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The integration of generative Artificial Intelligence (AI) tools is transforming project 
management in the naval industry. This article proposes the design of a comprehensive 
management system for naval design and engineering projects that incorporates AI and 
machine learning technologies in each phase of the project life cycle. Using Adaptive 
Structuration Theory (AST), the study examines how design project managers implement 
these tools to optimize processes from conceptualization to delivery. Factors such as 
Innovative Attitude, Peer Influence, and Task-Technology Fit (TTF) are considered. The 
proposed system includes modules for document analysis, activity planning, cost and 
timeline forecasting, and risk and requirements management, all powered by AI. An 
integration plan and evaluation framework are presented to measure the potential 
impact of the system on the efficiency and effectiveness of naval project management. 
This study offers a significant contribution to the understanding how generative AI can 
transform project management in the naval industry, while addressing the associated 
ethical and practical challenges.
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The naval industry stands at a critical 
inflection point, facing unprecedented project 
management challenges due to the increasing 
complexity of modern vessels and the 
demand for shorter production cycles. These 
projects, spanning from conceptual design to 
final delivery, are characterized by an intricate 
web of interdependencies between design, 
engineering, procurement and construction, 
requiring precise and efficient coordination 
for success. Traditional project management, 
often based on linear and waterfall planning, 
is challenged by the dynamic and iterative 
nature of modern naval projects, where 
changes in requirements, technology or 
the market are frequent and require high 
adaptability. [1], [2]

In this context, generative Artificial Intelligence 
(AI) is emerging as a disruptive technology 
with the potential to revolutionize project 
management in the naval industry. Generative 
AI tools, such as chatbots, predictive analytics 
systems and AI-powered project management 
platforms, provide the ability to automate 
tasks, optimize resources, improve decision 
making and manage risks proactively. [3], 
[4] Unlike traditional AI, which focuses on 
analysis and prediction, generative AI creates 
original content and innovative solutions, 
opening up new possibilities for naval project 
management. [5], [6]

However, the integration of generative AI in 
the naval industry is not without its challenges. 
Naval project management is characterized by 
the need to handle large volumes of technical 
documentation, coordinate multidisciplinary 
teams and adapt to international regulations. 
Moreover, the conservative nature of the 
naval industry often resists to the adoption 
of new technologies. [7], [8] Therefore, it is 
critical to understand how these factors can 
impact the implementation and effective use 
of AI in this specific context.

This paper addresses the need for a 

comprehensive management system for 
naval design and engineering projects that 
incorporates generative AI to overcome 
traditional management challenges and 
maximize the potential of this technology. The 
proposed system uses Adaptive Structuration 
Theory (AST) as a theoretical framework to 
understand the interaction between people 
and advanced technologies in organizations. 
[9], [10] Furthermore, individual and contextual 
factors, such as innovative attitude, peer 
influence, and task-technology fit, are taken 
into account to analyze the appropriation 
and use of AI by project managers. [11], [12] 
The system integrates modules for document 
analysis, planning, forecasting and risk 
management, all powered by AI, with the 
purpose of improving efficiency, accuracy and 
proactive project management.

Finally, this paper not only contributes to the 
theoretical understanding of the application 
of generative AI in naval project management, 
but also provides practical information for 
the industry and sets a solid foundation for 
future research. The discussion focuses on 
project management from the design phase 
to ship launch, addressing the ethical and 
implementation challenges of AI to foster a 
human-centered approach.

This section presents a review of relevant 
literature to contextualize the research 
and highlight the need for a naval project 
management system with generative AI. The 
following areas are discussed:

A. AI and Machine Learning in project 
management

AI and machine learning (ML) have transformed 
project management in various industries. 
AI technologies, including deep learning 
(DL), natural language processing (NLP), and 
computer vision, are applied in various project 
phases, from planning and monitoring to risk 
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management and decision making. [13], [14] 
These technologies allow automating tasks, 
optimizing resource allocation, predicting 
results, and improving communication among 
team members. [15] However, the application 
of AI in project management also brings 
along certain challenges, such as the need 
for large datasets, model interpretability, and 
bias management. [16] In the naval context, 
AI has been used to optimize routes, predict 
equipment maintenance, and improve safety. 
[17] However, its potential for integrating 
generative AI into comprehensive project 
management has yet to be fully explored.

B. Naval project management

Managing naval projects poses unique 
challenges due to the complexity of modern 
ships, tight deadlines and strict regulations. 
These projects often involve a large number 
of stakeholders, from engineers and 
designers to shipyards and clients, requiring 
efficient communication and collaboration 
management. [18] Traditional project 
management, with its linear approach, often 
fails to adapt to the frequent changes that 
occur during the project lifecycle. [11] The 
integration of generative AI offers the potential 
to address these challenges by automating 
tasks, optimizing resources, and proactively 
managing risks, improving efficiency and 
accuracy in naval project management.

C. Technological Appropriation in the Naval 
Industry

The adoption of new technologies in the 
traditionally conservative naval industry is 
influenced by organizational, individual and 
technological factors. [8] At the organizational 
level, company culture, management support 
and resource availability play a crucial role. At 
the individual level, innovative attitude, peer 
influence and self-efficacy are determining 
factors. [11] The complexity of naval 
systems and the need for integration with 
existing systems also influence technology 
adoption. [11] Models such as the Technology 

Acceptance Theory (TAM) and the Use and 
Gratification (U&G) Model have been used 
to understand technology adoption in this 
sector. [8] However, a deeper understanding 
of how these factors interact to influence the 
appropriation of generative AI in naval project 
management is needed.

 D. Project Management Systems with AI

There are several project management 
systems (PMSs) that incorporate AI, offering 
functionalities such as data analysis, risk 
prediction, and resource optimization. 
[12] These systems are based on different 
architectures, from cloud-based systems to 
on-premises solutions, and use a variety of AI 
technologies, including ML, NLP, and computer 
vision. While these systems have proven to 
be beneficial in project management in other 
sectors, their application in the naval industry 
is still limited. Furthermore, the integration 
of generative AI into these systems entails 
specific challenges, such as the need to adapt 
the algorithms to naval terminology and the 
management of uncertainty inherent in naval 
projects. [19]

This literature review underscores the need for 
a project management system that integrates 
generative AI, addressing the complexity and 
specific challenges of the naval industry. The 
system proposed in this paper seeks to fill 
this gap, offering an innovative solution to 
improve efficiency, accuracy and proactive 
project management, from design to launch.

System Design

The proposed system adopts a modular 
architecture based on microservices, 
distributed in four interconnected 
layers that communicate through an 
application programming interface with a 
Representational State Transfer (RESTful 
API) design protocol and an event bus. 
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This architecture, inspired by robust and 
scalable enterprise management systems 
[20], provides flexibility, maintainability and 
a good fit between components. In addition, 
it allows integration with legacy systems and 
adaptation to the changing needs of the naval 
industry.

General architecture
The naval project management system 
architecture is made up of four interconnected 
layers. The user interface layer, UX, designed 
as a Progressive Web Application (PWA), 
enables access from any device, offering a 
consistent user experience and improving 
accessibility in industrial environments. 
This layer provides a centralized view of 
the project, including schedule, resources, 
risks and progress, enabling real-time 
monitoring and management. The IA Services 
layer, the core of the system, consists of 
four independent modules (document 
analysis, activity planning, forecasting, 
and risk and requirements management) 
that communicate through an enterprise 
service bus (ESB) to ensure information 
consistency and dependency management. 
The Integration and Orchestration layer, also 
managed by the ESB, facilitates integration 
with external systems such as Enterprise 

Resource Planning (ERP) and Computer Aided 
Drafting (CAD), enabling data synchronization 
and messaging between modules. The Data 
and Persistence layer uses a polyglot storage 
approach, combining relational, document, 
graph and data lake databases to efficiently 
manage diverse project data. The system 
also implements a Role-Based Security Model 
(RBAC) with multi-factor authentication and 
a logging and monitoring system to ensure 
security and performance tracking.

