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ARTICLE INFO ABSTRACT

Keywords: Indoor navigation technology, as an emerging location information service, has shown continuous growth in its
Indoor navigation application demand in recent years. In indoor navigation, indoor localization and path planning are the key factors
BIM affecting navigation quality. Most of the existing methods rely on traditional methods for indoor localization
AR

with high implementation costs. As for path planning, most methods lack the acquisition and use of semantic
information, affecting navigation’s practicality and intuitiveness. To alleviate the above problems, we propose a
building information modeling (BIM) and augmented reality (AR)-based indoor navigation system for pedestrians
that can be implemented on smartphones. Specifically, we first map a three-dimensional model space subdivided
by a triangular prism to the two-dimensional plane in order to construct an indoor navigation network. Secondly,
the information is analyzed using inertial navigation system technology to identify indoor positions. Then, we
propose an indoor augmented reality navigation algorithm based on architectural and spatial information (IARA)
algorithm for indoor path planning. Finally, we integrated the above technologies and built an indoor pedestrian
navigation system based on BIM and AR technologies. Experiments in specific scenarios show that our system

Network construction
Navigation algorithm

ensures navigation stability while obtaining results that are more relevant to the needs of pedestrians.

1. Introduction

As the number of complex buildings (like shopping centers, air-
ports, and hospitals) continues to surge, the challenge of precisely de-
termining indoor positions and offering navigation solutions has be-
come increasingly significant (El-Sheimy & Li, 2021). These complex
and multi-level buildings demand innovative solutions for accurate po-
sitioning and guidance as global navigation satellite systems (e.g., GPS)
are usually inaccessible indoors (Blunck, Godsk & Grgnbek, 2010). An
indoor navigation system can be a valuable tool for building users in
normal as well as emergency situations (Lovreglio & Kinateder, 2020;
Bernardini, Lovreglio & Quagliarini, 2023). Advances in technologies
such as Building Information Modeling (BIM), Augmented Reality (AR),
and Artificial Intelligence (AI) are avenues for innovative approaches
to indoor navigation systems (Teo & Cho, 2016; Wang, 2019; Grejner-
Brzezinska, Toth & Markiel, 2009).

For indoor navigation, research is currently carried out in the di-
rections of indoor positioning, path planning, and navigation display.
Among them, indoor positioning technology either relies on traditional
algorithms for position solving, such as TOA/TDOA time-based and
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AOA/AOD angle-based measurements or relies on base stations or sen-
sors for fusion positioning, which is more complex and costly. Indoor
path planning, on the other hand, is mostly based on mobile robots, re-
lying on 2D architectural drawings, using topological data information,
and selecting optimal paths by improving algorithms such as A* and
ACOA, which have high utilization of indoor building geometries but
lack access to and use of semantic information. Meanwhile, the practi-
cality and intuitiveness of navigation at the two-dimensional level are
affected. The use of new-generation information technologies such as
BIM and AR can provide effective technical means for model data ac-
quisition and spatial positioning perception for indoor positioning and
path planning, offering users a practical and technological indoor navi-
gation experience.

Several methods have been investigated for indoor navigation. Tradi-
tional sensor- and signal-based indoor positioning methods (e.g., WiFi,
LiFi, Bluetooth, or RFID) do not take into account the complexity of
the indoor environment and its interference with the positioning signals
when implementing indoor navigation (Zafari, Gkelias & Leung, 2019;
van Bommel & van Bommel, 2019; He & Chan, 2015). In addition, how
to balance the cost of installing indoor devices and adjusting the po-
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sition of signaling devices due to changes in the indoor environment
are also difficult aspects of the indoor navigation problem (Harle, 2013;
Yassin, Nasser & Awad, 2016). Therefore, it is crucial to establish ap-
propriate infrastructure for signal transmission and reading to ensure
optimal performance. Both BIM and AR can play a key role in overcom-
ing these existing challenges.

