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 Artificial Intelligence (AI) is reshaping the global shipbuilding sector, yet existing maturity 
models fail to capture the domain-specific complexities of this capital-intensive industry. 
This study reviews over 50 AI maturity models and introduces a specialized framework 
tailored for shipbuilding. The proposed model outlines four progressive stages—Beginner, 
Innovation, Integration, and Expert—across eight key dimensions: culture, resilience, 
sustainability, strategy, customer focus, organizational integration, connectivity, and 
production efficiency. A hybrid benchmarking approach involving comparative analysis of 
major shipbuilders such as China State Shipbuilding Corporation(CSSC), General 
Dynamics National Steel and Shipbuilding Company(NASSCO), and Hyundai Heavy 
Industries(HHI), as well as synthesis from literature, was used to validate the relevance 
and coverage of each dimension. The framework provides a roadmap for operational 
modernization and links digital maturity to measurable outcomes such as delivery 
timelines, production scalability, and environmental performance. Policy 
recommendations highlight the need for targeted investments, workforce reskilling, and 
public-private collaboration to enable sustainable and AI-enabled growth in the U.S. 
shipbuilding sector. 
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1. Introduction  

Artificial intelligence (AI) is redefining industrial processes 
globally, with the shipbuilding sector increasingly adopting AI to 
improve efficiency, safety, and competitiveness [1]. Nations such 
as China, South Korea, and Japan dominate the global 
shipbuilding landscape due to superior infrastructure, automation, 
and AI-driven capabilities [2]. 

Training shipyard workers in modern shipbuilding 
techniques and using AI will be imperative for global shipyards 
[3]. Organizations must understand and adapt artificial 
intelligence to specific uses and requirements[4]. Real-time 
decision-making relies on statistics, econometrics, math, 

simulations, and optimization to collect and analyze high-speed 
data from multiple sources [5]. Using current and new web data 
can assist organizations in identifying their competitors [6]. The 
Chinese shipyards enjoy state-of-the-art infrastructure, 
automation, and government subsidies, allowing them to reach 
economies of scale and construct multiple ships simultaneously 
[7]. China State Shipbuilding Corporation, the world's largest 
shipbuilding conglomerate, now owns numerous research 
institutes and various shipyards and builds a third of all ships 
worldwide. Government and shipyards work closely together to 
achieve their national strategic goal of being a world leader in the 
maritime industry [7]. 

The shipbuilding industry remains a vital contributor to 
national economies, particularly in the United States, where the 
sector supports over 100,000 jobs, generates $9.9 billion in labor 
income, and contributes $12.2 billion to GDP annually [4]. 
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However, despite its strategic significance, the U.S. shipbuilding 
sector has significant obstacles that limit its capacity to compete 
internationally, such as aging infrastructure, high labor costs, and 
a shortage of people with digital skills [8], [9]. Conversely, 
shipyards in China and South Korea enjoy substantial government 
backing, cutting-edge automation, and state-sponsored training 
programs, which allow them to increase production capacity and 
swiftly incorporate AI technologies [8]. As noted by the World 
Bank, the availability of a skilled labor force and policies 
promoting industrial transformation are key enablers of digital 
readiness and economic resilience in heavy industries [8]. These 
contrasts underscore the urgency for targeted digitalization 
strategies in U.S. shipyards, where AI maturity assessments can 
help guide sustainable modernization efforts [10]. 

 The adoption of automation and artificial intelligence in 
shipbuilding can result in cost reductions, enhanced safety, and 
faster production cycles [11]. However, this transformation varies 
across regions. Chinese shipyards have rapidly embraced AI-
powered robotics and analytics, whereas their U.S. counterparts 
continue to rely on conventional systems that prioritize 
operational resilience [7]. 

This paper aims to summarize and evaluate existing AI 
maturity models, assess the digitalization levels of leading 
shipbuilding nations, identify gaps in current AI maturity 
assessment frameworks as they apply to the shipbuilding industry, 
and propose a specialized AI maturity model tailored to address 
the sector's unique challenges and characteristics. 

