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Abstract: Manual geometric and semantic alignment of inspection data with existing
digital models (field-to-model data registration) and on-site access to relevant information
(model-to-field data registration) represent cumbersome procedures that cause significant
loss of information and fragmentation, hindering the efficiency of civil infrastructure
inspections. To address the bidirectional registration challenge, this study introduces a
high-accuracy automatic registration method and system based on Augmented Reality (AR)
that streamlines data exchange between the field and a knowledge graph-based Digital Twin
(DT) platform for infrastructure management, and vice versa. A centimeter-level 6-DoF
pose estimation of the AR device in large-scale, open unprepared environments is achieved
by implementing a hybrid approach based on Real-Time Kinematic and Visual Inertial
Odometry to cope with urban-canyon scenarios. For this purpose, a low-cost and non-
invasive RTK receiver was prototyped and firmly attached to an AR device (i.e., Microsoft
HoloLens 2). Multiple filters and latency compensation techniques were implemented to
enhance registration accuracy. The system was tested in a real-world scenario involving the
inspection of a highway viaduct. Throughout the use case inspection, the system seamlessly
and automatically provided field operators with on-field access to existing DT information
(i.e., open BIM models) such as georeferenced holograms and facilitated the enrichment of
the asset’s DT through the automatic registration of inspection data (i.e., images) with the
open BIM models included in the DT. This study contributes to DT-based civil infrastructure
management by establishing a bidirectional and seamless integration between virtual and
physical entities.

Keywords: civil infrastructure; digital inspections; bridges; Augmented Reality; registration;
Digital Twin; BIM

1. Introduction
Road transportation infrastructure, encompassing roads, bridges, and tunnels, is fun-

damental to the functioning of contemporary societies. In Italy, road networks account
for 88% of freight transportation and 94% of passenger mobility [1,2]. However, a sig-
nificant portion of this infrastructure is aging, requiring urgent and robust maintenance
strategies [3]. Recent reports highlight substantial delays in Operation and Maintenance
(O&M) activities, emphasizing the need for innovative solutions to improve asset quality

Buildings 2025, 15, 1146 https://doi.org/10.3390/buildings15071146

https://doi.org/10.3390/buildings15071146
https://doi.org/10.3390/buildings15071146
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/buildings
https://www.mdpi.com
https://orcid.org/0009-0001-6999-6374
https://orcid.org/0000-0003-4714-7758
https://doi.org/10.3390/buildings15071146
https://www.mdpi.com/article/10.3390/buildings15071146?type=check_update&version=2


Buildings 2025, 15, 1146 2 of 27

and operational performance. Italy faces considerable challenges in this domain, with its
road infrastructure ranking 20th in Europe and 53rd worldwide in terms of quality [2,4].
In recent years, 70% of the national infrastructure investment was allocated to road infras-
tructure maintenance [2]. Despite these investments, inefficiencies in planning, resource
allocation, and execution contributed to 30% to 50% of total expenditure losses [5].

To ensure the safety of road infrastructure assets including pavements, bridges, and
tunnels, expert visual inspections are still indispensable [6]. These inspections are crucial
for identifying damage, deterioration, and other potential hazards, yet they are predomi-
nantly manual processes. The reliance on manual methods contributes significantly to the
inefficiencies mentioned above. Traditional practices for the geometric and semantic align-
ment (hereafter referred to as registration) of newly captured data (e.g., damage surveys)
with pre-existing records often result in fragmented and inconsistent information. The use
of paper-based documentation and manual data entry exacerbates information loss and
discrepancies, ultimately impairing the effectiveness of subsequent maintenance and repair
efforts. Furthermore, the fragmentation causes difficulties in retrieving and accessing the
data required in the field. These inefficiencies become more pronounced in large-scale
infrastructures, where reliable and accessible data are vital for effective management and
decision making.

Although robotic systems have emerged as potential aids for human inspections [7–10],
they are not yet capable of fully replacing human expertise. Their adoption is limited by
regulatory constraints and the low level of maturity and applicability of these technologies
in real-world scenarios. While robots excel in repetitive tasks and accessing hazardous
areas, they lack the cognitive capabilities required for complex decision making. Studies
reveal that although robots enhance data collection, their effectiveness is constrained by
their inability to interpret contextual information and to adapt to unforeseen circumstances.

Recent advancements have also focused on the development of Digital Twins (DTs),
which are increasingly used for infrastructure inspection, monitoring, and maintenance [11].
By integrating advanced tools, DTs are revolutionizing O&M processes. DTs are typically
grounded in Building Information Modeling (BIM) [12]. An open BIM model is a struc-
tured representation (data model) of asset data in open format and is therefore one of the
foundational components of an infrastructure DT [12–14]. BIM data may represent the past
state of the asset [15], but can also represent either its current state (when updated with
new inspection and monitoring data—also in real time) [16,17] or future states (e.g., design
data for maintenance and restoration of existing assets) [18]. The BIM data model can be
linked using various methods, among which those based on Semantic Web and Linked
Data technologies [19], to other sources of information, data, procedures, AI, etc., also with
real-time capabilities (e.g., integrating IoT sensors as real-time data sources) [20,21]. This
connection would enable automatic updating of the current status of the asset, real-time
analysis, and near-future predictions of likely future states. The integration of these services
creates a digital replica of the real asset, which is a DT by definition [22,23]. Moreover,
given the need for human-centric processes in the construction industry, DTs can support
user engagement by incorporating immersive technologies such as Augmented Reality
(AR) [24–26]. This would lead to a deeper understanding of asset conditions and facilitates
better maintenance decisions.

AR enhances visualization and interaction by overlaying digital information on the
physical environment, empowering inspectors with enriched contextual awareness. Numer-
ous studies have explored the potential of AR in the context of civil infrastructures [27–29].
Nevertheless, significant challenges remain in developing automatic AR spatial registra-
tion systems for large-scale, unprepared outdoor scenarios. AR spatial registration is the
process of computing the 6-DoF pose of an AR device to correctly align holograms to their
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real counterpart [26]. In this paper, the AR spatial registration is also referred to as AR
registration. Most existing AR registration methods rely on physical markers, beacons,
QR codes, or similar infrastructure, limiting their application in dynamic and extensive
environments [30]. While markerless approaches, such as Global Navigation Satellite
System (GNSS)-based AR registration, offer greater flexibility, they are hindered by issues
like urban-canyon environments, where GNSS signals are obstructed. To overcome these
limitations, hybrid approaches have emerged, combining GNSS data with visual and/or
inertial data, respectively, acquired from cameras and Inertial Measurement Units (IMUs).

To overcome manual procedures for updating digital models with new geometric
and semantic information, and accessing relevant information directly on site, this paper
introduces a high-accuracy, automatic registration system based on Augmented Reality.
AR registration facilitates seamless on-site DT model enrichment and information access in
large-scale, unprepared open scenarios. The system takes into consideration the presence
of urban-canyon scenarios. We have therefore followed a hybrid approach based on the
combination of Real-Time Kinematic (RTK) GNSS and Visual–Inertial Odometry (VIO)
tracking systems for the seamless geographic 6-DoF pose estimation of an AR device.
Integrated with a knowledge graph-based DT platform for infrastructure management, the
proposed system has a twofold objective:

1. Automatic registration of newly captured data using the AR device (i.e., images) with
existing open BIM models within a DT’s georeferenced scene;

2. High-accuracy, on-site AR visualization of existing DT information (i.e., BIM model),
without requiring any manual procedures.