BIM is a digital modeling and information management technology
that contains a variety of model information throughout the life cycle
of an engineering project, which can provide data model support for
indoor navigation (Sacks, Eastam, Lee & Teichloz, 2018). As such, the
comprehensive and detailed information offered by BIM makes it possi-
ble to facilitate indoor positioning tasks. AR is a cutting-edge technology
that fuses virtual information with the real world, applying computer-
generated information such as text and three-dimensional models after
simulation of simulation to the real world to achieve "augmentation"
(Milgram & Kishino, 1994). Its substantive core contains a variety of
technologies, such as visual positioning, 3D modeling, real-time track-
ing, and registration, which can provide auxiliary positioning support
for indoor navigation (Kim & Jun 2008). Integrating BIM and AR tech-
nology for indoor positioning can overcome several existing navigation
challenges, such as signal interference and equipment costs, and can
minimize the influence of the multipath effect, signal attenuation, and
Doppler effect on positioning accuracy. Finally, BIM and AR have the
potential to provide users with accurate navigation path guidance and
realistic navigation experience on devices they are familiar with, such
as smartphones.

In this paper, we propose an indoor navigation system for pedes-
trians that runs on a smartphone. Specifically, we carry out research
on the method and application of indoor navigation using BIM technol-
ogy. By parsing the IFC standard model, which contains complete data,
we can obtain the geometric information for the walls, doors, and pas-
sages in the indoor space. Also, we can store the semantic information
of the nodes, which can be used as a source of information data for in-
door navigation. By integrating with AR technology, we can provide the
mapping information data of the AR-labeled nodes to establish the in-
door navigation road network to achieve node matching, thus complet-
ing indoor positioning. The system can also be used for path planning
through the IARA algorithm, thus providing technical support for indoor
navigation.

The contributions of this paper are summarized as follows:

(1) We construct an indoor navigation road network based on BIM
and AR technology.

(2) We design an indoor positioning method based on BIM and AR
technology.

(3) We propose the IARA algorithm and validate it in a real-world
environment.

(4) We built and applied an indoor navigation system based on BIM
and AR technology. The application results show that the indoor
navigation method based on BIM and AR technology proposed in
the paper is correct and feasible.

2. Related works
2.1. Indoor network reconstruction

The first category of related research involves the construction of
indoor road networks, which encompasses considerations such as archi-
tectural entities, spatial layouts, and topological structures (Li, Cao & Li,
2022). These networks are supported by various data sources, which can
be categorized into location data, two-dimensional (2D) floor plan data,
and three-dimensional (3D) model data (Morar, Moldoveanu & Mocanu,
2020). 2D-floor plan data simplifies indoor representations but lacks el-
evation information necessary for complex building structures, such as
floor connections and obstacles (Li, Men & Mao, 2023). Conversely, 3D
building models offer detailed information, including vertical obstacles,
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floor height differences, and emergency exits (Fu, Zhang & Wang, 2021).
However, acquiring sensor data for such models must consider equip-
ment costs and challenges associated with incomplete area coverage and
high pedestrian freedom of movement.

In terms of building a planar pedestrian network, Zhou et al.
(Zhou, Zheng & Huang, 2020) used an indoor and outdoor integrated
pedestrian road network through crowdsourced track data recorded by
positioning sensors and inertial sensors of smartphones. Liu et al. (Liu
& Sun, 2012) used two-dimensional laser scanning data obtained in real
time to construct an all-round plane map of the indoor environment and
complete the autonomous positioning.

In emergencies within large buildings, the two-dimensional lay-
out and emergency exits may be insufficiently clear compared to
three-dimensional models, which offer crucial building information.
To address this, Nikoohemat et al. (Nikoohemat, Diakité & Zlatanova,
2020) proposed a rapid and automated 3D building reconstruction
scheme, enabling multi-layer navigation path planning. Ochmann et al.
(Ochmann, Vock & Wessel, 2016) introduced a method for automati-
cally extracting geometric information from buildings and reconstruct-
ing parametric 3D models using indoor point cloud data. Macher et al.
(Macher, Landes & Grussenmeyer, 2017) presented a semi-automatic ap-
proach for indoor 3D reconstruction of existing buildings based on point
clouds, enhancing model accuracy and reliability. Liu et al. (Liu, Luo &
Hou, 2020) extracted and classified building structural information to
generate 3D indoor map models using BIM models and deep learning,
enabling indoor mobile positioning and navigation functionalities. Li
et al. (Li, Zhang & Pan, 2022) integrated 3D geometric modeling with
connection attributes and semantic elements of space, extending the In-
doorGML standard navigation module and introducing semantic infor-
mation for indoor spaces, thus proposing an indoor navigation model.
Jamali et al. (Jamali, Abdul-Rahman & Boguslawski, 2017) explored
a three-dimensional automatic modeling method for indoor navigation
networks based on geometric models of indoor environments. Xu et al.
(Xu, Wei & Zlatanova, 2017) utilized BIM (IFC) data to extract geometric
and semantic information, constructing indoor navigation networks us-
ing two-dimensional and three-dimensional spatial subdivision methods
to facilitate path planning considering obstacles and addressing limita-
tions of two-dimensional plan-based methods that overlook rich seman-
tic information of building components.

