown in Figure 4.12.

Figure 4.12: Topological array of Figure 3.3b

Finally, with this weighted conjunctive graph representing the solution, the expected
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makespan is obtained by evaluating the length of the longest path from node START to

node END.

4.3 Simulation Implementation

To validate and visualize the optimization results, a simulation environment was devel-

oped for the RaF competition within the GAMA simulator. This environment executes

the optimizer proposed routes and records their outcomes step-by-step. Integration be-

tween the optimization algorithm and the simulation is achieved via a SQLite database

(Figure 4.13), where scheduling and routing outputs are written by the optimizer and

then retrieved by the simulator to reconstruct that specific shop execution.

Figure 4.13: Relation between optimization algorithm and simulation

The database schema shown in Figure 4.14 was developed with the aim of stor-

ing one experiment record for every distinct situation (combination of graph_id and

starting_setup) evaluated by the optimizer. These experiments can then each be simu-

lated an arbitrary number of times, with each simulation storing a different record in the

simulation table.
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Figure 4.14: Schema of the database used to store optimization and simulation results

The simulation implementation in this section is divided between two models: Shop

and ExperimentValidator. The Shop model is the more complex one by a significant

margin, encapsulating all the logic for one execution of the RaF environment. The

ExperimentValidator model is a simple implementation leveraging the comodel fea-

ture of GAMA to loop over all untested experiments and generate simulations for them,

allowing the automation of this work without the need for external scripts.
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4.3.1 The Shop Model

Figure 4.15: Screenshot of the Shop simulation running

The Shop model reproduces the functioning of a single execution of the RobotAtFactory

circuit for a given set of parts while recording the results in the database (A screenshot of

this model mid-execution is present in Figure 4.15). To be executed, the only information

needed by the shop is the ID of the experiment that must be simulated. With this ID the

shop creates an empty simulation record and loads the following associated information

from the database:

• The spatial graph data: X and Y coordinates of each node and a pair list of all

undirected edges.

• Machine characteristics: details such as the processing time, optional input and

output nodes and machine name.

• The Starting Setup: The color of the 4 parts present in the incoming warehouse.

• Routing Information: The specific routes (the sequence of nodes) calculated for each

vehicle. These routes are derived from either the TEA* algorithm or A* algorithm,

depending on the scenario.
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• Waiting Time: The delay that must be observed when a node repeats itself in the

sequence. This represents a wait in place action and is crucial for enabling collision

avoidance for the TEA* algorithm.

The spatial graph data is loaded in two phases: First all nodes are created in their

respective coordinates and then all edges are built from the list of ID pairs. After the

graph is properly created then the machine information is loaded. Each machine is as-

sociated with one node for its input location and one node for its output location. The

incoming warehouse is represented as machines with only the output location defined and

the outgoing warehouse is represented as machines with only the input location defined.

The starting setup is stored in the database as a single base-3 encoded integer value

s, where the tuple of 4 values (p1, p2, p3, p4) is decoded from Equation 4.1.

s = p1 · 30 + p2 · 31 + p3 · 32 + p4 · 33 (4.1)

where every part pn ∈ 0, 1, 2 with each value corresponding to a possible part color:

red := 0, green := 1, blue := 2

Based on the number of routes linked to the experiment ID an equivalent number of

vehicles is created. The routes for each vehicle are then loaded as an ordered set of IDs,

such as:

54 → 53 → 1 → 2 → ...

where each ID is related to a node in the database, indicating the sequence of steps to

be taken. After loading each route in its respective vehicle they strictly follow this route,

taking different actions only when they arrive at a machine node. When arriving at a

machine node the vehicle will await indefinitely until it can either receive or deliver a part,

depending on the type of node (input or output). Since this is a no-buffer environment,

the machines only accept a new part when it does not have another part in the output

node.
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Figure 4.16: Vehicle action flowchart

As can be seen in Figure 4.16, the vehicles do not have any way to verify/check if

they actually have a part when delivering or if they are empty when collecting. This is

by design, as the simulation should not be relied upon to assist in solving the problem.
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An incorrect route will simply result in an infinite simulation, which will be forcefully

terminated after extending the maximum time. Since the simulation will never reach

the final step of updating its record in the database, a search for every simulation with

the boolean flag was_executed set to false can discover if the algorithm is outputting

incorrect solutions.