Detailed description of each module 
Each module of the AI Services layer has 
been designed to address a specific aspect of 
naval project management, using specific AI 
algorithms and technologies. Communication 
between the modules is achieved through 
the ESB, ensuring a smooth workflow and 
dependency management. Each module is 
described in detail below:
 

A.	 Document Analysis Module: This 
module automatically processes and 
analyzes technical documentation using 
Natural Language Processing (NLP) 
techniques. It uses a specific version of 
the Bidirectional Encoder Representations 
from Transformers (BERT) model, 
tailored to the naval industry, which has 

User Interface Layer

Integration and Orchestration Layer

AI Services Layer

Data and Persistence Layer

Progressive Web Application

ESB (Enterprise System Bus)

Risk and Requirement Management Forecasting Activity Planning Document Analysis

Graph Databases Data Lakes Relational  Databases Documentary Databases

Fig. 1. Project Management System Architecture.
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demonstrated high accuracy (over 89%) in 
the extraction of relevant information [13], 
[21]. This model, based on transformers, 
enables a contextualized understanding 
of language, overcoming the limitations of 
traditional sequence-based models. The 
main functionalities of the module include 
the extraction of technical specifications, 
the classification of documents according 
to the standard naval taxonomy, the 
identification of regulatory requirements 
and the detection of inconsistencies in 
documentation. The module uses Named 
Entity Recognition (NER) to identify and 
classify specific entities in the naval 
field, such as ship types, equipment 
and materials. Input data are technical 
documents in digital format, while output 
data are structured data sets containing 
relevant extracted information such as 
specifications, requirements and possible 
inconsistencies.
 
B.	 Activity Planning Module: This module 
is responsible for the planning and 
scheduling of project activities, taking into 
account resource constraints, deadlines 
and interdependencies between tasks. 
The module uses a hybrid system that 
combines historical data analysis with 
optimization algorithms, such as genetic 
algorithms, to generate optimized plans 
tailored to the specific needs of each 
project. [11], [22] A historical data analysis 
engine, based on Apache Spark, processes 
large volumes of data to identify patterns 
and trends. Genetic algorithms are applied 
to optimize activity sequencing and 
resource allocation, taking into account 
project constraints. The module also 
includes a resource balancing system to 
ensure efficient workload distribution and 
an interface for the manual adjustment 
of plans, allowing project manager 
intervention when necessary. Input 
data include the project’s SWBS (Ship 
Work Breakdown Structure), resource 
availability, timelines and historical data 
from similar projects. Output data are 

optimized project plans, including the 
sequence of activities, resource allocation 
and schedule.
 
C.	 Forecasting Module: This module 
generates predictions on project cost 
and duration using predictive models 
based on LSTM (Long Short-Term 
Memory) neural networks. [11], [23] LSTM 
networks, a type of recurrent neural 
network, are particularly suitable for time 
series analysis and have demonstrated 
high accuracy in predicting costs and 
timelines in complex projects. The module 
analyzes historical data from similar 
projects, considering variables specific 
to the naval industry, such as weather 
conditions and availability of resources 
(dry docks, skilled labor, etc.). In addition, 
the module performs trend analysis to 
identify possible deviations from the plan 
and generate early warnings. Input data 
include historical project data, such as 
costs, deadlines and resources used, as 
well as relevant environmental data, such 
as market conditions and regulations. 
Output data are predictions on project 
cost and duration, as well as an analysis of 
risks and opportunities.
 
D.	 Risk and Requirements Management 
Module: This module is responsible 
for proactive risk identification and 
management, as well as for the 
traceability of project requirements. It 
uses machine learning (ML) algorithms 
to identify patterns in historical project 
data and detect potential emerging 
risks. [24] It also uses knowledge graphs 
to represent the relationships between 
requirements and risks, facilitating 
traceability and impact analysis. [25] 
A continuous risk monitoring system 
enables proactive management and the 
implementation of mitigation measures. 
Input data include historical project data, 
such as identified risks and their impacts, 
as well as project requirements and their 
interdependencies. Output data are risk 
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assessments, mitigation plans and a log of 
requirements traceability.

Integration between modules
The modules of the AI Services layer are 
integrated with external systems through 
a combination of RESTful APIs and an event 

The combination of RESTful APIs and EDA 
offers several advantages for integration 
between modules:
 
•	 Loose coupling: Modules do not need 

to know the internal implementation 
of other modules, which facilitates 
their independent development and 
maintenance.

•	 Scalability: Each module can be scaled 
independently to adapt to the demands of 
the system.

•	 Flexibility: The system can easily adapt to 
changes in requirements or technology.

•	 Resilience: The failure of a module does 
not affect the operation of the rest of the 
system.

•	 Traceability: The event bus logs all 
published events, facilitating traceability 
of operations and identification of 
potential problems.

 

bus, following the Event Driven Architecture 
(EDA) pattern. This architecture enables 
asynchronous communication between 
modules, which means that they do not need 
to be constantly connected to each other, 
but can exchange information independently 
through the event bus.

This integration approach, based on RESTful 
APIs and EDA, lays a solid foundation for a 
robust, scalable, flexible and resilient naval 
project management system, facilitating the 
integration of generative AI and the efficient 
management of complex projects.

Data

Efficient data management is paramount 
for the proper operation of the project 
management system. This system uses a 
variety of data sources, which are integrated 
and processed to provide relevant information 
to the various modules.
 
Data sources 
The system draws from a variety of data 
sources, both internal and external, to capture 
a full picture of the project. The main data 
sources include:

Fig. 2.  Sequence Diagram.
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The integration of these various data sources 
provides a holistic view of the project, for 
more efficient and accurate management. 
The system uses data integration techniques 
to combine data from different sources and 
formats, ensuring information consistency 
and quality.

Data Preprocessing 
Before the data can be used by the different 
modules of the system, it undergoes 
a preprocessing process to ensure its 
quality, consistency and compatibility. Data 
preprocessing is a crucial step in any AI 
project, and naval project management is 
no exception. [16] Data, coming from various 
sources and in different formats, can contain 
errors, inconsistencies, missing values, 
and noise, which can negatively impact the 
performance of AI models and the accuracy 
of results.
 
Data preprocessing is an iterative process 
that is performed in collaboration with field 
experts to ensure that the data is accurate, 
consistent and relevant to the needs of 
the project. Thorough data preprocessing 
is essential to the success of the project 
management system, ensuring the quality of 
the data used to train the AI models and the 
accuracy of the results obtained.

Data model 
The system’s data architecture is based 
on a polyglot model, which brings together 
different types of databases to take capitalize 
on the benefits of each and adapt to the 
wide array of data used in naval project 
management. This approach is instrumental 
to efficiently manage information, from 
structured to unstructured data, and to 
facilitate analysis and knowledge extraction 
using AI techniques. The selection of a 
polyglot data model is essential for projects 
involving large volumes of heterogeneous 
data, such as naval project management, and 
follows current trends in data management 
for AI. [26] It also facilitates system scalability 
and flexibility, allowing adaptation to 
changing project needs.
 
The system uses the following types of 
databases:
 

A.	 Relational databases: They are 
used to store structured project data, 
such as task, resource, timeline and 
cost information. Their rigid structure 
and predefined schema ensure data 
consistency and integrity, which is 
essential for project planning and control. 
In addition, relational databases provide 
high query and transaction performance, 
which is important for a real-time project 

Fig. 3.  Data Sources.
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management system. In this system, 
relational databases are used to store 
information from the ERP, such as resource 
availability and costs.

B.	 Document databases: They are used 
to store technical specifications and 
other project documents. Their flexible 
schema allows storing unstructured or 
semi-structured information, such as 
text, images and videos. This is especially 
useful for document management, where 
flexibility and full-text searchability are 
essential. In this system, document 
databases are used to store information 
from the CAD system, such as drawings, 
3D models and technical specifications. 
This choice is justified by the need to 
access contextualized information to, 
for example, identify the causes of 
design delays [19] or predict the need 
for specialized human resources based 
on the type of vessel and technologies 
involved. The ability of generative AI to 
process natural language and understand 
the context of documents is key to extract 
relevant information and improve the 
accuracy of predictions.

C.	 Graph databases: They are used to 
represent the relationships between 
requirements, risks and other project 
elements. Their structure based on nodes 
and relationships makes it possible to 
represent the complex interdependencies 
between the different elements of the 
project, which facilitates impact analysis 
and risk management. This graphical 
representation is key for information 
traceability, change management and 
the identification of potential risks. In the 
context of generative AI adoption, graph 
databases are essential for modeling the 
complex relationships between project 
requirements and AI capabilities, for a 
better expectation management and 
greater efficiency in the implementation 
of generative AI solutions.

D.	 Data Lakes: They are used to store 
large volumes of historical data, both 
structured and unstructured. These data 
are used for AI model training, trend 
analysis and pattern identification. Data 
lakes provide a flexible and scalable 
platform for data storage, which is 
essential for projects that generate 
large volumes of information over time. 
The ability to store raw data without 
a predefined schema allows to fully 
leverage the potential of generative AI to 
uncover hidden patterns and generate 
new insights, driving innovation in ship 
design.