The comparison between two-dimensional planar data and three-
dimensional model data highlights the richer spatial characteristics and
semantic information provided by the latter, typically represented by
CityGML, IFC, and IndoorGML (Alattas, Zlatanova & van Oosterom,
2017; Kim, Yoo & Li, 2014) (Table 1). CityGML is commonly utilized
for visualizing 3D city model data and conducting basic spatial analy-
ses. IndoorGML focuses on building information crucial for intelligent
robot navigation, albeit with a limited expression of attribute informa-
tion for indoor space objects and obstacles. On the other hand, IFC pri-
marily serves the management of various information during architec-
tural design and planning, offering comprehensive definitions and clas-
sifications for interior element types and their relationships.

In this study, the primary framework revolves around a two-
dimensional indoor navigation network, with three-dimensional naviga-
ble free space information translated onto a two-dimensional plane. This
approach enables the fusion of two-dimensional and three-dimensional
data for constructing an indoor road network.

2.2. Indoor pedestrian positioning

The second category of related research focuses on the indoor posi-
tioning of pedestrians. Due to signal loss and poor propagation of global
satellite navigation systems indoors, current indoor positioning relies
mainly on technologies like WiFi, ultra-wideband (UWB), radio fre-
quency identification (RFID), geomagnetic positioning, Bluetooth, and
LiFi (Bargh & de Groote, 2008; Mazhar, Khan & Séllberg, 2017; Rizk, El-
mogy & Yamaguchi, 2022; Riady & Kusuma, 2022; Hu, Liao & Lu, 2016;
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Table 1
Comparison of spatial data models.

KSCE Journal of Civil Engineering 29 (2025) 100005

CityGML

IndoorGML

BIM (IFC based)

Application Scenarios Visual display

Geometric forms Two-dimensional boundary,
three-dimensional entity
Appearance, function
Topological objects

Semantic Information
Topology

Robotics navigation

Two-dimensional boundary,
three-dimensional entity
Symbols

Topology Nodes

Architectural design, information
management

Two-dimensional boundary,
three-dimensional entity
Location, Connectivity, Properties
Topological objects, nodes

Haas, Yin, Wang & Chen, 2016). However, Bluetooth and WiFi signals
are susceptible to indoor environmental interference, while RFID and
ultrasound-based methods require placing numerous devices indoors,
leading to higher navigation costs (Topak, Pekericli & Tanyer, 2018;
Agrawal & Singh, 2014; Subedi & Pyun, 2020).

To address these challenges, researchers have combined multiple
technologies such as UWB with inertial navigation, WiFi with iner-
tial navigation, and GPS, RFID, WiFi, and pedometers to enhance in-
door positioning. Riady et al. (Riady & Kusuma, 2022) proposed an in-
door positioning method that merges low-power Bluetooth fingerprint-
ing with pedestrian dead reckoning. Hu et al. (Hu, Liao & Lu, 2016)
integrated fingerprint positioning with time positioning, introducing a
deep learning-based hybrid indoor positioning system with superior ac-
curacy compared to fingerprint-based and distance-based polygonal po-
sitioning techniques by 267 % and 496 %, respectively.

Smartphone devices indeed offer a comprehensive array of sensors,
including WiFi and Bluetooth modules, accelerometers, gyroscopes,
magnetometers, and cameras, making them ideal for indoor pedestrian
positioning. Several studies have leveraged smartphones for this pur-
pose. For example, Dong et al. (Dong & Xiao, 2015) introduced a method
utilizing smartphone cameras and sensors for indoor positioning and
navigation, achieving an average positioning time of 3.85 s, with a po-
sitioning error of <2 m and an orientation error of <6°. Serra et al.
(Serra, Carboni & Marotto, 2010) achieved indoor positioning through
dead reckoning combined with 2D barcodes, accelerometer, and mag-
netometer data. Ta (Ta, 2017) fused various sensor information, such
as WiFi and Bluetooth signals, with inertial sensors for accurate indoor
positioning, albeit with a requirement for real-time monitoring of users’
step length and frequency, potentially impacting smartphone battery life
due to computational and energy consumption. Chen et al. (Chen, Zhu
& Jiang, 2015) proposed an indoor positioning framework combining
smartphone sensors with iBeacons to correct pedestrian dead reckoning
bias, demonstrating significant improvements in positioning accuracy
and robustness against initial point estimation errors in experimental
results.

