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Resumo

Os sistemas de fabrico modernos requerem mecanismos de coordenação flexíveis e interoperáveis,
capazes de se adaptar a requisitos de produção variáveis. As Asset Administration Shells (AASs)
fornecem uma forma normalizada de representar "assets" industriais em ambientes de Indústria
4.0, enquanto os sistemas multi-agente oferecem uma abordagem distribuída para a tomada de
decisão e coordenação de recursos. Esta dissertação investiga a utilização de agentes baseados em
AAS para o escalonamento da produção e coordenação de recursos.

Foi concebida e implementada uma arquitetura multi-agente baseada em AAS para coordenar
um cenário de fabrico simplificado, envolvendo produtos, máquinas de processamento, veículos
guiados automaticamente (AGV) e uma estação de carregamento. Na arquitetura proposta, estes
“assets” foram associados às suas próprias instâncias AAS e aos respetivos agentes de software. Os
agentes dos produtos obtêm informação sobre a rota do produto, descobrem recursos compatíveis,
reservam máquinas e AGVs, solicitam a execução de tarefas e atualizam os estados dos recursos
através de interações REST com a infraestrutura AAS.

O sistema foi implementado como um protótipo baseado em Python, utilizando Eclipse BaSyx,
serviços Flask e uma camada de recolha de métricas. Foi também implementada uma abordagem
centralizada de escalonamento com recurso ao PyJobShop, de forma a fornecer uma referência
para comparação. A avaliação considerou três dimensões experimentais: aumento da carga de
produtos, aumento dos tempos de processamento e escalamento proporcional dos “assets”. O
“makespan” foi utilizado como a principal métrica de desempenho.

Os resultados mostram que a abordagem centralizada baseada em PyJobShop obteve consis-
tentemente valores de makespan inferiores, como esperado devido à sua formulação completa do
problema e à ausência de sobrecarga de comunicação em tempo de execução. No entanto, a ar-
quitetura multi-agente baseada em AAS completou com sucesso todos os cenários avaliados e
apresentou um comportamento previsível perante o aumento das durações de processamento e o
escalamento proporcional. O trabalho demonstra a viabilidade da utilização de agentes baseados
em AAS para o escalonamento distribuído da produção, destacando também os custos de desem-
penho associados à comunicação, gestão de estados e coordenação descentralizada.
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Abstract

Modern manufacturing systems require flexible and interoperable coordination mechanisms capa-
ble of adapting to changing production requirements. Asset Administration Shells (AASs) provide
a standardized way to represent industrial assets in Industry 4.0 environments, while multi-agent
systems offer a distributed approach for decision-making and resource coordination. This dis-
sertation investigates the use of AAS-based agents for manufacturing scheduling and resource
coordination.

An AAS-based multi-agent architecture was designed and implemented to coordinate a simpli-
fied manufacturing scenario involving products, processing machines, automated guided vehicles
(AGVs), and a charging station. In the proposed architecture, these assets were associated with
their own AAS instances and corresponding software agents. Product Agents retrieve route in-
formation, discover compatible resources, claim machines and AGVs, request task execution, and
update resource states through REST-based interactions with the AAS infrastructure.

The system was implemented as a Python-based prototype using Eclipse BaSyx, Flask-based
services, and a metrics collection layer. A centralized scheduling baseline was also implemented
using PyJobShop to provide a reference for comparison. The evaluation considered three exper-
imental dimensions: increasing product workload, increasing processing time requirements, and
proportional asset scaling. Makespan was used as the primary performance metric.

The results show that the centralized PyJobShop baseline consistently achieved lower
makespan values, as expected due to its complete problem formulation and absence of runtime
communication overhead. Nevertheless, the proposed AAS-based multi-agent architecture suc-
cessfully completed all evaluated scenarios and exhibited predictable behaviour under increasing
processing durations and proportional scaling. The work demonstrates the feasibility of using
AAS-based agents for distributed manufacturing scheduling, while also highlighting the perfor-
mance costs associated with communication, state management, and decentralized coordination.
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UN Sustainable Development Goals

This dissertation is mainly aligned with Sustainable Development Goal 9: Industry, Innovation and
Infrastructure, as it investigates digital technologies for improving manufacturing coordination in
the context of Industry 4.0. The proposed architecture uses Asset Administration Shells and multi-
agent systems to support interoperable and distributed coordination between products, machines,
automated guided vehicles, and support infrastructure. By exploring how standardized digital
representations can be used in manufacturing scheduling, this work contributes to the development
of more flexible and digitally integrated industrial systems.

The work is also indirectly related to Sustainable Development Goal 12: Responsible Con-
sumption and Production. More effective scheduling and resource coordination can contribute
to improved use of manufacturing resources by reducing unnecessary waiting times, supporting
better allocation of machines and transport resources, and enabling more informed production
execution. Although this dissertation does not directly evaluate environmental indicators such as
energy consumption, material waste, or emissions, the proposed architecture provides a foundation
that could be extended in future work to include sustainability-oriented decision criteria.

Overall, the contribution of this dissertation to the Sustainable Development Goals is primar-
ily technological and methodological. It supports the development of interoperable and adaptive
manufacturing systems, while creating opportunities for future extensions involving resource effi-
ciency, energy-aware scheduling, and more sustainable production planning.

SDG 9 Build resilient infrastructure, promote inclusive and sustainable industrialization and fos-
ter innovation.

SDG 12 Ensure sustainable consumption and production patterns.
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SDG Target Contribution Performance Indicators and
Metrics

9
9.4 The proposed architecture supports the

digitalization and modernization of manu-
facturing systems by using Asset Adminis-
tration Shells to represent industrial assets
and enable interoperable coordination be-
tween products, machines, AGVs, and sup-
port infrastructure.

Qualitative assessment of AAS-
based interoperability and suc-
cessful execution of coordinated
manufacturing scenarios.

9.5 The dissertation contributes to research
and innovation in Industry 4.0 by explor-
ing the integration of AASs and multi-
agent systems for distributed manufactur-
ing scheduling and resource coordination.

Implementation of a working
prototype; comparison with a
centralized PyJobShop schedul-
ing baseline; makespan analysis
across experimental scenarios.

9.b The work supports the development of
technological capabilities for smart manu-
facturing through the use of open and mod-
ular digital technologies such as Eclipse
BaSyx, Python, Flask, and REST-based
services.

Prototype implementation using
open software tools and modu-
lar agent-based components.

12 12.2 Improved scheduling and resource coordi-
nation can contribute indirectly to more ef-
ficient use of manufacturing resources by
reducing unnecessary waiting times and
supporting better allocation of machines
and transport resources.

Makespan comparison under
workload scaling, processing
time scaling, and asset scaling
scenarios.

12.6 The architecture provides a foundation for
future extensions in which sustainability-
related information, such as energy con-
sumption or resource usage, could be inte-
grated into AAS submodels and used dur-
ing scheduling decisions.

Not directly evaluated in this
dissertation; identified as a pos-
sible direction for future work.
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Chapter 1

Introduction

Modern manufacturing systems are increasingly required to operate in dynamic and flexible en-

vironments. Production systems must be able to respond to changes in product demand, resource

availability, processing requirements, and operational constraints. As a result, traditional cen-

tralized control and scheduling approaches may become difficult to adapt when manufacturing

systems become more distributed, modular, and interconnected.

Industry 4.0 has introduced several technologies and concepts aimed at supporting digital-

ization, interoperability, and adaptability in industrial environments. Among these concepts, the

Asset Administration Shell (AAS) has gained relevance as a standardized digital representation of

industrial assets. An AAS can describe relevant information about an asset, such as its identity,

capabilities, state, and interfaces, allowing different software components to access and exchange

information in a structured way.

At the same time, Multi-Agent Systems (MASs) provide a distributed approach to decision-

making and coordination. In manufacturing contexts, agents can represent products, machines,

transport resources, or other production entities. These agents can interact with each other and with

digital asset representations to coordinate production execution. This makes MASs particularly

relevant for scenarios where decisions are distributed across multiple entities instead of being

made exclusively by a central controller.

Manufacturing scheduling is one of the areas where these concepts can be explored. Schedul-

ing involves assigning operations to resources while respecting constraints such as precedence,

resource capacity, and resource compatibility. In many cases, centralized scheduling approaches

can generate efficient schedules when the full problem is known in advance. However, distributed

approaches may offer advantages in terms of modularity, adaptability, and integration with digital

asset representations.

This dissertation investigates the use of AAS-based agents for manufacturing scheduling and

resource coordination. The work focuses on the design, implementation, and evaluation of an

AAS-based multi-agent architecture in which products, machines, automated guided vehicles, and

support infrastructure are represented through AAS instances and corresponding software agents.

1



Introduction 2

1.1 Context and motivation

The digital transformation of manufacturing requires systems that can exchange information re-

liably and coordinate resources in a flexible way. In this context, interoperability is a central

requirement. Machines, products, transport systems, and software services must be able to share

information about their capabilities and states so that production decisions can be made effectively.

The AAS provides a promising foundation for this type of interoperability. By representing

assets through standardized digital structures, AASs can support communication between hetero-

geneous industrial components. This is particularly relevant in modular manufacturing systems,

where resources may be added, removed, reconfigured, or reused across different production sce-

narios.

MASs complement this idea by distributing decision-making among autonomous entities. In-

stead of relying on a single centralized component to coordinate all resources, agents can make

local decisions based on the information available through the AAS infrastructure. For example,

a product agent can retrieve its required process route, discover compatible machines, reserve an

available resource, request task execution, and update the state of the system during execution.

The motivation for this dissertation comes from the possibility of combining AAS-based dig-

ital representations with agent-based coordination. This combination may support manufacturing

systems where scheduling and resource allocation are performed through distributed interactions,

while asset information remains accessible through a structured and interoperable information

layer.

1.2 Problem Statement

The main objective of this dissertation is to investigate the feasibility of using AASs as a shared

information layer for a multi-agent manufacturing scheduling architecture.

To achieve this objective, the following specific objectives were defined:

• Define a simplified manufacturing scheduling scenario involving products, processing ma-

chines, Automated Guided Vehicles (AGVs), and support infrastructure.

• Design an AAS-based multi-agent architecture for distributed resource coordination.

• Represent products, machines, AGVs, and the charging station through AAS instances and

scheduling-related submodels.

• Implement a Python-based prototype using Eclipse BaSyx, Flask-based services, and

Representational State Transfer (REST) communication.

• Implement a metrics collection mechanism to record execution events and calculate

makespan.

• Develop a centralized scheduling baseline using PyJobShop for comparison.
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• Evaluate both approaches under different experimental scenarios, including workload scal-

ing, processing time scaling, and asset scaling.

1.3 Research Questions

Based on the problem statement and objectives, this dissertation is guided by the following re-

search questions:

• How can AASs be used to represent the information required for distributed manufacturing

scheduling?

• How can product, machine, and AGV agents use AAS-based information to coordinate

production execution?

• Can an AAS-based multi-agent architecture successfully coordinate manufacturing and

transportation resources in the considered scenario?

• How does the makespan of the proposed AAS-based agent implementation compare with a

centralized scheduling baseline?

• How does the proposed architecture behave under increasing workload, longer processing

durations, and proportional asset scaling?

These questions are addressed through the design, implementation, and experimental evalua-

tion of the proposed architecture.

1.4 Methodology Overview

The methodology followed in this dissertation consists of four main stages.

First, a simplified manufacturing scheduling scenario was defined. The scenario includes prod-

ucts following a predefined route composed of Operation A, transport, and Operation B. The re-

sources include machines capable of performing the required operations, AGVs responsible for

transport tasks, and a charging station representing support infrastructure.

Second, an AAS-based multi-agent architecture was designed. In this architecture, each rele-

vant asset is associated with an AAS instance, and software agents use the information exposed by

the AAS infrastructure to coordinate execution. Each product is associated with its own Product

Agent instance, while machines and AGVs are represented by corresponding resource agents.

Third, the architecture was implemented as a Python-based prototype. Eclipse BaSyx was

used as the AAS infrastructure, Flask was used to implement REST-based services, and a metrics

collection layer was developed to record runtime events. A centralized PyJobShop baseline was

also implemented using the same logical scenario definition.
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Finally, experiments were conducted to evaluate the behaviour of the proposed system. The

experiments considered product workload scaling, processing time scaling, and asset scaling.

Makespan was used as the primary evaluation metric.

During the preparation of this dissertation, generative artificial intelligence tools were used as

auxiliary support tools. Perplexity AI was used to help identify potentially relevant related work.

OpenAI’s ChatGPT was used to support text structuring, language revision, LaTeX assistance,

and drafting of text based on the author’s ideas. GitHub Copilot, through Visual Studio Code, was

used as a programming assistance tool during code development. Artificial intelligence tools were

not used as a source of scientific information. The architecture, implementation, experimental

work, analysis of results, selection of references, and final content remain the responsibility of the

author.

1.5 Contributions

The main contributions of this dissertation are:

• The design of an AAS-based multi-agent architecture for manufacturing scheduling and

resource coordination.

• The implementation of a working prototype combining Eclipse BaSyx, Python agents,

Flask-based REST services, and a metrics collection layer.

• The representation of products, machines, AGVs, and charging infrastructure through AAS

instances and scheduling-related submodels.

• The development of a benchmark execution procedure for evaluating distributed AAS-based

coordination under different scenario configurations.

• The implementation of a centralized PyJobShop scheduling baseline for comparison with

the proposed agent-based approach.

• The experimental analysis of the proposed architecture using makespan across workload

scaling, processing time scaling, and asset scaling scenarios.

1.6 Dissertation Structure

The remainder of this dissertation is organized as follows.

Chapter 2 presents the background and related work relevant to this dissertation. It introduces

manufacturing scheduling, centralized and alternative scheduling approaches, MAS, AASs, and

recent work combining AASs with production scheduling and agent-based architectures.

Chapter 3 presents the proposed AAS-based multi-agent architecture. It describes the archi-

tecture at a conceptual level, including the role of the AAS information layer, the agent types and
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responsibilities, the communication mechanism, the coordination workflow, and the main archi-

tectural design choices and limitations.

Chapter 4 presents the case study definition and implementation. It describes the development

environment, the Eclipse BaSyx AAS infrastructure, the baseline manufacturing scenario, the im-

plemented AAS model, the agent services, the metrics collection mechanism, and the centralized

PyJobShop baseline used for comparison.

Chapter 5 presents the experimental evaluation of the implemented system. It defines the ex-

perimental scenarios, describes the benchmark execution procedure, presents the evaluation met-

rics, and analyzes the results obtained for product workload scaling, processing time scaling, and

asset scaling.

Chapter 6 concludes the dissertation. It summarizes the main findings and contributions, dis-

cusses the limitations of the work, and identifies possible directions for future research.



Chapter 2

Background and Related Work

This chapter presents the background and related work relevant to the dissertation. The work de-

veloped in this dissertation is positioned at the intersection of manufacturing scheduling, MASs,

and AASs. For this reason, the chapter first introduces manufacturing scheduling and centralized

scheduling approaches. It then discusses distributed and agent-based approaches in manufacturing,

followed by the role of AASs in Industry 4.0. Finally, the chapter reviews recent work combin-

ing AASs, production scheduling, and MASs, and identifies the research gap addressed by this

dissertation.