The combination of these different types of 
databases in a polyglot architecture allows 
for an efficient and flexible management 
of project information, adapting to the 
specific needs of each module and to the 
characteristics of the data. This flexibility is 
crucial for the integration of generative AI 
in naval project management, enabling the 
development of innovative solutions and 
the optimization of design and construction 
processes.

Pros Cons

Efficient data 
management 

Flexibility and 
scalability 

Better AI 
integration 

Improved data 
analysis 

Adaptability to 
different types of 
data

Complex 
implementation 

Higher 
maintenance costs 

Potential data 
inconsistency 

Steeper learning 
curve 

Integration 
challenges

Fig. 4.  Polyglot data model in ship project 
management.
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Implementation

The implementation phase focuses on the 
materialization of the system, translating 
the architectural design into a functional 
system. This phase involves the selection 
of specific technologies, the structuring for 
code development, the concept of module 
integration and the design of system tests. 
Implementation must be done iteratively, 
with development, testing and feedback 
cycles to ensure quality and compliance with 
requirements.
 
Technologies used
The selection of technologies is based 
on criteria of performance, scalability, 
maintainability, security and compatibility 
with existing systems. The system will be 
implemented using the following technologies:
 

A.	 Programming language: Python, for its 
versatility, wide set of AI libraries and ease 
of integration with other technologies. 
Python is a high-level interpreted 
language, widely used in the development 
of AI and machine learning applications. 
[27] Its clear and concise syntax makes it 
easy to write and maintain code, while its 
extensive ecosystem of libraries provides 
tools for a variety of tasks, such as natural 
language processing, data analysis and 
visualization.
 
B.	 Frameworks: Several frameworks 
are selected for the development of the 
various modules of the system. The spaCy 
framework is used for the Document 
Analysis module, which is a NLP library 
for Python that provides functionalities 
for natural language processing, such as 
parsing, entity tagging, and information 
extraction. [28] The Optuna framework 
is used for the Activity Planning module, 
which is an automated optimization 
framework for Python that facilitates 
the search for optimal hyperparameters 
for machine learning models. [29] The 

PyTorch Forecasting framework is used for 
the Forecasting module, which is a time 
series forecasting framework for PyTorch 
that provides functionalities for the 
development and training of LSTM models. 
[30] The Neo4j framework is used for the 
Risk and Requirements Management 
module, which is a graph database that 
allows representing and analyzing the 
relationships between requirements, 
risks and other project elements. [31] The 
selection of these frameworks is based on 
their performance, scalability, ease of use 
and adaptation to the specific needs of 
each module.
 
C.	 Libraries: Several libraries are 
required to supplement the frameworks’ 
functionalities. These libraries provide 
tools for specific tasks, such as data 
preprocessing, visualization and model 
management. Some examples of libraries 
to integrate are Pandas and NumPy for 
data analysis, Matplotlib and Seaborn 
for visualization and MLflow for model 
management. [32]-[34] The selection 
of these libraries is based on their 
performance, ease of use and adaptation 
to the specific needs of each module.
 
D.	 Database: The system is conceptualized 
with a polyglot data architecture, 
combining relational, document, and 
graph databases to efficiently manage 
the multiplicity of data inherent in naval 
project management. [31] PostgreSQL, a 
robust and scalable open source relational 
database management system, is used to 
store structured project data such as task, 
resource, timeline, and cost information. 
[35] MongoDB, a NoSQL document 
database, is used to store unstructured 
or semi-structured information, such as 
technical specifications, blueprints and 3D 
models, providing flexibility and efficiency 
in document management. [36] Neo4j, a 
graph database, is used to represent the 
relationships between requirements, risks 
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and other project elements, facilitating 
impact analysis and risk management. [31] 
This combination of databases enables 
efficient and secure data management, 
adapting to the different formats and 
requirements of each type of information, 
while taking advantage of the specific 
benefits of each technology.

E.	 Event bus: Apache Kafka is chosen 
as the event bus for asynchronous 
communication between modules. Apache 
Kafka is a distributed, high-performance 
and scalable streaming platform, which 
enables efficient management of large 
volumes of real-time data. [37]
 
F.	 Containerization: For the 
containerization of modules and their 
dependencies Docker is the chosen 
option, as it facilitates the deployment and 
management of applications, ensuring 
the portability and consistency of the 
execution environment. [38]
 
G.	 Orchestration: Kubernetes is selected 
for the orchestration of Docker containers, 
automating the deployment, scalability 
and management of applications in a 
distributed environment. [39]

 
The blend of these technologies lays a solid 
foundation for system implementation, 
ensuring performance, scalability, 
maintainability and security. The preference 
for open source technologies facilitates 
collaboration and adaptation to the specific 
needs of the project.

Development Environment
Optimizing the implementation of the system 
and seeking to ensure quality, efficiency and 
responsiveness to changes, we chose to 
structure an agile and iterative development 
environment. This approach, widely adopted 
in modern software development, follows 
the dynamic nature of AI projects and allows 
for an agile adaptation to new technologies 
and evolving requirements. [40] Version 

management is achieved through a Git 
repository, which facilitates collaboration 
between developers and change tracking. To 
automate the software building, testing and 
integration process, a continuous integration 
server is implemented.

System Testing and Validation
The system testing and validation phase, 
which is essential to ensure design quality, 
reliability and robustness, was planned with 
a comprehensive and iterative approach, 
integrating various techniques to cover all 
system components and functionalities. 
While full implementation and performance 
testing is beyond the scope of this design-
focused article, this subsection describes the 
planned validation strategy for the system 
once implemented.

Unit tests will be defined for each module 
of the AI Services layer, using frameworks 
such as Pytest for Python modules. [41] 
These tests will be designed to verify the 
performance of each unit of code in isolation, 
ensuring that the functions and methods 
produce the expected results according to 
the design specifications. A set of test cases 
covering different scenarios and inputs will 
be developed, with the objective of detecting 
possible errors or inconsistencies in the logic 
of each module.

System evaluation

The evaluation of the system, which is 
fundamental to determine the effectiveness 
of the proposed design and its ability to 
improve the productivity of the design and 
engineering office, was planned using a dual 
approach: efficiency metrics and effectiveness 
indicators. This comprehensive approach will 
allow not only quantifying the performance 
of the system, but also assessing its impact 
on naval project management. Since this 
paper focuses on the design of the system, 
the evaluation is intended as a proposal for 
the post-implementation stage.
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Efficiency Metrics
Efficiency metrics will focus on quantifying 
system performance in terms of time, 
accuracy and resource utilization, key aspects 
of design and engineering office productivity. 
An efficient system will allow engineers to 
spend more time on higher value-added 
tasks, such as creative design and complex 
problem solving, rather than repetitive, low-
value tasks.

The following efficiency metrics, categorized 
into three groups, are proposed:

A.	 Temporal Performance Metrics: 
These metrics will measure the speed 
and responsiveness of the system, which 
are crucial aspects for the productivity of 
professionals.

Reduced planning time (%): This metric 
will measure time savings in project 
planning due to the task automation 
and resource optimization provided 
by the system. A meaningful reduction 
in planning time will translate into 
increased productivity of the design 
and engineering office.

Document processing speed (pages/
minute): This metric will measure 
the speed at which the Document 
Analysis module processes technical 
documentation. A higher processing 
speed will allow engineers to access 
relevant information faster, improving 
their productivity.

B.	 Accuracy Metrics: These metrics will 
focus on the accuracy and reliability of the 
results produced by the system, which 
is fundamental for informed decision 
making.

Cost estimating accuracy (%): This 
metric will measure the accuracy of 
the Forecasting module in estimating 
project costs. Higher estimating 
accuracy will allow engineers to make 

more informed budgeting decisions.

Requirements identification accuracy (%): 
This metric will measure the accuracy 
of the Document Analysis module 
in identifying project requirements. 
Greater accuracy in identifying 
requirements will allow engineers to 
ensure that the vessel design meets the 
client’s specifications.

Risk detection false positive rate (%): This 
metric will measure the false positive 
rate of the Risk and Requirements 
Management module. A low false 
positive rate is key to prevent engineers 
from spending time analyzing risks that 
are not real.

Document classification accuracy (%): 
This metric will measure the accuracy 
of the Document Analysis module in 
classifying technical documentation. 
An accurate classification will facilitate 
the search and retrieval of relevant 
information.

C.	 Resource Utilization Metrics: These 
metrics will measure the efficiency of the 
system in the utilization of computational 
resources, such as CPU, memory and 
storage.

Computational resource consumption (CPU/
RAM): This metric will measure the amount 
of computational resources used by the 
system. An efficient use of resources 
will reduce operating costs and improve 
system performance.

