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1 INTRODUCTION 
Ports are fundamental nodes in the international 
trade and logistics network, acting as gateways 
for the vast majority of goods transported across 
the world (Verschuur et al., 2022). As global 
commercial activities intensify, ports are under 
increasing pressure to enhance their efficiency, 
sustainability, and resilience (Asariotis et al., 
2024). These pressures arise from human-induced 
factors, environmental impacts, climate-related 
risks, and the need for seamless connectivity with 
hinterland transport networks (Asariotis et al., 
2024; Bayazit, 2022). To address these 
multifaceted challenges, ports are entering a new 
phase of digital transformation, driven by 
automation and, increasingly, Artificial 
Intelligence (AI). 
In recent years, AI has emerged as a strategic 
enabler across various domains of the port 
systems. Its integration into port operations is 
reshaping traditional workflows and empowering 
stakeholders with intelligent tools for decision-

making, optimization, maritime safety, risk 
management, and long-term asset management 
such as such as ships, port facilities, and cargos 
(Durlik et al., 2024a,b; Farzadmehr et al., 2023). 
From virtual shipping operations (Yadav 2024) to 
energy-efficient port systems (Kovalishin et al., 
2023), and digital simulations of infrastructure 
performance (Klar et al., 2023), AI is proving 
essential in the shift toward smart, green, and 
resilient ports. 
Among the most promising applications of AI is 
its integration in Intelligent Structural Health 
Monitoring (iSHM) systems (Spencer et al., 
2025). AI tools can enhance damage detection, 
support digital transformation, and enable precise 
tracking of structural displacements. These 
capabilities are particularly crucial in port 
systems, where ensuring the functional and 
structural integrity of port infrastructure, such as 
quays, berths, pavements, and breakwaters, is 
critical for uninterrupted operations and long-
term resilience. AI-enabled SHM offers 
automated, scalable, and data-driven methods for 
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a reliable and cost-effective approach to monitor 
the health and performance of critical assets 
(Spencer et al., 2025) such as ports. 
This paper explores the integration of AI in 
modern port innovations, particularly Smart 
Ports, Digital Twins, Green Port initiatives, and 
Blue Growth strategies, and its contribution to the 
specialized field of iSHM. Through a pilot 
investigation conducted at Lavrio Port, Attica, 
Greece, the study demonstrates how AI, 
combined with Unmanned Aerial Vehicle (UAV) 
inspections, Geographic Information System 
(GIS) analytics, programming modules, and 
computer vision techniques, can transform the 
way ports manage the lifecycle of their 
infrastructure. The findings underscore AI’s 
ability to geospatially detect and quantify 
structural damage, while also contributing to the 
digital transformation of ports by facilitating the 
generation of virtual replicas of physical assets. 
The paper is structured as follows. Section 2 
presents an overview of contemporary AI-driven 
applications in the maritime sector, followed by a 
detailed presentation of how AI can be integrated 

into monitoring defects and damage of diverse 
port structures. Two key structural typologies are 
examined: port concrete pavements of berthing 
facilities and rubble mound structures for 
developing AI-driven detection methodologies of 
surface cracking and elevation changes, 
respectively. The dual focus of Section 2 serves 
both to (a) contextualize the broader operational 
and theoretical role of AI in port environments 
and (b) validate an adaptable AI-enabled SHM 
(iSHM) framework that enhances automation 
processes in condition assessment through 
geospatial data analytics. Section 3 introduces the 
Lavrio Port case study and presents the results of 
the AI-supported SHM framework, 
demonstrating its effectiveness across structurally 
diverse types of port infrastructure. Finally, the 
Discussion and Conclusions section synthesizes 
the main findings, acknowledges limitations, and 
highlights the potential of the proposed iSHM 
framework to support long-term infrastructure 
monitoring and contribute to the development of 
Digital Twins for port asset management.  

 

 
 

Figure 1. AI-driven enhancements across port systems supporting key innovation initiatives. 
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2 MATERIALS AND METHODS 

2.1 AI Integration in Core Port Innovation Areas 

AI-driven applications have increasingly been 
adopted across various areas of port operations 
and infrastructure, reflecting a growing interest in 
process automation and the optimization of port 
management strategies. Ports are multifunctional 
systems that support a wide range of activities, 
including cargo logistics, maritime 
transportation, cruise shipping, and supply chain 
coordination. Correspondingly, their physical 
infrastructure spans berthing facilities, quay 
walls, breakwaters, control centers, pavements, 
and administrative buildings. The integration of 
AI into both operational workflows and physical 
facilities has laid the foundation for a series of 
innovation-driven transformations (Fig. 1), that 
can be categorized into four thematic areas (Coro, 
2020; Jayasinghe et al., 2024; Kovalishin et al., 
2023; Yang & Hsieh, 2024): 
• Smart Ports, 
• Green Ports, 
• Digital Twins, 
• Blue Growth. 