Collision between vehicles do not affect the behavior of the agents in any way, but

they generate a collision record that is stored in the database with time and location of

the collision.

4.3.2 The ExperimentValidator Model

Through the comodel abstraction GAMA allows the modeler to instantiate one simulation

inside another. This has been leveraged to create a simple loop to instantiate Shop models

for each experiment that does not have a matching complete simulation.

Running the simulation over all routes produced guarantees two things: That all

algorithms produce valid routes and that the routes produced by two different algorithms

can be accurately compared.
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Chapter 5

Results and Discussions

This chapter is divided in 4 sections, each one aiming to answer one of the proposed

research question from Section 3.1. Section 5.1 will show the impact of the number of

vehicles on the total completion time. Section 5.2 will examine if this impact is maintained

when the movement of the vehicles is heavily constrained. Section 5.3 will compare

scenarios 1 and 3 to determine how much time is lost when avoiding collisions with

the TEA* algorithm. Section 5.4 will evaluate if there are differences when the graph

representation uses TEA*-derived paths instead of the shortest paths inside the GA’s

fitness evaluation.

5.1 Results for Research Question 1

In Scenario 1, the aim is to explore the impact of the number of vehicles on the total

completion time for different combinations of parts and different machine processing times.

As this idealized environment assumes that each vehicle follows the shortest possible path

without interference from other vehicles, the results found on this section establish a

best-case scenario for similar starting conditions.

The central element to this problem is the joint impact that both the transport time

and the production time have on scheduling, separating it from a pure path-planning or

flow shop scheduling problem. For that purpose it is analyzed how the increase in the
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number of vehicles affects situations with 6 production times (0, 10, 100, 1000, 10000,

100000). Considering that the average time of a transport operation in this scenario is

of 900 units, these production times correspond to an approximated ratio between the

production time and the average transport time: 0, 0.01T , 0.1T , 1T , 10T , 100T . How

these ratios of production and transport time affect the problem also can’t be dissociated

from the starting combination of the 4 parts present in the system, as they direct what

operations are necessary to complete the problem. These 4 parts produce the 81 possible

starting combinations of red, green and blue parts. At last, it is evaluated how these

systems behave for 1, 2, 3 and 4 vehicles, using the values for 1 vehicle as the benchmark

for worst possible case. This amounts to a total of 6 · 81 · 4 = 1944 unique situations to

be optimized and simulated.

Figure 5.1: Average Makespan by Number of Vehicles and Production/Transport time
ratio for Scenario 1

The results on Figure 5.1 display an interesting behavior: The production time has

no impact on the makespan for one vehicle when production time is smaller than the

average transport time. When visualizing the simulations, it’s possible to observe that

this happens because the travel time for the vehicle to get from the input node of one

machine to its output node is higher than the processing time, making it seem like an

effective instant operation from the point of view of the vehicle. On the opposite end
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of the spectrum, while the number of vehicles has a small but noticeable impact when

production takes 10 times as long as the average transport, the benefits vanish completely

beyond that.

To get a more precise view of how much the number of vehicles impacts the total

makespan of the system, the efficiency gain of a number V of vehicles when compared to

its equivalent with one vehicle is calculated with Equation 5.1.

efficiency_gain(V ) =
makespan(1)−makespan(V )

makespan(1)
(5.1)

As there are 486 different instances for each number of vehicles, the efficiency gain of

Equation 5.1 is calculated for the instances with 2,3 and 4 vehicles for a total of 1458

values.