This paper is an extension of the work presented at the 24th International Conference
on Construction Applications of Virtual Reality (CONVR 2024) [31].

2. Background
The inspections of road infrastructure predominantly rely on manual procedures.

These inspections typically involve the collection of on-site data through three primary
types of surveys—geometric, structural, and deterioration surveys—each aimed at assess-
ing specific aspects of the asset and its surrounding environment. Geometric surveys, which
are crucial for documenting the dimensions and spatial characteristics of infrastructure,
use various technologies depending on availability. Methods range from traditional topo-
graphical and photogrammetric surveys to modern techniques such as drone-based and
laser-scanner surveys. The latter, often combined with photogrammetry, is the most widely
adopted due to its high accuracy, efficiency, and versatility. Furthermore, data collected
through these methods frequently serve as a foundation for generating BIM models [32].
Structural surveys focus on assessing the structural condition of an asset. They usually start
by identifying the geometry of structural components, evaluating their material properties,
and detecting potential health issues through either destructive or non-destructive testing.
Deterioration surveys, conducted through visual inspections, aim to document damage and
degradation phenomena that develop over time on specific infrastructure elements. Typi-
cally, damage information is recorded on standardized forms issued by relevant agencies
and authorities, with guidelines tailored to the material and type of infrastructure compo-
nent being assessed [6]. However, data collection often relies on handwritten reports, with
photographic documentation stored in local folders and categorized using spreadsheets.
This approach complicates the retrieval and accessibility of data during future inspections,
maintenance planning, and decision-making processes (Figure 1).

To facilitate data collection and access, several Asset Management Systems (AMSs)
have been introduced to the market. AMSs are systems that hold information about a
specific asset, and allow users to analyze data to make maintenance decisions [33,34].
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Central to asset management is the comprehensive inventory and documentation of all
assets. These systems leverage data collection processes, predictive models, and predefined
rules to identify intervention options, evaluate projects, and formulate policies. Each road
authority has its own way of defining the data requirement within an AMS to suit their
needs. Usually, each asset type has its own AMS and does not allow data integration [35].
The inventory module captures administrative and technical asset data, including asset IDs,
geolocation, and types, supplemented by optional elements such as visual documentation
through images and/or videos. Subsequently, the inspection module enriches asset data
with findings from inspections, based on reports and attached photographic documentation.
Condition deterioration forecasting forms the basis for estimating future maintenance
needs [36,37]. AMSs therefore consist in several systems which are poorly connected.
Furthermore, the semantics of these data is not consistent, thereby limiting data integration.
This poses challenges in analyzing all the relevant available data and making decisions.
Some research projects tackled this inconsistency by establishing reference databases that
import the unchanged source data and then transform them to be used in an AMS [19].
To the best of their ability, AMSs include several manual procedures. With regard to the
specific aspect of inspections, AMSs allow the collection of data but with the purpose of
creating inspection reports in unstructured and therefore unquestionable formats, limiting
information accessibility and hindering a holistic and well-informed view of the state of
the assets. This could lead to suboptimal or even flawed decisions resulting in serious
inefficiencies and serious safety risks to road users.
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Semantic Web technologies, including Linked Data, have emerged as a potential so-
lution to the data consistency and connection challenges by enabling the integration of
heterogeneous data through web-based data linking capabilities [38]. These approaches
have facilitated the creation of DTs that use knowledge graphs for representing and integrat-
ing diverse data sources, datasets and data types [39,40]. In the large set of data types that
can be represented as knowledge graphs, the Industry Foundation Classes (IFCs) structure
is among the most common in the context of civil infrastructure [41]. Open BIM models
(i.e., IFC models) can be converted into knowledge graphs by translating the semantics
of the IFC structure into a graph [42]. Ontological structuring within infrastructure DTs
allows for the querying, updating, and retrieval of information, overcoming the limitations
of AMSs [43]. Nonetheless, there remains a strong need to rely on manual procedures,
limiting the full application of such technologies in practice [39,44].

AR technologies have recently gained attention for their potential to enhance civil
infrastructure inspections by enabling on-field interaction with digital models [10,27–29].
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While current AR systems support some level of information updating and interaction,
they primarily target single-model or single-project applications, with low scalability
and limited integration with DT platforms [45–47]. Furthermore, many AR systems rely
on markers or supporting infrastructure, such as beacons or QR codes, for AR spatial
registration. This dependence significantly restricts their usability in large-scale, open, and
dynamic environments [25,48]. Although markerless AR registration approaches offer a
potential alternative, they often struggle to perform effectively in open scenarios, with the
exception of GNSS-based systems [26]. However, GNSS systems face challenges in urban-
canyon environments, where GNSS signal reception is weak or obstructed by surrounding
structures—a common scenario during the inspection of bridge substructures To overcome
these limitations, hybrid AR registration methods combining GNSS and visual–inertial
tracking technologies have been proposed in various fields. These hybrid methods can
effectively solve the positioning problem in complex and mixed environments enabling a
seamless 6-DoF pose estimation [49,50]. Hybrid methods have been applied for visualizing
underground pipelines and subsurface data [51–53], urban navigation [54,55], agricultural
vehicle guidance [56], aligning smaller maps generated by Simultaneous Localization and
Mapping (SLAM) systems [57], and autonomous vehicles [58].

To sum up, the main gap found, which contributes substantially to the O&M ineffi-
ciencies, lies in the reliance on manual procedures for two critical activities:

1. Updating digital models with new geometric and semantic information, and
2. Accessing relevant information directly in the field.

Even with the implementation of AMS, data fragmentation and unstructured infor-
mation persist, leading to further inefficient processes. While DTs and AR technologies
offer promising opportunities, existing systems are tailored for specific, indicated scenarios.
These ad hoc solutions lack scalability and adaptability for real-world infrastructure man-
agement contexts. Commercial solutions such as Trimble Site Vision (v2024) [59], or vGis
(v2024) [57] either lack the necessary accuracy, cannot cope with urban-canyon scenarios or
are inaccessible to consumers due to their high costs. Moreover, the existing solutions do
not enable the collection of multimodal structured open data, which hinders the ability to
perform large-scale, multi-model queries.

3. Research Methodology
To address the challenge of automatic data registration procedures for civil infras-

tructure inspections, in this study we developed a registration system based on AR. The
system exploits a hybrid 6-DoF pose estimation methodology that combines RTK GNSS and
Visual–Inertial Odometry (VIO) tracking systems. The geographic and seamless AR regis-
tration facilitates data exchange between on-site activities and a knowledge graph-based
DT platform for infrastructure management, and vice versa. Specifically, the methodology
focuses on developing the following data registration procedures suitable for large-scale,
unprepared open scenarios (Figure 2):

• Field-to-virtual data registration: the automatic alignment of newly captured inspec-
tion data (e.g., images) with open BIM models to enrich the DT database,

• Virtual-to-field data registration: the high-accuracy alignment of AR holograms of
open BIM models with the real asset to provide seamless access to stored information
during in-field inspections.