The cross-cutting potential of AI adoption in 
enhancing diverse aspects of port innovation can 
be supported by the fact that the impacts of AI 
systems often extend beyond their originally 
intended domains, addressing challenges across 
multiple operational areas (Farzadmehr et al., 
2023). Hence, the emerging opportunities brought 
by AI in the maritime sector can support a variety 
of port operations and facilities, ultimately 
contributing to different innovation categories. 
According to the synthesis of AI-driven 
opportunities presented by Durlik et al. (2024b), 
one of the most promising developments lies in 
the rapid evolution of AI algorithms, particularly 
in deep learning, reinforcement learning, and 
neural networks, which enhance predictive 
accuracy and enable complex decision-making. 
Their study also highlights the integration of the 
Internet of Things (IoT) and edge computing into 
real-time decision-making by analyzing data 
collected from port assets, including vessels, 
berthing systems, and container areas. 
Furthermore, AI supports fuel efficiency, 
emission reduction, hybrid propulsion 
optimization, and circular economy practices. 
These opportunities are amplified through the 
collaboration among stakeholders and the 
implementation of supportive policy frameworks, 

both of which are essential for widespread and 
meaningful AI adoption. 
Two of the most significant limitations in the 
adoption of AI in the maritime sector are the high 
initial implementation costs (Durlik et al., 2024b) 
and the persistent disconnect between port 
stakeholders and AI developers, with each group 
approaching digital transformation from different 
perspectives and priorities (Farzadmehr et al., 
2023). However, the long-term benefits of AI 
adoption that include reduced maintenance 
expenses, improved resource utilization, and 
enhanced competitiveness (Durlik et al., 2024b) 
help overcome these limitations. 
In practice, AI contributes to a broad range of 
operational enhancements across port systems 
(Durlik et al., 2024b). It enables more efficient 
coordination of vessel traffic and cargo handling 
by minimizing delays, alleviating congestion, and 
increasing overall throughput. In parallel, AI-
based systems support proactive safety 
management by forecasting potential hazards and 
enabling early intervention to reduce the risk of 
accidents. Automation of routine tasks and 
optimized scheduling contribute to lowering 
resource consumption, particularly in terms of 
labor, fuel, and equipment wear. From an 
environmental perspective, AI supports more 
sustainable operations by facilitating route 
optimization, reducing emissions, and improving 
energy efficiency. Moreover, AI advances 
predictive maintenance by analyzing inventory 
and continuous monitoring data. Collectively, 
these advancements help ports and maritime 
operators remain competitive while aligning with 
broader goals of operational resilience and 
environmental responsibility (Farzadmehr et al., 
2024). 

2.1.1 AI Implications in Smart Ports 
The diverse opportunities and transformative 
capabilities of AI in port operations and 
infrastructure have become foundational to 
broader innovation strategies. A key innovation 
initiative where AI has been significantly 
implemented is the development of Smart Ports. 
As noted by Belmoukari et al. (2024), Smart Ports 
represent one of the primary sectors where AI 
technologies are now integral to daily operations. 
AI enables the digitization of processes, thereby 
improving the overall "smartness" of port systems 
(Yang & Hsieh, 2024). Its use in managing 
maritime activity has led to reduced accident rates 
and improved transportation safety through real-
time monitoring, predictive modeling, and 
autonomous control systems.  
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A notable example is the Port of Rotterdam, 
which employs the PortXchange platform to 
optimize berthing times and vessel speed through 
AI-enhanced tracking of ship movements 
(https://www.portofrotterdam.com/en/services/o
nline-tools/portxchange). Similarly, the Taiwan 
Port Group’s Trans-SMART Project, launched in 
2018, integrates big data analytics, sensor-based 
recognition technologies, remote control systems, 
and AI to improve port efficiency and safety (Lin 
et al., 2022; Yang & Hsieh, 2024). One of its 
innovations is the ship operation intelligent 
assistance system, which collects data on water 
flow and ship speed to suggest safer navigation 
routes. When combined with a dynamic 
monitoring system, the platform can alert vessels 
when they exceed safe speed thresholds or exit 
predefined safety zones, significantly reducing 
the risk of maritime incidents. On the land side, 
the project also includes an intelligent 
transportation system using GPS tracking of 
trucks within the port area. This system, 
integrated with a mobile application, enables real-
time monitoring of gate station queues and traffic 
conditions, allowing users to adjust delivery 
schedules accordingly. As a result, it helps reduce 
idle time and lower carbon emissions, ultimately 
contributing to improved air quality and more 
sustainable port logistics. 