This paper evaluates how digitalization influences shipbuilding 
outcomes, using AI maturity models as the assessment tool. Our 
research objectives are: 

1. To review global AI maturity models applicable to 
manufacturing and maritime sectors. 

2. To identify limitations in existing frameworks when 
applied to shipbuilding. 

3. To propose and validate a tailored AI maturity model for 
shipbuilding. 

4. To assess how AI maturity affects efficiency, delivery 
timelines, and sustainability. 

By answering research questions related to AI maturity's role in 
digital transformation, model effectiveness, and comparative 
insights, we provide a strategic lens for shipbuilding 
modernization. 

2. Literature Review and Theoretical Foundation 

We reviewed 50 scholarly sources across IEEE, Springer, 
ACM, and ScienceDirect databases using Boolean keywords ("AI 
maturity model," "shipbuilding," "digital transformation"). The 
review found that existing models, such as the Digital Maturity 
Model (DMM) [12], [13], Global Big Data Maturity Model 

(GBDMM) [14], do not adequately reflect the shipbuilding 
sector’s complexity. 

Key dimensions such as resilience, sustainability, and 
connectivity are inconsistently applied. Moreover, few models 
account for shipbuilding's unique regulatory, infrastructural, and 
labor requirements. These dimensions can be used to 
quantitatively evaluate an organization's AI adoption maturity 
practices, providing a comprehensive framework for qualitatively 
evaluating and improving AI adoption maturity practices. Table 1 
shows the dimensions of the available maturity models, and 
Figure 1 shows AI dimensions. 

Table 1: Dimensions in Existing AI Maturity Models 

Dimensi
on 

[1
5] 

[1
6] 

[1
7] 

[1
8] 

[1
9] 

[2
0] 

[2
1] 

[2
2] 

[2
3] 

[1
4] 

Culture  X  X X  X X X  
Resilien
ce 

X X X  X      

Sustaina
bility 

 X X        

Strategy X X X X X X X X X X 
Custom
er 

X  X X X  X X X  

Organiz
ation 

X X X X X X X X X X 

Connect
ivity 

X X X X X  X X X X 

Expansi
ve 
Growth 

X X  X X  X X X  

Producti
on 

X  X X  X  X   

 

 
Figure 1: AI Dimensions 

Note: The AI dimensions above are derived from the table and 
referenced models. This comparison highlights inconsistencies in 
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how different models address key elements relevant to digital 
transformation in complex industries such as shipbuilding. 

3. Comparative Case Study: U.S. vs. China 

U.S. Shipbuilding: 

• General Dynamics NASSCO focuses on defense 
contracts, producing 2–3 vessels per year [24]. 

• 2023 revenue (Marine Systems): $12.5B [24]. 

• Constraints: high labor costs, limited automation, 
reliance on military demand [25]. 

China Shipbuilding: 

• China State Shipbuilding Corporation (CSSC) 
constructs ~33% of global ships [26]. 

• Backed by government subsidies, high R&D, and 
integrated AI systems [26]. 

Table 2 presents the annual turnover figures (in USD billions) 
for four major shipbuilding organizations from 2019 to 2023. 
China's CSSC shows a steady rise in turnover, from 
approximately $7.19 billion in 2019 to around $10.77 billion in 
2023, reflecting its expanding global presence and state-backed 
initiatives. South Korea's HD Hyundai Heavy Industries (HD HHI) 
maintains moderate growth, with revenue climbing from $7.12 
billion in 2019 to $9.2 billion in 2023. In contrast, Japan's 
Mitsubishi Heavy Industries (MHI) exhibits relative stability, 
with turnover fluctuating slightly between $1.42 and $1.67 billion, 
indicating a more consistent but less expansive market footprint 
than its peers. 