It must be noted that, the solution of the latter, is propaedeutic to the former. This
means that the high-accuracy AR registration in large-scale, unprepared open scenarios
also enables field-to-virtual data registration. Consequently, the methodology emphasizes



Buildings 2025, 15, 1146 6 of 27

the development of an automatic registration system based on AR integrating small-sized,
low-cost RTK GNSS technology developed in-house with visual–inertial tracking systems.

Buildings 2025, 15, 1146 6 of 29 
 

• Field-to-virtual data registration: the automatic alignment of newly captured 
inspection data (e.g., images) with open BIM models to enrich the DT database, 

• Virtual-to-field data registration: the high-accuracy alignment of AR holograms of 
open BIM models with the real asset to provide seamless access to stored information 
during in-field inspections. 

It must be noted that, the solution of the latter, is propaedeutic to the former. This 
means that the high-accuracy AR registration in large-scale, unprepared open scenarios 
also enables field-to-virtual data registration. Consequently, the methodology emphasizes 
the development of an automatic registration system based on AR integrating small-sized, 
low-cost RTK GNSS technology developed in-house with visual–inertial tracking systems. 

 

Figure 2. Schematization of the bidirectional registration: (1) field-to-virtual data registration 
including the alignment of new images with open BIM models to enrich DT scenes contained in the 
DT platform; (2) virtual-to-field data registration including the high-accuracy alignment of BIM 
model holograms to seamlessly access the stored information during on-field activities. 

Although road infrastructure inspections, as highlighted in Section 2, include 
different survey methodologies depending on the type of asset (e.g., bridges and 
pavements), with equally different types of data and information collected, this paper 
aims to demonstrate the effectiveness of the proposed methodology by specifically 
considering a bridge as the infrastructure asset. First, the as-built IFC model of the bridge 
is uploaded on the DT platform. The upload is followed by the translation of the IFC 
model into graphs using a parser [42] integrated into the DT platform. The graph model 
of the bridge includes its geographical coordinates and orientation with respect to the 
North. In this work, the DT of the bridge is composed of the geolocated graph 
representation of the bridge’s IFC model, and is combined with real-time procedures that 
enable the bidirectional connection between physical and virtual entities: 

• The registration with the real asset of AR holograms of the graph representation of 
the open BIM model. This was deemed valuable by domain experts for accessing and 
visualizing relevant information such as the geometric information of the hidden 
structures, in the field during inspection procedures; 

• The registration of newly captured visual information (i.e., images documenting the 
asset’s conditions) with the graph representation of the open BIM, deemed valuable 
by domain experts for the evaluation of deterioration trends. 

The DT of the bridge will be enhanced in future works by integrating further real-
time features such as IoT sensors for bridge monitoring, and AI models for image semantic 
extraction and model enrichment. To support road infrastructure inspection processes in 
large-scale, unprepared open environments, the system proposed here must satisfy the 
following requirements: 

• Operators must not use manual procedures to register the 6-DoF position of the 
device and holograms during inspection tasks. Any manual action would cause loss 
of time, interference with activities, and may require expert skills. 

Figure 2. Schematization of the bidirectional registration: (1) field-to-virtual data registration includ-
ing the alignment of new images with open BIM models to enrich DT scenes contained in the DT
platform; (2) virtual-to-field data registration including the high-accuracy alignment of BIM model
holograms to seamlessly access the stored information during on-field activities.

Although road infrastructure inspections, as highlighted in Section 2, include different
survey methodologies depending on the type of asset (e.g., bridges and pavements), with
equally different types of data and information collected, this paper aims to demonstrate
the effectiveness of the proposed methodology by specifically considering a bridge as the
infrastructure asset. First, the as-built IFC model of the bridge is uploaded on the DT
platform. The upload is followed by the translation of the IFC model into graphs using
a parser [42] integrated into the DT platform. The graph model of the bridge includes
its geographical coordinates and orientation with respect to the North. In this work, the
DT of the bridge is composed of the geolocated graph representation of the bridge’s IFC
model, and is combined with real-time procedures that enable the bidirectional connection
between physical and virtual entities:

• The registration with the real asset of AR holograms of the graph representation of
the open BIM model. This was deemed valuable by domain experts for accessing
and visualizing relevant information such as the geometric information of the hidden
structures, in the field during inspection procedures;

• The registration of newly captured visual information (i.e., images documenting the
asset’s conditions) with the graph representation of the open BIM, deemed valuable
by domain experts for the evaluation of deterioration trends.

The DT of the bridge will be enhanced in future works by integrating further real-time
features such as IoT sensors for bridge monitoring, and AI models for image semantic
extraction and model enrichment. To support road infrastructure inspection processes in
large-scale, unprepared open environments, the system proposed here must satisfy the
following requirements:

• Operators must not use manual procedures to register the 6-DoF position of the device
and holograms during inspection tasks. Any manual action would cause loss of time,
interference with activities, and may require expert skills.

• The system must be usable in unprepared environments. The need to prepare real and
virtual environments with markers and/or other infrastructure prior to the system
deployment limits the scope of the system, drastically increases deployment time, may
require expert knowledge, and ultimately limits scalability.

• Inspection scenarios may include urban-canyon environments. The system must cope
with the eventual temporal absence of GNSS-RTK signals (e.g., eventual lack of GNSS-
RTK signals under a bridge). Any interruptions in the service and/or misalignments
would lead to a limitation in the use of the system.

• The solution must not suffer drift issues, especially over medium to long distances,
since activities may be spread out in wide areas. Drift is the term used to describe the
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accumulation of small measurement errors of the inertial system. The visual feature
of the VIO system is usually sufficient to compensate the IMU errors in relatively
small environments where visual features are available, such as in indoor spaces.
However, the visual component fails to compensate IMU errors in completely open
environments due to the size of the space and the dynamic nature of the scenarios,
and also when travelling “long” distances [60]. Drift issues restrict the system’s area
of use and limits scalability.

• The system must be accessible to consumers and must not be invasive.

While the methodology is compatible with both AR Hand-Held Devices (HHD) and
Head-Mounted Devices (HMD), this research focuses on HMD. Specifically, the Microsoft
HoloLens 2 (Microsoft Corporation, Redmond, WA, USA) was used for testing purposes.

The subsequent sections detail the system architecture, methodology, and imple-
mentation processes for achieving automatic AR registration in both virtual-to-field and
field-to-virtual directions. This comprehensive approach ensures the development of a
scalable, high-accuracy AR registration system tailored for civil infrastructure management.

3.1. System Architecture

The proposed system architecture, illustrated in Figure 3, consists of two primary
components: the DT Platform and its AR Client deployed on an AR device.
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The DT Platform is a web-based platform built upon a microservice-based architecture
with backend and frontend services. It serves as a centralized hub for storing, process-
ing, and distributing data through a RESTful API communication layer. One of its key
features is the ability to host, localize, and align open data such as open BIM models,
images, and other data into a unified geospatial context, referred to as a “DT scene”. This
geolocation capability ensures the correct mapping of virtual assets and their features
to their corresponding real-world positions, using the WGS-84 standard [61], thereby fa-
cilitating seamless integration between the digital and physical environments. Storage
and management of structured (e.g., .IFC files) and unstructured (e.g., images) data are
addressed using a storage environment: a graph database offers a robust backbone that
provides efficient storage and a powerful query language for retrieving and traversing
interconnected heterogeneous structured data elements. Specifically, it stores and links
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together multiple multi-domain knowledge graphs related to civil infrastructure assets.
Unstructured data, such as binary large objects (e.g., images and point clouds), are stored
in a separate data lake and connected to their respective metadata in the knowledge graphs
through URLs in order to be easily accessed and queried.