The mean and standard deviation of these values are calculated for each pair of P/T

ratio and number of vehicles, and the results are presented in Table 5.1. The results show

a high gain when the P/T ratio is low, meaning that the gain is higher when the transport

operations are the dominant variable in the makespan. A lower gain is observed when

production is more dominant, with little deviation from the mean when the relationship

between these 2 variables is clearly skewed towards one side.

Table 5.1: Average efficiency gain in makespan when compared to the same scenario with
one vehicle. In this table a higher value is better, as it indicates that the overall makespan
is lower.

Production\Transport
Ratio

Number of Vehicles
2 3 4

Mean(%) σ Mean(%) σ Mean(%) σ
0 48.19 1.02 62.22 1.23 67.85 0.73

0.01T 48.37 0.96 62.37 0.85 68.03 0.53
0.1T 48.93 0.59 61.98 1.20 66.81 0.64
1.0T 38.64 5.27 51.87 3.22 55.43 6.37
10T 11.17 3.11 11.53 2.96 12.61 5.00
100T 1.05 0.95 1.16 1.08 1.25 1.21

There is one clear outlier in Table 5.1, and that is the case where the transport and

production times are roughly equal. As can be seen more clearly when plotted in Figure
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5.2, the case where P = T has a much bigger deviation from the mean than the other

cases and the cause is not immediately clear. This is possibly related to different starting

setups being more or less susceptible to the number of vehicles when the production and

transport times are equal.

Figure 5.2: Increase in Efficiency when increasing the number of vehicles, for different
processing times

Since it is unreasonable to plot all 81 possible starting setups in a single graph and

still obtain a good visualization, three special cases have been singled out: The case where

all initial parts are red, the case where all initial parts are green and the case where all

initial parts are blue. By plotting the efficiency of multiple vehicles for these 3 cases the

results in Figure 5.3 are reached.
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Figure 5.3: Efficiency gain for each homogeneous part combination separated for each
production time

On most scenarios in Figure 5.3 the lines for red and green parts usually stay close to

each other, indicating that the efficiency is much more related to how much time the part

must stay in a given machine than to how many times it must be processed. The case

where this does not hold as much is exactly the one of interest to us, where P = T . This

difference in efficiency implies that the change in the number of operations (as red parts go

through 2 operations while green parts go through only 1) brings a change to the balance

between production and transport operation by slightly changing the proportions of their

effects on the total makespan. The all-blue setup is a special case in this environment,

because its special rule (that it does not have a production time) means that it produces

the same result in all scenarios for all production times. Since it is a problem with only

transport operations it is also expected that it will have the highest gains from additional

vehicles.

From these results it is possible to conclude that the added complexity of multiple

vehicles only justifies itself in situations where the average production time is equal or

less than the average transport time, and even then this benefit only extends to at most

3 vehicles.
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5.2 Results for Research Question 2

As described in Section 3.3, scenario 2 proposes to examine how a simple heuristic such

as restricting the vehicles to operate in different areas with little overlap can reduce the

collision rate while still avoiding the added complexity of multi-vehicle path-planning.

Before analyzing the results of scenario 2, consider how prevalent collisions are in the

routes of scenario 1. Table 5.2 show a high rate of collisions for every instance with two

or more vehicles, with increasing odds of collision with higher number of vehicles.

Table 5.2: Scenario 1 Collision Data

Vehicles Simulations Simulations with collision % of simulations with collisions

2 486 342 70.37%

3 486 403 82.92%

4 486 419 86.21%

While this result is not unexpected, given that each vehicle’s path was planned in-

dependently of the others, it introduces uncertainty regarding whether the observed po-

tential gains from using multiple vehicles would be achievable in real-world scenarios.

Scenario 2 is designed to provide a partial answer to this question without increasing the

complexity of the problem.

After running the simulations for 2 and 3 vehicles and collecting the collision data

in Table 5.3, it is already possible to see much more promising results, with a very low

collision rate in both situations when compared with Table 5.2.