Indeed, various studies have explored augmented reality (AR) so-
lutions for indoor pedestrian positioning. De et al. (de Oliveira, An-
drade & de Oliveira, 2017) utilized mobile AR and beacon technology
to assist wheelchair users in safe indoor navigation, offering features
like identifying optimal routes to avoid obstacles and slopes. Yan et al.
(Yan, Liu & Cui, 2015) introduced an indoor navigation strategy merg-
ing WiFi positioning with mobile AR on the Android platform, demon-
strating high accuracy and real-time performance. Bai et al. (Bai, Huang
& Prasad, 2019) reviewed indoor positioning methods leveraging deep
learning for image-based localization and sensor fusion incorporating
image data. Hsieh et al. (Hsieh, Chen & Nien, 2019) proposed an acous-
tic indoor positioning approach using AI and Building Information Mod-
eling (BIM), employing Virtual Reality (VR) and Head-Related Transfer
Function (HRTF) technology to simulate virtual sound fields, achiev-
ing a room area prediction accuracy of approximately 90 % with deep
learning models. Park et al. (Park, Cho & Martinez, 2016) integrated
BIM-based path planning with various positioning technologies for an
indoor navigation system for autonomous mobile robots, highlighting
the utility of both BIM and AR technologies in addressing indoor navi-
gation challenges.

2.3. Navigation path optimization

The third category of related research delves into indoor navigation
path optimization algorithms, encompassing genetic algorithm-based,
deep learning-based, and particle swarm optimization-based methods.
Yan et al. (Yan, Zlatanova & Lee, 2021) addressed indoor navigation
path challenges using Dijkstra and B&B algorithms with QR code in-
door positioning, applicable to museum or hospital navigation. Xu et al.
(Xu, Wen & Zhang, 2015) proposed a pedestrian shortest path planning
scheme based on the Dijkstra algorithm, incorporating path smoothing
and user preference analysis for personalized navigation. Alqahtani et al.
(Algahtani, Alshamrani & Syed, 2018) reviewed indoor navigation sys-
tems, comparing various shortest-path algorithms and techniques across
multiple sensor environments. Some studies also optimize paths for en-
ergy efficiency, user preferences, or minimal turns, such as Pala et al.
(Pala, Osati & Lopez-Colino, 2013) with the HCTNav algorithm, val-
idated for lower memory usage compared to Dijkstra’s algorithm. Li
et al. (Li, Park & Shin, 2017) tailored a shortest-path planning algorithm
for dynamic indoor environments based on multi-access point topology
analysis. Zhou et al. (Zhou, Chen & Huang, 2018) proposed an environ-
mentally conscious optimal indoor path planning method, enhancing
user experience by integrating navigation cost functions and environ-
mental semantics into Dijkstra’s algorithm. While previous studies have
focused on route optimization and cost reduction of sensor devices, the
indoor navigation approach proposed in this paper prioritizes the need
for pedestrians to ensure accurate location confirmation, obtain clear di-
rections, and satisfy their interest in surrounding amenities and services
in indoor navigation without the need for additional hardware.

3. The proposed indoor navigation system

This study proposes an indoor navigation system using BIM and AR
technologies. As shown in Fig. 1, this system mainly includes three mod-
ules: indoor navigation network construction, indoor positioning, and
an indoor navigation path optimization algorithm.