The system architecture also incorporates an AR registration engine, which is specifi-
cally designed to address the challenges posed by open, unprepared environments. These
challenges include the absence of reliable reference points and the need to operate effec-
tively in large-scale, dynamic scenarios. The engine underpins the system’s capability to
align and localize virtual models within real-world contexts, enabling users to interact
accurately with DT models. It is worth noting that, since the microservice architecture
of the system, the AR registration engine is a client of the DT platform and is directly
deployed on the device with AR capabilities.

Hardware Components

Note that to enable high-accuracy GNSS-RTK data collection, a low-cost, non-invasive
RTK rover was developed in this work. As shown in Figure 4, it communicates its measure-
ments via Bluetooth to the AR device. The rover is a GNSS RTK receiver equipped with
the necessary modules for communicating with an NTRIP client and the AR device via
Bluetooth. Figure 4 illustrates the main blocks of the rover board.
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Figure 4. Block diagram of the prototype RTK rover.

The core of the device is the RTK module that is responsible for the GNSS localization
and applications of the RTK corrections. It sends the NMEA messages to the first Bluetooth
module (A) and listens for the RTK measurement corrections. The first Bluetooth module
(A) is paired with a mobile phone and converts the messages coming from the receiver to
an NTRIP client App and vice versa. The RTK module also sends the RTK fixed location
every second including the longitude, latitude, height above ellipsoid, height above mean
sea level and the horizontal accuracy (hAcc) estimate to a second Bluetooth module (B).
The second Bluetooth module (B) is an all-in-one Arduino-compatible with Bluetooth Low
Energy capabilities. The developed firmware sets up a location service and then a RTK
characteristic within that service.

In order to achieve consistent calibration between RTK measurements against VIO
measurements, it was also deemed necessary to develop an add-on for HoloLens 2 capable
of firmly connecting the RTK rover. The add-on was designed to accommodate the com-
ponents described of the rover (Figure 5). The 3D printed version was used during the
experimental tests as shown in the following sections.
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3.2. AR Registration in Large, Unprepared Open Environments

To address the outlined assumptions, this study develops a 6-DoF registration system
for the AR interface and holograms by integrating RTK and VIO technologies. Specifically,
a state-based navigation system is introduced, as depicted in Figure 6. This system operates
in two primary modes:

• GNSS-RTK navigation mode: uses RTK data to estimate the geographical 6-DoF pose
of the AR device, compensating for the drift of the HoloLens 2’s visual–inertial tracking
system, and

• VIO navigation mode: activated when RTK data do not meet the required accuracy.
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The availability of the GNSS-RTK mode is determined by evaluating the accuracy
of the RTK measurements, using a weighted average of the accuracy values provided by
the RTK system. This averaged accuracy is constantly compared to a predefined accuracy
threshold. The threshold is set so that only high-accuracy measurements from the satellite
system, i.e., those that have been corrected by the RTK system, are considered for the
positioning. Accordingly, the threshold value is set to 3 cm [62,63]. If the accuracy value
exceeds the threshold (indicating higher positioning errors), the system switches to VIO-
based navigation. In this case, the origin of the local reference system defaults to the most
recent position calculated from accurate RTK samples.

As partially outlined in ref. [26], the geographical 6-DoF pose of the AR device and
holograms is determined through a hybrid approach combining GNSS-RTK and HoloLens
2’s built-in Visual–Inertial (VI) systems. The RTK system provides coordinates based on
the WGS-84 standard. Aligning world-referenced 3D BIM objects with the HoloLens 2’s
local frame involves several steps: (i) estimating and comparing distances travelled using
both tracking systems; (ii) calculating the angle (azimuth) between the North direction
and the local frame gaze; (iii) aligning the local frame to the North direction, placing
virtual objects accordingly. This process automates the registration of AR devices and
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holograms, eliminating the need for user intervention. Consequently, it is suitable even for
less experienced users, as illustrated in Figure 7.
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The tracking process begins with the initialization phase, where both RTK and VIO
systems acquire their initial samples. The RTK system measures absolute 3D geographic
coordinates of the device (latitude (φ′), longitude (λ′), and altitude (h′)), whereas the VIO
system supplies the local 3D coordinates (x, y, z) and rotations (ϕ, θ, ψ). The AR engine
combines the RTK-GNSS and VIO tracking systems to compute the distances travelled in
global and local coordinate systems, respectively. The AR engine is initialized at position
T0 and obtains the first measurements. Throughout the travelled path, the position changes

to Tn. The distance
−−→
T0Tn is calculated using both global and local measurement samples.

The distance in the local coordinate system
−−→
T0Tn (l) is computable as the sum of the 3D

distances between consecutive samples as shown in Equation (1):

−−→
T0Tn (l) =

n

∑
i=1

√[
(xn − xn−1)

2 + (yn − yn−1)
2 + (zn − zn−1)

2
]

(1)

Furthermore, an additional step must be taken for computing the distances in the

geographical coordinate system
−−→
T0Tn (g). For global coordinates, the equirectangular

projection is employed due to the relatively small area under consideration. Generically,
the x axis indicates the longitude λ′, and the y axis indicates latitude φ′. However, the
ratio between those is cos(φ1), where φ1 denotes a latitude close to the center of the part
of the Earth’s surface under consideration. The forward projection is the conversion from
spherical coordinates to plane coordinates (Equation (2)). The reverse projection (i.e.,
Equation (3)) converts the plane coordinates back to the spherical ones:{

x = R(λ′ − λ′
0)cosφ1

y = R(φ′ − φ′
0)

(2)

{
λ′ = x

R cosφ1
+ λ′

0

φ′ = y
R + φ′

0
(3)

with λ′ as the longitude of the position to be projected onto the planar surface, φ′ as the
latitude of the position to project onto the planar surface, φst as the standard parallel (either
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South or North of the Equator) where projection is at true scale, φ′
0 as the central parallel

plane surface l, λ′
0 as the central meridian plane surface, x as the horizontal coordinate of

the projected position on the map, y as the vertical coordinate of the projected position on
the map, R as the radius of the Earth at the position to project.

After projection, distances between RTK samples are computed and compared with
those from the VIO system. It is worth noting that due to communication times between the
rover and the AR device, the RTK samples are slightly delayed with reference to the VIO
ones. To compare corresponding distances, it was necessary to compensate this time offset.
A detailed description of the delay compensation method can be found in Section 3.2.4.

If the discrepancy between the two distances
−−→
T0Tn (g) and

−−→
T0Tn (l) is below a pre-

defined threshold (∆d) the system proceeds by calculating the azimuth (i.e., the bearing
angle β with reference to the North direction, clockwise). Otherwise, the system resets the
starting position as the current one and awaits updated samples from the tracking systems.