Table 5.3: Collision data for scenario 2

Vehicles Simulations Simulations with collisions % of simulations with collisions
2 486 20 4.12%
3 486 33 6.79%

This reduction in collisions comes at a very heavy cost, as the data in Figure 5.4 shows.

When plotting the efficiency of these results in relation to the equivalent situations with a
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single vehicle in Figure 5.5, a weaker gain can be observed for 2 vehicles when compared

to Figure 5.2 and a complete stagnation for 3 vehicles, with effectively no advantage when

compared to the scenario with 2 vehicles.

Figure 5.4: Average Makespan by Number of Vehicles and Production Time for Scenario
2

Figure 5.5: Efficiency gain for multiple vehicles when compared with the same scenario
for a single vehicle
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The results in Figure 5.5 indicate that the efficiency advantage maintains itself for

two vehicles when adding spatial restrictions, but the advantage is not maintained for

three vehicles. This shows that when considering very restricted scenarios there is no

justification to use more than two vehicles, and even then there is considerable room for

improvement with more complex approaches.

5.3 Results for Research Question 3

As the results in Section 5.2 show, limiting the scenario is a viable option to diminish the

number of collision but it heavily penalizes the total makespan of the system. In search

of results with a better performance the use of multi-vehicle path-planning in the form of

the TEA* algorithm is considered, using it to build collision-free routes to the scheduling

results of scenario 1. To see the impact from these new routes (that is, the time lost

to perform additional maneuvers to avoid collisions) the percentage difference between

the makespan in scenario 3 and the makespan in scenario 1 is calculated for each pair of

number of vehicles V and starting setup s as written in Equation 5.2.

difference(V, s) =
makespanscn3(V, s)−makespanscn1(V, s)

makespanscn1(V, s)
(5.2)

Equation 5.2 is applied for all instances of scenario 1 that have more than one vehicle

and that had some form of collision as shown in Table 5.2, meaning that this difference

is collected for a total of 1164 simulations (342 for 2 vehicles, 403 for 3 vehicles and 419

for 4 vehicles). This is done because it does not make sense to apply the TEA* algorithm

to a collection of paths known to have no collision, as the algorithm will return the exact

same path. This could skew some results towards 0, as there is no difference between

scenarios 1 and 3 in these cases.

The average increase in makespan between scenarios 1 and 3 for all combination of

parts is shown in table 5.4 as the percentage mean and standard deviation for each number

of vehicles and production times. A first glance at the results shows that, as expected
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for any change that only affects the transport time, the application of TEA* has no

measurable effect on those instances where the makespan is dominated by the production

time(10T and 100T ).

Moving to the instances where there is an observable difference, the coefficient of

variation of these averages (that is, if each standard deviation is divided by its mean) for

almost all of them (with the exception of production time 1T ) have values higher than

1, indicating that there is high variability in these results and that the mean values may

be misleading. It is possible that the time lost maneuvering to avoid collision may be

correlated to the initial setup of parts in each instance, leading to this high variability

when all the different combinations are aggregated.

Table 5.4: Average relative difference between the total makespan of scenario 3 and the
total makespan of scenario 1 for the same combination of parts. In this table a lower
value is better, as it shows that there is less time lost to avoid collisions

Production\ Transport
Ratio

Number of Vehicles
2 3 4

Mean(%) σ Mean(%) σ Mean(%) σ
0 1.26 1.53 4.03 4.22 6.02 4.79

0.01T 1.28 1.58 3.2 3.88 5.04 4.63
0.1T 1.32 1.50 3.08 3.80 4.18 4.38
1.0T 2.58 1.09 3.92 2.23 4.36 2.46
10T 0.03 0.15 0.03 0.04 0.04 0.05
100T 0.03 0.16 0.03 0.04 0.04 0.05

To observe how the difference in makespan is distributed across the different configu-

rations of parts, four different groupings were established:

Part Combination =



Mostly Red if at least 3 parts are red

Mostly Green if at least 3 parts are green

Mostly Blue if at least 3 parts are blue

Mixed otherwise

The behavior for each of these groups was recorded for the 4 initial ratios, as the
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values for the last 2 do not present enough variability for a meaningful analysis. Table 5.5

holds these results, where it can be observed that the variability of the results, although

still high, has decrease when compared to the results in Table 5.4. This strengthens the

hypothesis that part of the variation can be due to the part combination, as certain config-

urations may be prone to accumulating vehicles in certain areas, incentivizing collisions.