2.1.2 AI Implications in Green Ports 
Broadening the sustainability potential of port 
smartness, the adoption of AI-enabled systems 
has also enabled green transformation. The 
concept of a Green Port refers to an 
environmentally sustainable and energy-efficient 
port system, including terminals, berths, and 
logistics zones (Kovalishin et al., 2023). While 
distinct in their environmental priorities, Green 
Ports often intersect with Smart Port initiatives, 
for example, in the case of smart grids, which 
represent self-healing networks equipped with 
real-time optimization techniques aimed at 
reducing energy losses, maintaining voltage 
stability, enhancing reliability, and improving 
asset management (Kovalishin et al., 2023).  
AI-driven technologies, ranging from machine 
learning algorithms and computer vision systems 
to smart warehouse management and robotic 
automation, are transforming how ports manage 
container flows, storage logistics, and yard 
operations, significantly enhancing both energy 
efficiency and operational sustainability (Durlik 
et al., 2024b). One prominent real-world initiative 
is the Ship Emission Control Area (ECA) 
established in the Yangtze River Delta Port Area 

in 2015, which requires ships to use low-sulfur 
fuel (≤0.5% m/m) during berthing. This 
regulation was complemented by large-scale 
investments in shore power infrastructure (Yang 
& Hsieh, 2024). 
Furthermore, AI can be integrated into Port 
Community Systems (PCS) to support dynamic 
energy management (Kovalishin et al., 2023). For 
instance, weather conditions can be used to 
forecast the availability of solar or wind energy 
connected to the port's grid, while machine 
learning models trained on vessel energy 
consumption patterns can help smooth transient 
load processes during ship berthing or departure. 
Hence, AI-driven energy management can be 
assisted by load forecasting, power grid stability 
assessment, faults’ detection, smart grid security, 
and electrical sources sizing optimization, 
including renewables. 
The green port concept is also linked to broader 
green economy goals, where AI extends its 
impact beyond port operations into adjacent 
marine sectors. As shown by Wang et al. (2025), 
AI technologies are being used to optimize 
fisheries' resource allocation, reduce ecological 
harm, and prevent overfishing. In fishery 
processing and logistics, AI improves supply 
chain performance, reduces energy consumption, 
and minimizes waste, contributing not only to 
environmental goals but also to market 
competitiveness and economic sustainability. 

2.1.3 AI Implications in Digital Twin Ports 
The integration of AI into Digital Twin 
approaches is driving a new era of dynamic, data-
informed port management. Digital Twins serve 
as digital replicas of physical assets, enabling 
real-time monitoring, predictive simulations, and 
operational optimization (Klar et al., 2023). The 
development of these digital representations can 
be assisted by data-driven methods, particularly 
suited for AI applications (Jayasinghe et al., 
2024). 
AI enhances the versatility of Digital Twins 
across three key axes: operator, product, and 
process (Alfaro-Viquez et al., 2025). Within the 
operator axis, Digital Twins supported by AI 
contribute to safety and ergonomics through 
posture analysis, fatigue detection, and secure 
human–machine collaboration. The product axis 
benefits from AI-driven analytics to support 
iterative design improvements and real-time 
quality control. The process axis hosts the highest 
concentration of AI applications, including real-
time simulation, dynamic process optimization, 
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and production forecasting, enabling a responsive 
operational environment. 
In structural monitoring, AI models are 
instrumental in creating responsive Digital Twins 
for infrastructure performance assessment 
(Jayasinghe et al., 2024). A representative case is 
the Dalrymple Bay Coal Terminal in Queensland, 
Australia, where Artificial Neural Networks 
(ANNs) were integrated with finite element (FE) 
models to visualize and predict real-time 
structural responses. The methodology involved 
sensor deployment, ANN training, and dynamic 
structural visualization, showcasing how AI can 
interconnect collected data and simulation 
analyses for infrastructure monitoring. 
Additionally, the study by Kaklis et al. (2025) 
demonstrates the application of Digital twins for 
vessel routing optimization. The combination of 
ensemble deep learning with spline regression 
enables the model to forecast Fuel-Oil 
Consumption (FOC) based on geospatial and 
operational parameters, thus supporting shipping 
strategies and operational efficiency. 