2.1 Manufacturing Scheduling

Manufacturing scheduling consists of planning the allocation and timing of production tasks across

available resources, subject to technological and operational constraints. In a typical scheduling

problem, products or jobs require a sequence of operations, each operation has a processing dura-

tion, and resources such as machines or transport systems have limited capacity. The scheduling

decision must therefore determine when each task should be executed and which compatible re-

source should perform it.

A common objective in manufacturing scheduling is the minimization of makespan, which

corresponds to the total time required to complete all jobs in a given scenario. Makespan is widely

used because it provides a direct measure of the overall completion time of a production work-

load. Lower makespan values generally indicate that the available resources are coordinated more

effectively.

Several scheduling problem variants exist. In the classical job-shop scheduling problem, each

job follows a predefined sequence of operations, and each operation is assigned to a specific ma-

chine. In the flexible job-shop scheduling problem, operations may be assigned to one of several

compatible machines [1]. This additional flexibility makes the problem more representative of

many real manufacturing systems, where multiple machines may be capable of executing the

same type of operation. However, it also increases the complexity of the scheduling decision,

6
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since the scheduler must decide both the sequence of operations and the allocation of operations

to compatible resources.

Transportation constraints further increase this complexity. In practical manufacturing sys-

tems, products often need to be transported between workstations by conveyors, mobile robots, or

AGVs. If transportation resources are ignored, the resulting schedule may not accurately repre-

sent the real execution of the production system. Products may wait not only for machines, but

also for transport resources, and these waiting times can affect makespan, resource utilization,

intermediate inventories, and operational performance.

[2] emphasizes that traditional job-shop scheduling studies often neglect travel times or as-

sume unlimited transport resources, which may be inconsistent with engineering practice. Their

work addresses the Flexible Job Shop Scheduling Problem with transportation constraints and

models the problem using a state transition diagram and a multi-objective function considering

makespan, average processing waiting time, and average transportation waiting time. This high-

lights the importance of considering processing and transportation decisions together.

The scenario considered in this dissertation follows the same general motivation, although in a

simplified form. Each product requires Operation A, a transport task, and Operation B. Machines

and AGVs are treated as limited-capacity resources, and products must coordinate access to both

processing and transportation resources. Therefore, the problem considered in this work includes

not only machine allocation and operation precedence, but also the coordination of transport re-

sources.

2.2 Centralized and Algorithmic Scheduling Approaches

Centralized scheduling approaches formulate the scheduling problem as a complete model before

execution. In this type of approach, information about all jobs, resources, durations, and con-

straints is assumed to be available to a central scheduler or optimization algorithm. The scheduler

then generates a schedule according to a selected objective, commonly makespan minimization.

Centralized approaches can be highly effective when the problem is well defined and all re-

quired information is available in advance. Constraint programming, mixed-integer linear pro-

gramming, and other optimization methods allow precedence constraints, resource capacity, alter-

native resource assignments, and operation durations to be modeled explicitly. In this dissertation,

PyJobShop is used as a centralized scheduling baseline, representing products as jobs and Opera-

tion A, transport, and Operation B as ordered tasks assigned to compatible resources.

However, manufacturing scheduling problems, especially flexible job-shop problems with

transportation constraints, are computationally challenging. [3] describes this type of problem as

multi-objective and NP-hard, noting that exact approaches are generally more suitable for small-

sized cases. As problem size and constraint complexity increase, researchers often investigate

alternative algorithmic strategies to obtain high-quality schedules within reasonable computation

times.
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One important class of alternatives is swarm-intelligence and bio-inspired optimization. [3]

proposes an artificial Physarum polycephalum colony algorithm for the flexible job-shop schedul-

ing problem with transportation constraints. Their approach is inspired by the expansion and con-

traction behaviour of Physarum polycephalum colonies and is designed to improve global search

ability and preserve high-quality solutions during iteration. Their computational experiments in-

dicate that the proposed method can outperform several state-of-the-art algorithms in terms of

scheduling performance.

This is relevant because it shows that the literature does not rely only on conventional cen-

tralized exact methods. Instead, complex scheduling problems have motivated the use of genetic

algorithms, particle swarm optimization, ant colony optimization, artificial bee colony algorithms,

memetic algorithms, grey wolf optimization, and other swarm or bio-inspired methods [3]. These

approaches aim to improve schedule quality, often with makespan as one of the main objectives.

Nevertheless, such approaches remain primarily algorithmic scheduling methods. They usu-

ally compute a schedule using a model of the problem, even when the optimization technique is

inspired by decentralized natural behaviour. This differs from the architecture proposed in this

dissertation, where scheduling and coordination decisions occur during execution through Product

Agents, resource agents, AAS state updates, and REST-based interactions.

Therefore, the centralized PyJobShop baseline used in this dissertation should be understood

as one reference point rather than as the only possible scheduling alternative. Other algorith-

mic approaches, such as the swarm-intelligence method proposed by [3], could also be used as

scheduling baselines in future work. The focus of this dissertation, however, is not the develop-

ment of a new optimization algorithm, but the implementation and evaluation of an AAS-based

distributed coordination architecture.

2.3 Multi-Agent Systems in Manufacturing

MASs are composed of autonomous software entities, called agents, that interact with each other

and with their environment. In manufacturing systems, agents can represent products, machines,

transport resources, production orders, or control components. Each agent may be responsible for

local decision-making, communication, and coordination.

The use of MASs in manufacturing is motivated by the distributed and modular nature of

modern production environments. Instead of concentrating all decision-making in a single central

controller, agents can represent different entities and coordinate through interaction. This can

support modularity, runtime adaptability, and the ability to react to changes in resource availability

or production conditions.

[4] proposed a MAS for dynamic just-in-time manufacturing production scheduling. This

type of work shows that agent-based approaches can be used to support dynamic scheduling deci-

sions in manufacturing contexts. [5] also compare centralized and distributed control approaches,

highlighting that scheduling complexity and system characteristics influence whether centralized

or distributed approaches are more appropriate.
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In a manufacturing scheduling context, Product Agents may coordinate the route of individual

products, Machine Agents may represent processing resources, and transport agents may repre-

sent AGVs or other material-handling resources. These agents can exchange information, request

task execution, and coordinate resource allocation during runtime. This differs from conventional

centralized scheduling, where the schedule is typically generated before execution.

Distributed agent-based scheduling also introduces challenges. Since multiple agents may

make decisions concurrently, the system must handle communication overhead, resource con-

tention, synchronization, and possible race conditions. Local decisions may also be less efficient

than schedules generated by global optimization methods. Therefore, agent-based approaches

involve a trade-off between adaptability, modularity, and scheduling optimality.

The architecture proposed in this dissertation follows an agent-based coordination model.

Each product is associated with its own Product Agent instance. This agent reads route informa-

tion, discovers compatible resources, claims machines and AGVs, requests operation or transport

execution, and updates resource states through the AAS infrastructure.

2.4 Asset Administration Shells

The AAS is a key concept in Industry 4.0 and provides a standardized digital representation of an

industrial asset. An asset may be a physical entity, such as a machine, AGV, or charging station,

or a logical entity, such as a product order or process description. The AAS organizes asset-

related information in a structured way and makes it accessible through standardized interfaces

and submodels.

[6] review ten years of AAS development, identifying research opportunities and adoption

challenges. Their work shows that the AAS has become an important concept for industrial dig-

italization, but also that practical adoption still involves challenges related to implementation,

interoperability, and integration with existing systems.

An AAS typically contains asset identification information and one or more submodels. Sub-

models describe specific aspects of the asset, such as technical data, capabilities, operational state,

documentation, interfaces, or process-related information. This modular structure allows different

categories of information to be represented in a consistent and extensible way.

The AAS is also closely related to the concept of the digital twin. [7] discusses AAS appli-

cations in manufacturing and the relationship between AASs and digital twins. In this context,

the AAS can be understood as a structured digital representation that supports access to asset

information and interaction with other software components.

Interoperability is one of the main motivations for using AASs. [8] presents an AAS-based

method for data exchange between manufacturing software applications, showing how AASs can

support information exchange between heterogeneous systems. This is relevant for manufacturing

environments where production resources, software services, and control components must share

information reliably.
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In this dissertation, AASs are used as a shared information layer for scheduling and resource

coordination. Product AASs store route and execution-related information, Machine AASs expose

operation capabilities and state information, AGV AASs expose transport-related information, and

the Charging Station AAS represents support infrastructure. Agents use this AAS-based informa-

tion to coordinate execution during runtime.

2.5 AAS Types and Active Asset Behaviour

Different levels of AAS interaction and behaviour can be considered. In simpler implementations,

the AAS mainly acts as a structured information model accessed through Application Program-

ming Interfaces (APIs). More advanced concepts aim to associate the AAS with active behaviour,

autonomy, and interaction capabilities.

This distinction is relevant to the work developed in this dissertation. The initial intention

of the project was to explore an implementation closer to an AAS Type 3 concept, in which the

AAS would not only expose information but also support more active behaviour and interaction.

However, due to limited practical documentation and implementation support for this type of AAS,

the prototype was developed using a Type 2-oriented AAS API approach.

Sakurada et al. [9] discuss the role of MASs in realizing AAS Type 3. Their work is partic-

ularly relevant because it connects the active and autonomous behaviour expected from advanced

AASs with the capabilities of MASs. This supports the idea that agents can provide the be-

havioural layer needed to move beyond passive asset representation.

The implementation developed in this dissertation can therefore be interpreted as a hybrid

approach. The AAS infrastructure is used mainly as a structured information layer, which is con-

sistent with a Type 2-oriented implementation. However, active behaviour is provided externally

by software agents. These agents read and update AAS information, make coordination decisions,

request task execution, and manage resource states during runtime.

This hybrid interpretation is important because it clarifies the role of the AAS in the pro-

posed architecture. The AAS does not directly perform scheduling decisions. Instead, it provides

standardized asset information that agents use during coordination. The active decision-making

behaviour is implemented in the agent layer.

2.6 AAS-Based Scheduling and Agent Integration

Recent research has explored the use of AASs in production scheduling and MASs. This is rel-

evant because scheduling requires structured information about products, resources, operations,

capabilities, states, and constraints. AASs provide a way to represent this information in a stan-

dardized and interoperable form.

Siatras et al. [10] investigate the use of AASs for modeling and deploying production schedul-

ing agents within a MAS. Their work is closely related to this dissertation because it explicitly
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connects AAS-based modeling with scheduling agents. It shows that AASs can support the orga-

nization and deployment of agent-based scheduling components.

Gannouni et al. [11] propose a blueprint description of production scheduling models using

AASs. Their work is relevant because it focuses on representing production scheduling mod-

els through AAS submodels. This supports the idea that scheduling-related information can be

structured within the AAS framework and reused by scheduling systems or decision-support com-

ponents.

Together, these works show that AASs are increasingly being considered not only as passive

digital representations, but also as enablers for scheduling, decision support, and distributed coor-

dination. However, practical implementation still requires design decisions about where decision-

making is located, how agents access AAS information, how resource states are updated, and how

execution is monitored.

The architecture proposed in this dissertation contributes to this area by implementing a work-

ing AAS-based multi-agent scheduling prototype. AAS instances represent products, machines,

AGVs, and a charging station, while software agents provide active coordination behaviour. Prod-

uct Agents use AAS information to discover resources, claim machines and AGVs, execute prod-

uct routes, and record runtime events.

2.7 Research Gap

The reviewed literature shows that manufacturing scheduling has been widely studied using cen-

tralized optimization approaches, flexible job-shop formulations, and transportation-aware schedul-

ing models. It also shows that, due to the complexity of such problems, researchers often inves-

tigate alternatives to conventional exact methods, including swarm-intelligence and bio-inspired

algorithms. Cai et al. [3] , for example, propose an artificial Physarum polycephalum colony al-

gorithm and report improved scheduling performance for transport-constrained flexible job-shop

instances.

At the same time, MASs have been studied as an approach for distributed and dynamic man-

ufacturing coordination, while AASs have been developed as standardized digital representations

for Industry 4.0 assets. Recent works have started to connect AASs with scheduling models and

scheduling agents [10], [11], and the role of MASs in realizing more active AAS concepts has

also been discussed [9].

Despite these contributions, there is still a need to study executable architectures that com-

bine AAS-based asset representation with runtime agent-based manufacturing coordination and

compare their behaviour with centralized scheduling baselines. In particular, it is important to un-

derstand how AAS submodels can represent scheduling-relevant information, how Product Agents

can use this information during execution, and what performance costs arise from distributed re-

source discovery, claiming, REST communication, and AAS state updates.

The research gap addressed in this dissertation is therefore the design, implementation, and

evaluation of an AAS-based multi-agent architecture for manufacturing scheduling and resource
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coordination. Unlike algorithmic scheduling approaches that mainly focus on finding high-quality

schedules, this dissertation focuses on how scheduling and coordination can be executed through

AAS-based interactions between agents. Unlike purely conceptual AAS scheduling models, the

work implements and evaluates a working prototype.

The objective is not to demonstrate that the proposed distributed architecture outperforms cen-

tralized or swarm-intelligence scheduling algorithms in terms of makespan. Instead, the objective

is to evaluate the feasibility of AAS-based distributed coordination and identify the trade-offs

introduced by communication overhead, state management, and decentralized decision-making.

2.8 Chapter Summary

This chapter presented the main background concepts and related work relevant to the disserta-

tion. Manufacturing scheduling was introduced as the problem of assigning tasks to resources

while respecting precedence, capacity, capability, and transportation constraints. The relevance of

transportation-aware scheduling was emphasized, since material movement between production

stages can significantly affect the performance of manufacturing systems.

Centralized and algorithmic scheduling approaches were then discussed. While centralized

optimization can be effective when the full problem is known in advance, complex flexible job-

shop scheduling problems with transportation constraints often motivate the use of alternative

algorithms, including swarm-intelligence and bio-inspired methods.

The chapter also presented MASs as a distributed approach for manufacturing coordination,

and AASs as standardized digital representations of industrial assets. The relationship between

AASs and active asset behaviour was discussed, with particular attention to the role of MASs in

supporting more advanced AAS concepts.

Finally, the chapter identified the research gap addressed by this dissertation: the implemen-

tation and evaluation of an AAS-based multi-agent architecture for manufacturing scheduling and

resource coordination, compared with a centralized PyJobShop scheduling baseline. The next

chapter defines the proposed AAS-based multi-agent architecture used to develop and evaluate the

proposed system.



Chapter 3

Proposed AAS-Based Multi-Agent
Architecture

This chapter presents the proposed AAS-based multi-agent architecture developed for manufac-

turing scheduling and resource coordination.

The main objective of the architecture is to enable distributed coordination between manufac-

turing entities without relying on a single centralized scheduling component. Products, machines,

AGVs, and support stations are represented by software agents associated with corresponding

AAS instances. These agents interact with the AAS infrastructure to retrieve process information,

check resource availability, reserve resources, and update execution states.

The chapter first provides an overview of the proposed architecture. It describes the main

layers, roles, interactions, and design choices of the proposed approach without focusing on the

specific implementation details of the experimental prototype.

3.1 Architecture Overview

The proposed architecture combines AASs with a MAS to support distributed manufacturing

scheduling and resource coordination. Each relevant manufacturing entity is represented digi-

tally through an AAS and behaviourally through a software agent. The AAS provides structured

information about the asset, while the associated agent interprets this information and performs

coordination or execution actions during runtime.