Table 2: Annual Turnover (USD Billion) 

Year General 
Dynamics* CSSC** HD 

HHI*** 

Mitsubishi 
Heavy 

Industries 
Ltd. 

(MHI)**** 

2023 42.3 ~10.77 9.2 1.42 

2022 39.4 ~8.14 7.05 1.42 

2021 38.5 ~8.16 7.25 1.50 

2020 37.9 ~7.55 7.03 1.67 

2019 39.4 ~7.19 7.12 1.66 

*General Dynamics' total revenue includes revenue from other segments, 
including NASSCO. NASSCO does not disclose figures annually, but they are 
included in the segment's operations [24], [25] 
**In 2019, China State Shipbuilding Industry Corporation and China Shipbuilding 
Industry Corporation merged, significantly boosting revenue for CSSC [26] 
***HD Hyundai Heavy Industries Co., Ltd. (HHI) is a  leading shipbuilding 
company based in Ulsan, South Korea [27] 
****Historically, shipbuilding & ocean development have contributed 
approximately 3%–6% to MHI's total revenue [28] 

4. Gaps in Existing AI Maturity Models 

Most maturity models: 

• Use generic stages (e.g., planning, integration, optimization) 

• Lack of empirical application in the shipbuilding context 

• Do not align AI dimensions with shipbuilding KPIs like 
delivery speed, modular construction, or regulatory 
compliance. 

5. Proposed Shipbuilding AI Maturity Framework 

Our framework includes four stages (Beginner, Innovation, 
Integration, Expert) and evaluates eight dimensions: Culture, 
Resilience, Sustainability, Strategy, Customer Focus, 
Organizational Integration, Connectivity, and Production 
Efficiency. Each stage is validated using benchmarking data. 

Table 3 summarizes the four-stage progression across 
the eight proposed dimensions, offering a roadmap for 
shipbuilding organizations to assess and advance their AI 
maturity in alignment with industry goals. 

Table 3: AI Maturity Framework 

Dimensio
n 

Beginne
r Innovation Integration Expert 

Culture 

Low AI 
literacy, 
resistanc

e to 
change 

Early 
experimen
tation with 

AI; 
supportive 

mindset 
emerging 

AI 
embraced 

across 
teams; 

moderate 
adoption 

The AI-
centric 
culture 

embedde
d across 

the 
enterprise 

Resilienc
e 

Reactive 
response

s to 
disrupti

ons 

Basic 
forecasting 
using AI 

tools 

Adaptive 
systems 

supported 
by AI for 

risk 
manageme

nt 

AI-driven 
autonomo

us 
resilience 
planning 

Sustainab
ility 

Minimal 
awarene

ss of 
green AI 
applicati

ons 

Pilot 
initiatives 
for energy 
optimizati

on 

AI is used 
to optimize 
emissions 
and waste 

Sustainab
ility 

embedde
d as a 

strategic 
goal 

powered 
by AI 
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Strategy 
No 

formal 
AI 

strategy 

Isolated 
AI pilot 

programs 
aligned 

with select 
goals 

AI aligned 
with 

business 
KPIs and 
strategic 
planning 

AI drives 
strategic 
transform

ation 
across the 
organizati

on 

Customer 
Focus 

Limited 
digital 

interacti
on 

AI used in 
selected 

touchpoint
s (e.g., 
support 

bots) 

Personaliz
ed services 
using AI 
analytics 

Customer 
AI 

insights 
drive 

anticipato
ry service 
models 

Organizat
ional 

Integratio
n 

Siloed 
departm
ents, ad-
hoc AI 
efforts 

Cross-
functional 

AI 
collaborati
on begins 

AI 
integrated 
into core 
business 

workflows 

AI fully 
embedde

d in 
enterprise

-wide 
processes 

Connecti
vity 

Low 
data 

integrati
on, 

outdated 
systems 

Partial 
IoT/IT-OT 
convergen

ce 

Real-time 
data 

pipelines 
and secure 
communic

ations 

Fully 
connecte

d, 
interoper
able, and 

secure 
digital 

ecosyste
m 

Productio
n 

Efficienc
y 

Manual-
heavy 

operatio
ns, low 
visibilit

y 

Initial 
automatio
n in select 
operations 

AI-
optimized 
scheduling 

and 
predictive 
maintenan

ce 
implement

ed 

AI 
enhances 
throughp

ut, 
uptime, 

and 
intelligen
t resource 

use 

Benchmarking Approach:  