2.1.4 AI Implications in Blue Growth 
Blue Growth refers to the long-term strategy for 
facilitating sustainable economic growth in 
maritime sectors, while ensuring environmental 
protection and resource efficiency (Coro, 2020). 
Within this framework, AI is emerging as a 
powerful tool for addressing complex challenges 
related to climate change, marine biodiversity, 
and sustainable resource management. One 
notable initiative is the IntelComp Horizon 2020 
project, which aims to build a cloud-based 
platform offering AI-powered services to 
policymakers for evidence-based decision-
making through participatory Living Labs 
(Koundouri et al., 2022). 
Beyond policy design, AI is also being applied to 
marine environmental monitoring and sustainable 
fisheries management. As summarized in the 
work of Coro (2020), AI-driven techniques 
support a range of Blue Growth applications, 
including ecological niche modeling (ENM) to 
predict species distributions, vessel monitoring, 
and fishing activity forecasting to detect 
unregulated practices, and climate impact 
assessments on marine biodiversity. These 
applications leverage tools such as neural 
networks, Bayesian models, and pattern 
recognition techniques to improve environmental 
forecasting, monitor illegal fishing, and track 
ecological shifts.  

2.2 AI-enabled Framework for Port iSHM  

As highlighted in the previous sections, AI 
advances Smart Port operations, Green strategies, 
and Blue Growth initiatives, while also being a 
foundational technology in the development of 
Digital Twins, where real-time condition 
assessment is a prerequisite. Within this context, 
iSHM emerges as a specialized yet integral 
domain for the development of Digital Twins, 
particularly relevant for enhancing port 
infrastructure lifecycle management.  
The integration of AI into SHM processes has 
evolved substantially over the last two decades. 
According to Spencer et al. (2025), early AI-
driven SHM approaches relied on ANNs, while 
more recent advancements leverage deep learning 
techniques to automate and enhance damage 
detection. Their review highlights that AI has 
expanded SHM capabilities across vibration-
based monitoring, vision-based defect detection, 
and digital transformation using techniques such 
as Light Detection and Ranging (LiDAR) and 
photogrammetry. In particular, combining AI 
algorithms with high-resolution photogrammetric 
outputs or LiDAR scans enables the development 
of detailed 3D structural models, allowing for 
automated, non-invasive, and highly accurate 
assessments of infrastructure performance. This 
approach is particularly relevant in port systems, 
where structural deterioration due to aging, 
marine exposure, and operational demands can 
compromise safety and functionality (Hake et al., 
2022).  
In this section, an AI-enabled iSHM framework is 
presented, specifically designed for port 
waterfront facilities, with a dual focus on two 
common types of infrastructure: concrete 
pavements of berthing facilities and rubble 
mound structures. The framework integrates 
UAV-based data acquisition, Close-Range 
Photogrammetry (CRP), geospatial analysis with 
Geographic Information Systems (GIS), and AI-
driven defect detection techniques to support both 
short-term and long-term monitoring, enabling a 
more proactive and data-informed approach to 
port infrastructure maintenance. 
The initial stages of the proposed iSHM 
framework involve UAV-based data acquisition 
and CRP, which provide high-resolution image 
metadata essential for detecting and analyzing 
structural anomalies. These processes, along with 
key elements of geospatial analytics, have been 
previously examined in Tsaimou et al. (2023).  
Regarding port concrete pavements of berthing 
facilities, one of the most critical structural 
defects is surface cracks. Several studies have 
employed AI-driven techniques and algorithms to 
detect cracks in concrete structures, 
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demonstrating notable improvements in accuracy, 
speed, and repeatability (Choi et al., 2021; Li et 
al., 2023).  
A key challenge in crack detection approaches 
lies in the effective management of geospatial 
metadata generated through CRP applications. In 
the context of UAV-based inspections, AI shows 
great promise within the domain of geomatics by 
facilitating the automated processing and 
interpretation of complex 2D and 3D geospatial 
information (Pierdicca & Paolanti, 2022). AI 
enables collecting, storing, modelling, and 
analyzing georeferenced data from various 
sources, an approach commonly referred to as 
GeoAI.  
GeoAI applications in geomatics include defect 
detection, image segmentation, and spatial 
reasoning (Mondal & Chen, 2022; Pierdicca & 
Paolanti, 2022). To operationalize the 
implementation of GeoAI for crack detection, the 
analysis can be supplemented with geospatial 
scripting libraries such as GDAL and Rasterio, as 
demonstrated in Tsaimou et al. (2024a), 
advancing automation in workflows for defect 
localization and quantification. Hence, an AI-
driven system is built to facilitate the 
interpretation of infrastructure condition data 
included in geospatial imagery. The proposed AI-
enabled framework replicates key aspects of 
expert visual inspection while significantly 
reducing manual effort and improving 
consistency in structural health assessments. The 
core AI-related features for crack detection in port 
concrete pavements, as demonstrated in Tsaimou 
et al. (2024a), include a combination of rule-
based and shape-based computer vision 
techniques that fall within the broader spectrum 
of knowledge-based AI: 
• Image segmentation through adaptive 