At a high level, the architecture is composed of two main layers:

• AAS layer: provides structured digital representations of the assets and exposes information

related to capabilities, routes, interfaces, and states.

• Agent layer: contains the software agents responsible for coordination, decision-making,

task requests, and state updates during execution.

Figure 3.1 presents the core interaction pattern of the proposed AAS-based multi-agent archi-

tecture.

13
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Figure 3.1: Interaction pattern of the proposed AAS-based multi-agent architecture.

The AAS infrastructure acts as a shared information layer between agents. Product Agents

use it to retrieve product-related information, identify the next required task, discover compatible

resources, and inspect resource states. Resource Agents, such as Machine Agents, AGV Agents,

and Support Agents, use the same infrastructure to expose and update information about their

corresponding assets.

Task execution is performed through direct service requests between agents. After selecting

and reserving a suitable resource, a Product Agent sends an operation or transport request to the

corresponding Resource Agent. This separates information access from task execution: the AAS

infrastructure stores and exposes asset information, while the agents provide the active behaviour

required to coordinate and execute production tasks.

In this architecture, scheduling decisions are not generated by a centralized scheduler. In-

stead, coordination emerges during execution from interactions between Product Agents, Resource

Agents, and the shared AAS-based information layer. The Product Agent plays the main coordina-

tion role for each production order by following the product route, selecting compatible resources,

reserving them, and requesting task execution.

An evaluation component can also be included to record execution events such as product

start, operation start, operation end, transport start, transport end, and product completion. This

component does not participate in scheduling decisions; it only records data that can later be used

to calculate performance metrics such as makespan.

This separation between asset representation, agent behaviour, task execution, and evalua-

tion logic makes the architecture modular and extensible. Additional products, machines, AGVs,

support resources, or submodels can be introduced without changing the general coordination

principle of the system.

3.2 AAS Infrastructure as the Information Layer

The AAS infrastructure provides the shared information layer used by the agents during coordina-

tion. In the proposed architecture, AASs are used to represent relevant information about manu-

facturing entities such as products, machines, AGVs, and support infrastructure. This information

is accessed and updated by agents during execution.
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Figure 3.2: Conceptual representation of the AAS as a structured digital representation of an asset.

The purpose of the AAS layer is not to perform scheduling decisions directly. Instead, it

provides structured asset information that agents can use to make coordination decisions. Product

Agents access the AAS infrastructure to retrieve product routes, discover compatible resources,

inspect resource states, and update execution-related information. Resource Agents use the same

infrastructure to expose and update information about their corresponding assets.

Figure 3.2 illustrates the conceptual role of the AAS as a structured digital representation as-

sociated with an asset. Each AAS contains identification information and submodels that describe

specific aspects of the represented asset. In the context of this dissertation, these submodels are

used to represent scheduling-related information, such as product routes, resource capabilities,

service interfaces, and operational states.

The figure is intentionally abstract. It does not aim to reproduce the complete AAS meta-

model, but rather to show how the AAS structure is used in this work as an information layer

for distributed scheduling and resource coordination. The concrete AAS instances and submodels

implemented in the prototype are described in Chapter 4.

In generic AAS terminology, the asset represented by an AAS can be a physical object, a

logical entity, a software component, or another relevant element of an industrial system. In the

context of this dissertation, the represented assets correspond to the manufacturing entities consid-

ered in the scheduling architecture, namely products, machines, AGVs, and support infrastructure.

Since the prototype is implemented in a simulated software environment, these assets are not con-

nected to physical equipment. Instead, their behaviour is represented by Python-based agents and

services associated with the corresponding AAS instances.

In the proposed architecture, the AAS layer provides several categories of information required

for coordination:

• Product information: identifies the product and describes its route and execution-related

data. This allows Product Agents to determine which task must be performed next.
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Table 3.1: Agent types and main responsibilities.

Agent type Main responsibilities
Product Agent Reads product route, selects resources, coordinates execution
Machine Agent Executes processing tasks and updates machine state
AGV Agent Executes transport tasks and updates AGV state/location
AGV Station Agent Represents AGV support/charging infrastructure

• Resource capabilities: describe which operations or services a resource can provide. This

information is used to identify compatible machines, AGVs, or support resources.

• Service interfaces: provide the information required to contact the corresponding resource

agents. This allows Product Agents to request operation or transport execution.

• Resource states: represent the current availability or assignment state of each resource.

These states are used during resource selection, reservation, and release.

• Support information: represents auxiliary infrastructure, such as charging or support sta-

tions, allowing the architecture to include additional resource types beyond processing ma-

chines and AGVs.

This organization allows the agent logic to depend on information exposed through the AAS

infrastructure rather than on hard-coded knowledge about the production system. Resource capa-

bilities are used to identify compatible assets, service interfaces are used to request execution, and

resource states are used to coordinate reservations during runtime.

By using the AAS infrastructure as a shared information layer, the architecture separates asset

representation from agent behaviour. The AAS layer provides structured and accessible infor-

mation, while the agents provide the active coordination logic required to execute the production

workflow.

A design decision in the proposed architecture is the use of an AAS server as a shared informa-

tion layer, instead of relying only on direct communication between agents. If agents communi-

cated exclusively with each other, information about routes, capabilities, interfaces, and resource

states would need to be exchanged and maintained directly between multiple software compo-

nents. This would increase coupling between agents and make the system more difficult to extend,

since each agent would need to know where and how to obtain information from other agents.

3.3 Agent Types and Asset Representation

The proposed architecture relies on software agents associated with the main manufacturing en-

tities represented by AAS instances. Each agent is responsible for monitoring, interpreting, and

updating information related to its corresponding asset. Together, these agents coordinate the

execution of production orders without relying on a centralized scheduling component.

The main agent types considered in the proposed architecture are summarized in Table 3.1.
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The Product Agent is responsible for coordinating the execution of a product order. It retrieves

the product route from the Product AAS and determines which task must be executed next. For

each step of the route, the Product Agent identifies suitable resources, checks their availability, and

requests execution from the corresponding resource agent. In this architecture, the Product Agent

plays the main coordination role, since it follows the product through the production process and

initiates interactions with machines and AGVs.

The Machine Agent represents a processing resource. It is responsible for executing operation

requests received from Product Agents and updating the state of the corresponding Machine AAS.

Each Machine Agent is associated with a specific capability, such as Operation A or Operation B.

When an operation is requested, the Machine Agent simulates the processing task and returns the

result after completion.

The AGV Agent represents a transportation resource. It is responsible for executing transport

requests between production stages. When requested by a Product Agent, the AGV Agent per-

forms the transport task, updates its location and state information, and reports completion. The

AGV Agent also maintains information related to battery level, which provides a basis for future

extensions involving charging decisions.

The AGV Station Agent represents support infrastructure associated with AGV operation. In

the current implementation, its role is limited, but it is included in the architecture to support future

extensions related to charging station availability and AGV battery management.

Overall, the agent roles are designed to separate coordination, processing, transportation, and

evaluation responsibilities. This separation supports modularity and makes it possible to extend

the system with additional resource types or more advanced coordination mechanisms.

3.4 Communication Mechanism

Communication in the proposed architecture is based on REST interactions between the agents, the

AAS infrastructure, and the execution services associated with manufacturing resources. The AAS

server acts as the main information layer, exposing asset data in a structured form and allowing

agents to read and update relevant information during production execution.

The agents interact with the Eclipse BaSyx AAS server to access AAS instances and their cor-

responding submodels. Product Agents retrieve process and route information from Product AAS

instances, while resource-related information such as machine capability, machine state, AGV

state, location, and battery level is obtained from the AAS instances associated with machines and

AGVs.

In addition to accessing the AAS infrastructure, agents may also communicate directly with

resource agents when execution of a task is required. For example, after selecting and reserving

an available machine, the Product Agent sends an operation request to the corresponding Machine

Agent. Similarly, when transportation is required, the Product Agent sends a transport request to

an AGV Agent.
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Figure 3.3: Communication flow between agents, the AAS infrastructure, and the metrics collec-
tor.

Figure 3.3 summarizes the main communication paths in the proposed architecture. The Prod-

uct Agent interacts with the AAS server to access and update asset information, sends execution

requests to Machine and AGV Agents, and reports execution events to the Metrics Collector.

This communication structure separates information access from task execution. The AAS

infrastructure provides a common representation of asset information, while the agents are re-

sponsible for interpreting this information and executing the corresponding production or trans-

port actions. This design allows the system to combine standardized asset representation with

distributed decision-making.

The communication mechanism used in the proposed architecture can therefore be summa-

rized as follows:

• Agents read process, route, capability, and state information from AAS submodels.

• Agents update AAS submodels when resource states or asset information change.

• Product Agents send execution requests to Machine Agents and AGV Agents.

• Execution events are sent to the Metrics Collector for later analysis.

The communication mechanism therefore follows a hybrid pattern. The AAS infrastructure

is used for discovery, shared information access, and state updates, while direct agent-to-agent

communication is used for execution requests. This avoids embedding all resource knowledge di-

rectly inside Product Agents, while still allowing Resource Agents to provide active task execution

services.
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3.5 Scheduling and Coordination Mechanism

The scheduling mechanism is driven primarily by the Product Agent. Each Product Agent is re-

sponsible for coordinating the execution of the route associated with a product order. The route

defines the sequence of tasks required to complete the product, while the AAS infrastructure pro-

vides the information needed to identify and reserve suitable resources.

At the beginning of execution, the Product Agent retrieves the product route from the corre-

sponding Product AAS. In the baseline scenario, the route consists of Operation A, a transport

task, and Operation B. The Product Agent then discovers the available resources and reads the

relevant interface and status submodels exposed through the AAS infrastructure.

For each route step, the Product Agent determines whether the required task is a processing

operation or a transport operation. When a processing operation is required, the Product Agent

searches for machines capable of executing the corresponding operation. After selecting an avail-

able machine, the Product Agent updates the machine state in the AAS to reserve the resource,

confirms the reservation, and sends an execution request to the corresponding Machine Agent.

Transportation tasks follow the same general logic. When transport is required, the Product

Agent searches for an available AGV, updates the AGV state to reserve it, confirms the reservation,

and sends a transport request to the AGV Agent. The AGV Agent then performs the transport task

and updates relevant information such as location and battery level.

During execution, relevant events are sent to the Metrics Collector. These events include

product start, operation start, operation end, transport start, transport end, and product completion.

The collected data is later used to calculate makespan and analyze the behaviour of the proposed

scheduling approach.

Figure 3.4 presents the scheduling and coordination workflow followed by the Product Agent

during the execution of a production order.

3.6 AAS Type 2 and Type 3 Design Considerations

The architecture developed in this dissertation was initially motivated by the idea of exploring an

implementation closer to an AAS Type 3 concept. In such a concept, the AAS would not only

expose information about an asset but also support more active interaction and behaviour.

In practice, the implemented prototype adopts a Type 2-oriented AAS interaction model, since

the AAS infrastructure is used mainly to expose and update structured asset information through

APIs. This choice was influenced by the availability of implementation tools, documentation, and

practical support for this type of interaction model.

Nevertheless, the architecture is not a purely passive AAS-based system. Active behaviour

is provided by the software agents, which use AAS information to coordinate execution. Prod-

uct Agents make resource-selection decisions, reserve resources, request operations and transport

tasks, and update execution states during runtime. Machine and Transport Agents provide execu-

tion capabilities and update asset-related information.
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Figure 3.4: Simplified scheduling and coordination workflow followed by the Product Agent.



3.7 State Consistency and Race Condition Handling 21

For this reason, the proposed system can be interpreted as a hybrid between a Type 2-oriented

implementation and the behavioural expectations associated with more advanced AAS concepts.

The AAS layer provides standardized information access, while the agent layer provides active

behaviour and distributed coordination.

This design choice preserves the main objective of the work: investigating how AAS-based

asset representations can support distributed manufacturing scheduling. At the same time, it avoids

depending on immature or insufficiently documented Type 3 implementation mechanisms.

3.7 State Consistency and Race Condition Handling

Since the proposed architecture relies on distributed agents, state consistency is an important as-

pect of the coordination mechanism. Multiple Product Agents may attempt to access the same

manufacturing resource at similar times, particularly when several products are being processed

concurrently. Without a control mechanism, this could lead to conflicting assignments, such as

two products being allocated to the same machine or AGV simultaneously.

To reduce this risk, the architecture uses state information stored in the AAS submodels asso-

ciated with each resource. Before assigning a task, the Product Agent reads the current state of the

required resource. If the resource is available, the Product Agent updates the state to indicate that

the resource is busy and associated with a specific product. The state is then checked again before

execution proceeds.

This read-update-check sequence acts as a simple reservation mechanism. A resource is only

used after its state has been updated and confirmed. When the requested operation or transport

task is completed, the resource state is updated again to indicate that it is available for future

assignments.

Although this mechanism reduces the likelihood of conflicting assignments, it does not provide

the same guarantees as a transactional locking mechanism. Since the implementation is based

on REST communication and a custom Python-based agent system, race conditions may still

occur under certain timing conditions if multiple agents attempt to update the same resource state

simultaneously. This limitation is important when interpreting the experimental results, since

synchronization and communication overhead can influence the makespan obtained by the agent-

based approach.

In this dissertation, the implemented mechanism is considered sufficient for evaluating the fea-

sibility of AAS-based distributed scheduling in the proposed scenarios. However, future versions

of the architecture should investigate more robust consistency mechanisms, such as explicit locks,

transactional updates, resource reservation services, or negotiation protocols between agents.

3.8 Architecture Limitations

The proposed architecture provides a modular approach for distributed manufacturing scheduling

using AAS-based agents. However, several limitations should be acknowledged.
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First, the architecture relies on repeated REST communication with the AAS infrastructure.

This introduces communication overhead, especially when the number of products increases and

more agents interact with shared resources. As a result, the execution time of the agent-based ap-

proach may be influenced not only by processing and transport durations, but also by the frequency

of state reads, updates, and confirmations.

Second, the reservation mechanism used to coordinate resource access is based on resource

state updates rather than on a formal transactional locking mechanism. Although the read-update-

check sequence reduces the probability of conflicting assignments, it does not provide the same

guarantees as a dedicated synchronization or reservation service.

Third, the architecture was evaluated using simplified manufacturing scenarios with determin-

istic processing and transport times. More complex scenarios, involving heterogeneous products,

dynamic events, machine failures, or more detailed AGV behaviour, would be required to fully

assess the applicability of the architecture in more realistic manufacturing environments.

Another limitation concerns the AAS interaction model adopted in the implementation. The

original intention was to explore a more active AAS Type 3-oriented approach. However, due to

limited practical documentation and implementation support, the prototype was developed using

a Type 2-oriented AAS API combined with external software agents. Therefore, the active be-

haviour of the system is not embedded inside the AAS itself, but implemented in the agent layer.

This makes the architecture closer to a hybrid approach, where AASs provide standardized asset

information and agents provide the runtime behaviour and coordination logic.

These limitations do not invalidate the proposed approach, but they define important directions

for future improvements and provide context for the interpretation of the experimental results.