A hybrid benchmarking approach validated the dimensions of 
the proposed AI maturity model (culture, strategy, connectivity, 
and sustainability): 

• A literature-based review compared key dimensions across 
10 AI maturity models from various domains 
(manufacturing, government, digital transformation). 
Commonly recurring dimensions were retained for inclusion. 

• We conducted a benchmarking analysis using data from 
leading shipbuilders such as China State Shipbuilding 
Corporation (CSSC), Hyundai Heavy Industries (HHI) [27], 
and General Dynamics NASSCO [24], [25]. Publicly 
available performance data (e.g., delivery cycles, digital 
investment, vessel throughput, and automation level) were 
aligned with model dimensions to confirm relevance. 

• The benchmarking highlighted that connectivity and 
sustainability dominate Asian shipyards (especially CSSC), 
while cultural alignment and strategic integration are critical 
for U.S. shipyards to improve. resilience. Table 4 shows the 
benchmarking analysis along different dimensions. 

Table 4: Benchmarking Analysis 

 
Dimension 

Found in 
Literature
? 

Eviden
t in 
CSSC? 

Evident in 
NASSCO? 

Include
d in 
Model? 

Culture Yes  Partial  Partial Yes 

Strategy Yes  Yes Yes Yes 

Connectivity  Yes High  Limited  Yes 

Sustainabilit
y Moderate High Developin

g Yes 

6. Future Outlook and Validation Roadmap 

As shipbuilding evolves under the pressure of environmental 
regulations and global competition, integrating AI, robotics, 
digital twins, and IoT-driven systems will be central to enhancing 
shipyard performance and sustainability. Nations such as China 
and South Korea are already advancing smart shipyards with high 
levels of automation, supported by public R&D funding and 
specialized technical education. For the United States to remain 
globally competitive, it must invest in modernizing commercial 
shipyards, foster public-private innovation ecosystems, and 
develop AI-skilled talent pipelines. 

While the benchmarking approach in this study aligns AI maturity 
dimensions with operational benchmarks from leading 
shipbuilders, future validation efforts are essential to strengthen 
the model’s practical application. These may include: 

• Field trials in selected shipyards to assess maturity 
progression. 

• Surveys of digital adoption across U.S. and international 
shipyards. 

• Expert panels involving maritime engineers, defense 
contractors, and AI strategists will refine and validate model 
dimensions. 

• Case-based longitudinal studies to track the impact of AI 
adoption on delivery efficiency and sustainability metrics. 

Policymakers, business executives, and shipyard operators 
looking to speed up digital transformation in the maritime 
industry will find the model's acceptance as a strategic tool easier 
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with the help of a well-organized validation roadmap offering 
empirical support. 

7. Conclusion 

This study proposes a sector-specific AI maturity model to 
guide digital transformation in shipbuilding. It bridges the gap 
between generic models and shipyards' unique operational 
challenges. Future validation through real-world pilots and 
international benchmarking is recommended. 

Amid fierce global competition, particularly from 
shipbuilding powerhouses such as China, Japan, and South Korea, 
these nations have secured leadership through advancements in 
automation, AI integration, and proactive industrial policy [7] In 
contrast, American shipyards face structural challenges such as 
higher labor and material costs, aging infrastructure, and limited 
automation in commercial operations [24], [25]. America must 
reduce reliance on foreign shipbuilders and re-establish the U.S. 
as a key player in the global maritime landscape. It bridges the 
gap between generic models and the unique operational 
challenges of shipyards.  
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