Data storage efficiency (GB): This metric 
will measure the efficiency of the system 
in managing storage space. An efficient 
storage management will reduce costs 
and improve system scalability.

The application of these metrics will allow 
quantifying system performance and assess 
its impact on the productivity of the design 
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and engineering office, a key objective of the 
AI-powered project management system.

Effectiveness Indicators 
As a complement to efficiency metrics, 
effectiveness indicators will focus on 
assessing the impact of the system design 
on project management, decision making, 
user satisfaction and the value generated 
for the organization. These more qualitative 
indicators will provide a holistic view of the 
benefits of the system and its ability to achieve 
its stated objectives, including improved 
productivity of the design and engineering 
office. As with the efficiency metrics, these 
indicators are proposed as part of the post-
implementation evaluation plan.
 
For a full evaluation, the following 
effectiveness indicators are proposed, 
grouped into four components:
 

a)	 Impact on Project Management: 
These indicators will measure how the 
system design impacts the efficiency 
and effectiveness of naval project 
management.
 

Timeline deviation reduction (%): This 
indicator will measure the system’s 
ability to help project managers keep 
projects on schedule. By providing real-
time information, accurate forecasts 
and optimization tools, the system 
is expected to reduce deviations and 
improve schedule adherence.
 
Improved accuracy of budget estimates 
(%): This indicator will assess the 
system’s ability to generate more 
accurate budget estimates, as a result 
of the integration of historical data, risk 
analysis and forecasting capabilities. 
Improved accuracy in budget estimates 
is expected to reduce cost overruns 
and improve efficiency in resource 
allocation.
 
Reduced unplanned modifications 

(%): This indicator will measure the 
system’s ability to reduce the need 
for unplanned modifications to the 
project through better planning, 
more proactive risk management 
and more efficient communication. A 
reduction in unplanned modifications 
is expected to improve efficiency and 
reduce project costs.
 
Increased early risk detection (%): This 
indicator will assess the system’s ability 
to help project managers identify 
potential risks early. It is expected that 
early risk detection will enable project 
managers to take preventive action and 
avoid potential delays or cost overruns.

 
b)	 Improved Decision Making: These 
indicators will assess how the system 
supports informed and strategic decision 
making.
 

Reduced critical decision making time 
(%): This indicator will measure the 
system’s ability to speed up the 
decision making process, especially 
at critical moments in the project. It is 
expected that the system, by providing 
relevant information and analysis 
tools, will reduce the time required to 
make decisions and improve project 
management efficiency.
 
Increased data-driven decisions (%): This 
indicator will measure the degree to 
which the system enables data-driven 
decision making. It is expected that 
the system, by providing real-time 
information, predictive analytics and 
visualization tools, will increase the 
quantity of data-driven decisions and 
improve the quality of those decisions.
 
Improved quality of strategic decisions 
(scale 1-5): This indicator will assess 
the system’s impact on the quality of 
strategic decisions. It is expected that 
the system, by providing a holistic view 
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of the project and scenario analysis 
tools, will improve the quality of 
strategic decisions and their alignment 
with the organization’s objectives.

 
c)	 User Satisfaction: These indicators 
will measure the level of user satisfaction 
with the system design, a key factor for its 
adoption and effective use.
 

End-user satisfaction index (scale 1-10): 
This indicator will measure overall user 
satisfaction with the system, using 
a scale of 1-10, where 10 represents 
maximum satisfaction.
 
System adoption rate (%): This indicator 
will measure the percentage of users 
who adopt and use the system. A high 
adoption rate will indicate that the 
system is perceived as useful and easy 
to use.
 
Frequency of use of advanced 
functionalities (%): This indicator will 
measure the frequency with which 
users use the advanced functionalities 
of the system. A high usage of advanced 
functionalities will indicate that the 
system provides valuable tools for 
project management.
 
Average time to adapt to the system 
(days): This indicator will measure the 
time it takes for users to adapt to the 
system and use it effectively. A short 
adaptation time will indicate that the 
system is easy to learn and use.

 
d)	 Business Value: These indicators 
will measure the value generated by the 
system for the organization, in terms of 
return on investment, cost reduction and 
performance improvement.
 

Return on Investment (ROI) (%): This 
indicator will measure the return 
on the investment in the system, 
comparing the benefits produced with 

implementation costs. A positive ROI will 
indicate that the system is a profitable 
investment for the organization.
 
Reduced operating costs (%): This 
indicator will measure the system’s 
ability to reduce project management 
operating costs. Task automation, 
resource optimization and improved 
efficiency are expected to reduce 
operating costs.
 
Improved meeting of contractual 
deadlines (%): This indicator will 
measure the system’s ability to 
improve compliance with contractual 
deadlines. Better planning, more 
proactive risk management and more 
efficient communication are expected 
to improve schedule adherence.
 
Increased ability to manage concurrent 
projects (%): This indicator will 
measure the system’s ability to help 
the organization manage a greater 
number of projects simultaneously. It is 
expected that the system, by providing 
planning, monitoring and control tools, 
will increase the organization’s ability 
to manage projects simultaneously 
and improve resource allocation 
efficiency.

 
These indicators, along with efficiency metrics, 
will provide a full picture of the effectiveness 
of the system design and its ability to achieve 
the stated objectives, including improved 
productivity of the design and engineering 
office.

Measurement Methodology
 For a robust and comprehensive evaluation 
of the system design, a blended measurement 
methodology will be implemented, combining 
automatic data collection with manual 
evaluation. [42] This hybrid approach, widely 
used in complex systems research, allows 
capturing both quantitative data on system 
performance and qualitative information on 
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user experience and the impact of the design 
on the organization. [43]
 
Automated measurement will be performed 
through real-time system monitoring and log 
analysis. Automated tools will be used to collect 
data on efficiency metrics such as planning 
time, system response time and document 
processing speed. Log analysis will provide 
information on errors and exceptions, which 
will identify areas for design improvement. 
Tools such as Prometheus and Grafana will be 
used for monitoring and visualizing efficiency 
metrics. [44], [45]
 
Manual evaluation will be performed through 
different methods, such as satisfaction 
surveys, interviews with key users and expert 
evaluations. Satisfaction surveys will allow 
collecting data on system usability and user 
experience. [46] Key user interviews will 
provide detailed information on the impact of 
the design on project management, decision 
making and the value generated for the 
organization. Expert evaluations will be used 
to validate system architecture, technology 
selection, and design quality. [47] Heuristic 
evaluation frameworks will be used to guide 
expert evaluations and recommendations for 
future improvements will be documented.
 
The combination of automatic measurement 
and manual evaluation will provide a 
comprehensive view of the system design, 
for an objective and thorough assessment 
of its efficiency, effectiveness and impact on 
the organization. This blended approach is 
key to validate the system design and ensure 
its ability to achieve the stated objectives, 
including improving the productivity of the 
design and engineering office.

Benchmarking and Success Criteria 
To evaluate the performance of the AI project 
management system and ensure its ability to 
attain the proposed objectives, benchmarks 
and success criteria will be established to 
compare its performance with other project 
management solutions, both traditional 

and AI-based, used in the naval industry. 
Systems with similar functionalities will be 
selected for a fair and objective comparison, 
using previously defined efficiency metrics 
and effectiveness indicators. Furthermore, 
an analysis of best practices in naval project 
management will be carried out to identify 
areas for improvement and opportunities 
for innovation. A continuous evaluation 
plan will be implemented that will include 
real-time monitoring of efficiency metrics, 
periodic evaluations and collection of user 
feedback. This approach will identify areas for 
improvement and make adjustments to ensure 
the long-term efficiency and effectiveness 
of the system, ensuring its adaptation to the 
changing needs of the naval industry.

Continuous Evaluation Plan 
To ensure the effectiveness and continuous 
adaptation of the system to the changing 
needs of the naval industry, a continuous 
post-implementation evaluation plan will be 
put in place. This plan, based on an iterative 
feedback loop [48], will allow monitoring 
the performance of the system, identify 
areas for improvement, and ensure its long-
term adaptation. Continuous evaluation is 
instrumental in AI projects, where technology 
and requirements evolve rapidly, and is 
consistent with best practices for adaptive 
system development. [49]
 
This continuous evaluation plan will monitor 
the system’s performance over time, identify 
areas for improvement, ensure its adaptation 
to the changing needs of the naval industry 
and maximize its impact on the productivity 
of the design and engineering office.

AST-based Appropriation Model 
To understand how project managers 
appropriate and use the AI project 
management system, Adaptive Structuration 
Theory (AST) will be used. [9] AST provides a 
theoretical framework for understanding how 
individuals and organizations interact with 
technologies, adapting them to their needs and 
practices. [50] This framework is particularly 
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relevant in the context of generative AI, 
where technology flexibility and adaptability 
underlay its effective appropriation.
 