The azimuth calculation is needed for the alignment of the local frame’s y axis with
the North. Initially, the VIO frame orientation is unknown. To compute the azimuth, while
moving between two points, the performed line has a direction β′ with respect to the y′

axis. The same line forms a bearing angle β with respect to the North as shown in Figure 8.
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If P1
(

φ′
1, λ′

1
)

is the position of the first point of a straight line along a great-circle area
in global coordinates and P2(φ′

2, λ′
2) is the position of its second point in global coordinates,

the bearing angle can be computed with Equation (4):

β = atan2

(
sin
(
λ′

2 − λ′
1
)
cos(φ′

2)

cos
(

φ′
1
)
sin
(

φ′
2
)
− sin

(
φ′

1
)
cos
(

φ′
2
)
cos
(
λ′

2 − λ′
1
)) (4)

The bearing angle β is filtered first to improve accuracy as explained in Section 3.2.1.
Then, it is used to align the y axis of the local frame to the North direction by rotating the
local frame by β − β′ counterclockwise.

Then, when the RTK accuracy hAcc is sufficient (i.e., hAcc value is lower than a
predefined tolerance that corresponds to the “RTK Fix” status of the receiver), the system
moves the center of the local frame to the last computed position to consequently place the
holograms in the space. Further details related to the accuracy assessment are shown in
Sections 3.2.3 and 3.2.4.

To compute a new position of the origin of the local frame, it is necessary to go back to
the equirectangular projection. When projecting geographic coordinates into planar ones,
it is suggested to use as central point of the equirectangular projection (φ′

0, λ′
0) the center

of the local frame and its corresponding latitude φ1 as reference, where no distortion is
generated. Therefore, in this work we assume that φ′

0 = φst It is also assumed that the
movement is performed in the vicinity of the central point. The origin of the local frame
(φ′

0, λ′
0) must first be determined: if the observer is localized and both its global coordinates

(φ′, λ′) and its local coordinates (x, y) are known, the geographic position of the reference
frame can be found by inverting the reverse projection, as shown by Equations (5) and (6):

λ′
0 = λ′ − x

Rcosφ1
(5)
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φ′
0 = φ′ − y

R
(6)

Once the geographic position of the origin of the local frame (φ′
0, λ′

0) is found,
and the geographic coordinates of a virtual object (e.g., a BIM model) are known
(φ′′ , λ′′ ), the corresponding local coordinates can be found using the forward projection
(Equations (7) and (8)):

x = R
(
λ′′ − λ′

0
)
cosφst (7)

y = R
(

φ′′ − φ′
0
)

(8)

If the observer moves beyond a threshold distance from the origin of the local frame,
the local frame is moved to a new position by repeating the process in loop, so the 3D
holograms can be repositioned accordingly.

To view only virtual objects within a certain distance from the user, the distance must
be computed by using the forward projection formula (i.e., Equation (2)) where (φ′, λ′) the
position of the user is and (φ′′ , λ′′ ) where the position of the virtual object is both in global
coordinates. The corresponding distance is therefore computed as in Equation (9):

d = R
√
((λ′ − λ′′ )cosφst)

2 + (φ′ − φ′′ )2 (9)

To monitor the real observer altitude, whenever a GNSS measurement is sampled for
the user’s altitude h′, its height in the local frame is recorded for future reference as the
height of the local frame. As a result, considering (h′0) and (h′′ ) as the elevation of the
origin of the local frame and the elevation of an object, respectively, and z0 as the height
of the local frame origin in local 3D coordinates, the vertical coordinate of the object (z) is
computed using Equation (10):

z = h′′ − h′0 + z0 (10)

The observer can vertically move the objects. If the object is manually moved to z′ to
match their true height from the ground, the true altitude z′ is stored. As for the planar
local coordinates, if the user moves too far from the origin of the local frame, it is vertically
moved to the new elevation and the 3D objects are repositioned accordingly by re-applying
the previous equations.

3.2.1. Azimuth Accuracy and Filtering

When computing the bearing angle from two positions affected by uncertainties, the
resulting bearing is affected by an uncertainty which depends on the position accuracy
(Figure 9).
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With reference to the 2drms accuracy measure [64], d is the distance between two
alignment points (alignment distance), i.e., the distance between two accurate RTK mea-
surements, a is the accuracy radius at first position and b is the accuracy radius at second
position. The angle uncertainty ±α is given by Equation (11):

α = atan
d

a + b
(11)

The angle uncertainty corresponding to an observed alignment uncertainty ±e when
an object is at distance D from the observer is such that tan α = e/D; therefore, the
minimum distance between two alignment points to achieve that accuracy is computed
through Equation (12):

dgps = D
a + b

e
=

a + b
e%/100

(12)

where e% = 100 e/D is e expressed as percentage of D (e = e%D/100). However, all
this considers only GNSS-RTK tracking system uncertainty. VIO localization error when
performing long paths (also referred to as drift) was estimated in ref. [60] to be roughly
h% = 0.8% of travelled distance (2.39 m over 287 m). In this work we assume the drift to
be constant. Therefore, the drift error is added to the GNSS-RTK measurement error at
the end of the path where the alignment is performed (b = a + dh%/100). Assuming the
GNSS-RTK uncertainty a to be constant, Equation (13) is used to compute the alignment
distance:

d =
2a + dh%/100

e%/100
→ d =

2a
(e% − h%)/100

, e% =
200a + dh%

d
(13)

and the results are reported in Table 1.

Table 1. Alignment uncertainties using different alignment distances.

D (m) e (m) e% α(deg) a (m) h% dgps (m) d (m)

3.00 0.04 1.33% 0.76 0.02 0.80% 3.00 8.00
3.00 0.04 1.33% 0.76 0.015 0.80% 2.00 6.00
3.00 0.03 1.00% 0.57 0.02 0.80% 4.00 20.00
3.00 0.03 1.00% 0.57 0.015 0.80% 3.00 15.00
3.00 0.02 0.67% 0.38 0.02 0.80% 6.00 −30.00
3.00 0.02 0.67% 0.38 0.015 0.80% 5.00 −23.00
5.00 0.02 0.40% 0.23 0.02 0.80% 10.00 −10.00
5.00 0.02 0.40% 0.23 0.015 0.80% 8.00 −8.00
3.00 0.01 0.33% 0.19 0.02 0.80% 12.00 −9.00
3.00 0.01 0.33% 0.19 0.015 0.80% 9.00 −6.00
5.00 0.01 0.20% 0.11 0.02 0.80% 20.00 −7.00
5.00 0.01 0.20% 0.11 0.015 0.80% 15.00 −5.00

Only some uncertainties e are then possible, i.e., ones with e% − h% > 0, that yield
positive d(m) values. With the parameters assumed above, the alignment distance must be
at least 6 m for achieving a tilt error below 0.76 deg (4 cm for objects placed 3 m far from
observer). Conversely, given an alignment distance d = 10 m, a = 0.02 m, h = 0.8%, the
resulting confidence is e% = ±1.2% (±12 cm @10 m).

In order to improve the accuracy of the azimuth angle estimated via GNSS-RTK, mul-
tiple azimuth measures each with confidence interval e are computed and the mean of the
last n samples (moving mean) can be used to reduce the uncertainty: the confidence interval
of the mean is reduced to e/

√
n. By using the same parameters as reported above, given an
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alignment distance d = 10 m, a = 0.02 m, h = 0.8% and filtering with n = 16 samples, the
resulting confidence of the mean is e% = ±1.2%/4 = ±0.3% (±3 cm @10 m).