Table 5.5: Average relative difference between makespan of scenarios 1 and 3 grouped by
characteristics of the setup. As with Table 5.4, a lower mean is better as it indicates that
less time is lost to avoid collisions

Production\Transport
Ratio Part Combination

Number of Vehicles
2 3 4

Mean(%) σ Mean(%) σ Mean(%) σ

0

Mostly Red 0.69 0.26 2.00 1.29 3.33 2.10
Mostly Green 1.20 0.51 1.84 0.84 3.91 3.02
Mostly Blue 2.04 1.03 3.40 2.45 4.33 2.74

Mixed 1.18 0.62 2.78 2.19 3.79 1.89

0.01T

Mostly Red 0.38 0.41 2.25 0.74 2.34 1.90
Mostly Green 1.20 0.61 2.47 1.62 2.90 2.10
Mostly Blue 1.18 0.68 2.71 2.33 3.12 2.80

Mixed 1.17 0.69 2.30 2.15 3.35 2.23

0.1T

Mostly Red 1.50 0.81 1.60 1.04 2.21 0.90
Mostly Green 1.25 0.69 3.70 3.46 5.46 2.85
Mostly Blue 1.59 1.24 2.67 2.37 3.56 2.92

Mixed 1.09 0.49 2.48 1.88 2.70 1.90

1.0T

Mostly Red 3.17 0.70 5.01 1.69 6.76 2.47
Mostly Green 2.61 0.88 3.83 1.87 5.45 2.47
Mostly Blue 2.15 1.34 4.07 3.27 3.82 4.6

Mixed 2.62 0.97 3.91 1.98 4.07 1.76

Considering the results in Figure 5.6, it can be observed more clearly how there is a

consistent increase in makespan when the number of vehicles increases, possibly indicating

that the higher density of vehicles needs bigger compromises from the routing system on

the length of the routes, which may be one of the causes for higher delays.

Observing the behavior for each of the selected groupings, the group of mostly blue

parts is consistently the one with the higher standard deviation, while the other 3 present

more varied behavior in their standard deviations. The fact that the difference is con-

siderably higher for setups with multiple stages (especially mostly red parts) when the
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Figure 5.6: Categorized Difference in Makespan Between Scenarios 1 and 3 as shown in
Table 5.5

Production/Transport ratio is at 1T may indicate that the delays caused by the TEA*

algorithm are disrupting the some fine-tuned sequencing of operations by the optimiza-

tion algorithm as parts do not arrive at their destined locations at the expected time.

The group of mostly blue parts is especially interesting as its standard deviation suggests

possible negative values. As this is not possible (since the A* in Scenario 1 is guaranteed

to return the optimal paths), this indicates that there is a cluster of low values with few

high outliers.

All these factors lead to the conclusion that collision avoidance does consistently lead

to some delays, although their effect are not so significant. Most of these delays cause

an impact of between 2% and 6% on the overall makespan, with the severity of them

increasing as the production and transport times approach an equilibrium. The delay is

consistently higher with a high number of vehicles, and a more balanced P/T ratio favors

more delays for setups with red parts.
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5.4 Results for Research Question 4

Considering the increase in makespan found in Section 5.3 due to the TEA*, a solution

is proposed that might diminish it: The integration of the TEA* algorithm in the fitness

function of the Genetic Algorithm. Since the original GA in scenario 1 optimizes its

scheduling sequence with the expectation that the vehicles will follow the routes planned

by the A* algorithm, it was hypothesized that it may be producing schedules that are

unfavorable to the TEA*, such as placing the vehicles to constantly navigate crowded

environments or expecting perfect timing in pickup and deliveries.