Innovative Attitude Factors 
The innovative attitude of project managers, 
a key individual factor in the appropriation 
of new technologies [51], will be assessed 
by considering three main components: 
willingness to technological change, digital 
competence and value perception. These 
components, stemming from the technology 
adoption literature [52], reflect individuals’ 
beliefs, skills and motivations towards 
technology. It is crucial to understand these 
components in order to design a system 
that is not only efficient and accurate, but 
also attractive and easy to use for project 
managers, thus encouraging long-term 
ownership and use. The goal is for users to 
perceive the system as a tool that enhances 
their skills, rather than replacing them, freeing 
them from repetitive tasks so that they can 
concentrate on higher value-added activities. 
[11], [53] The premise is that a system that 
is perceived as supporting creativity and 
complex problem solving, rather than as a 
threat to the job, will have a greater likelihood 
of being adopted and integrated into design 
office practices.
 
This focuses on three key components: 
readiness for technological change, digital 
competence and perceived value. Readiness for 
technological change measures the openness 
and willingness to adopt new technologies 
in work, assessing the acceptance of AI, 
willingness to learn new tools, and tolerance 
for technological risk. Digital competence 
assesses the skills and knowledge in using 
digital technologies, including the experience 
with project management software, AI tools 
and data analytics. Perception of value, 
crucial to system adoption, focuses on how 
managers perceive the usefulness, ease of 
use, impact on efficiency and productivity, and 
contribution to innovation of the system. This 
component seeks to ensure that the system 
is seen as a tool that enhances engineers’ 

skills, allowing them to focus on creative 
and complex tasks. Taken together, these 
assessments identify the motivations and 
barriers to adoption of the system, and adjust 
its design to maximize its perceived value, 
thus facilitating its successful integration into 
AI project management practice.

Peer Influence 
Peer influence, a key contextual factor in 
the appropriation of new technologies [54], 
will be assessed through the components 
of support networks, group dynamics and 
leadership. These components, stemming 
from the literature on social psychology 
and organizational behavior [55], [56], 
illustrate how social interactions and group 
norms shape the adoption and use of new 
technologies. Understanding these dynamics 
is essential to design a system that promotes 
collaboration, knowledge sharing, and mutual 
support among designers, thus maximizing 
the potential of generative AI for innovation 
and problem solving. It is intended that 
designers perceive the system as a tool 
that facilitates their creative work, not as a 
source of pressure or competition. The active 
participation of designers, who generate key 
data through the activity log (production 
spreadsheet), is essential to foster ownership 
and collaboration around the system.
 
Support networks will be analyzed by 
considering the existence of communities 
of practice, expert groups, mentors and 
other forms of informal support within 
the organization. Group dynamics will be 
assessed in terms of how norms, team 
cohesion and leadership influence system 
adoption, including social pressure and 
innovation culture. Finally, the role of 
leadership will be examined in terms of 
supporting system adoption, communicating 
its benefits, and managing organizational 
change. Transformational leadership [22] that 
promotes a shared vision, drives innovation, 
and effectively manages resistance to 
change will be critical to the successful 
adoption of the system. The assessment of 
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these components will enable the design 
to be tailored to bolster collaboration and 
knowledge sharing, increasing the likelihood 
of system adoption and its contribution to 
innovation in ship design.

Task-Technology Fit (TTF)
Task-Technology Fit (TTF), a key factor in 
the acceptance and use of new systems 
[57], will be evaluated by considering the 
correspondence between the designers’ 
task characteristics, the system capabilities, 
and the functional fit between the two. This 
framework, derived from the TTF model [58], 
examines how technology aligns with users’ 
needs and workflows. In the context of naval 
project management, it is crucial that the 
system is tailored to designers’ specific tasks, 
such as activity reporting, document analysis, 
and CAD model generation, to facilitate their 
integration into the design office. The main 
objective is to minimize friction between 
technology and existing work practices, 
promoting efficiency and productivity. 
A fundamental aspect is to facilitate the 
adaptation of designers to the reporting of 
their daily activities, as this information is key 
to system learning and process optimization.

The assessment of TTF requires an in-
depth analysis of multiple interrelated 
components. First, task characteristics 
involve the specific aspects of designers’ 
work in the management of naval projects, 
encompassing the inherent complexity 
of projects, interdependencies between 
activities, collaboration and communication 
requirements, and the extensive handling 
of technical documentation. A particularly 
critical aspect is the adaptation of designers to 
the reporting of their daily activities through 
the production spreadsheet, considering 
that this information is fundamental for 
system learning and continuous process 
optimization. [11]

The technological capabilities of the system 
constitute another essential dimension, 
matching its functionalities for document 

analysis, activity planning, forecasting and 
risk management, as well as its ability to 
integrate with pre-existing tools, particularly 
CAD systems. The evaluation of these 
capabilities should consider the system’s 
potential to automate routine tasks, optimize 
resource allocation, improve decision-making 
processes and facilitate effective collaboration 
among team members.

Functional fit, as the third fundamental 
component, evaluates the correspondence 
between the characteristics of the tasks and 
the technological capabilities of the system. 
This analysis is key to determine whether 
the system effectively adapts to established 
workflows, whether it delivers an intuitive and 
accessible interface, and whether it provides 
the tools and information necessary for 
efficient task execution. Seamless integration 
with existing CAD tools and the system’s 
ability to automate the analysis of technical 
documents are considered key aspects to 
ensure successful adoption by designers. [19]

The TTF assessment will allow tailoring 
the system design to the specific needs of 
designers, minimizing friction between the 
technology and existing work practices. A 
system that fits well with designers’ tasks and 
workflows, and is perceived as a useful and 
easy-to-use tool, will have a higher probability 
of being successfully adopted, contributing to 
improved efficiency, accuracy and proactive 
project management. Integrating generative 
AI into document analysis and CAD model 
generation tasks will allow designers to spend 
more time on creative tasks, encouraging 
innovation and complex problem solving.

Implementation Process
The process of implementing the IA project 
management system will be structured 
using a phased approach comprising four 
sequential phases: preparation, introduction, 
consolidation and institutionalization. 
This methodological approach, based 
on established organizational change 
management models [59], is designed to 
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enable a seamless and controlled transition, 
minimizing resistance to change while 
optimizing the adoption of the system in the 
organization. [60]

The system implementation process 
begins with a fundamental preparation 
phase, where organizational readiness, 
technological infrastructure and available 
resources are assessed, while competency 
gaps are analyzed to design effective training 
programs. This initial phase is followed by a 
practical introduction stage that includes a 
pilot implementation and phased training, 
allowing to evaluate the system’s performance 
and obtain valuable feedback from users in 
real conditions, thus facilitating the necessary 
adjustments for an effective adaptation.

The final phases of the process comprise 
consolidation, where the system’s use 
is systematically expanded while its 
performance is optimized through ongoing 
training and documentation of best practices, 
and institutionalization, which represents 
the full integration of the system into the 
organization’s daily operations. This phased, 
methodical, user-centric approach, supported 
by continuous evaluation through efficiency 
metrics and effectiveness indicators, lays a 
solid foundation for the successful transition 
to an AI-powered project management 
system, ensuring its long-term relevance and 
effectiveness in the specific context of the 
marine design office.

Sustainability Strategies
The long-term sustainability of the system and 
the maximization of its impact on naval project 
management requires the implementation 
of robust ongoing support and knowledge 
management strategies. These strategies, 
based on the best practices of the software 
industry and knowledge management, are 
aimed at providing users with the necessary 
support to use the system effectively and 
efficiently, while fostering a culture of 
continuous learning and improvement. It 
must be noted that the sustainability of the 

system depends not only on its technical 
performance, but also on its ability to adapt 
to the evolving needs of the industry and the 
continuous building of user skills.

Knowledge management emerges as the 
second strategic cornerstone, implemented 
through several interrelated initiatives. 
Systematic documentation of lessons 
learned during system implementation 
and use provides valuable information for 
continuous improvement and training of 
new users. A dynamic repository of best 
practices, constantly updated with user 
experiences and performance analyses, 
serves as a fundamental resource for 
process optimization. Knowledge transfer 
systems, including mentoring and staff 
rotation programs, facilitate the effective 
dissemination of knowledge among users. 
This structure is supplemented by continuous 
training programs, designed to keep users’ 
skills up to date with new functionalities and 
best practices of the system.