For example, if a person wearing the device walks at v = 0.5 m/s, in a fixed time
T = 60 s, they can walk at most vT = 30 m. The number of samples available for
computing mean is then n = vT/d. Therefore, the uncertainty of the mean e% = e%/

√
n is

(Equation (14)):

e% =
200a + dh%√

dvT
(14)

The optimum value d∗ that minimizes e% with respect to d is obtained by using
Equations (15) and (16):

d* = argmin
d

e%(d, a, h%, v, T) (15)

e*
% = min

d
e%(d, a, h%, v, T) (16)

The first condition is verified when the derivative of e% goes to 0 as shown in
Equation (17):

∂e%

∂d
=

h%√
vTd

− (200a + dh%)vT

2
(√

vTd
)3 = 0 (17)

An optimal alignment distance can be computed using Equations (18)–(20). The
optimal alignment distance for a = 0.02 m, h% = 0.8%, and v = 0.5 m/s is equal to
d∗ = 5 m.

h% =
(200a + dh%)vT

2
(√

vTd
)2 → h% =

(200a + dh%)

2d
→ 2h%d = 200a + dh% (18)

d* =
200a
h%

(19)

e*
% = 100

4a√
vTd*

(20)

To obtain a significant number of samples (n >10 or 15), the filter must have a time
window of at least T = 2 minutes, which corresponds to an uncertainty lower than
e∗% = ± 0.5% (e∗ = ±5 cm @10 m) as highlighted in red in Figure 10.

When measuring relative distances between two points at distance d∗, the maximum
VIO drift will be lower than h = h%·d∗/100 = 0.8 ∗ 5/100 = 4 cm, which is added to the
GNSS-RTK uncertainty a = 2 cm, thus giving an overall uncertainty for the difference
between the distance measured by VIO and the distance measured by GNSS-RTK equal to
∆d = 2(a + h) = 12 cm. This measure can be used as distance tolerance for comparing the
two measures for the alignment purposes: if the difference falls within that tolerance, the
measures can be considered reliable, otherwise they must be discarded.

Summarizing, for a = 0.02 m, h% = 0.8%, and v = 0.5 m/s, e* = ±5 cm @10 m, the
tuning parameters are shown in Equation (21):

d* = 5 m, ∆d = 0.12 m, T ≥ 120 s (21)

These parameters can be scaled proportionally if one decides to increase the minimum
alignment distance.
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3.2.2. RTK Position Accuracy

Accuracy refers to the radius of the circle of the unknown around a true point. The
smaller the radius, the higher the accuracy. A receiver with sub-meter accuracy can plot a
position within a sub-meter radius of the true point. Horizontal component (e.g., easting
and northing) accuracy is expressed by either the circular error probable (CEP) or twice
distance root-mean-square radial error (2drms). CEP means that there is a 50% probability
that the actual horizontal position is found within a circle with a radius equal to the CEP
value. The associated probability level of the 2drms ranges from 95.4% to 98.2% based
on the relative values of the errors in the eastern and northern components. The ratio of
the 2drms to the CEP ranges from 2.4 to 3. This indicates that an accuracy of 40 m (CEP)
corresponds to 100 m (2drms) for a ratio of 2.5. The nominal accuracy of the currently used
GPS device is about a = 0.02 m in the RTK Fix mode. Precision pertains to the consistency
of results or how often a receiver can mark a location within the accuracy circle and whether
that circle is aligned with the actual point.

The RTK receiver also provides accuracy estimates both horizontal (hAcc) and vertical
(vAcc). The smallest value is achieved when the GNSS module is in the RTK Fix mode
(hAcc = 14 mm). Given an accuracy measure ai that takes values greater than 14.0 mm, the
total weight among multiple values can be taken from Equation (22):

wi =

(
hAccMin

Max(ai, hAccMin)

)2
(22)

The weight approaches 1 when in the RTK Fix mode (ai = hAccMin), it goes to 1/4
when the accuracy value doubles, rising very rapidly when losing the RTK fix. This weight
value is used to assess the accuracy and to filter the RTK positions.

3.2.3. Filtering RTK Position

The latitude of a location on the Earth represents an angle that ranges continuously
from −90◦ and 90◦. However, when moving locally its values changes very little and a
double precision is needed to appreciate the variation. A vector sum could theoretically be
used as in the azimuth case, but numerical errors would significantly degrade the result. In
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this case it is more appropriate to use a simple mean for implementing the moving mean
filter as shown by Equation (23):

φ =
∑n

i=1 wi φi

∑n
i=1 wi

(23)

The longitude of a location on the Earth represents an angle that ranges from −180◦

and 180◦ and is affected by a discontinuity at 180◦ (in the middle of Pacific Ocean). There-
fore, if one wants to compute the mean in each location of the Earth as performed for
the latitude, the discontinuity must be avoided. When one is located in the Pacific hemi-
sphere, in order to guarantee that the discontinuity is far from the current location, a shifted
longitude must be used instead of the actual one λ′ = (λ + 360) % 360 − 180, where the
% operator stands for the remainder of division. Therefore, the shifted mean value for
longitude λ′ is computed by using Equation (24):

λ′ =
∑n

i=1 wiλ
′
i

∑n
i=1 wi

, λ′
i =

{
λi, i f |λn| < 90

(λi + 360) % 360 − 180, i f |λn| ≥ 90
(24)

and the actual mean value for longitude λ is obtained through Equation (25) applying
again the same fix based on hemisphere:

λ =

{
λ′, i f |λn| < 90(

λ′ + 360
)

% 360 − 180, i f |λn| ≥ 90
(25)

The altitude of a location with respect to the mean sea level is expressed in meters
and ranges from −413 m (Mar Morto) to 8.848 m (Everest). A single precision number is
sufficient to represent it. A moving mean from a set of altitude measures can be simply
computed by a weighted sum as shown by Equation (26):

h =
∑n

i=1 wihi

∑n
i=1 wi

(26)

3.2.4. Latency Time Compensation

Whereas local pose estimates from the visual–inertial tracking system occur in real
time, with no time latency, the geographical pose measurements experience latency time
due to the Bluetooth communication. Latency increases errors in pose estimation because
delayed geographical measurements are matched with temporally mismatched local mea-
surements. RTK-VIO latency introduces a constant error. Taking into account the phase
difference computation, common in the field of electronics for calculating the phase delay
between signals, the method of analysis followed for calculating the temporal offset be-
tween the two tracking systems starts by interpolating discrete measurements taken during
an oscillation using a simple pendulum model (Figure 11), which are previously projected
onto a horizontal plane, to define sinusoidal patterns of both tracking systems.