3.9 Chapter Summary

This chapter presented the proposed AAS-based multi-agent architecture for manufacturing

scheduling and resource coordination. The architecture combines AASs, software agents, REST-

based communication, and a metrics collection component to support distributed production exe-

cution.

The AAS infrastructure provides structured information about products, machines, AGVs,

and stations, while the software agents use this information to coordinate operations and transport

tasks. The Product Agent plays the central coordination role by following the product route,

selecting compatible resources, reserving them, and requesting task execution.

The chapter also described the communication mechanism and the state consistency approach

used to reduce conflicting resource assignments. These architectural decisions form the basis for

the implementation described in the next chapter.



Chapter 4

Case Study Definition and
Implementation

This chapter presents the concrete case study and implementation used to instantiate the archi-

tecture described in Chapter 3. While the previous chapter introduced the proposed AAS-based

multi-agent architecture at a conceptual level, this chapter describes how that architecture was

implemented and evaluated in a simplified manufacturing scheduling scenario.

The chapter first presents the development environment and tools used in the prototype. It

then explains the role of the Eclipse BaSyx AAS infrastructure, defines the baseline manufacturing

scenario, describes the implemented AAS model, and presents the agent services developed for

product coordination, machine execution, and transport execution. Finally, the metrics collection

mechanism, centralized PyJobShop baseline, and main implementation challenges are discussed.

4.1 Development Environment and Tools

The prototype was implemented using a set of tools selected according to availability, interoper-

ability, and suitability for rapid development of an AAS-based MAS. Since the objective of the

dissertation was to evaluate the feasibility of the proposed architecture rather than to develop a

new AAS infrastructure from scratch, preference was given to tools that were open, documented,

and compatible with REST-based integration.

Python was selected as the main programming language due to its simplicity, extensive library

ecosystem, and suitability for rapid prototyping. It was used to implement the Product Agents,

supporting scripts, benchmark execution logic, and data processing components. Flask was used

to implement lightweight REST services for resource agents and the Metrics Collector, allowing

the different components of the prototype to communicate through Hypertext Transfer Protocol

(HTTP) requests.

Eclipse BaSyx was selected as the AAS infrastructure. This choice was motivated by its avail-

ability as an open-source implementation, its support for creating and exposing AAS instances and

submodels, and its suitability for server-side AAS deployment. In addition, BaSyx is commonly

23
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Table 4.1: Main tools and technologies used in the implementation.

Tool or technology Purpose
Python Implementation of agents, scripts, experiment logic, and

data processing.
Flask Development of REST services for Machine Agents, AGV

Agents, and the Metrics Collector.
Eclipse BaSyx AAS server and infrastructure for storing and exposing

AAS instances and submodels.
REST API Communication between agents, services, and the AAS in-

frastructure.
PyJobShop Implementation of the centralized scheduling baseline.
Podman / Podman Desktop Container management for running the AAS infrastructure.
Visual Studio Code Development environment used during implementation.

used in research and practical examples related to AAS-based systems, making it an appropri-

ate choice for implementing the information layer of the proposed architecture. Its REST-based

access mechanisms allowed the Python agents to retrieve product routes, inspect resource capabil-

ities, read resource states, and update execution-related information during runtime.

Container-based execution was used to run the AAS infrastructure locally. Docker Desktop

was initially considered and tested, but Podman Desktop was adopted for the final implementation

as an open-source alternative for managing the required container services. Visual Studio Code

was used as the development environment for writing, testing, and organizing the prototype code.

Finally, PyJobShop was selected to implement the centralized scheduling baseline. This tool

made it possible to define the same logical scheduling scenario in a centralized form and solve

it using a constraint-programming-based scheduling approach. The resulting baseline provides

a reference for comparing the makespan obtained by the proposed distributed AAS-based multi-

agent implementation.

The main tools and technologies used in the implementation are summarized in Table 4.1.

The experiments were executed locally on a personal computer. Table 4.2 summarizes the

hardware and software environment used for the benchmark runs. All experimental scenarios

were executed using the same environment, allowing the observed results of the proposed imple-

mentation and the centralized baseline to be compared under consistent conditions.

Table 4.2: Hardware and software environment used for the experiments.

Component Specification
Processor Intel Core I5 11600k
Memory 16 GB DDR4
Operating system Windows 10 Pro
Container environment Podman / Podman Desktop
Python version Python 3.11.9
AAS infrastructure Eclipse BaSyx
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4.2 Eclipse BaSyx AAS Infrastructure

Eclipse BaSyx was used as the AAS infrastructure for the prototype. In this work, the BaSyx AAS

server provides the runtime environment where AAS instances and submodels are created, stored,

accessed, and updated. The server exposes REST-based interfaces that allow the agents to retrieve

product routes, inspect resource capabilities, read resource states, and update execution-related

information.

The choice of Eclipse BaSyx was motivated by both practical and literature-based consid-

erations. From a practical perspective, the prototype required an AAS infrastructure capable of

hosting AAS instances and submodels locally, exposing them through an API, and allowing ex-

ternal software agents to read and update asset information during execution. BaSyx satisfied

these requirements and provided an open-source implementation suitable for integration with the

Python-based agents developed in this work.

The selection was also supported by the comparative analysis presented in [12], which eval-

uates publicly available AAS Software Development Kits (SDKs) and code generation tools for

working with the AAS v3 metamodel and AAS API. In that comparison, BaSyx Java V2 was iden-

tified as one of the most complete options regarding support for both client-side and server-side

functionality. This made it a suitable choice for the present work, where the AAS infrastructure

had to provide server-side access to asset information while remaining compatible with external

client applications.

The BaSyx server does not perform scheduling decisions. Instead, it acts as a shared infor-

mation layer between the agents. Scheduling and coordination behaviour is implemented in the

agent layer, while BaSyx provides the AAS-based representation of products, machines, AGVs,

and support infrastructure. Product Agents use the AAS infrastructure to discover resource ca-

pabilities and states, while Resource Agents use it to expose and update information about their

corresponding assets.

This design choice follows the architecture described in Chapter 3. Rather than hard-coding all

resource knowledge inside the Product Agents or relying only on direct communication between

agents, the AAS server provides a common structured access point for asset information. This

supports modularity and interoperability, since new resources can be represented by adding or

updating their corresponding AAS instances and submodels.

In the implementation, BaSyx was deployed locally using container-based infrastructure. The

agents and supporting services interacted with the AAS server through REST requests. This al-

lowed the prototype to reproduce the intended architectural separation between the information

layer and the behavioural layer: BaSyx provided the structured AAS representation, while the

software agents provided the active coordination and execution logic.
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Table 4.3: Manufacturing resources considered in the baseline scenario.

Resource type Quantity Capability
Machine A 2 Operation A
Machine B 1 Operation B
AGV 2 Product transportation
AGV station 1 AGV support/charging

4.3 Baseline Scenario

The baseline scenario considered in this dissertation represents a simplified manufacturing en-

vironment composed of processing machines, transportation resources, and product orders. The

scenario is intentionally abstracted in order to focus on the coordination and scheduling aspects of

the system rather than on the physical details of a specific industrial process.

The definition of the baseline scenario was informed by [1]. However, the scenario used in

this dissertation does not directly reproduce those instances. Instead, a simple configuration was

adopted as a starting point and adapted to include transportation resources and the AAS-based

agent architecture developed in this work.

The baseline configuration consists of three processing machines and two automated guided

vehicles. Two machines are capable of performing Operation A, while one machine is capable of

performing Operation B. The operation names are kept abstract, since the objective is not to model

a specific manufacturing process, but rather to evaluate how resources can be coordinated through

an AAS-based multi-agent architecture.

The system processes products that follow a predefined route. In the baseline case, each prod-

uct requires the sequential execution of Operation A followed by Operation B. After completing

Operation A, the product must be transported by an available AGV to the resource responsible for

Operation B. This introduces both processing and transportation constraints into the scheduling

problem.

The manufacturing resources considered in the baseline scenario are summarized in Table 4.3.

The product route and the baseline durations associated with each step of the product route con-

sidered in the baseline scenario is presented in Table 4.4.

Each machine can process only one product at a time, and each AGV can transport only one

product at a time. Therefore, products compete for shared resources during execution. In addi-

tion, the precedence relation between operations must be respected, meaning that Operation B

cannot start before Operation A has been completed and the product has been transported to the

Table 4.4: Baseline product route and task durations.

Step Task Required resource Duration (s)
1 Operation A Machine A1 or Machine A2 3
2 Transport AGV 4
3 Operation B Machine B1 2
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appropriate resource.

Transport operations are abstracted as time-based tasks executed by AGV agents. Although the

physical layout of the factory is simplified, the inclusion of AGVs allows the scheduling problem

to represent both production and material-handling decisions.

The baseline scenario is later extended in the experimental evaluation by varying the num-

ber of products, processing durations, and system size. These variations allow the behaviour of

the proposed architecture to be analyzed under increasing production demand, longer processing

requirements, and proportional scaling of manufacturing assets.

4.4 AAS Infrastructure and Asset Model Creation

Before executing the scheduling experiments, the AAS infrastructure was populated with the dig-

ital representations of the assets involved in the manufacturing scenario. These assets included

products, machines, AGVs, and the AGV station. Each asset was represented by an AAS instance

containing information relevant to the scheduling and coordination process.

The creation of AAS instances was automated ustoing Python scripts. These scripts defined the

required AAS shells and associated submodels, and then submitted them to the BaSyx AAS server

through REST requests. This allowed the experimental scenarios to be initialized consistently

before each execution.

For products, the AAS representation included information about the product identity, process

plan, and route plan. The process plan defined the operations required to complete the product,

while the route plan specified the sequence of tasks to be executed. In the baseline scenario, this

sequence consisted of Operation A, a transport task, and Operation B.

For machines, the AAS representation included capability and state information. The capabil-

ity information described which operation type each machine could perform. The state information

indicated whether the machine was available or busy and, when busy, which product was assigned

to it. This information was used by Product Agents when selecting and reserving processing re-

sources.

For AGVs, the AAS representation included state, location, and battery-related information.

The state indicated whether the AGV was available or busy, while the location and battery level

were used to represent the condition of the transportation resource during execution. Although

AGV movement was simplified as a time-based transport task, these fields provide a basis for

extending the system with more detailed transport and charging behaviour.

The AGV Station AAS was included to represent support infrastructure related to AGV opera-

tion. In the current implementation, its role was limited, but it was maintained in the architecture to

support future extensions involving AGV charging, station availability, or transportation resource

management.

The AAS creation process ensured that each experiment started from a known initial state.

Machines and AGVs were initialized as available, products were initialized with their predefined

routes, and the required submodels were made accessible to the corresponding agents.
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Table 4.5: Main AAS submodels used in the implementation.

AAS instance Submodel Main information
Product AAS ProcessPlan Route plan, status, and assigned machine
Machine AAS Interface Operation capability and service endpoint
Machine AAS Status Machine state and assigned product
AGV AAS Interface Transport capability and service endpoint
AGV AAS Status AGV state, location, and battery level
Charging Station AAS Interface Charging capability and service endpoint
Charging Station AAS Status Station state and location

Table 4.5 summarizes the main submodels used in the implementation. Interface submodels

describe the capability offered by each resource and the endpoint used to request execution, while

status submodels store state information used by Product Agents during resource selection and

reservation.

The Product AAS differs from the resource AASs because it stores the route and execution-

related information required by the Product Agent. In the implemented scenarios, the product

process plan includes the ordered tasks that must be executed and metadata updated during execu-

tion.

During the initial planning of the work, the objective was to explore an implementation closer

to an AAS Type 3 concept, in which the AAS would not only expose asset information but also

support more active interaction and behaviour. However, due to the limited availability of practical

documentation, examples, and implementation support for this type of AAS, the prototype was

developed using a Type 2-oriented approach based on the AAS API provided by Eclipse BaSyx.

As a result, the implemented system can be interpreted as a hybrid between a Type 2 and a

Type 3 AAS-based approach. The AAS infrastructure is used mainly as a structured information

layer, exposing AAS instances and submodels through REST-based APIs, which is consistent with

a Type 2 implementation. However, the active behaviour expected from a more advanced AAS-

based system is provided externally by the software agents. These agents read and update AAS

information, make coordination decisions, request task execution, and manage resource states

during runtime.

This design choice allowed the work to preserve the central idea of AAS-based distributed

coordination while relying on available and stable implementation tools. The AASs provide stan-

dardized asset representations, while the agent layer supplies the active decision-making and exe-

cution behaviour required for the scheduling scenario.

4.5 Agent Implementation

The agent-based system was implemented as a set of software components responsible for coordi-

nating and executing the manufacturing scenario. Each agent type was associated with a specific

role in the architecture and interacted with the AAS infrastructure to access or update asset infor-

mation.
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In the implemented system, each product order is associated with its own Product Agent in-

stance. Therefore, there is not a single Product Agent responsible for coordinating all products.

Instead, each Product Agent independently follows the route of one product, retrieves the required

information from the corresponding Product AAS, and attempts to coordinate the resources re-

quired to complete that product.

At the start of execution, each Product Agent retrieves the corresponding Product AAS and

reads the process plan and route plan. The route is then executed step by step. For each step, the

Product Agent determines whether the task corresponds to a processing operation or a transport

operation. Based on this information, it searches for compatible machines or AGVs through the

information exposed by the AAS infrastructure.

When a processing operation is required, the Product Agent searches for machines capable of

performing the required operation. In the implemented scenario, this corresponds to Operation

A or Operation B, depending on the product route. After identifying a compatible resource, the

Product Agent reads its current state from the corresponding Machine AAS. If the machine is

available, the Product Agent attempts to reserve it by updating the state value to indicate that the

machine is busy and assigned to that product.

After reserving the machine, the Product Agent sends an execution request to the correspond-

ing Machine Agent. The Machine Agent was implemented as a Flask-based REST service that

receives operation requests, simulates the required processing task, and returns a completion re-

sponse after the operation finishes. Once the operation is complete, the Product Agent records the

corresponding metric event and releases the machine by updating its state in the AAS.

Transport tasks are coordinated in a similar way. When transport is required, the Product Agent

searches for an available AGV using the state information stored in the AGV AAS instances. After

reserving an AGV, the Product Agent sends a transport request to the corresponding AGV Agent.

The AGV Agent, also implemented as a Flask-based REST service, simulates the transport task,

updates relevant information such as location and battery level, and returns a completion response.

The AGV Station Agent was included to represent the support infrastructure associated with

AGV operation. In the current implementation, its role was limited, since detailed charging be-

haviour was not the main focus of the baseline scenario. However, the station representation was

maintained to support future extensions involving charging requests, station availability, and more

advanced AGV management.

Figure 4.1 presents the detailed execution sequence followed by a Product Agent during prod-

uct processing. The diagram shows the interaction between the Product Agent, the AAS server,

the Machine and AGV Agents, and the Metrics Collector.

This implementation allows multiple Product Agents to execute concurrently, each attempting

to coordinate the resources required by its own product. As a result, resource coordination emerges

from the interaction between product-specific agents and the shared AAS-based resource state.
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Figure 4.1: Detailed execution sequence of a Product Agent during product processing.
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Table 4.6: Main implementation files and responsibilities.