(local) thresholding to isolate potential 
crack regions based on local intensity 
variations. This is a rule-based approach to 
image understanding that relies on 
predefined rules and mimics expert 
reasoning by applying thresholds that adapt 
to the structural context of the image. 

• Mathematical morphology operators to 
further refine the segmented image by 
removing noise and enhancing the 
geometry of the detected cracks. These 
operators are based on shape descriptors 
and spatial logic, allowing the system to 
apply domain-specific heuristics that 
resemble how a human inspector would 
clean up a visual scene to focus on 
meaningful crack patterns. 

As for rubble mound structures, AI-driven 
methodologies can be applied to monitor damage 

progression associated with armor layer 
instability due to degradation mechanisms such as 
rocking, unit displacement, sliding, and 
settlement (Campos et al., 2020a). Following 
UAV-based data acquisition and the generation of 
Digital Elevation Models (DEMs) through CRP, 
geospatial metadata are processed using GIS 
analytics, as demonstrated in Tsaimou et al. 
(2023). For this type of port structure, a key 
technical challenge arises when comparing 
transverse profiles across successive inspection 
campaigns with different ground resolution 
characteristics, often resulting from variations in 
UAV flight altitude. These differences necessitate 
precise geospatial alignment. 
To address this, AI-powered interpolation 
techniques can be integrated into the iSHM 
pipeline to automate and enhance cross-temporal 
comparability. In particular, Random Forest 
Regression (RFR), a supervised machine learning 
method known for its robustness in handling non-
linear and high-dimensional datasets (Breiman, 
2001), can be employed to interpolate profile 
elevation values along a common spatial 
reference grid. This AI-based interpolation 
ensures that datasets from different UAV 
inspections are accurately aligned, enabling 
reliable detection of elevation changes 
attributable to erosion or maintenance 
interventions. Once the profiles are spatially 
harmonized, automated area loss or elevation 
increase estimation can be performed using 
numerical integration techniques such as the 
Trapezoidal Rule, implemented through Python’s 
SciPy library (Virtanen et al., 2020).  
The above AI-related considerations for both 
types of port infrastructure can be integrated into 
previous validated applications (i.e., Tsaimou et 
al. 2023; Tsaimou et al. 2024a,b) and 
contextualized in an adjustable SHM framework 
consisting of the following steps: 

• Step 1 – Inspection (common for both 
structural types): This step includes i) 
pre-inspection planning (i.e., area 
definition and identification, examination 
of inventory data and previous databases, 
visual inspection(s), ensuring regulatory 
requirements from aviation & port 
authorities, examination of weather and 
sunlight conditions), ii) selection of a 
suitable UAV system (UAV type and 
camera characteristics), and iii) definition 
of flight parameters (i.e., number and 
position of Ground Control Points – GCPs 
and flight altitude) 

• Step 2 – Photogrammetry (common for 
both structural types): In this step, 
geospatial metadata, including dense 
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point clouds, DEMs, and orthophotos, are 
generated. A preliminary image 
processing based on filtering low-
quality/poorly focused images and 
aligning GCPs is required to ensure high-
quality and precise products. 

• Step 3 – GIS-based review (common for 
both structural types): DEMs and 
orthophotos are initially reviewed and 
visualized in GIS environments before 
being further analyzed. 

• Step 4a – Condition assessment of port 
concrete pavements: This step includes a 
GIS & Python interaction. More 
specifically, geospatial metadata are 
analyzed as follows: 
- Use of GDAL and Rasterio libraries to 

retain geospatial information. 
- Conversion of the geospatial RGB 

image to grayscale (within a Python 
environment). 

- Median filtering (within a Python 
environment). 

- Image segmentation – local 
thresholding (start: window size 19, 
offset 3; adjust as needed – within a 
Python environment). 

- Noise removal – area thresholding 
(brighter zones: lower threshold; 
darker/noisy zones: higher threshold; 
start 15 to 28 – within a Python 
environment). 

