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Abstract: Summary Regulatory compliance in transportation infrastructure
asset management (TIAM) is hindered by aging assets, disjointed oversight,
and changing policies. Traditional ways of inspecting and reporting by hand
don't work well when you need to do a lot of them. This paper examines recent
developments in Artificial Intelligence (AI) aimed at enhancing compliance via
automation, real-time analytics, and decision support. We highlight techniques
like natural language processing (NLP) for parsing regulatory texts and graph
neural networks (GNNs) for modeling asset interdependencies. These are based
on peer-reviewed studies on Al applications in transportation that were
published between 2015 and 2025. For example, Graph SAGE and other GNN's
have shown that they can accurately predict road accidents with less than 22%
mean absolute error on traffic datasets [3]. Case studies of U.S. bridge
inspections using Al-enabled digital twins show that labor costs can be cut by
20-30% and that each project could save up to $15 million [4, 5]. To deal with
interpretability, explainable Al (XAI) methods find a balance between accuracy
and openness. However, more complicated models often give up performance
for less clarity [8]. Federated learning enables privacy-preserving model
training utilizing distributed infrastructure data [9]. Climate simulations based
on SSP2-4.5 scenarios show that Al can make the road network more resistant
to floods, affecting as much as 13.1% of segments [11]. This work encourages
reliable Al for long-term TIAM governance.

Keywords:  Artificial Intelligence (Al), Regulatory Compliance,
Transportation Infrastructure, Asset Management, Predictive Maintenance,
Digital Twin, Building Information Modeling (BIM), Infrastructure
Monitoring, Smart Governance, Compliance Automation, Explainable Al
(XAI), Computer Vision, Natural Language Processing (NLP), Risk
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I. INTRODUCTION

learning algorithms are now used for predictive

Transportation infrastructure is what makes it
possible for people to move around, stay safe, and
compete with other countries. However, to make sure
that it works properly, it is important to follow strict rules
about structural performance, environmental impact, and
user safety. In the past, regulatory compliance in
transportation infrastructure asset management (TIAM)
has depended on manual inspection and reporting
processes that are often reactive, fragmented, and
inefficient as assets become more complex and
governance becomes more decentralized. Artificial
Intelligence (AI) technologies are changing the way
things work by making it possible to take proactive, data-
driven approaches to following the rules. Machine

maintenance, which means they can guess when
something will break before it happens [2]. Computer
vision models, especially convolutional neural networks
(CNNs), are very good at finding surface-level problems
in pavement and bridge parts, like cracks and corrosion
[14, 15]. Natural language processing (NLP), on the
other hand, makes it possible to automatically read and
understand complicated regulatory documents from
different jurisdictions to help check for compliance [16].
When used in digital twin environments and Building
Information Modeling (BIM) systems, these Al features
work even better. These digital copies of physical
infrastructure assets create a flexible space for real-time
monitoring, simulation, and compliance checks
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throughout the asset's life. This paper aims to synthesize
technical and policy-focused research on how Al can
support regulatory compliance across diverse TIAM
applications, as governments and infrastructure
operators face increasing demands for transparency,
cost-efficiency, and resilience.

II. METHODOLOGY

This survey utilizes a systematic literature
review (SLR) methodology to consolidate developments
in Al applications for regulatory compliance in
transportation infrastructure asset management (TIAM).
The method follows the PRISMA (Preferred Reporting
Items for Systematic Reviews and Meta-Analyses) rules
to make sure that the results are clear, can be repeated,
and are complete.

A. Search Strategy

The literature search was carried out across
several academic databases, such as IEEE Xplore,
Scopus, Web of Science, Google Scholar, and arXiv,
focusing on peer-reviewed articles, conference papers,
and technical reports published from January 2015 to
July 2025. This time frame shows how quickly Al
technologies changed after 2015, which is when deep
learning made big strides and was first used in civil
engineering. We used Boolean operators and keywords
from the index terms to make search queries. For
example: ("artificial intelligence"” OR "machine
learning" OR "deep learning") AND ("regulatory
compliance” OR "compliance checking") AND
("transportation infrastructure” OR "asset management"
OR "TIAM" OR "bridge inspection" OR "pavement
monitoring") AND ("digital twin" OR "NLP" OR
"computer vision" OR "GNN" OR "XAI"). Other filters
were English-language publications and how well they
fit with regulatory frameworks (like FHWA, TEN-T, and
ISO 55000). We used targeted searches on official
agency websites to find grey literature, like government
reports from FHWA and WisDOT, to give us real-world
examples. There were 1,247 initial records found.