File or component Main responsibility
config.json Defines runtime parameters, including product count,

resource configuration, service ports, and duration
multiplier.

aas_client.py Provides helper functions for creating and updating
AAS shells and submodels in BaSyx.

machine_aas.py Define the AAS structures used to represent resources.
product_aas.py Define the AAS structures used to represent products.
createaasdemo.py Populates the BaSyx environment with the AAS in-

stances and submodels required for each scenario.
machine_agent.py Implements the Flask service representing a machine

resource.
agv_agent.py Implements the Flask service representing an AGV re-

source.
charge_station_agent.py Implements the Flask service representing the charg-

ing station.
product_agent_multi.py Implements the decentralized Product Agent coordi-

nation logic.
launch_all.py Start the resource agents and Product Agent processes

according to the selected configuration.
launch_products.py Start the Product Agent processes according to the se-

lected configuration.
metrics_collector.py Receives runtime metric events and stores them in a

line-delimited JSON event log.
benchmark_runner.py Orchestrates complete benchmark runs, including ser-

vice startup, AAS refresh, product execution, metrics
processing, and shutdown.

pyjobshop_compare.py Implements the centralized PyJobShop scheduling
baseline used for comparison.

4.5.1 Prototype Code Organization

At a high level, each experimental run follows four main stages. First, the BaSyx AAS environ-

ment is started. Second, the createaasdemo.py script creates or refreshes the AAS structure

for the machines, AGVs, charging station, and products. Third, the runtime agents are launched as

independent Flask services. Finally, Product Agents read their route plans from the AAS, discover

available resources, reserve them, execute operation or transport steps, and release the resources

after completion.

Table 4.6 summarizes the main implementation files and their responsibilities.

Annex A shows the source code of the benchmark_runner.py script, which orchestrates

the complete execution of a benchmark run.

Each resource has an AAS shell with submodels describing its interface and current status.

For example, a machine AAS contains information about its capability, service endpoint, and

state. The capability identifies which operation the resource can perform, the endpoint indicates
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where the corresponding service can be accessed, and the state indicates whether the resource is

available or currently assigned to a product.

4.6 Metrics Collection

To evaluate the behaviour of the proposed AAS-based multi-agent manufacturing system, a

lightweight metrics collection layer was implemented alongside the agents. The purpose of this

layer is not to control execution, but to observe the distributed workflow and record the events

required to reconstruct each experimental run. The collected data is primarily used to measure

makespan, which is used as the main evaluation metric in the experimental evaluation.

The metrics infrastructure follows a push-based model. During execution, agents emit

JavaScript Object Notation (JSON) events to a dedicated Flask-based Metrics Collector through

a common POST /metric endpoint. Each received event is appended to a line-delimited JSON

file, metrics.jsonl, using one JSON object per line. If an event does not already contain a

timestamp, the collector adds a Coordinated Universal Time (UTC) timestamp before writing it.

A write lock is used to avoid file corruption when several agents report events concurrently.

This design keeps the measurement layer decoupled from the manufacturing logic. Product

Agents, Machine Agents, and AGV Agents can all report events using the same interface, while

the Metrics Collector remains independent of the specific resource type. The metrics calls are

implemented as best-effort operations: if the collector is unavailable, the agents continue their

normal execution. This avoids turning monitoring into a source of failure or artificial blocking

during the benchmark execution.

The main event categories recorded by the Metrics Collector are summarized in Table 4.7.

These events include product lifecycle events, resource-claiming events, operation events, trans-

port events, and service events.

After a benchmark run, the raw event stream is processed by the benchmark execution script to

produce a summary file, metrics_summary.json. This summary includes the makespan of the

run, calculated from the difference between the earliest product start event and the latest product

completion event. Additional indicators, such as throughput, completion count, and estimated

resource utilization, can also be derived from the event stream. However, makespan remains the

main metric used for the experimental comparison in this dissertation.

This event-based approach is appropriate for the proposed system because execution is de-

centralized. There is no single scheduler with complete operational knowledge during runtime.

Instead, each Product Agent independently discovers, claims, and releases resources through in-

teractions with the AAS infrastructure. Recording distributed events allows the execution trace to

be reconstructed after the run without changing the decision-making logic of the agents.

The collected data also supports comparison with the centralized scheduling baseline. The

PyJobShop-based model generates schedules for the same scenario definitions and reports the

corresponding makespan. This makes it possible to compare the completion time obtained through
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Table 4.7: Main event categories recorded by the Metrics Collector.

Category Events Purpose
Product lifecycle product_start, product_end Identify the product execu-

tion interval.
Resource claiming claim_attempt,

claim_success,
claim_failed

Record resource reservation
attempts.

Operation execution operation_start,
operation_end,
operation_error

Record processing task exe-
cution.

Transport execution transport_request,
transport_start,
transport_end,
transport_error

Record AGV transport tasks.

Service events service Record REST service path,
status code, agent name, and
request duration.

decentralized AAS-based agent execution with the result obtained using a centralized scheduling

approach.

One limitation of the current metrics implementation is that the event stream is intentionally

simple and does not enforce a strict schema beyond the JSON structure. Some event names may

be emitted by different agents with slightly different meanings. For example, transport-related

events may be associated with both the Product Agent coordinating the route and the AGV Agent

executing the transport task. For this reason, event interpretation must consider the available fields,

such as productId, agv, from, to, and response data. Future versions could introduce explicit

source fields and correlation identifiers to make the reconstruction of individual workflow stages

more robust.

4.7 Centralized Scheduling Baseline

To evaluate the behaviour of the decentralized AAS-based agent implementation, a centralized

scheduling baseline was developed using PyJobShop. The purpose of this baseline is not to replace

the proposed architecture, but to provide a reference scheduling approach for comparison under

the same scenario definitions.

The centralized baseline represents the manufacturing scenario as a scheduling problem in

which all products, tasks, resources, durations, and precedence relations are known before solving.

In contrast to the agent-based implementation, where each Product Agent coordinates its own

product through resource discovery and AAS-based state updates, the centralized model builds a

complete representation of the problem and submits it to an optimization solver.

In the PyJobShop model, each product is represented as a job composed of three ordered tasks:

Operation A, a transport task, and Operation B. These tasks correspond to the same logical route
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Table 4.8: Representation of the product route in the centralized scheduling baseline.

Task Compatible resources Constraint
Operation A Machines capable of Operation A First task in the route
Transport AGVs After Operation A completion
Operation B Machines capable of Operation B After transport completion

used in the agent-based implementation. Precedence constraints ensure that Operation A must

finish before transport starts, and that transport must finish before Operation B starts.

Each task is assigned to a compatible resource. Operation A may be assigned to any machine

capable of performing Operation A, transport tasks may be assigned to any available AGV, and

Operation B may be assigned to any machine capable of performing Operation B. Therefore, the

centralized baseline can be interpreted as a flexible job-shop scheduling model with transportation

resources, since some tasks can be assigned to alternative eligible resources.

The model uses the same logical resource structure and task durations as the agent-based

benchmark. This ensures that both approaches are evaluated using equivalent scenario defini-

tions. The main difference is that the centralized baseline solves the scheduling problem as a

complete model, while the proposed architecture performs coordination during execution through

distributed interactions between Product Agents, resource agents, and the AAS infrastructure.

The optimization objective of the centralized model is to minimize makespan. In this context,

makespan corresponds to the completion time of the last scheduled product. This is the same

primary metric used to evaluate the AAS-based agent implementation.

The centralized scheduling problem is solved using the OR-Tools backend through PyJob-

Shop. In practical terms, the problem is formulated using interval-based tasks, alternative re-

source assignments, precedence constraints, and a makespan-minimization objective. The solver

then generates a centralized schedule satisfying the modeled constraints.

After solving, the script produces a summary file containing the generated schedule, solver in-

formation, and the corresponding makespan. When an agent-based benchmark summary is avail-

able, an additional comparison file can be generated to compare the centralized and decentralized

results. This comparison is mainly based on makespan, although other indicators may also be

derived from the recorded data.

This baseline is useful because it provides a centralized reference point for interpreting the per-

formance of the proposed architecture. The centralized model benefits from a complete problem

formulation and does not include the REST communication, AAS state updates, resource-claiming

retries, or distributed coordination overhead present in the agent-based implementation. Therefore,

differences between the two approaches should not be interpreted only as scheduling inefficiency,

but also as a consequence of the architectural differences between centralized optimization and

decentralized AAS-based execution.
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4.8 Implementation Challenges

Several implementation challenges were encountered during the development of the prototype.

These challenges were mainly related to the distributed nature of the architecture, the use of AAS

submodels as the shared information layer, and the need to collect comparable execution data.

One of the main challenges was maintaining consistent resource states while multiple Product

Agent instances executed concurrently. Since each product is coordinated by its own agent, several

Product Agents may attempt to claim the same machine or AGV at similar times. To reduce

conflicting assignments, the implementation uses a simple reservation mechanism based on AAS

state updates. A Product Agent reads the resource state, updates it to a busy state associated with

the product, and then reads the state again to confirm the reservation. Although this approach was

sufficient for the evaluated scenarios, it does not provide the same guarantees as a transactional

locking mechanism.

Another challenge was the communication overhead introduced by the repeated REST inter-

actions with the AAS server and the Flask-based resource services. Each route step may require

multiple operations, including reading AAS submodels, updating resource state, confirming reser-

vations, sending execution requests, recording metrics, and releasing resources. This overhead is

part of the implemented decentralized architecture and must be considered when comparing it with

the centralized PyJobShop baseline, which does not include the same runtime communication and

state-management costs.

The organization of identifiers and submodels was also an important implementation issue.

Product Agents needed to reliably locate the correct Product AAS, Machine AAS, AGV AAS,

and associated Interface and Status submodels. For this reason, consistent naming conventions

were used for AAS instances, submodels, resource identifiers, and service endpoints. These con-

ventions made it possible to initialize different scenarios and execute repeated benchmark runs in

a consistent way.

Metrics collection introduced additional challenges. The Metrics Collector was designed as

a lightweight Flask service receiving JSON events from several agents. Since multiple agents

may report events at nearly the same time, the collector appends events to a line-delimited JSON

file using a write lock to avoid file corruption. The event stream also had to remain sufficiently

flexible to record product lifecycle events, resource-claiming events, operation events, transport

events, and service events.

Finally, aligning the agent-based implementation with the centralized scheduling baseline re-

quired care. The PyJobShop model had to represent the same logical scenario, including Oper-

ation A, transport, Operation B, compatible resources, processing durations, transport durations,

and precedence constraints. This alignment was necessary to ensure that differences in the exper-

imental results could be interpreted as differences between coordination approaches, rather than

differences in scenario definition.
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4.9 Chapter Summary

This chapter described the implementation of the proposed AAS-based multi-agent architecture.

The system was implemented as a Python-based prototype using Eclipse BaSyx as the AAS in-

frastructure and Flask-based REST services for agent communication and metrics collection.

The chapter first presented the development environment and the main tools used in the im-

plementation. It then described how AAS instances and submodels were created for products,

machines, AGVs, and the charging station. These AAS representations provided the information

required by Product Agent instances to discover resources, check their availability, reserve them,

and coordinate product execution.

The implementation of the agents was then described, with particular attention to the fact that

each product is associated with its own Product Agent instance. Machine and AGV Agents were

implemented as execution services responsible for simulating processing and transport tasks. A

Metrics Collector was also implemented to record distributed execution events and support the

calculation of makespan.

The chapter also presented the centralized PyJobShop baseline used for comparison. This

baseline models the same manufacturing scenario as a centralized scheduling problem with prece-

dence constraints, alternative resource assignments, and a makespan-minimization objective.

Finally, the main implementation challenges were discussed, including state consistency, REST

communication overhead, identifier management, metrics collection, and alignment between the

decentralized implementation and the centralized baseline. The next chapter presents the experi-

mental setup used to evaluate both approaches.
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Experimental Evaluation

This chapter presents the experimental setup used to evaluate the proposed AAS-based multi-

agent architecture and the centralized scheduling baseline. The objective is to define the scenarios,

parameters, execution procedure, and evaluation method used to compare both approaches under

equivalent conditions.

The experiments were designed to analyze the behaviour of the proposed architecture under

different production conditions. In particular, the evaluation considers the effect of increasing

the number of products, increasing processing requirements, and scaling the number of products

and resources. These dimensions allow the system to be evaluated in terms of completion time,

scalability behaviour, and execution stability.

Both the AAS-based agent implementation and the centralized PyJobShop baseline were eval-

uated using the same logical manufacturing scenario. This ensures that differences in the results

are primarily related to the coordination approach rather than differences in scenario definition.

5.1 Baseline Configuration

The baseline configuration is based on the manufacturing scenario defined in Chapter 4. The

system contains processing resources, transportation resources, and product orders. Each product

follows a predefined route composed of Operation A, a transport task, and Operation B.

In the baseline scenario, Operation A can be performed by two machines, while Operation

B can be performed by one machine. Transportation between processing stages is performed by

AGVs. Each machine can process only one product at a time, and each AGV can transport only

one product at a time.

The baseline resource configuration is summarized in Table 5.1.

The product route used in the baseline configuration is summarized in Table 5.2.

Processing and transportation durations were kept deterministic during each experimental run.

This was done to ensure controlled comparison between the AAS-based agent implementation

and the centralized PyJobShop baseline. In the processing time scaling experiment, these base
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Table 5.1: Baseline resource configuration used in the experiments.

Resource type Quantity Capability
Machine 2 Operation A
Machine 1 Operation B
AGV 2 Transport
Charging station 1 AGV support

durations were multiplied by predefined factors in order to evaluate the effect of longer operation

requirements.

5.2 Experimental Objectives

The main objective of the experimental evaluation is to assess the behaviour of the proposed AAS-

based multi-agent architecture when coordinating manufacturing and transportation resources.

The experiments focus on the ability of the system to execute product routes, allocate compat-

ible resources, and complete all products under different scenario configurations.

The centralized PyJobShop baseline is used as a reference approach. Since the baseline solves

the scheduling problem using a centralized model, it provides a useful comparison point for eval-

uating the makespan obtained by the decentralized agent-based implementation.

The experimental evaluation addresses three main aspects. First, workload scaling is used to

analyze how the system behaves as the number of products increases. Second, processing time

scaling is used to observe how longer operation durations affect the execution of both approaches.

Third, asset scaling is used to evaluate the behaviour of the system when products and resources

are increased proportionally.

The experiments are not intended to prove that the agent-based approach outperforms cen-

tralized scheduling. Instead, they are intended to evaluate whether the proposed architecture can

coordinate resources successfully and to quantify the difference between decentralized execution

through AAS-based agents and centralized schedule generation.

5.3 Experimental Scenarios

Three groups of experiments were defined to evaluate the behaviour of the proposed architecture

under different conditions: product workload scaling, processing time scaling, and asset scaling.

Table 5.2: Product route used in the experimental scenarios.

Step Task Required resource
1 Operation A Machine capable of Operation A
2 Transport AGV
3 Operation B Machine capable of Operation B
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Table 5.3: Product workload scaling scenarios.

Scenario Number of products
W1 1
W2 2
W3 3
W4 4
W5 8
W6 16
W7 32

5.3.1 Workload scaling

The first experiment evaluates product workload scaling. In this experiment, the number of prod-

ucts is increased while the number of resources remains constant. This allows the behaviour of

the system to be analyzed as more Product Agent instances compete for the same machines and

AGVs. The baseline resource configuration is kept unchanged during this experiment.