The synergistic integration of these support 
and knowledge management strategies lays 
a solid foundation for long-term system 
sustainability. This integrated approach not 
only ensures the technical effectiveness of the 
system, but also encourages an organizational 
culture oriented toward continuous learning 
and continuous improvement in the design 
and engineering office. The adaptability of 
the system to the changing needs of the 
naval industry, combined with the continuous 
building of user capabilities, maximizes the 
positive impact of the system on project 
management and contributes to the sustained 
success of the organization.

This section presents the results of the design 
process of the naval project management 
system with generative AI. This section 
describes the architecture of the system, its 
constituent modules and functionality, as well 

Results
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as the feasibility analysis demonstrating the 
design’s technical and operational viability.

Feasibility Analysis

The feasibility analysis was conducted to 
evaluate the viability of the proposed system 
from three standpoints: technical, operational 
and economic. This analysis, which is pivotal 
in the design stage, allows identifying 
possible obstacles and risks, and justifying 
the investment in the development of the 
system. [59] The feasibility of the system was 
evaluated taking into account the specific 
characteristics of the naval industry, such 
as project complexity, tight deadlines, strict 
regulations and the need for high adaptability.

Technical Feasibility: The system design is 
based on mature AI technologies widely used 
in the industry, such as BERT for NLP, LSTM 
for prediction and knowledge graphs for 
risk management. [13, 14, 42] The modular 
microservices-based architecture, RESTful 
API, event bus, and polyglot data model ensure 
the scalability, flexibility, and maintainability 
of the system. [43, 114, 116] The availability of 
open source libraries for AI and the maturity 
of the selected technologies minimize 
technical risks and enable its integration with 
existing systems. The proposed architecture is 
technically feasible since it is based on existing 
and proven technologies, and its modular 
design facilitates scalability and maintenance.

Operational Feasibility: The system design 
is compatible with existing work processes 
in the naval design and engineering office, 
and is expected to improve efficiency and 
productivity. The intuitive user interface 
and automated functionalities will reduce 
the engineers’ workload, allowing them 
to focus on higher value-added tasks. [11] 
Integration with existing systems, such 
as ERP and CAD, will facilitate access to 
information and collaboration among team 
members. The system is operationally 
feasible, as its design is suited to existing 
work processes and is expected to improve 

efficiency and productivity. The need for 
human resources and the adaptation of 
organizational processes will be addressed 
in the implementation section.

Economic Feasibility: While an accurate 
ROI assessment will be made at the post-
implementation stage, the system is expected 
to generate a positive return by improving 
efficiency, reducing costs and increasing 
productivity in naval project management. 
[60] Task automation, resource optimization, 
and proactive risk management will contribute 
to reduced costs and improved deadline and 
budget compliance. The increased ability to 
manage concurrent projects will also generate 
a higher return on investment. It is anticipated 
that the system will be economically viable, 
due to its potential to generate a positive 
return by improving efficiency and reducing 
costs in managing naval projects. A detailed 
ROI evaluation will be conducted after 
implementation.

The feasibility analysis demonstrates that 
the proposed system is feasible from 
the technical, operational and economic 
standpoints. The system design is based on 
mature technologies, is adaptable to existing 
work processes and is expected to generate 
a positive return for the organization. This 
justifies the investment in the development 
of the system and its potential to improve 
efficiency and productivity in naval project 
management.

Comparative Analysis with Existing 
Solutions

To properly contextualize the contribution 
of the proposed system and objectively 
assess its differential value, it is essential to 
perform a comparative analysis with project 
management solutions currently used in the 
naval industry. This analysis not only allows 
to identify the potential advantages of the 
generative AI-based approach, but also to 
recognize areas where existing solutions 
show specific strengths, thus facilitating a 
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complementary integration rather than a 
disruptive substitution [61].

Naval project management poses unique 
challenges that have triggered the development 
of both industry-specific solutions and the 
adaptation of generic project management 
platforms. These systems have evolved 
significantly over the last decades, gradually 
incorporating advanced digital capabilities, 
although generally following traditional 
information management paradigms [62]. 
The advent of generative AI represents, in this 
context, not an incremental evolution but an 
opportunity for radical transformation in the 
way the complexity inherent in these projects 
is addressed [63].

Comparison Methodology
The systematic comparison was made 
following a multidimensional methodology 
inspired by the technology assessment 
frameworks proposed by Kitchenham et 
al. [64] and specifically adapted for project 
management systems in complex technical 
environments. Five representative systems 
widely adopted in the global naval industry 
were selected:

•	 ShipConstructor Project Management: 
Specialized solution of the SSI suite, 
designed specifically for shipbuilding 
projects with strong integration with CAD 
tools [65].

•	 CADMATIC Marine Project: Integrated 
platform for information and process 
management in naval projects, with an 
emphasis on coordination between design 
and production [66].

•	 FORAN Project Management: Project 
management component of the FORAN 
system, developed by SENER, with 
extensive experience in the international 
naval industry [67].

•	  Primavera P6 with naval configuration: 
Sectoral adaptation of this Oracle 
enterprise solution, widely used in large 
shipyards and military naval projects [68].

•	 Microsoft Project with naval extensions: 

Customized implementations of this 
generic platform, frequently used in 
medium-scale naval projects [69].

The assessment was conducted through 
twelve key criteria relevant to naval project 
management, selected from a comprehensive 
review of scientific literature and technical 
manuals of the tools [70], [71]. Each criterion 
was evaluated on a scale of 1 to 5, where 5 
represents outstanding performance and 
1 represents minimal or no capability. The 
rating was based on three complementary 
sources of information:

•	 Documentary review of technical 
specifications, user manuals and official 
documentation for each system.

•	 Analysis of case studies and specialized 
publications on real implementations of 
these systems [72], [73].

This diametric approach allows minimizing 
biases and obtaining a balanced evaluation, 
in accordance with the methodological 
recommendations for the comparative 
evaluation of software solutions in industrial 
environments [74], [75].

Comparative Results
The results of the comparative analysis 
show differential patterns of strengths and 
limitations among the solutions assessed, 
as shown in Table 1. These results allow to 
identify three main categories of systems, 
each with distinctive characteristics.

Naval CAD-centric solutions (ShipConstructor, 
CADMATIC, FORAN): These systems, 
developed specifically for the naval industry, 
stand out for their excellent integration with 
naval design tools and their high level of sector 
specialization [65], [66], [67]. This integration 
is essential to ensure consistency between 
the design and planning phases in naval 
projects [76]. However, these platforms have 
significant limitations in advanced analytical 
capabilities, automated document processing 
and proactive risk detection [77]. Their project 
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Table 1. Comparison of Naval Project Management Systems.

Evaluation Criteria Proposed 
System

Ship
Constructor CADMATIC FORAN Primavera 

P6
MS 

Project

Integration with Naval CAD 4 5 5 5 2 3

Automated Document Processing 5 2 3 2 1 1

Predictive Analytics 5 1 2 2 3 2

Proactive Risk Detection 5 2 2 1 3 2

Resource Optimization 4 3 3 2 4 3

Requirements Management 5 3 3 4 2 2

Adaptability to Change 4 2 3 2 3 4

Data Visualization 4 4 4 3 4 3

Multi-user Collaboration 4 3 4 3 4 3

Knowledge Management 5 2 2 2 1 1

Ease of Implementation 3 3 3 3 4 5

Naval Specialization 5 5 5 5 3 2

management approach is predominantly 
reactive, with limited capability for early 
identification of deviations or proactive 
resource optimization. A particularly 
critical aspect is their limited capacity for 
organizational knowledge management, 
resulting in an over-reliance on individual user 
experience [78].

Generic project management solutions 
(Primavera P6, MS Project): These platforms 
offer robust scheduling and follow-up 
capabilities, with flexible architectures 
that facilitate their adaptation to various 
contexts [68], [69]. Their main advantage 
lies in their functional maturity and ease 
of implementation, which is the result of 
decades of development and a broad user 
base. However, these generic solutions have 
significant shortcomings when applied to 
highly specialized environments such as 
shipping, particularly in the integration with 

CAD systems, the processing of industry-
specific technical documentation, and the 
management of specialized knowledge [79]. 
Their limited ability to automatically process 
complex naval technical documentation, 
identified as a critical weakness, requires 
manual processes that consume significant 
resources and are prone to errors [80].

Proposed system: The comparative analysis 
shows that the system proposed in this article 
stands out for its superior capabilities in 
automated document processing, predictive 
analytics, proactive risk detection, and 
knowledge management. The integration of 
generative AI represents a key competitive 
advantage, allowing to address challenges that 
current systems cannot effectively manage 
[63]. The ability to process and contextualize 
large volumes of technical documentation 
represents a disruptive transformation in 
information management in complex projects 
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[81]. However, the proposed system has a 
comparative disadvantage regarding the 
ease of implementation, due to the inherent 
complexity of AI systems and the associated 
data and infrastructure requirements. 
This limitation, which is consistent with 
observations on complex adaptive systems 
[82], suggests the need for gradual 
implementation strategies and organizational 
change management.