- Application of morphological 
operations (start: structural element 3, 
repetition 2; adjust as needed – within 
a Python environment). 

- Crack quantification through 
vectorization of raster crack data, 
skeletonization of polygons to lines, 
and calculation of crack lengths & 
widths (within a GIS environment). 

• Step 4b – Condition assessment of rubble 
mound structures: This step involves 
geometrical characterization of the 
structure by estimating the cross-
section/horizontal elevation with GIS-

based profile tools. Thereafter, estimation 
of elevation decreases (i.e., armor layer 
displacement) or elevation increases (i.e., 
armor layer placement due to 
deposition/maintenance activities) can be 
achieved by employing the RFR to 
interpolate different geospatial datasets 
and the Trapezoidal Rule to calculate 
areas. 
 

3 RESULTS  

3.1 Case study  

The case study for implementing the AI-
enabled iSHM framework, applied to both port 
concrete pavements and rubble mound structures, 
is Lavrio port, located at the southeastern tip of 
Attica, Greece. The results presented herein 
correspond to the fifth in-situ inspection (ISI-5), 
conducted on May 31, 2024, following the four 
previous inspections detailed in Tsaimou et al. 
(2023). For this latest campaign, the UAV DJI 
Mavic 3 Enterprise RTK was employed, equipped 
with Real-Time Kinematic (RTK) technology 
that enables centimeter-level georeferencing 
accuracy and ensures high precision in spatial 
data acquisition. The M3E camera features a 
resolution of 5280 × 3956 pixels, a 12.29 mm 
focal length, and a pixel size of 3.36 × 3.36 μm. 
The flight planning and mission execution 
adhered to the guidelines established in Tsaimou 
et al. (2023). CRP applications were used to 
generate the necessary geospatial metadata, 
namely, orthophotos and DEMs, which served as 
input for the AI-driven analysis. Fig. 2 presents 
the orthophoto generated during the fifth in-situ 
inspection (ISI-5) at a UAV flight altitude of 53 
meters, highlighting the port concrete pavement 
and the rubble mound structure that are analyzed 
in the following section. Table 1 summarizes the 
flight details of the most recent ISI, alongside 
those from previous inspections (Tsaimou et al., 
2023), to provide a comprehensive overview and 
highlight differences due to the employment of 
different UAV systems between the first four and 
the last inspection.  
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Figure 2. Orthophoto of Lavrio Port acquired during ISI-5 on May 31, 2024 (UAV flight altitude: 53 m). 

 
Table 1. Flight details of the five in-situ inspections conducted at Lavrio Port. 

In-situ 
Inspection No. 

Date Mean flight 
altitude (m) 

Ground 
resolution 
(cm/pixel) 

Flight 
duration 

(min) 

Number of 
captured 
images 

Coverage 
area 
(km2) 

ISI-1 2020-02-10 48 1.06 20 224 0.0604 
ISI-2 2020-09-04 56 1.21 33 567 0.1460 
ISI-3 2021-02-10 76 1.66 13 203 0.1460 
ISI-4 2021-07-09 56 1.17 12 147 0.0901 
ISI-5 2024-05-31 53 1.19 11 925 0.1400 

 

 
Figure 3. Crack identification results for a concrete pavement area within the relatively newly constructed section of the cruise 
terminal area – ISI-5: (a) manually digitized crack highlighted in black color based on visual interpretation, (b) predicted crack 

detected by the AI-driven crack detection methodology displayed in pixel style and highlighted in purple color, and (c) predicted 
cracks detected by the AI-driven crack-detection methodology displayed in line style and highlighted in purple color. 

 

3.2 Condition assessment results  

The proposed AI-enabled iSHM framework was 
applied to a section of concrete pavement located 

in the relatively newly constructed cruise terminal 
area of Lavrio Port (Fig.2), where surface 
conditions were notably improved compared to 
older pavement domains. Under these favorable 
conditions, the framework performed robustly 

(a) 

(b) 

(c) 
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and accurately detected cracking. A key 
demonstration of the system’s intelligence lies in 
its ability to differentiate actual defects from 
high-contrast features. For instance, bright yellow 
pavement markings, often a source of false 
positives in automated vision systems, were 
successfully excluded from the crack detection 
output. The AI-based segmentation algorithm 
utilized local intensity analysis to distinguish 
markings from structural anomalies, confirming 
its suitability for real-world SHM tasks. 
 