The product quantities considered in the workload scaling experiment are shown in Table 5.3.

5.3.2 Processing time scaling

The second experiment evaluates processing time scaling. In this experiment, the number of prod-

ucts is kept constant, while the durations of the processing and transportation tasks are multiplied

by predefined factors. This allows the evaluation to distinguish between increases caused by addi-

tional products and increases caused by longer task durations.

The processing time multipliers considered in this experiment are shown in Table 5.4.

5.3.3 Asset scaling

The third experiment evaluates asset scaling. In this experiment, the number of products and

the number of resources are increased proportionally. The objective is to observe whether the

architecture maintains stable behaviour when the system size increases while preserving a similar

relationship between workload and resource availability.

The asset scaling scenarios are shown in Table 5.5.

Together, these experiments provide a controlled evaluation of the proposed architecture under

increasing workload, longer processing requirements, and proportional system growth.

Table 5.4: Processing time scaling scenarios.

Scenario Number of products Duration multiplier
P1 3 1
P2 3 2
P3 3 3
P4 3 4
P5 3 5
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Table 5.5: Asset scaling scenarios.

Scenario Asset multiplier Description
A1 1 Baseline system size
A2 2 Products and resources scaled by factor 2
A3 4 Products and resources scaled by factor 4
A4 8 Products and resources scaled by factor 8

5.4 Benchmark Execution Procedure

The benchmark execution procedure was designed to run the decentralized manufacturing scenario

in a controlled and repeatable way. Its purpose is to initialize the required services, execute a

configured number of product workflows, collect runtime events, and generate summary data for

later analysis.

The procedure is implemented in the benchmark_runner.py script, which acts as the or-

chestration component for each experimental run. Before execution begins, the script reads the

runtime configuration from config.json. This configuration defines the number of products,

the number of AGVs , the machine configuration, the port allocation, and the operation duration

multiplier. As a result, the same benchmark procedure can be reused across different scenario

sizes and experimental conditions.

At the beginning of each run, previously generated runtime files are removed. These include

the metrics event file and the AAS resource cache. This step prevents stale data from previous runs

from affecting the current execution. The benchmark then starts the resource agents, including the

Machine Agents, AGV Agents, and the charging station service. These components are launched

before the Product Agents so that the required resources are available when product execution

begins.

After launching the resource agents, the benchmark waits for the expected services to become

available by checking their configured network ports. This readiness check reduces the likelihood

of Product Agents starting before the resource services are prepared to receive requests. Once

the required services are available, the AAS structure is refreshed using the AAS creation script

(create\ac{AAS}demo.py). This step updates the Asset Administration Shells with the cur-

rent resource information and service endpoints, ensuring that Product Agents can discover valid

machines, AGVs , and support services during execution.

The Metrics Collector is started immediately before launching the Product Agents. This timing

limits the recorded event stream to the benchmark execution window while still capturing product

lifecycle events. The Product Agents are then launched according to the configured product count.

Each Product Agent independently retrieves its route, discovers compatible resources through the

AAS infrastructure, claims machines or AGVs when available, executes the required tasks, and

emits metrics throughout the process.

During execution, the benchmark runner monitors progress by reading the metrics stream

and waiting until the expected number of product completion events has been observed. If all
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products complete before the timeout, the run is considered complete. If the timeout is reached,

the benchmark proceeds using the data collected up to that point. This allows incomplete or

problematic runs to be inspected rather than discarded entirely.

Once execution finishes, the Metrics Collector is stopped and the raw event stream stored in

metrics.jsonl is processed into a summary file, metrics_summary.json. This summary

includes the number of completed products and the makespan of the run. Additional values, such

as throughput or estimated utilization, may also be produced by the script, but the experimental

analysis focuses primarily on makespan.

Finally, unless configured otherwise, the benchmark stops the running agents to return the

system to a clean state before the next experiment. The overall procedure can be summarized as

follows:

1. Load the runtime configuration.

2. Remove previous runtime files.

3. Start the resource agents.

4. Wait for service readiness.

5. Refresh the AAS structure.

6. Start the Metrics Collector.

7. Launch the Product Agents.

8. Wait for product completion events or timeout.

9. Stop the Metrics Collector.

10. Generate the metrics summary.

11. Stop the running agents.

This procedure supports repeatable experimentation while preserving the decentralized be-

haviour of the proposed architecture. The benchmark runner coordinates process startup, shut-

down, and data processing, but it does not centrally schedule the products during execution. Re-

source discovery, resource claiming, contention handling, retries, and route execution remain the

responsibility of the Product Agents and resource agents.

A key aspect of this setup is the separation between experiment orchestration and agent decision-

making. The benchmark runner provides a controlled experimental boundary, while the agents

continue to operate through the same AAS-based discovery mechanism and REST interfaces used

during normal execution. Therefore, the collected results reflect the behaviour of the decentralized

AAS-based architecture rather than a special test-only execution path.
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5.5 Evaluation Metrics and Data Processing

The main evaluation metric used in the experiments is makespan. Makespan represents the total

elapsed time required to complete all products in a scenario. It was selected because it provides a

direct indication of the overall completion time of the manufacturing workload and allows com-

parison between the decentralized AAS-based execution and the centralized scheduling baseline.

For the AAS-based agent implementation, makespan is calculated from the event stream

recorded by the Metrics Collector. Specifically, the start of a run is defined by the earliest prod-

uct start event, while the end of the run is defined by the latest product completion event. The

makespan is therefore calculated as:

Cmax = max(tend)−min(tstart) (5.1)

where tstart represents the timestamps of product start events and tend represents the timestamps

of product completion events.

The raw event stream is stored in metrics.jsonl and processed after each benchmark run

to generate metrics_summary.json. This summary contains the main values required for the

experimental analysis, including the number of completed products and the calculated makespan.

Additional values, such as throughput or estimated utilization, may also be generated by the script,

but they are not used as the primary basis for comparison in this dissertation.

For the centralized PyJobShop baseline, makespan is obtained from the generated schedule

as the completion time of the last scheduled product. Since the centralized model uses the same

product routes, resource capabilities, and task durations as the agent-based implementation, the

makespan values obtained from both approaches can be compared directly.

The comparison between both approaches is therefore based primarily on makespan. In addi-

tion to the numerical value itself, the analysis considers how makespan changes across the different

experimental scenarios: increasing product workload, increasing operation duration, and propor-

tional asset scaling. This allows the behaviour of the proposed architecture to be evaluated not

only for a single configuration, but also under varying production conditions.

Although the metrics infrastructure records additional runtime information, the interpretation

of secondary indicators is treated with caution. In particular, estimated resource utilization was

measured in some runs but is not considered a central evaluation criterion, since the available data

was not analyzed in sufficient depth to support detailed conclusions. For this reason, the results

chapter focuses on makespan and uses other collected information only as supporting context

when relevant.

5.6 Results and Analysis

This section presents and discusses the results obtained from the experimental setup previously

described. The objective is to evaluate the behaviour of the proposed AAS-based multi-agent
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Table 5.6: Summary of makespan results for the evaluated scenarios.

Experiment Scenario parameter Agents makespan (s) PyJobShop makespan (s)
Workload scaling 1 product 30.93 9.00
Workload scaling 2 products 40.30 13.00
Workload scaling 3 products 50.31 17.00
Workload scaling 4 products 60.18 21.00
Workload scaling 8 products 101.74 37.00
Workload scaling 16 products 173.75 69.00
Workload scaling 32 products 254.91 133.00
Processing scaling Multiplier 1 50.36 17.00
Processing scaling Multiplier 2 67.84 34.00
Processing scaling Multiplier 3 84.16 51.00
Processing scaling Multiplier 4 102.08 68.00
Processing scaling Multiplier 5 118.40 85.00
Asset scaling Multiplier 1 50.36 17.00
Asset scaling Multiplier 2 54.69 17.00
Asset scaling Multiplier 4 56.64 19.00
Asset scaling Multiplier 8 68.64 31.00

architecture and compare it with the centralized PyJobShop scheduling baseline.

The analysis focuses primarily on makespan, which was defined as the main evaluation met-

ric. Makespan provides a direct measure of the time required to complete all products in each

experimental scenario. The results are organized according to the three experimental dimensions

introduced previously: product workload scaling, processing time scaling, and asset scaling.

The comparison between the two approaches should be interpreted with care. The centralized

PyJobShop baseline generates a schedule from a complete model of the problem and does not

include the runtime communication, AAS state updates, resource claiming, or distributed coordi-

nation overhead present in the proposed architecture. Therefore, the comparison is not intended

to show that both approaches operate under identical execution conditions, but rather to provide a

reference point for analyzing the behaviour and cost of the decentralized AAS-based implementa-

tion.

Table 5.6 summarizes the makespan values obtained for the evaluated scenarios. The corre-

sponding plots are presented in Figures 5.1, 5.2, and 5.3.

5.6.1 Product Workload Scaling

The first experiment evaluates the effect of increasing the number of products while keeping the

resource configuration constant. In this scenario, the number of Product Agent instances increases,

while the number of machines and AGVs remains fixed. As a result, more products compete for

the same shared resources.

Figure 5.1 presents the makespan obtained by the AAS-based agent architecture and by the

centralized PyJobShop baseline for increasing product quantities.
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Figure 5.1: Makespan comparison under product workload scaling.

The results show that makespan increases for both approaches as the number of products

increases. This behaviour is expected, since more products require more processing and transport

tasks to be completed using the same resource configuration.

Across the evaluated scenarios, the centralized PyJobShop baseline achieves lower makespan

values than the AAS-based agent implementation. This is also expected, since the centralized

baseline solves the scheduling problem using a complete model of the scenario and does not in-

clude the runtime overhead associated with distributed execution.

For the AAS-based architecture, the increase in makespan is influenced by both resource con-

tention and coordination overhead. As more Product Agents execute concurrently, more agents

attempt to discover, claim, and release machines and AGVs through the AAS infrastructure. This

increases the number of REST interactions, state updates, and possible claim retries. Therefore,

the observed makespan reflects not only the processing and transport durations, but also the cost

of distributed coordination.

The results indicate that the proposed architecture is able to complete all evaluated workload

scenarios, demonstrating functional scalability in the tested range. However, the difference be-

tween the agent-based approach and the centralized baseline becomes more visible as the number

of products increases, showing that communication and synchronization overhead become more

relevant under higher workload conditions.
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Figure 5.2: Makespan comparison under processing time scaling.

5.6.2 Processing Time Scaling

The second experiment evaluates the effect of increasing processing and transport durations while

keeping the number of products constant. In this experiment, three products are executed in each

scenario, and the operation durations are multiplied by predefined factors.

Figure 5.2 presents the makespan obtained for each duration multiplier.

The results show an approximately linear increase in makespan for both approaches as the

duration multiplier increases. This is expected because the number of products and the number of

coordination steps remain constant, while the duration of each task increases.

For the centralized PyJobShop baseline, makespan increases from 17 seconds with multiplier

1 to 85 seconds with multiplier 5. For the AAS-based agent implementation, makespan increases

from approximately 50.36 seconds to approximately 118.40 seconds over the same multiplier

range.

An important observation is that the difference between the two approaches remains relatively

stable across the processing time multipliers. This suggests that, in this experiment, the additional

time introduced by the AAS-based agent implementation is mostly associated with the fixed co-

ordination process required to execute the three products. Since the number of products and route

steps remains constant, the number of AAS interactions, resource claims, and execution requests

also remains relatively constant.

Therefore, this experiment suggests that longer processing durations affect both approaches in

a predictable way. The agent-based architecture does not show unstable behaviour as operation
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Figure 5.3: Makespan comparison under asset scaling.

durations increase, although it maintains a higher makespan due to the overhead introduced by

distributed coordination and runtime communication.

5.6.3 Asset Scaling

The third experiment evaluates the behaviour of the system when products and resources are in-

creased proportionally. Unlike the workload scaling experiment, where more products compete

for a fixed set of resources, this experiment increases the system size by scaling both workload

and available assets.

Figure 5.3 presents the makespan obtained for each asset scaling factor.

The results show that the AAS-based implementation maintains relatively stable behaviour for

the lower scaling factors, with makespan increasing from approximately 50.36 seconds at multi-

plier 1 to approximately 56.64 seconds at multiplier 4. At multiplier 8, the makespan increases to

approximately 68.64 seconds.

The centralized PyJobShop baseline also shows an increase in makespan at higher scaling

factors, from 17 seconds at multiplier 1 to 31 seconds at multiplier 8. This indicates that even

when resources are scaled proportionally, the larger scenario still introduces additional scheduling

complexity and execution length.

For the AAS-based architecture, the increase observed at higher scaling factors can be asso-

ciated with the larger number of agents and interactions required during execution. Even though

more resources are available, the system must still initialize more AAS instances, manage more

Product Agents, perform more resource discovery operations, and record more execution events.
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This experiment suggests that proportional asset scaling reduces the resource bottleneck effect

observed in workload scaling, but does not eliminate the coordination overhead of the distributed

architecture. The proposed system remains capable of completing the scaled scenarios, but its

execution time is still affected by the number of distributed interactions required.

5.7 Overall Discussion

Across the three experimental groups, the centralized PyJobShop baseline consistently achieves

lower makespan values than the AAS-based multi-agent implementation. This result is expected,

since the centralized approach solves a complete scheduling model and does not include the com-

munication and coordination overhead introduced by the proposed architecture.

The AAS-based approach, however, successfully completes all evaluated scenarios. This

demonstrates that the proposed architecture can coordinate machines and AGVs through AAS-

based resource representation, product-specific agents, and REST-based execution services. The

system is therefore functional as a distributed scheduling and coordination prototype.

The workload scaling experiment shows that the difference between the two approaches be-

comes more significant as more products are introduced into a fixed resource configuration. This

is mainly because the number of Product Agents increases while the available resources remain

constant, leading to more contention and more AAS-based coordination activity.

The processing time scaling experiment shows a more predictable trend. Since the number

of products remains constant, the number of coordination interactions also remains relatively con-

stant. As a result, both approaches show an approximately linear increase in makespan as operation

durations increase.

The asset scaling experiment shows that increasing products and resources proportionally

leads to more stable behaviour than increasing products alone. Nevertheless, the AAS-based

implementation still experiences additional overhead due to the larger number of agents, AAS

instances, resource states, and runtime interactions.

Overall, the results highlight the trade-off between centralized optimization and decentralized

AAS-based coordination. The centralized baseline provides better makespan performance under

the evaluated scenarios, while the proposed architecture demonstrates modularity, distributed exe-

cution, and the ability to coordinate assets through standardized digital representations.

These results should not be interpreted as evidence that the AAS-based agent approach is

more efficient than centralized scheduling in terms of makespan. Instead, they show that the ar-

chitecture is feasible and that its performance cost is mainly associated with runtime coordination,

communication, and state management. This distinction is important because the objective of the

proposed system is not only schedule optimality, but also the exploration of AAS-based distributed

manufacturing coordination.
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5.8 Chapter Summary

This chapter presented the results obtained from the experimental evaluation of the proposed AAS-

based multi-agent architecture and the centralized PyJobShop baseline. The analysis focused on

makespan across three experimental dimensions: product workload scaling, processing time scal-

ing, and asset scaling.