Once the two functions A(t) for the GNSS-RTK tracking system and B(t) for the VIO
tracking system have been defined, they can be compared and the temporal offset computed
from there. Parameters to be considered are the length of the pendulum L = 1.60 m, the
mass of the object M = 1.04 kg, and the gravitational acceleration g = 9.81 m/s2. It is
then possible to derive the period of the pendulum in seconds T = 2π

√
(L/g) , which

is estimated in our case to be T = 2.537 s. As visible in Figure 12, the extraction of
the sinusoidal functions A(t) and B(t) is performed by interpolating discrete positional
measurements (blue and green lines) taken from both the tracking systems: GNSS-RTK (top
chart) and VIO (bottom chart). This is achieved by shifting two damped sine functions A(t)
and B(t) obtained by simulating the pendulum model in a Modelica environment until it
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overlaps the measured samples. Y-axis represents the horizontally projected displacement
of the systems during the oscillations, while X-axis represents the time in seconds. The
temporal offset between the GNSS-RTK and VIO tracking systems can be estimated, by
evaluating the temporal delay between the two damped sine functions A(t) and B(t), as
shown in Figure 13. It should be noted that, as expected, the measurements from the
GNSS-RTK system show a slight delay compared to those from the VIO system due to
computation and communication times. In this specific case, the delay is estimated to be
∆T = 0.18 s. To ensure data synchronization while performing the registration, ∆T is used
to compensate for the time offset between the two tracking systems: VIO measurements
taken at each update are stored in an 18 ms buffer, then each RTK sample is matched to the
last sample in this buffer.
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3.3. Image Registration

Every 3D entity in the DT platform has a reference frame anchored to the real world,
defined by its geographical coordinates (WGS-84 standard) and orientation relative to the
North. These coordinates include latitude (◦), longitude (◦), altitude (m), and azimuth (◦).
Simultaneously, the 6-DoF geographic pose of the AR device is continuously computed
using the method detailed in the previous sections. Leveraging the seamless computation
of the pose of the AR device, captured images can be automatically registered to the
corresponding BIM models in the DT platform.

When an image is captured using the AR device, its current 6-DoF geographic pose
is embedded into the image’s EXIF metadata. The image and its corresponding metadata
are then transmitted to the DT platform through its RESTful API interface. The image
file is stored in the unstructured data lake, while its EXIF metadata are stored in the .json
format into the graph database. Then, the pose included inside the metadata is used
to automatically locate and rotate the image within the DT scene. This process ensures
accurate alignment, integration and synchronization of images with the BIM models in the
DT scene. A summary of the image registration workflow is presented in Figure 14.
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4. Experiments and Results
The system developed in this study was evaluated in a real-world use case, designed

to assist an inspector during a routine visual inspection of a highway viaduct. The selected
test site was the Volto Santo viaduct, part of the ring road network in Naples, Italy. This
particular location was chosen due to its geometric and context characteristics. Indeed, the
viaduct features a low span, situating the deck near the foundation level, therefore creating
an urban-canyon scenario beneath it. During substructure inspection activities, the bridge’s
superstructure partially or fully obstructs GNSS signals.

To validate the hybrid system’s seamless functionality, the inspection followed a route
starting from an open area near the viaduct (with RTK coverage), continuing beneath
the superstructure for a detailed examination of visible and concealed components of the
bridge substructure (e.g., foundations and abutments), and finally returning to the open area
(Figure 15). This route was chosen to test the system’s reliability in mixed environments,
where GNSS signal accuracy can be significantly reduced, a common challenge in road
infrastructure settings. As part of the testing setup, a 3D survey was conducted using
mobile mapping technologies capturing point clouds and aligned images across 20 km of
the Naples’ ring road and laser scanning for the specific asset. An as-is BIM model of the
viaduct was subsequently created, exported in the IFC format, and geographically located
within a DT scene of the DT platform by manually inputting its geographic coordinates
and orientation into the metadata (Figure 15a).
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Figure 15. (a) Volto Santo viaduct context and top views in the DT platform. BIM model’s metadata
are shown in the right window; (b) the inspection route is outlined in green in the top view.

The system’s operation began by activating the AR application. After the initialization,
the Bluetooth modules started sending Bluetooth notifications containing location informa-
tion at every location message coming from the RTK module. The AR registration engine
searches for and connects to the Bluetooth modules, then it starts receiving notifications
every 1s and it parses messages in order to reconstruct the location information in the right
units. Without requiring manual registration, holograms of virtual models stored in the DT
platform that were within proximity to the user were projected through the AR interface.
Specifically, BIM models were retrieved based on the geographic coordinates measured by
the RTK system, with a defined maximum range of Smax = 200 m, adjustable according to
the size and scope of the assets under inspection.

The system’s logs recorded during the test (summarized in Table 2) indicated notice-
able variations in the accuracy of RTK measurements (hAcc) along the inspection route.
Indeed, as shown in Table 3, hAcc mean value and precision (in the form of standard
deviation) both exceed 2 m of positioning error, showing high variability with sample
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values ranging from 14 mm to 8 m throughout the whole experimentation phase. Despite
these fluctuations, the visualization of AR holograms remained stable and uninterrupted
(Figure 16), with no drift issues observed. This allowed the inspector to seamlessly access
topological and geometrical data related to the bridge’s foundations and abutments while
conducting the visual inspection.

Table 2. Data extracted from the application record. Only a few significant measurements are shown
for conciseness.

RTK Data ENU Coords. (m) Orientation w.r.t. North (Quaternions)

Time Lat (wgs84) Lon
(wgs84) altMSL hAcc x y z qw qx qy qz

11:50:40.468 40.86919015 14.25740723 103.944 2251 −0.08639 1.59419 −0.00975 −0.98229 −0.08168 0.15519 −0.06601
11:50:41.519 40.86918995 14.25740724 103.9021 2330 −0.0888852 1.59303 −0.0139342 −0.98668 −0.08762 0.117132 −0.0712
11:50:42.481 40.86919040 14.25740673 103.6788 2140 −0.1267483 1.59043 0.0672287 −0.99566 −0.07039 0.02852 −0.05378
. . .
11:51:47.513 40.86917075 14.25763883 110.1255 15 −8.988399 5.804564 −17.64563 −0.3967 0.66831 −0.04746 −0.62749
11:51:48.549 40.86917061 14.25763865 110.1041 14 −9.007008 5.803912 −17.62254 0.81001 −0.05809 0.580342 0.060939
11:51:49.616 40.86917043 14.25763830 110.051 14 −9.011633 5.773602 −17.59091 0.91234 −0.07821 0.355993 0.186499
. . .
11:52:55.568 40.86915548 14.25757002 108.7441 14 −7.673061 4.313261 −11.75547 0.94355 −0.07955 0.307677 0.09341
11:52:56.583 40.86915455 14.25756949 108.6828 14 −7.765261 4.277766 −11.70206 0.95806 −0.12031 0.19106 0.176465
11:52:57.533 40.86915503 14.25756585 108.5993 14 −7.572274 4.1696 −11.40405 0.97855 −0.10247 0.06182 0.16771
11:52:58.617 40.86915738 14.25755746 108.723 2899 −7.308829 4.013108 −10.75015 0.86403 −0.09861 0.460826 0.17711
11:52:59.517 40.86915781 14.25754956 108.4887 2530 −7.057593 3.886707 −10.22061 0.96341 −0.11822 0.171201 0.169002
11:53:00.532 40.86915920 14.25753970 108.3284 2134 −6.976624 3.655525 −9.40127 −0.96792 0.15754 0.022771 −0.19442
. . .
11:54:24.541 40.86910619 14.25717587 106.5036 14 −0.0557724 2.656061 21.71217 0.96567 −0.03143 0.238217 0.09872
11:54:25.502 40.86910791 14.25716441 106.3261 16 0.2583908 2.678609 22.42915 0.97779 −0.11198 0.061038 0.166302
11:54:26.519 40.86910614 14.25715727 106.2735 14 0.3353666 2.774769 23.08263 −0.97413 0.11486 0.151111 −0.12267

Table 3. Analysis of hAcc values during the inspection.

hAcc

N◦ of Samples Mean [mm] StDev [mm] Min [mm] Max [mm]

4289 2780 2057 14 8154
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Figure 16. Stages of visual inspection of structural elements of the viaduct, including hidden bridge 
pier foundations: (a) visualization of the bridge from the open area; (b) visualization of the node 
between the bridge pier and the deck; (c) visualization of the foundation of the bridge pier; (d) 
visualization of the bridge abutment, its foundation, and the connection between the abutment and 
the deck. 