B. Inclusion and Exclusion

Requirements the inclusion criteria
concentrated on studies that: (1) explicitly examined Al
techniques for compliance-related tasks in TIAM (e.g.,
anomaly detection, rule parsing, predictive modeling);
(2) provided empirical evaluations or case studies within
transportation contexts; and (3) addressed implications
for regulatory frameworks or asset lifecycle
management. The exclusion criteria removed: (1) works
not centered on Al; (2) applications beyond
transportation  infrastructure (e.g., healthcare or
manufacturing); (3) purely theoretical papers lacking
methodological validation; and (4) duplicates or
retracted publications. After screening the titles and
abstracts, 312 full-text articles were evaluated, leading to

the selection of 48 studies (e.g., [1]-[17]) that constituted
the foundation of this review. Reference chaining
(backward/forward citation analysis) produced an extra
12 sources.

C. Data Extraction and Synthesis

From the chosen studies, essential data were
extracted into a structured template, encompassing: Al
technique, compliance use case, regulatory framework,
performance metrics (e.g., accuracy, error rates),
challenges addressed, and future directions. We used
NVivo software to do qualitative coding and thematic
analysis to find recurring patterns, like the use of NLP
with BIM or the role of XAl in making things easier to
understand.  Quantitative synthesis entailed the
aggregation of metrics (e.g., defect detection accuracies)
when comparable datasets were available, whereas
qualitative  synthesis  correlated techniques to
frameworks through tabular representations (e.g., Tables
I and I). This methodology guarantees an equitable
representation of technological advancements and policy
ramifications, alleviating bias through multi-database
sourcing and dual-reviewer validation (performed by the
authors). There may be too few non-English studies and
Al may advance quickly after July 2025.

III. Regulatory Frameworks in Transportation
Infrastructure

There are different rules for transportation
infrastructure at every stage of the asset lifecycle, from
planning and design to  maintenance and
decommissioning. The U.S. Federal Highway
Administration (FHWA) standards, the European
Union's Trans-European Transport Network (TEN-T)
directives, the ISO 55000 asset management standard,
and China's GB/T 50378-2019 specification for highway
engineering are all important frameworks. Each of these
frameworks has its own set of technical, environmental,
and safety rules. The FHWA requires bridge inspections
every two years according to the AASHTO Bridge Codes
[2]. The EU Directive 2008/96/EC, on the other hand, is
about managing the safety of road infrastructure for
TEN-T corridors [1]. The ISO 55000 series gives a
general framework for strategic asset management in
many fields [6]. In China, GB/T 50378-2019 stresses
sustainable design and environmental grading for
highway projects. The problem is that these frameworks
are different in different places, which makes it hard for
multinational infrastructure programs to follow the rules
and wastes time. Al technologies, especially natural
language processing (NLP) and computer vision, can
help fill in these gaps by automatically pulling out and
understanding rules from different types of documents.
For instance, vision-based models trained on FHWA
standards can find structural problems in bridge
inspections [12], and NLP systems can read EU or
Chinese codes in more than one language [16].
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Table 1: Comparative Regulatory Frameworks

Framework Domain Key Standards Al Integration Potential

FHWA (US) Transportation AASHTO Bridge Codes High (Vision-based anomaly detection)
TEN-T (EU) Transportation EU Directive 2008/96/EC Medium (NLP for multilingual rules)
ISO 55000 General Asset Mgmt | Asset Management Lifecycle | High (Predictive analytics)

GB/T 50378-2019 | China Highways Highway Engineering Design | Medium (Semantic parsing adaptations)

IV. Role of Artificial Intelligence in Asset
Management

Al is changing transportation infrastructure
asset management (TTAM) by moving operations from
reactive, inspection-based methods to proactive, data-
driven ones. These Al systems let asset owners guess
when things will break down, find problems in real time,
and make the best use of maintenance schedules.
Supervised machine learning algorithms can use data
about past performance and exposure to different
environments to sort failure modes. For example,
convolutional neural networks (CNNs) have shown
pixel-level accuracy of up to 95% when using grayscale
and depth images to find defects in pavement surfaces
[14]. New CNN architectures that use attention
mechanisms and edge-enhanced feature fusion have
made these models even more reliable in the field [15].

Natural language processing (NLP) adds a
semantic layer to asset management by getting useful
information out of unstructured documents like
inspection reports, design specs, and rules and
regulations. This makes it possible to automatically
check for compliance and make audit trails [16].
Additionally, combining AI with digital twins makes it
possible to simulate physical infrastructure in real time
under a variety of operational and environmental
conditions. This gives you real-time analytics that help
you make smart decisions and keep track of compliance
in BIM environments [4-6].