 
Fig. 3 presents the results, including both the 
manually digitized cracks within the GIS 
environment based on visual observations (as a 
reference) and the AI-driven generated outputs, 
displayed in both pixel and line formats. The 
strong agreement between manual and automated 
assessments highlights the reliability of the 
methodology, particularly in pavement zones 
with minimal surface interference. This example 
reinforces the added value of AI in SHM by 
enabling repeatable assessments of port pavement 
conditions, with reduced manual effort and 
enhanced scalability for periodic infrastructure 
monitoring. 

It is noted that the effectiveness of the AI-driven 
crack detection methodology has been previously 
validated through performance metrics’ 
calculation in Tsaimou et al. (2024a), where an 
average detection accuracy of approximately 95% 
was achieved while preserving all geospatial 
information. Moreover, it was concluded that 
once the parameters are initially established and 
calibrated, the methodology can be easily adapted 
to subsequent UAV-based inspections, allowing 
for efficient scalability in similar environments. 
For this reason, in the present work, which 
focuses on a different UAV dataset within the 
same case study area, the emphasis is placed on 
demonstrating methodological transferability and 
long-term monitoring potential of AI-driven 
crack detection in port concrete pavements. 
For the rubble mound structure, the AI-enabled 
iSHM framework focused on detecting elevation 
changes and evaluating long-term structural 
stability through geospatial analytics. Fig. 4 and 5 
present the outcomes of the data-driven analysis, 
showcasing areas of elevation decrease (erosion) 
and increase, respectively, across the 20 
monitored profiles defined in Tsaimou et al. 
(2024b), now updated to include results from the 
fifth in-situ inspection (ISI-5). 

 

 
 

Figure 4. Elevation decrease (eroded area), automatically estimated for the sections of the rubble mound structure defined in 
Tsaimou et al. (2024b). 
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Figure 5. Elevation increase, automatically estimated for the sections of the rubble mound structure defined in Tsaimou et al. 
(2024b). 

 
The erosion mapping results in Fig. 4 clearly 
illustrate the temporal progression of damage 
within the structure. A notable decrease in 
elevation, reaching a maximum eroded area of 
approximately 20 m², was detected in the central 
section of the breakwater between ISI-4 and ISI-
5. This substantial loss of structural material 
indicates localized vulnerability, raising concerns 
about the durability of the existing armor layer, 
even after prior maintenance interventions 
conducted between ISI-1 and ISI-2, as shown in 
Fig. 5. The recurrence of significant material loss 
within just a few years suggests that these 
interventions were insufficient to ensure long-
term structural stability. 
Based on the above, by comparing these 
contrasting spatial patterns, the AI-enabled 
framework provides critical insights into the 
effectiveness and temporal limits of past 
interventions, as well as ongoing damage 
evolution trends that have not been addressed. 
Hence, the case of Lavrio port underscores the 
potential of AI-powered methods to support data-
driven decision-making for port infrastructure 
lifecycle management and proactive 
maintenance. 

 

4 DISCUSSION AND CONCLUSIONS 
AI-driven practices have become increasingly 
prevalent in contemporary maritime operations 
and infrastructure management. The first part of 
this study explored how AI enhances various 
aspects of port operations and processes, 
highlighting its contribution to improving 

efficiency, safety, and sustainability. AI is now a 
critical component in managing vessel traffic, 
cargo handling, resource utilization (e.g., fuel and 
equipment), and safety protocols, while also 
facilitating sustainable practices through energy 
optimization and emissions reduction. Moreover, 
AI has a growing role in infrastructure monitoring 
and maintenance planning. Therefore, AI has 
proved a cross-cutting enabler of innovation 
across four key categories: Smart Ports, Green 
Ports, Digital Twins, and Blue Growth. 
The second part of this study validated an AI-
enabled iSHM framework applied to two critical 
types of infrastructure commonly found in port 
environments: concrete pavements of berthing 
facilities and rubble mound structures. The results 
of the UAV-based inspections confirmed that the 
proposed geospatial, computer vision, and 
scripting pipeline can effectively support 
condition assessment through (semi-) automated 
processing. In the case of concrete pavements, the 
AI-enabled crack detection methodology 
demonstrated the ability to accurately identify 
structural discontinuities, even in challenging 
conditions such as the presence of surface 
markings that may lead to misinterpretations. For 
rubble mound structures, the integration of 
Random Forest Regression (RFR) into the profile 
alignment process enabled the detection of long-
term erosion trends and the evaluation of past 
maintenance actions through elevation change 
analysis. Crucially, the transformation of raw 
visual and spatial data into structured, analyzable 
insights assists in building Digital Twins based on 