Table 5.6: Average difference between the total makespan of scenario 4 and the total
makespan of scenario 3 for the same combination of parts

Production\Transport

Ratio

Number of Vehicles

2 3 4

Mean(%) σ Mean(%) σ Mean(%) σ

0 -0.14 1.48 -1.00 2.22 -1.46 2.66

0.01T -0.14 1.70 -0.75 2.04 -0.76 3.15

0.1T -0.22 1.39 -0.60 2.01 -0.90 2.46

1.0T 0.0 0.19 -0.20 0.64 -0.26 0.74

10T 0.0 0.04 -0.02 0.04 -0.03 0.05

100T 0.0 0.03 -0.02 0.04 -0.03 0.05

Considering the result in Table 5.6, in the best case the final makespan diminishes by

1.4%, and this result has enough variance to make it inconclusive if there is any benefit

at all to this strategy.
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Figure 5.7: Average difference between the total makespan of scenarios 3 and 4

The data in Figure 5.7 shows more clearly how this approach does not achieve signifi-

cant difference in any situation and does not justify the added complexity and computa-

tional cost needed for it.

5.5 Summary of the Results

To summarize what was found:

For the first research question: “when applying a hybrid flow shop scheduling model to

the RobotAtFactory environment - ignoring collision constraints — how significant is the

impact of the number of vehicles on the total completion time for different combinations

of parts and different machine processing times?”. Based on the results found in Section

5.1, it can be concluded that the number of vehicles is extremely significant when the

average production time is less or equal than the average transport time, but the benefits

drastically decrease for every vehicle that is added. It can also be concluded that the

initial combination of parts does not have a significant effect on the impact of multiple

vehicles.

The second research question “given that the analysis conducted in the previous ques-

tion indicates a potential reduction in completion time with increased vehicle numbers,
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does enforcing fixed spatial constraints (to prevent collisions, making each robot move on

mutually exclusive sectors of the environment) maintain this efficiency advantage?” can

be answered with a partial yes. As found in Section 5.2, the advantage is maintained

for 2 vehicles although with approximately half the gain observed in Section 5.1 and is

completely lost (that is, the advantage remains stagnant) when moving to the case with

3 vehicles.

For the third research question: “considering that the ideal scheduling scenario (from

Question 1) does not account for collision avoidance, the TEA* algorithm is used to

plan conflict-free paths for all vehicles. How close do these TEA*-derived paths come

to achieving the ideal completion time?”, it was found that the TEA*-derived paths do

indeed impose some delays on the total makespan, especially when the production time

and transport time are approximately equal. This is an interesting result as it also shows

that instances populated primarily by red parts had higher delays when the production

and travel times where equal, indicating a possible range of values where the amount of

operations realized on the system is relevant to the importance of transportation times in

the overall makespan.

For the fourth research question “the GA’s fitness value is computed using an approx-

imated time (based on shortest paths) but may differ from the true execution time when

more realistic routing (using TEA*) is applied. As the evaluation becomes increasingly

realistic, is there a significant difference in optimization efficiency?”, it was found that

there is no advantage to the use of joint routing and scheduling in comparison with the

sequential approach used in the third research question. This indicates that the approxi-

mated times used during the fitness evaluation of Scenario 1 are close enough to the real

paths to not negatively impact the optimization.
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Chapter 6

Conclusions

This work aimed to study the challenges for warehouse scheduling in the context of the

RobotAtFactory competition, exploring if better task schedules could be produced when

optimized together with the associated multi-robot path-planning. In order to achieve

that it was first necessary to understand how the competition structure fit inside of the

theoretical framework of the many optimal job scheduling problems, how a solution to

this problem could be represented as a graph structure and how this solution behaved

when multi-vehicle scenarios where considered.