Fig. 1 illustrates a representative workflow of
how AI systems are embedded into transportation
infrastructure asset management, integrating data
streams, Al models, and compliance outputs via digital
twin platforms.

UAV Sensors Reports
Data Ingestion
l l BIM/
Digital
| NLP | | CNN ‘ ‘ GNN ’—’ Twin
| l Platforms
| Simulations ‘
Compliance : :
Alerts Reports Simulations

Fig. 1: Al-enhanced workflow for transportation infrastructure asset management. This diagram illustrates the
data flow from UAVs, sensors, and reports through AI modules (NLP, CNN, GNN), integrated with BIM/Digital
Twin platforms, resulting in compliance simulations, alerts, and reports

Table II: AI Techniques Mapped to Compliance Use Cases

Al Technique Compliance Use Case Example Application

NLP Parsing regulatory codes Multilingual rule extraction [17]

CNNs Visual inspection for defects UAYV bridge imagery analysis [13], [14]
GNNs Modeling asset interdependencies | Traffic assignment models [18]

Federated Learning | Cross-agency data collaboration | Privacy-preserving model training [9], [10]
XAl Interpretation of model outputs Feature attribution in failure prediction [8]

V. Al for Enhancing Regulatory Compliance
Artificial Intelligence (AI) makes regulatory
compliance processes in transportation infrastructure
asset management (TIAM) much more scalable,
efficient, and reliable. Compliance methods that have
been around for a long time are often done by hand, take
a lot of time, and are limited by how people understand
complicated rules. Al makes these problems easier to

deal with by using machine learning models to automate
compliance monitoring, parsing documents, and finding
problems in real time.

Natural language processing (NLP) algorithms
are especially good at breaking down regulatory texts
that apply to more than one jurisdiction. This makes it
possible to automatically interpret rules and check

© East African Scholars Publisher, Kenya

140



Raj J Mehta; East African Scholars Multidiscip Bull, Vol-8, Iss-5 (Sep-Oct, 2025): 138-144

compliance [16]. For instance, NLP models can turn text
codes into machine-readable logic that can be used for
rule-based reasoning in the U.S., EU, and Asian
frameworks.

Computer vision techniques, especially CNNs,
are used to look at drone or CCTV images of roads and
bridges to find problems like cracks, spalling, and
corrosion. These visual insights connect the state of
assets to safety limits set by rules like FHWA and
AASHTO [12, 13].

Before deployment, digital twin platforms
simulate how assets will behave in real time and how
they will comply with rules. This makes it easier to
enforce rules ahead of time and lessens the need for
manual checks [4-6].

A. Graph Neural Networks for Asset Modeling
Graph Neural Networks (GNNs) provide an
advanced methodology for modeling spatial and

relational dependencies among infrastructure elements.
GNNs show how assets in transportation networks are
connected, like how damage to one road segment might
affect traffic flow or other segments. This has direct
effects on following rules about capacity, safety, and
maintenance.

Heterogeneous GNNs have been utilized as
surrogate models for traffic assignment, enhancing
network flow optimization within regulatory constraints
[17]. By embedding policy rules directly into model
architecture and decision layers, these kinds of
applications make it easier to follow the rules and
support solutions that are easy to understand and use less
data.

On the left, you can see a graph of infrastructure
parts (like bridges, road segments, and intersections)
with labels. On the right, a Graph Neural Network
(GNN) combines this structure with compliance data to
guess traffic loads and regulatory risk.

Labeled Graph

Compliance Data

|

GNN

Y

GNN for Road Network
Compliance Modeling

|

Traffic Load
Prediction

Fig. 2: Demonstrates how GNNs integrate structural asset graphs with compliance metrics to enable predictive
modeling in infrastructure networks

Fig. 3 summarizes the overall integration of Al
models with asset management functions and regulatory

frameworks, providing a structured approach to
compliance automation.
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Fig. 3: Integrated AI and asset management pipeline for regulatory compliance
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This flowchart depicts how Al techniques
(NLP, Computer Vision, GNNs) align with asset
management functions (rule parsing, inspection
automation, simulation) to support regulatory
compliance within existing frameworks.

VI. Data Infrastructure and Interoperability

The successful implementation of Artificial
Intelligence (AI) in transportation infrastructure asset
management (TIAM) depends on the accessibility,
quality, and interoperability of data. Al models,
especially deep learning and graph-based architectures,
need a lot of data. They need inputs from sensors,
inspections, regulatory documents, and historical
maintenance records that are always high-quality and
high-resolution.