During the inspection, images were captured using the AR device. The AR 
registration engine automatically embedded the 6-DoF pose information into the EXIF 
metadata of each image. These images, along with their metadata, were transmitted to the 
DT platform through the automatic procedure described in Section 3.3. The pose data 
were subsequently used by the DT platform to align the images within a 3D scene 
alongside the BIM models. The results of this automatic image registration process are 
illustrated in Figure 17. 

Figure 16. Stages of visual inspection of structural elements of the viaduct, including hidden
bridge pier foundations: (a) visualization of the bridge from the open area; (b) visualization of the
node between the bridge pier and the deck; (c) visualization of the foundation of the bridge pier;
(d) visualization of the bridge abutment, its foundation, and the connection between the abutment
and the deck.

During the inspection, images were captured using the AR device. The AR registration
engine automatically embedded the 6-DoF pose information into the EXIF metadata of
each image. These images, along with their metadata, were transmitted to the DT platform
through the automatic procedure described in Section 3.3. The pose data were subsequently
used by the DT platform to align the images within a 3D scene alongside the BIM models.
The results of this automatic image registration process are illustrated in Figure 17.
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Figure 17. (a) Image automatically registered with the BIM model within a DT scene in the cloud
platform; (b) transparency is applied for the visual evaluation of the alignment; (c) part of the image’s
EXIF metadata related to its geographic 6-DoF pose (c).

5. Discussion
Since manual model-updating procedures (i.e., field-to-model data registrations) and

real-time on-site information access procedures (i.e., model-to-field data registration) are
costly and time-consuming [3], the developed registration procedures enable the automatic
update of a web-based DT scene, that includes a georeferenced open BIM model, by
providing up-to-date aligned (registered) information (in this case images). This also
enables faster semantic enrichment of the DT by feeding with aligned data further AI,
analytics, and other computer vision procedures [46,65]. The implementation of these
additional services is left to future developments of this work. Furthermore, the AR
registration automatically provided users with on-site access to and visualization of stored
existing data and information, i.e., the geometry from the open BIM model.

The proposed system during the on-site experimentation demonstrated the following
features:

• High-accuracy AR registration with centimeter-level positioning error (hAccmin =

14 mm) and sub-decimal orientation error (e∗ = ±5 cm @10 m);
• No dependency on manual registration processes (in both directions, i.e., model-to-

field and field-to-model) or necessity to resort to external infrastructures such as
markers;

• Robust and seamless functionality in urban-canyon scenarios;
• No drift issues in open environments,

Therefore, the developed registration system met conditions that ensure true applica-
bility and scalability in the context of civil infrastructure [33]. The solutions proposed in
this work can be easily scaled to all types of large-scale civil infrastructures as a result of
the seamless nature of the developed framework. Moreover, affordability at the consumer
level is met given the use of low-cost, non-invasive solutions [66].
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To the authors’ knowledge, this study is the first to integrate a DT platform based
on knowledge graphs technology with a high-accuracy, geographic-scale AR registration
system in a real-world application. Limitations of the system include the need for RTK
coverage in the area of operation, at least for an initial registration. However, national
authorities have already begun work on large-scale deployment of RTK coverage [66].
Ground motions (including plate tectonics, earthquakes, and bradyseisms), can affect the
registration of virtual model holograms. In fact, the true geographic position of an object
may change significantly over time, resulting in a visual offset that would disrupt inspection
activities rather than support them. Tectonic plates shift on average 1.5 cm/year, with peaks
of 10 cm/year. The effects of earthquakes and bradyseisms in the most susceptible areas
can cause additional displacements that exceed 1.0 cm/month [67,68]. In these scenarios
the virtual models need to be georeferenced frequently over time to maintain registration
accuracy.

The future developments of this work includes

• An automatic on-site procedure to update the geographical position of the virtual
models on the platform through the AR interface. This would address the ground
motion issue that causes misalignment between the real and virtual entities.

• Semantic extraction (e.g., presence of damages) from the registered images. This would
further enrich the models and offer on-field visualization of the damage evolution
state through AR.

• Further enhancement of the pose estimation accuracy and latency compensation by
validating the system under varied context conditions.

• Additional on-site testing to demonstrate the scalability of the system to other types of
infrastructure assets (e.g., road pavement) and systems of infrastructures.

• The implementation of a multi-user AR visualization to foster collaboration during
complex infrastructure inspection activities.

• A direct comparative usability testing with the existing Asset Management System.
• A comparison with an alternative AR solution in terms of the usability and accuracy

of the systems.

6. Conclusions
The reliance on manual procedures for geometric and semantic alignment (registra-

tion) with the digital models of new data from inspection activities, as well as for on-field
access to the existing information, presents a persistent challenge in civil infrastructure
management. The manual registration processes significantly slow down and complicate in-
spection, maintenance, and decision-making tasks related to road infrastructure [23,33,69].

This paper addresses the registration challenges by presenting a high-accuracy, au-
tomatic AR-based registration method and system. The proposed approach seamlessly
facilitates the registration, linking, accessing, and querying of data on site, even in large-
scale and unprepared open environments. To cope with complex scenarios, including
urban-canyon conditions, a hybrid approach combining RTK-GNSS and VIO tracking
systems was developed for continuous 6-DoF geographic pose estimation of the AR device.
The implementation of the system involved the development of a prototype low-cost RTK
receiver and related add-on for secure connection with HoloLens 2 (the AR device used
for testing purposes). The system’s accuracy and stability were enhanced through the
application of multiple filters on pose estimations, along with compensation for latency
issues inherent in hybrid tracking systems. Furthermore, the AR-based registration system
was integrated with a web-based DT platform for civil infrastructure management, capable
of handling both structured data (e.g., BIM models) and unstructured data (e.g., images)
while supporting multi-scale and multi-model queries.
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The system was tested in a real-world use case to assist a routine visual inspection
of a highway viaduct, i.e., the Volto Santo viaduct in Naples, Italy. During the inspection,
the system automatically enabled access via high-accuracy AR visualization to relevant
information present in the open BIM models in the DT platform, deemed valuable from
domain experts for providing direct access to information related to the structural and
geometric topology of buried and hidden structures, including foundations and abutments
of the viaduct [24,27,45]. On the other hand, the automatic registration of newly captured
visual data (images) with the open BIM models in the DT platform was found to be valu-
able from domain experts for documenting the deterioration status of the asset [17,33,70].
Additionally, the automatic enrichment of DT scenes with aligned images will enable the
integration of further automated agents (e.g., AI and analytics) to further enrich the DT with
critical semantic information. For instance, computer vision algorithms can be integrated
to detect defects onto the registered images [46,65].

By focusing on consumer accessibility and non-invasiveness, and given the scalability
of the proposed system, this work aims to promote widespread adoption of AR technologies
in O&M activities of civil infrastructure for boosting their efficiency.
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