First of all, the two-dimensional indoor navigation network is taken
as the main framework, and according to the BIM data of the build-
ing, the three-dimensional navigable spatial information is mapped to
the two-dimensional plane. The two-dimensional and three-dimensional
data are then fused to realize the construction of the indoor network.
Secondly, based on visual and inertial navigation, the AR marker node
library with a known position is introduced. AR nodes are special signs
or patterns placed in an indoor environment that contain location infor-
mation such as direction, distance, and location name. We use computer
vision to detect AR nodes and obtain node information. AR nodes are
placed according to the selection rules of AR nodes, and through cam-
era calibration and coordinate system transformation, node matching is
completed to achieve indoor positioning. Finally, an indoor augmented
reality navigation algorithm based on architectural and spatial infor-
mation (IARA algorithm) is proposed. The algorithm combines several
optimization parameters, such as the number of AR marker nodes, uti-
lization rate, and path distance, and establishes a multi-objective path
optimization model to provide pedestrians with indoor navigation ser-
vices with route planning, location confirmation, direction guidance,
and surrounding information to meet individual needs.
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Construction of indoor navigation network
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Fig. 1. Diagram of the indoor navigation method.

3.1. Indoor navigation graph construction

The IFC standard, recognized internationally in building information
modeling, defines and organizes numerous interior element types and
their inheritance relations, offering rich contextual data for indoor nav-
igation road network construction (Laakso & Kiviniemi, 2012). Leverag-
ing this standard, this paper undertakes the extraction and classification
of component information, establishing associative mechanisms, and fa-
cilitating the extraction and storage of spatial features and semantic data
within BIM model datasets.

While 3D maps furnish comprehensive spatial insights, encompass-
ing building structures and room layouts for enhanced spatial percep-
tion, 2D indoor navigation networks provide straightforward plane-
based navigation data. By converting 3D free navigation spatial data
into a plane navigation network and combining it with building data
and AR node information, the seamless integration of 3D maps and 2D
indoor navigation networks is realized. Users can effortlessly switch be-
tween various views to access the desired navigation and positioning
information.

When using the rule-based grid method to divide two-dimensional
plane data, it is necessary to consider the height characteristics of
obstacles and AR nodes as well as the semantic processing of three-
dimensional model information. Therefore, this paper adopts the clas-
sification and inheritance relationship of building component informa-
tion outlined in the IFC standard model and classifies and inherits the
building component information according to the IFC standard model,
including panels, walls, doors, floors, columns, windows, beams, stairs,
building floors, public corridors, and other elements.

The geometric and semantic data extracted and stored according
to IFC standards are translated onto a plane, where the size of build-
ing spaces is determined by the indoor floor length in IFC data. Grids
are then applied to divide the floor, with the initial points serving as
guide points and their values adjusted based on building node informa-
tion and AR node selection criteria. Utilizing the topological mapping
of data from the IFC standard model onto the floor plan, the IsLocked
attribute in the IFC parameters discerns whether revolving doors are
locked during element projection. If the IsLocked property is set to true,
it indicates that the gate is locked and pedestrians cannot pass through,

and the corresponding grid value is set to a value of 0. If the IsLocked
property is set to false, it indicates that the gate is unlocked and pedes-
trians can pass through, and the grid value is set to 1. The IsARPoint
property is used to identify nodes. Similarly, the Grid value is set to
0 when Door A is closed, and the Grid value is set to 1 when Door B
is open. Geometric information such as walls (IfcWall), columns (Ifc-
Column), doors (IfcDoor), and furnishings (IfcFurnishingElement) are
mapped to the 2D grid as obstacles, with grid values set to 0. Taking
Shijiazhuang Metro Plaza as an example, illustrated in Fig. 2, in a par-
tial floor plan of the metro plaza, there are two gates labeled A and
B. Gate A is currently locked with its IsLocked property set to true,
while Gate B is unlocked with its property set to false. After mapping
the build information to a two-dimensional grid, it can be shown in
Fig. 3.

The indoor navigation process needs to consider spatial elements
such as obstacles and AR nodes. Obstacles have a certain height. In order
to facilitate pedestrians to see them, AR nodes are placed at a certain
height on the ground. To achieve this, data parsing and obstacle detec-
tion on the model are performed based on the IFC standard. Specifically,
the spaces containing obstacles are divided using a prism-based parti-
tioning approach. This methodology is illustrated using the example of
turnstiles in a subway station using the following steps:

(1) Indoor vertex information is obtained from geometric point data

of the IfcSpace class. Delaunay triangulation is performed on

points with the same elevation, distributed by floor, extending
upwards to the floor slabs, forming the edges of prismatic poly-
hedra.

The turnstile devices are represented using simplified and min-

imal bounding boxes based on the semantic relationship infor-

mation in IfcSpace. The bottom-left coordinate (X in: Yimin> Zmin)
and top-right coordinate (X ,,x, Ymax» Zmax) Of the bounding box
are calculated using the geometric information of obstacles.