Coastal and Offshore Science and Engineering 
Year IV – 2025 – ISSN 2785-7972 29

real-time monitoring data and structural condition 
information. 
Regarding the application of the proposed iSHM 
framework at Lavrio Port, the results confirmed 
its capacity to capture key structural behaviors 
across different infrastructure types. For port 
concrete pavements, the crack detection 
methodology successfully avoided 
misinterpreting superficial markings (e.g., surface 
lining), demonstrating robustness in 
distinguishing actual damage patterns. However, 
in instances where cracks intersect with such 
markings, the obscured crack segments were not 
fully detected. In the case of the rubble mound 
structure, elevation change monitoring revealed 
that armor layer instability persisted over time, 
even following targeted maintenance 
interventions conducted between ISI-1 and ISI-2 
and again between ISI-4 and ISI-5. This suggests 
that the root causes of structural degradation were 
not fully addressed by the applied treatments, 
highlighting the need for more comprehensive 
design or maintenance strategies.  
In terms of scalability, the proposed AI-enabled 
framework for port iSHM was designed to benefit 
from simultaneous UAV inspections and shared 
preprocessing steps such as photogrammetry and 
metadata extraction, both of which enhance 
efficiency when applied to large-scale 
infrastructure networks (Tsaimou et al., 2023). 
For concrete pavements, while the initial setup of 
analysis may require some effort, once fixed, the 
methodology becomes highly adaptable for long-
term monitoring. Adjustable algorithm scripts 
enable rapid testing and visualization within a 
Geographic Information System (GIS) 
environment for every step of the crack detection 
methodology, thus allowing for assessing 
extensive areas efficiently. In addition, the initial 
parameter set can be derived from validated 
applications, such as Tsaimou et al. (2024a), and 
subsequently tailored to reflect various concrete 
surfaces linked to different lighting conditions or 
belonging to other ports and sections of the same 
port with different age or material characteristics. 
Considering this, the methodology can also be 
transferable to other types of concrete 
infrastructure, such as toll or airport apron 
pavements. 
As for rubble mound structures, the iSHM 
methodology requires no manual calibration. The 
AI-assisted profile comparison process uses RFR 
to automatically interpolate elevation values 
across inspections with different resolutions or 
UAV flight altitudes. This allows the alignment 
of datasets onto a common spatial reference, 
making the methodology transferable to other 
rubble mound structures or breakwaters with 
accropodes.  

Moreover, processing high-resolution 
orthophotos and elevation models across large 
spatial extents can pose computational 
challenges, especially on typical desktop 
environments. To address this, large geospatial 
outputs can be clipped into manageable sections 
without compromising area coverage, while 
reducing memory loads during analysis. This 
flexibility ensures the framework remains 
scalable across various hardware capabilities. 
The structured condition assessment outputs 
produced by the proposed AI framework can be 
translated into actionable indicators crucial for 
port authority workflows to inform preventive 
maintenance planning, resource allocation 
strategies, and data-driven decision-making 
processes. 
Despite the promising results, two limitations 
should be acknowledged. One critical aspect is 
the calibration of detection parameters in crack 
segmentation, as varying pavement surface 
conditions, lighting, and wear can influence 
thresholding outcomes. This limitation was 
addressed through the implementation of 
parameterized scripting routines, enabling rapid 
iteration and output visualization within a GIS 
environment. Additionally, the accuracy of AI-
based interpolation techniques such as RFR 
depends on the spatial resolution and density of 
the input data, which can be affected by UAV 
flight constraints and environmental conditions. 
Future research is encouraged to integrate the 
structured outputs of this AI-driven iSHM 
framework into broader machine learning models 
and digital twin modelling. Hence, the 
combination of advanced detection and spatial 
intelligence will support effective, proactive, 
data-informed infrastructure management in 
ports. 
In addition, to further support operational 
decision-making, the iSHM framework can be 
integrated into Supervisory Control and Data 
Acquisition (SCADA) systems, enabling real-
time condition updates and anomaly detection 
alerts for various port structures distributed across 
the port layout to be streamed directly into 
centralized monitoring dashboards. As port 
operations increasingly adopt distributed control 
strategies, the integration of iSHM data into 
multi-agent decision-making systems also 
presents a promising direction for enabling 
collaborative and adaptive responses to 
infrastructure threats. Such systems can learn and 
respond to behavioral patterns of degradation, 
such as the one observed in the Lavrio Port rubble 
mound structure, where repeated maintenance 
interventions failed to address the root causes of 
instability. Hence, recurring inefficiencies in 
future maintenance planning could be prevented. 
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