Differential Analysis
The comparative analysis shows specific areas 
where the proposed system offers significant 
differential advantages over existing solutions:

Automated document processing: With a score 
of 5, the proposed system far outperforms 
all the alternatives evaluated, which score 
between 1 and 3. This capability is particularly 
valuable considering that between 30% and 
45% of the time in naval projects is spent on 
documentation-related activities. Automating 
this process using advanced NLP techniques 
[83] not only increases efficiency, but also 
reduces errors and improves consistency in 
requirements interpretation, a critical factor 
identified for the success of naval projects [84].

Predictive analytics and proactive risk 
detection: The proposed system scores 5 
on both criteria, which is significantly higher 
than the existing alternatives. The ability to 
anticipate deviations and risks represents a 
paradigm shift in naval project management, 
traditionally characterized by reactive 
approaches. The integration of predictive 
models based on LSTM neural networks, 
such as those implemented in the proposed 
system, allows identifying complex patterns 
in historical data and anticipating problems 
before they materialize [85], something that 
current solutions cannot achieve given their 
limited analytical capabilities.

Knowledge management: With a score of 
5, the proposed system stands out from 
existing solutions, which score between 1 
and 2. This capability is especially relevant in 

a sector such as the naval industry, which is 
characterized by long project cycles and high 
personnel turnover [86]. Unlike traditional 
systems that store information statically 
[87], the generative AI-based approach 
allows capturing, contextualizing and reusing 
tacit knowledge generated during projects 
[88]. This capability is crucial to mitigate the 
“organizational amnesia” that often impinges 
on naval projects [89], where lessons learned 
from previous experiences are not effectively 
incorporated into new projects.

Adaptability to change: The proposed system 
scores 4 on this criterion, comparable to MS 
Project and superior to specialized naval 
solutions. This adaptability, achieved through 
the modular architecture and microservices 
approach [90], is particularly valuable in 
modern naval projects, characterized by 
frequent requirement modifications and 
changing outline conditions. The ability of 
the system to adapt its predictive models 
and recommendations in response to 
new information represents a significant 
advantage over more rigid systems [91].

It is important to note that the proposed 
system has comparatively lower scores 
in “Integration with Naval CAD” (4 vs. 5 
for specialized solutions) and “Ease of 
implementation” (3 vs. 4-5 for generic 
solutions). These limitations, while not critical, 
suggest areas for improvement in future 
iterations of the system, potentially through 
strategic alliances with established naval CAD 
solution providers [92].

Priority Application Niches
Based on the comparative analysis and 
literature on technology adoption in industrial 
environments [93], four scenarios are 
identified where the proposed system offers 
more significant differential advantages:

•	 Highly complex naval projects with strict 
regulatory compliance requirements: In 
these contexts, the system’s ability to 
automatically process large volumes of 

AI for Comprehensive Naval Project Management: From Render to Launch

Ship Science and Technology (Cartagena) - Vol. 19 - n.° 37 - (75-108)  July 2025 - www.shipjournal.co



96

technical and regulatory documentation, 
identify inconsistencies and enable the 
requirement traceability represents 
an exceptional value. The increasing 
regulatory complexity in modern 
naval projects has made document 
management a critical bottleneck that 
traditional systems fail to effectively 
address [94].

•	 Shipyards with multiple concurrent 
projects and shared resources: The 
system’s ability to optimize resource 
allocation at the multi-project level, 
considering complex interdependencies 
and dynamic constraints, offers 
a substantial advantage in these 
environments. The findings of Bi et al. 
[95] on resource optimization in Chinese 
shipyards confirm that this aspect poses a 
persistent challenge for current solutions, 
particularly in high variability contexts.

•	 Projects with high levels of uncertainty and 
risk: The advanced predictive analytics 
and proactive risk detection offered by 
the proposed system are particularly 
valuable in innovative projects, such 
as ships with alternative propulsion or 
unconventional designs. Shenhar and Dvir 
[96] have documented how these projects 
particularly benefit from adaptive and 
predictive approaches that overcome the 
limitations of traditional deterministic 
planning.

•	 Organizations with a need to preserve and 
leverage accumulated knowledge: The 
system’s ability to capture, contextualize 
and reuse knowledge generated across 
multiple projects makes it especially 
valuable for mature organizations with 
extensive accumulated experience. 
Effective organizational knowledge 
management has become a critical 
differentiator in the global naval industry 
[97], especially given the impending 
retirement of experienced professionals 
in Western shipyards [98].

This analysis confirms that the proposed 
system does not seek to replace existing 
tools, but rather to complement them in 
areas where they have significant limitations. 
The approach recommended, in line with the 
observations of Adler et al. [99] on technology 
adoption in complex environments, is a 
progressive integration combining the 
strengths of established solutions with the 
transformative capabilities of generative AI. 
This complementary, rather than substitutive, 
implementation strategy maximizes value 
and minimizes risks associated with disruptive 
technology changes in high-criticality 
environments such as shipping [100].

This section discusses the theoretical and 
practical implications of the proposed design, 
as well as the limitations of the study and the 
paths for future research.

Theoretical Implications

The design of the generative AI project 
management system for the naval industry 
contributes to project management theory and 
AI research in several ways. First, it extends the 
application of AST [9] to the specific context 
of naval project management, providing a 
framework for understanding how individuals 
and organizations appropriate generative 
AI in this industry. Second, by integrating 
generative AI with project management, the 
design expands the understanding of the 
capabilities of this technology and its potential 
to transform project management practices. 
Third, the system design, build on a modular 
architecture and a polyglot data approach, 
contributes to information systems research 
by demonstrating how these technologies 
can be integrated to create more flexible, 
scalable, and adaptive systems. Fourth, the 
consideration of individual and contextual 
factors, such as innovative attitude and peer 
influence, enriches the understanding of 
technology adoption in the naval industry 
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and provides valuable information for user-
centered system design. [11], [12] Finally, the 
focus on managing the uncertainty inherent 
in naval projects, through the integration 
of predictive modeling and proactive risk 
management, contributes to the theory of risk 
management in complex projects.

Practical Implications

The system design has important practical 
implications for the naval industry. First, the 
system is expected to improve the efficiency, 
accuracy and proactive management of naval 
projects by automating tasks, optimizing 
resources and providing real-time feedback. 
Second, the integration of generative AI 
will enable engineers to focus on higher 
value-added tasks, such as creative design 
and complex problem solving, which could 
drive innovation in the industry. Third, 
the system will facilitate collaboration and 
communication among team members by 
providing a centralized platform for project 
information management. Fourth, the 
system will enable better risk management 
by proactively identifying potential risks and 
suggesting controls for mitigation. Fifth, by 
adapting to the specific needs of designers, 
the system is expected to be easy to use and 
intuitive, which will enable its adoption and 
integration into design office practices. Finally, 
the system can contribute to cost reduction 
and improved compliance with deadlines and 
budgets by optimizing resource management 
and activity planning.

Limitations of the Study and Future 
Research

This study, which focuses on system design, 
has certain limitations. First, the evaluation of 
the system is based on a feasibility analysis and 
not on its implementation and testing in a real 
environment. Future research should focus 
on the implementation of the system and its 
evaluation in a real working environment to 
validate the results of the feasibility analysis 
and measure the real impact of the system on 

naval project management. Second, the study 
focuses on the naval industry and the results 
may not be generalizable to other sectors. 
Further research is needed to explore the 
applicability of the system in other contexts. 
Third, the study does not address in detail 
the organizational change management 
required for the successful adoption of the 
system. Future research should explore how 
to manage resistance to change and how to 
ensure that the system is effectively integrated 
into the organization’s culture and practices. 
Fourth, the ethical implications of using 
generative AI in naval project management, 
including bias management and algorithm 
transparency, should be explored. Finally, 
new functionalities and enhancements to 
the system, such as integration with other 
emerging technologies, such as the Internet of 
Things (IoT) and augmented reality (AR), could 
be explored to further improve efficiency and 
productivity in naval project management.

Ethical Considerations in the 
Implementation of AI in Naval Projects

The integration of generative AI into naval 
project management, while promising from a 
technical and operational point of view, raises 
important ethical considerations that need to 
be addressed proactively and systematically 
[101]. These considerations go beyond 
purely technical issues and delve into social, 
professional, and organizational dimensions 
that will ultimately determine the actual and 
sustainable impact of these technologies on 
the naval industry. A responsible approach 
requires examining these implications not 
as hinderances, but as integral elements of 
system design and implementation.