(3) The subway turnstile and its surrounding space are represented
by a vertical box in Fig. 4 The elevation value of the box, which
includes the turnstile, is obtained based on semantic information,
with a centroid value of (Z; scspace = Z1 fespace—mmp)/2- The 3D
spatial segmentation results are shown in Fig. 5.

2
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Fig. 2. CAD of part of Metro Square.
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Fig. 3. Two-dimensional grid mapping diagram.

Fig. 5. 3D spatial sectioning results.

(4) The coordinates of the feature points in the spatial subspace of

the partitioned points are determined based on the center point line is the navigation road network connected after mapping to
of the subspace. Specifically, the coordinates of the feature points the ground, while the triprism divided by the white line is the
within the vertical range of the turnstile box space are set as three-dimensional space area that can be used in navigation.
((Xmin + Xmax)/z’ (Ymin + Ymax)/z’ (Zmin + Zmax)/2)'

(5) The feature points are connected to form an indoor navigable 3.2. Indoor localization method based on BIM and AR
three-dimensional spatial region, which constitutes an indoor
navigation road network. Figs. 6 and 7 show the comparison of The positioning method based on BIM and AR primarily involves the
the effect before and after the road network is divided. The black design and installation of AR nodes. Through the detection, feature de-
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Fig. 6. Map of the road network before subdivision.

Fig. 7. Subdivided road map.

scription, and matching of AR nodes, as well as the estimation and track-
ing registration of the position and motion state of AR identification
nodes, combined with camera coordinate transformation, the pedes-
trian position is computed to achieve indoor positioning. The method
is mainly divided into three parts: camera calibration, rules for select-
ing AR nodes, and marker-based tracking registration technology.

3.2. 1 camera calibration

In the process of AR marking node matching, the known point co-
ordinates and image point coordinates are used for camera calibration
to determine the internal and external parameters of the smartphone
camera to help determine the position and direction information of the
marked nodes in the image (Paucher & Turk, 2010). Combined with
the coordinate transformation relationship between the world coordi-
nate system, Revit coordinate system, and camera coordinate system,
the coordinates of AR marker nodes in the world coordinate system are
obtained, and the coordinate correction is carried out by matching the
BIM model and real-world nodes, in order to realize the indoor position-
ing of pedestrians.

The camera calibration process can determine the internal param-
eters and external parameters of the camera, determine the geometric
characteristics and position relations of the camera, and then realize the
transformation of the image coordinate system and the world coordinate
system. In the process of camera calibration, the method proposed in the
paper has the following requirements for the inherent parameters of the
camera of the smartphone: the focal length of the camera is between
28 mm and 35 mm, which is suitable for a variety of shooting scenes; In
order to provide good shooting results in different light conditions, the
aperture range is between F/1.7 and F/2.4. Image sensors range in size
from 1/2.55 inch to 1/1.7 inch and the resolution of the main camera
ranges from 12 MP (megapixels) to 48 MP (megapixels). In addition, the
smartphone also needs to have a monocular depth camera and gyroscope
to support depth perception and attitude tracking in augmented reality
applications. The camera’s internal parameters remain fixed throughout
the calibration process, using a calibration plate with known dimensions
and geometric characteristics, using a linear calibration method as the
initial estimate, and ignoring slight phone movement or shaking during
shooting.
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The world coordinate system determines the position and attitude of
the measuring point in real space and is the reference coordinate sys-
tem. The image coordinate system describes the position of pixels in the
image. The camera coordinate system describes the position and orien-
tation of the object in the image captured by the camera. Through the
conversion between the world coordinate system, the image coordinate
system, and the camera coordinate system, the combination of virtual
and real scenes in the augmented reality system can be realized so as to
realize AR navigation.

The conversion relationship between the image coordinate system
and the camera coordinate system is shown in Eq. (1) :

x] [r o o o]l*
zlyl=lo 7 0o o i )
il Lo o 1 of|%

When using a wide-angle lens, there is a large distortion far from
the center of the image. Nonlinear distortion can be described by the
following formula:

X=x+06,(x,y) 2)

y=y+6,(x,y) 3)

In Egs. (2) and (3), xand yare the ideal coordinates of the image
points calculated by the pinhole linear model. (x, y) is the coordinate
of the actual image point. §, and §, are the nonlinear distortion value,
which is related to the position of the image point in the image, and can
be expressed as:

8,06, ) = kyx(x® + ¥ + [p1Bx* + %) + 2pyxy| + 5, (x* + y?) e

8.(x,3) = kpx(x + ¥2) + [p23%% + %) +2p;xy] + 55 (%% + »7) )

In Egs. (4) and (5), The first term of 6, and 8, is called radial distor-
tion, the second term is called tangential distortion, and the third term
is called thin prism distortion. k,k,,p;,p,,s,,s, are called the nonlinear
distortion parameter.