In accordance with the first objective in this sequence the competition was catego-

rized as a Hybrid Flow Shop Scheduling Problem with Transportation Resources, as the

competition features all the main characteristics of this type of problem such as a specific

order of stages that is always followed, multiple machines to be chosen per stage and

transportation between machines being done by a limited number of vehicles. As a theo-

retical representation was established, it was possible to adapt the graph representation

for the Flexible Job Shop Scheduling Problem with Transportation Resources to fit the

RobotAtFactory competition. The graph was changed on how it represented consecutive

tasks on shared resources to account for the lack of buffers and the detail in the arguments

for edge weight calculation was increased to account for different pickup and delivery lo-

cations for each machine. This achieves the goal specified in Objective 1 of developing an

optimal job scheduling representation for the RobotAtFactory competition.
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The first three research questions encompass what was needed to accomplish the goal of

Objective 2, as they show how the environment benefits from different number of vehicles

organized under more efficient (as in scenario 1) and more inefficient (as in scenario 2)

scheduling schemes. The results from question 1 show how there is a massive gain in time

saved when 2 vehicles are used for all cases where the transport time is at least mildly

relevant to the final makespan, and how this advantage still exists in the severely restricted

environment proposed in question 2. The results for question 3 showed a decrease in

makespan that is still much smaller than the gains in the results of scenario 1, further

confirming that these gains can be achieved on real situations. The diminishing returns

are clear when adding more vehicles as they give smaller gains in scenario 1 and no gains

at all in scenario 2, showing that the use of 3 or more vehicles can only be taken advantage

of with the aid of more complex strategy for multi-robot path planning such as the one

from scenario 3. With these results in mind, it was concluded that the ideal number of

robots to solve the RobotAtFactory competition is 2, as they offer enough benefits even

when used with very simple strategies, offering the best tradeoffs between makespan and

problem complexity.

The fourth research question is directly related to Objective 3 of this work, that is,

the development of a joint scheduling and routing algorithm. It was found that the joint

approach brings no benefits on average, and its variation is well within what is expected

from a heuristic algorithm such as GA. This leads us to the conclusion that, for this

environment, there is no advantage in using a joint approach for scheduling and routing

over executing them in a sequential manner. It is believed that this happens due to a lack

of complexity in the environment, both in size and arrangement. A lack of complexity

in size because there are not enough bottlenecks and the overall shape of the shop floor

is extremely symmetrical, which results in multiple routes with approximately the same

travel time, thus defeating the purpose of searching for alternative routes. The lack

of complexity in arrangement refers to the impact of the machine assignments, as they

lack diversity of location. Just as many similar routes defeat the purpose of looking for

alternatives, when all machines available for a specific stage are located in very close

70



proximity an alternative choice of assignment does not impact the overall route, making

the choice of machine irrelevant from the point of view of transport time.

In conclusion, the 3 proposed objectives at the beginning of this work were achieved.

The proposed RaF representation for Objective 1 takes into account characteristics not

seen in related works (as seen in Table 2.1), such as zero buffers and separate pickup and

delivery locations. The analysis for Objective 2 shows how 2 vehicles always produces

advantages when transport times are relevant, but larger numbers of vehicles are depen-

dant on the scheduling strategy. The algorithm for joint optimization for Objective 3

points to a promising direction for research, even if it does not produce advantages in this

environment.

Future Works

There are many avenues to be explored in future works. Works interested in expanding

the RobotAtFactory model to dynamic problems could analyze how the model behaves

when exposed to parts arriving at the incoming warehouse at random intervals. Works

focused on the joint scheduling and routing problem could explore if changes in the the

general infrastructure (quantity and location of machines, changes in the spatial graph)

do cause the joint scheduling and routing algorithm to perform better.

Another possible avenue would be to explore the effects of vehicle diversity, as this

work assumes that all vehicles are identical. Works could explore how the environment

behaves for vehicles with different speeds or different drive types (differential wheeled

versus omnidirectional robots, for example). As this would require a more complex move-

ment model inside the simulation, it could also explore if the results found in this research

hold for more realistic simulations.
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