Algorithmic Transparency and Explainability
A fundamental challenge in the 
implementation of advanced AI systems is the 
“black box” nature that characterizes many 
algorithms, particularly those based on deep 
neural networks and transformational models 
[102], [103]. In the specific context of naval 
projects, where decisions can have significant 
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implications for safety, seaworthiness, 
and regulatory compliance, the ability to 
explain how particular recommendations or 
predictions are generated becomes critically 
important.

Specialized literature has identified that the 
lack of algorithmic transparency can generate 
resistance to adoption, especially in traditionally 
conservative sectors such as shipping 
[104]. Beyond adoption barriers, the lack of 
transparency of AI systems can compromise 
professional accountability and the integrity of 
the decision-making process [105]. In response 
to these challenges, the proposed system 
incorporates several strategies to improve 
transparency and explainability:

•	 Integration of explainable AI techniques 
that show the influencing factors in each 
prediction, generating “heat maps” that 
highlight the most relevant documentary 
elements for each recommendation [106], 
[107].

•	 Transparent documentation of the 
datasets used for model training, 
including their characteristics, limitations, 
and potential biases [108].

•	 Interfaces with calibrated confidence 
levels for each recommendation 
generated, allowing users to assess the 
reliability of results [109].

•	 Ability to generate natural language 
explanations that translate algorithmic 
reasoning into terms understandable to 
shipbuilding professionals [110].

Implementing these measures, while technically 
challenging, is critical to building what D. Shin 
calls “informed trust” [111] – the acceptance 
of the system based not on blind faith in 
technology, but on the actual understanding of 
its capabilities and limitations.

Bias and Equity Management
AI models, especially those based on 
supervised learning, have the potential to 
perpetuate or even amplify the biases present 
in the historical data used for their training 

[112], [113]. This risk is particularly relevant 
in the naval sector, which is characterized by 
a long tradition of long-held practices and, in 
many cases, limited or unrepresentative data 
sets [104].

Recent research has documented how 
algorithmic biases can manifest themselves 
in engineering and project management 
contexts, ranging from operational 
inefficiencies to systematic inequities [114]. 
In the specific context of naval projects, these 
biases could materialize as:

•	 Unwarranted preference for traditional 
design solutions over innovative 
approaches, limiting the exploration of 
potentially superior alternatives [104].

•	 Systematic underestimation of certain 
types of risks based on unrepresentative 
past experience, compromising the 
robustness of predictive analysis.

•	 Inequitable distribution of resources 
among different project areas, 
perpetuating historical patterns that may 
not be optimal in the current context.

To mitigate these risks, the system implements 
multiple strategies:

•	 Periodic algorithmic audits that 
systematically evaluate results for 
patterns of bias, following established 
methodologies [115], [116].

•	 Debiasing techniques applied during 
model training to neutralize biases 
identified in the original data [117], [118].

•	 Human review mechanisms for critical 
decisions, using the system as a support, 
but keeping the final accountability on 
professionals trained to detect and correct 
possible biases [119].

These measures align with the concept of 
“fairness processes” proposed by C. Dwork et 
al. [120], which emphasizes the importance of 
ensuring fairness not only in the final results, 
but in the entire AI-assisted decision-making 
process.
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Responsibility and Human Autonomy
A fundamental principle in the design of 
the proposed system is its conception as a 
decision support tool, not as a substitute 
for human judgment [121]. This seemingly 
subtle distinction has profound practical 
as well as ethical implications. As noted by 
B. Shneiderman, the most effective and 
ethically sound AI systems are those that 
enhance human capabilities rather than 
replace them [122].

The preservation of human autonomy and 
responsibility is particularly important in the 
context of naval projects, where decisions 
may have implications for the safety of human 
life and the environment. In this regard, the 
system has been designed following the 
“human-in-the-loop” paradigm, which keeps 
professionals as active agents in the decision 
making process [123], [128]. This philosophy 
is embodied in several aspects of the design:

•	 Interfaces that provide multiple 
alternatives and not just a single solution, 
stimulating critical thinking and evaluation 
by users [129].

•	 Ability for users to override automated 
recommendations with documented 
justification, recognizing the importance 
of professional judgment and contextual 
expertise [130].

•	 Audit trails documenting human 
intervention in the decision process, 
ensuring traceability and accountability at 
each stage [114].

•	 Design of interactions that encourage the 
development of “algorithmic expertise” 
among users, enhancing their ability 
to critically evaluate and complement 
system recommendations [131].

This human-IA collaborative approach, 
supported by recent research, allows to 
leverage the complementary advantages 
of both: the massive data processing and 
analysis capabilities of AI, and the contextual 
judgment, intuition and ethical responsibility 
inherent in human professionals.

Impact on Employment and Skills 
Transformation

Partial automation of traditionally manual 
tasks through generative AI raises legitimate 
concerns about its impact on employment 
and the skills required in the naval industry 
[132]. These concerns cannot be ignored in a 
comprehensive ethical analysis, particularly 
considering the socioeconomic importance of 
the naval sector in many regions.

However, historical evidence and recent 
research suggests that the impact of AI 
tends more towards transformation than 
replacement of human labor [133], [134]. 
Therefore, the proposed system adopts an 
“augmentation”1 rather than “replacement” 
approach, which is aimed at:

•	 Freeing professionals from repetitive, low 
value-added tasks to focus on activities 
that require creativity, judgment, and 
human expertise [135].

•	 Creating new specialized roles in 
the human-IA interface, generating 
opportunities for emerging roles such as 
“AI coaches” or “outcome validators” [137].

•	 Developing retraining programs that allow 
workers to adapt to the new technological 
environment, facilitating their transition 
to higher value-added roles [138].

•	 Democratizing access to advanced 
analytical tools, enabling professionals 
at all levels to leverage AI capabilities to 
improve their performance.

This approach, supported by studies on the 
impact of automation in other sectors [139], 
recognizes that the long-term sustainability 
of AI implementation depends not only on its 
technical feasibility and economic benefits, 

1   This enhancement approach is conceptually consis-
tent with advanced AI techniques such as RAG (Retrieval 
Augmented Generation), which builds on the capabilities 
of AI systems by combining content generation with the 
retrieval of relevant contextual information. Similarly, our 
system seeks to amplify human capabilities by integrating 
AI technologies, without replacing the judgment and cre-
ativity of professionals.
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but also on its ability to create social and 
professional value for all those involved.

Systematic consideration of these ethical 
dimensions is not an obstacle to technological 
innovation, but a necessary condition for its 
sustainable success. As argued by various 
authors [101], [139], the most successful 
and long-lasting AI systems are those that 
integrate ethical considerations from the 
early stages of their design, rather than 
treating them as afterthoughts. This principle 
has guided the development of the proposed 
system, seeking to ensure that the digital 
transformation of naval project management 
is conducted in a responsible, inclusive, and 
human-centered manner.

This paper outlines the design of a 
comprehensive naval project management 
system incorporating generative AI and 
machine learning to address traditional 
management challenges and maximize 
efficiency and productivity. The proposed 
system, based on Adaptive Structuring 
Theory (AST) and considering factors such as 
innovative attitude, peer influence, and task-
technology fit, offers an innovative solution 
for the comprehensive management of naval 
projects, from conceptual design to launch.

The system is made up of four main 
modules, powered by AI: document analysis, 
activity planning, forecasting, and risk and 
requirements management. These modules 
are integrated through a microservices-
based architecture, a RESTful API and an 
event bus, providing flexibility, scalability 
and maintainability. The polyglot data model 
enables efficient management of the diversity 
of data used in naval projects. The feasibility 
analysis performed demonstrated the 
technical, operational and economic feasibility 
of the system.

This study contributes to the theoretical 

understanding of digital transformation in 
naval project management, demonstrating the 
potential of generative AI to automate tasks, 
optimize resources, and improve decision 
making. It also provides the naval industry 
with a practical tool to improve efficiency and 
proactive project management, addressing 
the ethical and practical challenges associated 
with AI implementation.

Future research will focus on the 
implementation and evaluation of the system 
in a real working environment, as well as on 
exploring new functionalities and adapting 
to other contexts. The ethical implications 
of using generative AI, including bias 
management and algorithm transparency, 
will be investigated. New functionalities 
and enhancements to the system will also 
be explored, such as integration with other 
emerging technologies, such as the Internet 
of Things (IoT) and augmented reality (AR), to 
further drive innovation in ship design and 
construction.
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