Model interpretability is a big technical
problem. Deep neural networks and other complicated
models can be very accurate, but they often act like black
boxes. Explainable Al (XAI) methods try to make things
clear by showing how important certain features are, how
decisions are made, or by giving surrogate explanations.
This helps regulatory agencies trust automated
recommendations. But this often means giving up some

accuracy for the sake of being able to understand it [7,
8].

Data fragmentation is another big problem.
TIAM systems are usually kept separate by different
agencies and stakeholders, which makes formats
inconsistent, datasets incomplete, and data sharing
limited. Federated learning has become a way to protect
privacy by letting Al models learn from data spread out
across many different places without putting sensitive
information in one place [9, 10].

Also, future infrastructure planning needs to
take Al predictions into account along with other things
like climate change. For example, using Al models with
Shared Socioeconomic Pathways (SSP) climate
scenarios lets us simulate how floods will affect road
networks, which helps us plan for future risks. One study
found that up to 13.1% of segments in urban networks
could be disrupted by floods under SSP2-4.5 [11].

Fig. 4 illustrates the projected impact of
climate-induced flooding on transportation networks,
emphasizing vulnerable infrastructure segments
identified through Al-integrated SSP2-4.5 simulations.

Simulation of climate change-driven flood impacts
under the SSP2-4.5 secnario on road networks

Flood-affected
segments

Hogh
Medium

High

Fig. 4: Simulation of climate-driven flood impacts on road infrastructure under the SSP2-4.5 scenario

This map visualizes road segments exposed to
varying degrees of flood risk using a color gradient.
Segments marked in darker shades represent higher
vulnerability due to climate-induced flooding
projections.

VII. Challenges, Limitations, Emerging Trends, and
Future Directions

Al has a lot of potential to help with regulatory
compliance in transportation infrastructure asset
management (TIAM), but there are a lot of technical,
institutional, and ethical problems that make it hard to
fully adopt. From a technical point of view, infrastructure

data often has noise, inconsistencies, and gaps because
sensors fail, people make mistakes when entering data,
or different data collection protocols are used. This can
make machine learning models work less well and make
people worry about how reliable they are in safety-
critical situations. Also, high-performance models
usually need a lot of computing power, which makes it
hard to use them on low-power edge devices in the field
[7, 8].

In order to add Al systems to existing regulatory
frameworks, institutions need to spend a lot of money on
retraining staff, updating old systems, and making sure
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that data standards are the same across agencies.
Infrastructure agencies' unwillingness to change and lack
of digital maturity can also slow down adoption [9].

Ethical problems are becoming more important.
If not carefully calibrated, Al systems used to make
compliance decisions could unintentionally introduce
bias. For example, they could give more weight to
maintenance in high-income urban areas. To make sure
that Al-driven decisions are fair, the rules must be clear
and the process must be checked on a regular basis [8].

New trends are helping to fix some of these
problems. Edge Al lets sensors process data on the
device, which makes it possible to check for compliance

in real time, even when the device is far away [10].
Researchers are also looking into agentic systems, which
are Al models that change and respond to changing
compliance rules on their own. These trends indicate a
transition from fixed models to adaptive, context-
sensitive regulatory instruments. Future research ought
to concentrate on the creation of interdisciplinary
"regulatory sandboxes" to evaluate Al applications in
practical, multi-jurisdictional environments. Before full-
scale use, these testbeds can see how AI works in
different legal, technical, and environmental settings.
This kind of work is important for building infrastructure
systems that are strong, morally sound, and affordable in
the long run.

Table I1I: Key Barriers and AI-Based Solutions

Challenge Al-Based Solution Reference

Data silos across jurisdictions Federated learning [9]1,]10]

Regulatory complexity NLP-based rule modeling [17]

Manual inspection inefficiency Vision-based anomaly detection | [12], [13]

Model opacity Explainable Al (XAI) [71, [8]

Real-time decision-making constraints | Edge Al deployment [10]
VIII. CONCLUSION REFERENCES
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for understanding regulations that apply in more than one
jurisdiction [16], and digital twins for modeling how
infrastructure would work under regulatory limits [4-6].
Graph neural networks (GNNs) also show promise as a
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infrastructure assets, which can help with decision-
making based on policy [17].
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infrastructure from extreme events in the future [11].
Infrastructure operators can save money, make their
systems more resilient, and support sustainable
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enhancing model transparency, edge deployment, and
regulatory sandboxes to guarantee fair and efficient
implementation across various global contexts.
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