The results show that the centralized PyJobShop baseline consistently achieves lower makespan

values. This is expected due to its centralized optimization model and the absence of runtime com-

munication overhead. In contrast, the AAS-based implementation performs scheduling and coor-

dination during execution through distributed Product Agents, resource agents, AAS state updates,

and REST communication.

Despite the higher makespan values, the proposed architecture successfully completed all eval-

uated scenarios. The results demonstrate that AAS-based agents can coordinate manufacturing and

transportation resources in a distributed execution environment. The experiments also show that

the architecture behaves predictably under increasing processing durations and proportional asset

scaling, while higher product workloads introduce greater coordination overhead.

The following chapter presents the conclusions of the dissertation and discusses possible di-

rections for future work.
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Conclusions and Future Work

This chapter presents the main conclusions of the dissertation, summarizes the contributions of

the work, discusses the limitations of the proposed approach, and identifies possible directions for

future development.

The work presented in this dissertation focused on the design, implementation, and evaluation

of an AAS-based multi-agent architecture for manufacturing scheduling and resource coordina-

tion. The proposed system combines AASs, software agents, REST-based communication, and a

metrics collection layer to coordinate products, machines, AGVs, and support infrastructure in a

distributed manufacturing scenario.

6.1 Conclusions

The main objective of this dissertation was to investigate the feasibility of using AASs as an infor-

mation layer for a multi-agent manufacturing scheduling architecture. To achieve this objective, a

prototype was developed in which each asset (products, machines, etc) is associated with its own

corresponding AAS instance and software agent.

The proposed architecture was evaluated using a simplified manufacturing scenario composed

of Operation A, transport, and Operation B. The system was tested under three experimental

dimensions: increasing product workload, increasing operation duration, and proportional asset

scaling. A centralized scheduling baseline implemented with PyJobShop was also developed to

provide a reference point for comparison.

The experimental results show that the centralized PyJobShop baseline consistently achieved

lower makespan values than the AAS-based agent implementation. This result is expected, since

the centralized baseline builds a complete model of the scheduling problem and does not include

the runtime communication, AAS state updates, resource claiming, retries, or distributed coordi-

nation overhead present in the proposed architecture.

Nevertheless, the AAS-based MAS successfully completed all evaluated scenarios. This demon-

strates that the proposed architecture is capable of coordinating manufacturing and transportation

resources through distributed agents and AAS-based resource representations. The results also
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show that the architecture behaves predictably when operation durations increase and when prod-

ucts and resources are scaled proportionally.

The workload scaling experiment showed that the makespan difference between the agent-

based system and the centralized baseline increases as more products compete for a fixed set of

resources. This indicates that communication and synchronization overhead become more relevant

as the number of Product Agents and resource interactions increases.

Overall, the results suggest that the proposed architecture is feasible as a distributed coordi-

nation approach for manufacturing scheduling. However, the implementation also highlights the

performance cost associated with decentralization, particularly when compared with a centralized

optimization-based scheduler.

6.2 Main Contributions

The main contribution of this dissertation is the development and evaluation of an AAS-based

multi-agent architecture for manufacturing scheduling and resource coordination. The architec-

ture demonstrates how Asset Administration Shells can be used to represent products, machines,

AGVs, and support infrastructure in a distributed scheduling scenario.

A second contribution is the implementation of a working prototype using Python, Flask-based

services, Eclipse BaSyx, and REST communication. The prototype shows how Product Agents

can retrieve process information, discover compatible resources, claim machines and AGVs, re-

quest task execution, and update resource states through AAS-based interactions.

A third contribution is the development of an experimental benchmark procedure for evalu-

ating the proposed architecture. The benchmark runner supports repeated execution of different

scenario configurations, initializes the required services, refreshes the AAS structure, launches

Product Agents, collects distributed execution events, and generates summary metrics.

A fourth contribution is the comparison with a centralized scheduling baseline implemented

using PyJobShop. This baseline provides a reference for interpreting the makespan obtained by

the AAS-based agent implementation and helps identify the performance cost associated with

distributed coordination.

6.3 Limitations

The work developed in this dissertation has several limitations that should be considered when

interpreting the results.

First, the manufacturing scenario is intentionally simplified. Products follow a predefined

route composed of Operation A, transport, and Operation B. Although this scenario captures im-

portant scheduling aspects such as precedence, resource capacity, alternative resource selection,

and transport coordination, it does not represent the full complexity of real industrial production

systems.
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Second, processing and transport durations are deterministic. This makes the experiments eas-

ier to control and compare, but it does not capture disturbances such as machine failures, variable

processing times, delays, maintenance, or unexpected AGV behaviour.

Third, the resource reservation mechanism is based on AAS state updates and confirmation

reads. While this approach was sufficient for the evaluated scenarios, it does not provide the same

guarantees as a transactional locking mechanism or a dedicated reservation service. Under higher

concurrency, more robust synchronization mechanisms may be required.

Fourth, the proposed implementation introduces communication overhead due to repeated

REST interactions with the AAS infrastructure and Flask-based resource services. This overhead

affects the makespan of the agent-based system and contributes to the performance difference

observed when compared with the centralized PyJobShop baseline.

Finally, the evaluation focuses primarily on makespan. Although the metrics infrastructure

records additional information, such as service events and resource-related events, these data

were not analyzed in sufficient depth to support detailed conclusions about resource utilization

or throughput.

6.4 Future Work

Future work should extend the proposed architecture to more complex manufacturing scenarios.

This includes products with different routes, heterogeneous operation sequences, additional ma-

chine types, multiple transport stages, and more realistic production constraints. It could also

investigate a fuller AAS Type 3 implementation, where more active behaviour is integrated into or

more directly associated with the AAS components themselves. This would allow the proposed

architecture to move beyond using the AAS mainly as an information layer and toward a more

active asset representation model.

Another important direction is the improvement of the resource reservation and synchroniza-

tion mechanism. Future versions of the system could include explicit locking, transactional up-

dates, reservation services, or negotiation protocols between agents. These mechanisms could

reduce the probability of race conditions and improve coordination under higher levels of concur-

rency.

The communication efficiency of the architecture should also be investigated. Since the current

implementation relies on repeated REST requests to the AAS infrastructure, future work could

explore caching strategies, event-driven updates, message brokers, or more efficient interaction

patterns between agents and AAS components.

The AGV behaviour could also be extended. In the current implementation, transport is

modeled as a simplified time-based task. Future work could include more detailed AGV rout-

ing, battery-aware scheduling, charging decisions, station availability, and path conflicts between

AGVs.



Conclusions and Future Work 52

Further work could also improve the AAS modelling approach. More detailed and standard-

ized submodels could be introduced to represent capabilities, resource states, process plans, execu-

tion history, and scheduling-related information. This would make the architecture more aligned

with industrial interoperability goals.

Finally, the experimental evaluation could be expanded. Future experiments should include

larger scenarios, repeated runs for statistical analysis, dynamic disruptions, and additional perfor-

mance metrics. This would allow a more complete assessment of the behaviour, robustness, and

scalability of the proposed AAS-based multi-agent architecture.

6.5 Final Remarks

This dissertation demonstrated that Asset Administration Shells can be used as a shared infor-

mation layer for a distributed multi-agent manufacturing scheduling architecture. Although the

centralized scheduling baseline achieved lower makespan values, the proposed system success-

fully coordinated products, machines, and AGVs through AAS-based interactions.

The results highlight both the potential and the challenges of AAS-based distributed schedul-

ing. The approach supports modularity, distributed execution, and standardized asset representa-

tion, but introduces communication and synchronization overhead that must be addressed in future

developments. Therefore, the work provides a foundation for further research into AAS-based

MASs for manufacturing coordination.
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Appendix A

benchmark_runner.py source code

" " " Simple benchmark r u n n e r : s t a r t s m e t r i c s c o l l e c t o r , l a u n c h e s

a g e n t s / p r o d u c t s , t h e n summar izes m e t r i c s . " " "

i m p o r t a r g p a r s e

i m p o r t s u b p r o c e s s

i m p o r t s y s

i m p o r t os

i m p o r t t ime

i m p o r t j s o n

i m p o r t s o c k e t

from d a t e t i m e i m p o r t d a t e t i m e

from c o n f i g _ u t i l s i m p o r t (

b u i l d _ i n d e x e d _ p o r t ,

g e t _ i n t _ c o n f i g ,

g e t _ m a c h i n e _ s p e c s ,

g e t _ p o r t _ c o n f i g ,

l o a d _ r u n t i m e _ c o n f i g ,

)

BASE_DIR = os . p a t h . d i rname ( os . p a t h . a b s p a t h ( _ _ f i l e _ _ ) )

PROJECT_ROOT = os . p a t h . d i rname ( BASE_DIR )

VENV_PY = os . p a t h . j o i n (PROJECT_ROOT , " . venv " , " S c r i p t s " , " py thon

. exe " )

PY = VENV_PY i f os . p a t h . e x i s t s (VENV_PY) e l s e s y s . e x e c u t a b l e

METRICS_FILE = os . g e t e n v ( " METRICS_FILE " , os . p a t h . j o i n ( BASE_DIR ,

" m e t r i c s . j s o n l " ) )

55
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RESOURCE_CACHE_FILE = os . g e t e n v ( "AAS_RESOURCE_CACHE" , os . p a t h .

j o i n ( BASE_DIR , " . a a s _ r e s o u r c e _ c a c h e . j s o n " ) )

DEFAULT_PRODUCT_COUNT = 3

DEFAULT_MACHINE_OPERATIONS = {

" d r i l l " : 2 ,

" a s s e m b l e " : 1 ,

}

RUNTIME_CONFIG = l o a d _ r u n t i m e _ c o n f i g ( )

DEFAULT_AGV_COUNT = g e t _ i n t _ c o n f i g (RUNTIME_CONFIG , " agv_coun t " ,

2 )

DEFAULT_WAIT_TIMEOUT_SECONDS = 900

AGV_PORT_STEP = 2

d e f _ g e t _ r u n t i m e _ c o u n t s ( ) −> t u p l e [ i n t , i n t ] :

c o n f i g = l o a d _ r u n t i m e _ c o n f i g ( )

p r o d u c t _ c o u n t = g e t _ i n t _ c o n f i g ( c o n f i g , " p r o d u c t _ c o u n t " ,

DEFAULT_PRODUCT_COUNT)

mach ine_coun t = l e n ( g e t _ m a c h i n e _ s p e c s ( c o n f i g ,

DEFAULT_MACHINE_OPERATIONS) )

r e t u r n p r o d u c t _ c o u n t , mach ine_coun t

d e f p a r s e _ a r g s ( ) :

p a r s e r = a r g p a r s e . Argumen tPa r se r ( d e s c r i p t i o n ="Run benchmark

and summarize m e t r i c s . " )

p a r s e r . add_argument (

"−−no− s top − a g e n t s " ,

a c t i o n =" s t o r e _ t r u e " ,

h e l p =" Leave a g e n t s r u n n i n g a f t e r t h e benchmark c o m p l e t e s

. " ,

)

p a r s e r . add_argument (

"−− f o r c e − s t o p " ,

a c t i o n =" s t o r e _ t r u e " ,

h e l p =" Force − s t o p a g e n t s a t t h e end ( Windows only ,

d e f a u l t b e h a v i o r ) . " ,

)

p a r s e r . add_argument (
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"−− g r a c e f u l − s t o p " ,

a c t i o n =" s t o r e _ t r u e " ,

h e l p =" At tempt a g r a c e f u l s t o p w i t h o u t f o r c e − k i l l . " ,

)

r e t u r n p a r s e r . p a r s e _ a r g s ( )

d e f s t a r t _ c o l l e c t o r ( ) :

c o n f i g = l o a d _ r u n t i m e _ c o n f i g ( )

m e t r i c s _ p o r t = g e t _ p o r t _ c o n f i g ( c o n f i g , " m e t r i c s " , 9000 , "

METRICS_PORT " )

env = os . e n v i r o n . copy ( )

env [ " METRICS_FILE " ] = METRICS_FILE

env [ " METRICS_PORT " ] = s t r ( m e t r i c s _ p o r t )

p roc = s u b p r o c e s s . Popen ( [ PY , os . p a t h . j o i n ( BASE_DIR , "

m e t r i c s _ c o l l e c t o r . py " ) ] , env=env )

p r i n t ( " S t a r t e d m e t r i c s c o l l e c t o r , p i d =" , p roc . p i d )

r e t u r n p roc

d e f s t a r t _ a g e n t s ( agv_coun t =DEFAULT_AGV_COUNT) :

c o n f i g = l o a d _ r u n t i m e _ c o n f i g ( )

m e t r i c s _ p o r t = g e t _ p o r t _ c o n f i g ( c o n f i g , " m e t r i c s " , 9000 , "

METRICS_PORT " )

l a u n c h e r _ e n v = os . e n v i r o n . copy ( )

l a u n c h e r _ e n v [ " METRICS_PORT " ] = s t r ( m e t r i c s _ p o r t )

l a u n c h e r _ e n v [ " METRICS_URL " ] = l a u n c h e r _ e n v . g e t ( " METRICS_URL

" , f " h t t p : / / l o c a l h o s t : { m e t r i c s _ p o r t } / m e t r i c " )

# Launch a g e n t s f i r s t ( w i t h o u t p r o d u c t s ) i n d e t a c h e d mode

cmd = [

PY ,

os . p a t h . j o i n ( BASE_DIR , " l a u n c h _ a l l . py " ) ,

"−−agv − c o u n t " ,

s t r ( agv_coun t ) ,

"−− d e t a c h " ,

]

p r i n t ( " S t a r t i n g a g e n t s ( w i t h o u t p r o d u c t s ) : " , " " . j o i n ( cmd ) )

r e t = s u b p r o c e s s . run ( cmd , cwd=PROJECT_ROOT , env= l a u n c h e r _ e n v

)
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p r i n t ( " Agents l a u n c h e r f i n i s h e d wi th r e t u r n c o d e " , r e t .

r e t u r n c o d e )

r e t u r n r e t . r e t u r n c o d e

d e f r e f r e s h _ a a s _ s t r u c t u r e ( agv_coun t =DEFAULT_AGV_COUNT) :

env = os . e n v i r o n . copy ( )

env [ "AGV_COUNT" ] = s t r ( agv_coun t )

cmd = [PY , os . p a t h . j o i n ( BASE_DIR , " c r e a t e a a s d e m o . py " ) ]

p r i n t ( " R e f r e s h i n g AAS s t r u c t u r e : " , " " . j o i n ( cmd ) )

r e t = s u b p r o c e s s . run ( cmd , cwd=BASE_DIR , env=env )

p r i n t ( "AAS r e f r e s h f i n i s h e d wi th r e t u r n c o d e " , r e t . r e t u r n c o d e

)

r e t u r n r e t . r e t u r n c o d e

d e f w a i t _ f o r _ a g e n t s ( mach ine_coun t : i n t , t i m e o u t _ s e c o n d s =30) :

" " " Wait f o r a g e n t s t o be r e a d y by c h e c k i n g i f they ’ r e

l i s t e n i n g on t h e i r p o r t s . " " "

c o n f i g = l o a d _ r u n t i m e _ c o n f i g ( )

b a s e _ p o r t = g e t _ p o r t _ c o n f i g ( c o n f i g , " mach ine_base " , 5000 , "

MACHINE_BASE_PORT" )

a g v _ b a s e _ p o r t = g e t _ p o r t _ c o n f i g ( c o n f i g , " agv_base " , 5004 , "

AGV_BASE_PORT" )

c h a r g e _ s t a t i o n _ p o r t = g e t _ p o r t _ c o n f i g ( c o n f i g , "

c h a r g e _ s t a t i o n " , 5005 , "CHARGE_STATION_PORT " )

a g v _ p o r t s = [

b u i l d _ i n d e x e d _ p o r t ( index , a g v _ b a s e _ p o r t , AGV_PORT_STEP ,

{ c h a r g e _ s t a t i o n _ p o r t } )

f o r i n d e x i n r a n g e ( 1 , DEFAULT_AGV_COUNT + 1)

]

m a c h i n e _ p o r t s = [ b a s e _ p o r t + ( i d x − 1) f o r i d x i n r a n g e ( 1 ,

mach ine_coun t + 1) ]

p o r t s = m a c h i n e _ p o r t s + a g v _ p o r t s + [ c h a r g e _ s t a t i o n _ p o r t ]

d e a d l i n e = t ime . t ime ( ) + t i m e o u t _ s e c o n d s

a l l _ r e a d y = F a l s e

w h i l e t ime . t ime ( ) < d e a d l i n e :

r e a d y _ c o u n t = 0

f o r p o r t i n p o r t s :
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t r y :

sock = s o c k e t . s o c k e t ( s o c k e t . AF_INET , s o c k e t .

SOCK_STREAM)

sock . s e t t i m e o u t ( 0 . 5 )

r e s u l t = sock . c o n n e c t _ e x ( ( ’ l o c a l h o s t ’ , p o r t ) )

sock . c l o s e ( )

i f r e s u l t == 0 :

r e a d y _ c o u n t += 1

e x c e p t E x c e p t i o n :

p a s s

p r i n t ( f " Agents r e a d y : { r e a d y _ c o u n t } / { l e n ( p o r t s ) } " , end

= " \ r " , f l u s h =True )

i f r e a d y _ c o u n t >= l e n ( p o r t s ) :

p r i n t ( )

a l l _ r e a d y = True

b r e a k

t ime . s l e e p ( 0 . 5 )

i f n o t a l l _ r e a d y :

p r i n t ( f " \ nWarning : Not a l l a g e n t s r e a d y a f t e r {

t i m e o u t _ s e c o n d s } s , p r o c e e d i n g anyway " )

r e t u r n a l l _ r e a d y

d e f run_demo ( p r o d u c t _ c o u n t =DEFAULT_PRODUCT_COUNT, agv_coun t =

DEFAULT_AGV_COUNT) :

c o n f i g = l o a d _ r u n t i m e _ c o n f i g ( )

m e t r i c s _ p o r t = g e t _ p o r t _ c o n f i g ( c o n f i g , " m e t r i c s " , 9000 , "

METRICS_PORT " )

# Launch p r o d u c t s i n d e t a c h e d mode ( a g e n t s a r e a l r e a d y

r u n n i n g )

cmd = [

PY ,

os . p a t h . j o i n ( BASE_DIR , " l a u n c h _ p r o d u c t s . py " ) ,

"−− c o u n t " ,

s t r ( p r o d u c t _ c o u n t ) ,

]

l a u n c h e r _ e n v = os . e n v i r o n . copy ( )

l a u n c h e r _ e n v [ "AGV_COUNT" ] = s t r ( agv_coun t )
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l a u n c h e r _ e n v [ " METRICS_PORT " ] = s t r ( m e t r i c s _ p o r t )

l a u n c h e r _ e n v [ " METRICS_URL " ] = l a u n c h e r _ e n v . g e t ( " METRICS_URL

" , f " h t t p : / / l o c a l h o s t : { m e t r i c s _ p o r t } / m e t r i c " )

p r i n t ( " S t a r t i n g p r o d u c t s l a u n c h e r : " , " " . j o i n ( cmd ) )

r e t = s u b p r o c e s s . run ( cmd , cwd=PROJECT_ROOT , env= l a u n c h e r _ e n v

)

p r i n t ( " P r o d u c t s l a u n c h e r f i n i s h e d wi th r e t u r n c o d e " , r e t .

r e t u r n c o d e )

r e t u r n r e t . r e t u r n c o d e

d e f w a i t _ f o r _ c o m p l e t i o n ( p r o d u c t _ c o u n t =DEFAULT_PRODUCT_COUNT,

t i m e o u t _ s e c o n d s =DEFAULT_WAIT_TIMEOUT_SECONDS) :

p r i n t ( f " Wai t i ng f o r { p r o d u c t _ c o u n t } p r o d u c t _ e n d e v e n t ( s ) i n

{METRICS_FILE } " )

d e a d l i n e = t ime . t ime ( ) + t i m e o u t _ s e c o n d s

s e e n _ p r o d u c t s = s e t ( )

w h i l e t ime . t ime ( ) < d e a d l i n e :

i f os . p a t h . e x i s t s ( METRICS_FILE ) :

t r y :

w i th open ( METRICS_FILE , " r " , e n c o d i n g =" u t f −8" )

a s h a n d l e :

f o r l i n e i n h a n d l e :

i f n o t l i n e . s t r i p ( ) :

c o n t i n u e

e v e n t = j s o n . l o a d s ( l i n e )

i f e v e n t . g e t ( " e v e n t " ) == " p r o d u c t _ e n d "

and e v e n t . g e t ( " p r o d u c t I d " ) :

s e e n _ p r o d u c t s . add ( e v e n t [ " p r o d u c t I d

" ] )

e x c e p t j s o n . JSONDecodeError :

# The c o l l e c t o r may s t i l l be append ing a l i n e ;

r e t r y on t h e n e x t p o l l .

p a s s

p r i n t ( f " Completed p r o d u c t s : { l e n ( s e e n _ p r o d u c t s ) } / {

p r o d u c t _ c o u n t } " , end = " \ r " , f l u s h =True )

i f l e n ( s e e n _ p r o d u c t s ) >= p r o d u c t _ c o u n t :

p r i n t ( )
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r e t u r n True

t ime . s l e e p ( 1 )

p r i n t ( )

p r i n t ( f " Timeout w a i t i n g f o r p r o d u c t s a f t e r { t i m e o u t _ s e c o n d s }

s ; s een ={ s o r t e d ( s e e n _ p r o d u c t s ) } " )

r e t u r n F a l s e

d e f s u m m a r i z e _ m e t r i c s ( ) :

i f n o t os . p a t h . e x i s t s ( METRICS_FILE ) :

p r i n t ( " No m e t r i c s f i l e found : " , METRICS_FILE )

r e t u r n

p r i n t ( f " Reading m e t r i c s from {METRICS_FILE } " )

l i n e s = [ j s o n . l o a d s ( l ) f o r l i n open ( METRICS_FILE , " r " ,

e n c o d i n g =" u t f −8" ) i f l . s t r i p ( ) ]

# p r o d u c t t i m i n g s

s t a r t s = {}

ends = {}

f o r e i n l i n e s :

ev = e . g e t ( " e v e n t " )

i f ev == " p r o d u c t _ s t a r t " :

p i d = e . g e t ( " p r o d u c t I d " )

s t a r t s [ p i d ] = s t a r t s . g e t ( p i d ) o r e . g e t ( " t s " )

i f ev == " p r o d u c t _ e n d " :

p i d = e . g e t ( " p r o d u c t I d " )

ends [ p i d ] = e . g e t ( " t s " )

p a r s e d _ s t a r t s = [ d a t e t i m e . f r o m i s o f o r m a t ( s . r s t r i p ( " Z " ) ) f o r s

i n s t a r t s . v a l u e s ( ) ] i f s t a r t s e l s e [ ]

p a r s e d _ e n d s = [ d a t e t i m e . f r o m i s o f o r m a t ( s . r s t r i p ( " Z " ) ) f o r s

i n ends . v a l u e s ( ) ] i f ends e l s e [ ]

summary = {}

i f p a r s e d _ s t a r t s and p a r s e d _ e n d s :

makespan = ( max ( p a r s e d _ e n d s ) − min ( p a r s e d _ s t a r t s ) ) .

t o t a l _ s e c o n d s ( )
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comple t ed = l e n ( p a r s e d _ e n d s )

t h r o u g h p u t = comple t ed / makespan i f makespan > 0 e l s e

None

summary . u p d a t e ( { " makespan_s " : makespan , " comple t ed " :

comple ted , " t h r o u g h p u t _ p e r _ s " : t h r o u g h p u t } )

e l s e :

summary . u p d a t e ( { " makespan_s " : None , " comple t ed " : 0 , "

t h r o u g h p u t _ p e r _ s " : None } )

# r e s o u r c e u t i l i z a t i o n from s e r v i c e e v e n t s

s e r v i c e _ s u m = {}

f o r e i n l i n e s :

i f e . g e t ( " e v e n t " ) == " s e r v i c e " :

a g e n t = e . g e t ( " a g e n t " )

dur = f l o a t ( e . g e t ( " d u r a t i o n _ m s " ) o r 0 )

s e r v i c e _ s u m [ a g e n t ] = s e r v i c e _ s u m . g e t ( agen t , 0 . 0 ) +

dur

u t i l = {}

i f summary . g e t ( " makespan_s " ) :

f o r agen t , t o t a l _ m s i n s e r v i c e _ s u m . i t e m s ( ) :

u t i l [ a g e n t ] = ( t o t a l _ m s / ( summary [ " makespan_s " ] *
1 0 0 0 . 0 ) ) * 100 .0

summary [ " u t i l i z a t i o n _ p e r c e n t " ] = u t i l

o u t _ p a t h = os . p a t h . a b s p a t h ( os . p a t h . j o i n ( BASE_DIR , "

met r ics_summary . j s o n " ) )

t r y :

w i th open ( o u t _ p a t h , "w" , e n c o d i n g =" u t f −8" ) a s f :

j s o n . dump ( summary , f , i n d e n t =2)

p r i n t ( f " Summary w r i t t e n t o { o u t _ p a t h } " )

e x c e p t E x c e p t i o n as e :

p r i n t ( f " E r r o r w r i t i n g summary t o { o u t _ p a t h } : { e } " )

r e t u r n

p r i n t ( j s o n . dumps ( summary , i n d e n t =2) )

d e f s t o p _ a g e n t s ( f o r c e : boo l = F a l s e ) −> None :
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s c r i p t _ p a t h = os . p a t h . j o i n ( BASE_DIR , " s t o p _ a g e n t s . py " )

i f n o t os . p a t h . e x i s t s ( s c r i p t _ p a t h ) :

p r i n t ( " s t o p _ a g e n t s . py n o t found ; s k i p p i n g a g e n t shutdown

. " )

r e t u r n

cmd = [PY , s c r i p t _ p a t h ]

i f f o r c e :

cmd . append (" − − f o r c e " )

p r i n t ( " S t o p p i n g a g e n t s : " , " " . j o i n ( cmd ) )

t r y :

s u b p r o c e s s . run ( cmd , cwd=PROJECT_ROOT)

e x c e p t E x c e p t i o n as exc :

p r i n t ( f " F a i l e d t o s t o p a g e n t s : { exc } " )

d e f main ( ) :

a r g s = p a r s e _ a r g s ( )

p r o d u c t _ c o u n t , mach ine_coun t = _ g e t _ r u n t i m e _ c o u n t s ( )

agv_coun t = DEFAULT_AGV_COUNT

# Clean g e n e r a t e d r u n t i m e f i l e s

t r y :

i f os . p a t h . e x i s t s ( METRICS_FILE ) :

os . remove ( METRICS_FILE )

i f os . p a t h . e x i s t s (RESOURCE_CACHE_FILE) :

os . remove (RESOURCE_CACHE_FILE)

e x c e p t E x c e p t i o n :

p a s s

# 1 . S t a r t a g e n t s f i r s t ( w i t h o u t p r o d u c t s )

code = s t a r t _ a g e n t s ( agv_coun t = agv_coun t )

i f code != 0 :

p r i n t ( f " Agent l a u n c h e r e x i t e d wi th code { code } ;

c o n t i n u i n g anyway " )

# 2 . Wait f o r a g e n t s t o be r e a d y

w a i t _ f o r _ a g e n t s ( mach ine_coun t )

t ime . s l e e p ( 0 . 5 )
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# 3 . R e f r e s h AAS e n d p o i n t s a f t e r a g e n t s a r e up , so p r o d u c t s

do n o t d i s c o v e r s t a l e p o r t s .

code = r e f r e s h _ a a s _ s t r u c t u r e ( agv_coun t = agv_coun t )

i f code != 0 :

p r i n t ( f "AAS r e f r e s h e x i t e d wi th code { code } ; p r o d u c t s

may d i s c o v e r s t a l e e n d p o i n t s " )

t r y :

i f os . p a t h . e x i s t s (RESOURCE_CACHE_FILE) :

os . remove (RESOURCE_CACHE_FILE)

e x c e p t E x c e p t i o n :

p a s s

# 4 . S t a r t m e t r i c s c o l l e c t o r ( j u s t b e f o r e l a u n c h i n g p r o d u c t s

)

c o l l e c t o r = s t a r t _ c o l l e c t o r ( )

t ime . s l e e p ( 0 . 5 )

i n t e r r u p t e d = F a l s e

t r y :

# 5 . Launch p r o d u c t s ( a g e n t s a r e a l r e a d y r u n n i n g and

m e t r i c s i s c o l l e c t i n g )

code = run_demo ( p r o d u c t _ c o u n t = p r o d u c t _ c o u n t , agv_coun t =

agv_coun t )

i f code != 0 :

p r i n t ( f " P r o d u c t s l a u n c h e r e x i t e d wi th code { code } ;

c o n t i n u i n g t o w a i t f o r m e t r i c s anyway " )

# 6 . Wait f o r p r o d u c t s t o c o m p l e t e

w a i t _ f o r _ c o m p l e t i o n ( p r o d u c t _ c o u n t = p r o d u c t _ c o u n t )

e x c e p t K e y b o a r d I n t e r r u p t :

i n t e r r u p t e d = True

p r i n t ( " Benchmark i n t e r r u p t e d ; summar iz ing c o l l e c t e d

m e t r i c s so f a r . " )

f i n a l l y :

t r y :

c o l l e c t o r . t e r m i n a t e ( )

c o l l e c t o r . w a i t ( t i m e o u t =10)

e x c e p t E x c e p t i o n :

p a s s
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t ime . s l e e p ( 0 . 5 )

t r y :

s u m m a r i z e _ m e t r i c s ( )

e x c e p t E x c e p t i o n as e :

p r i n t ( f " E r r o r summar iz ing m e t r i c s : { e } " )

i m p o r t t r a c e b a c k

t r a c e b a c k . p r i n t _ e x c ( )

i f i n t e r r u p t e d :

p r i n t ( " P a r t i a l summary w r i t t e n a f t e r i n t e r r u p t i o n . " )

i f n o t a r g s . n o _ s t o p _ a g e n t s :

f o r c e _ s t o p = n o t a r g s . g r a c e f u l _ s t o p

s t o p _ a g e n t s ( f o r c e = f o r c e _ s t o p )

i f __name__ == " __main__ " :

main ( )
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