Let the coordinates of a point in space in the world coordinate sys-
tem and the camera coordinate system be (x,,y,, z,,) and (x., y., z.),
respectively, and the transformation relation is as follows:

xC xw
Ve |= Ry |+T (6)

Z ¥4

c w

In Eq. (6), R is the rotation matrix and T is the three-dimensional
translation vector. By combining (1) to (6), the relationship between
the three-dimensional coordinates of the space point represented by the
world coordinate system and the pixel coordinates of the corresponding
projection point (u, v) can be obtained.

u f/Ax 0 uy 0 R T Yw
slol= 0 ay w0 [0 1] i‘” =M, M, Xy, %
1 0 0 0 0 ’

1

In Eq. (7), M, is determined by f, Ax, Ay, u,, vy,because they only
related to the internal parameters of the camera, so these parameters are
called the internal parameters of the camera; M, is determined by the
orientation of the camera with respect to the world coordinate system
and is called the external parameter of the camera. Determining the
internal parameters of the camera is called camera calibration.

The relative position of AR marker node image points in the world
coordinate system and the linear model of the camera can be represented
as follows:

xw
u; myp My Mz My
= Yo ®)
Si| Ui | = [ M1 My M3 My z
w
1 m3y Mz M3z M3y
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In Eq. (8), [u;,v;, 1] represents the homogeneous image coordinates,
where 4; and v; are the coordinates of the i th point on the image. m;;
denotes the i th row and j-th column element of the projection matrix M.
[% 0> Ywi> Zwi» 11 represents the homogeneous world coordinates of the i
th point on the AR marker. By solving for the camera’s intrinsic param-
eter relationship (Eq. (9)), we can obtain:

mT myy axr-f + uor;r a,t, +ugt,
T _ T T
my|my  moy [ =layr, +ugry oty +upr; 9)
T T
my 1 s t,

In Eq. (9), miT(i = 1,2,3)is a row vector composed of the first three el-
ements of the i th row of the matrix obtained using Eq. (9). m;‘represents
the element at the i th row and 4th column of matrix M. r,.T(i =
1,2, 3)represents the i th row of the rotation matrix R.

By comparing both sides of Eq. (9), it can be deduced that ms,m; = r5.
And since r; is the third row in the orthogonal identity matrix, obtaining

Ir3] =1, then myy|my| = land my, = ——, rs,u, Up» @y, a,can be derived

and calculated from Eq. (10) to (14):‘”’3‘

r3 = Mm34m3 (10)
otx=m§4|ml><m3|oty=m§4 my X my (11)
ug = (otxr]T + uorg)r3 = m§4m1Tm3 (12)
vy = (ayr; + Uo’{)’} = m§4m;m3 13)
ay=m§4|m2><m3| (14)

After camera calibration, Neges et al. (2017) identified and matched
AR-tagged nodes according to vision sensor technology in AR, obtained
node information, and combined inertial navigation technology for en-
vironmental positioning (Xu, Liu & Li, 2021). In order to overcome the
problem of coordinate deviation caused by continuous use of inertial
navigation sensors, the coordinate system of AR software Revit is in-
troduced. Through transforming between the world coordinate system
and Revit coordinate system, the matching of AR marker nodes in the
world coordinate system and Revit coordinate system is achieved, the
user’s position coordinates are corrected, and indoor positioning based
on BIM and AR technology is realized.

The transformation relationship between the Revit coordinate sys-
tem and the world coordinate system is as follows:

Xq Xp
Yo | =My, |+ N (15)
Zq Zp

In the Eq. (15), (x,.Y,.2,)and (x,.y,.z,)are the coordinate points in the
world coordinate system and Revit coordinate system, M is the rotation
matrix and N is the three-dimensional translation vector.

The essence of using AR technology for indoor navigation is to su-
perimpose computer-generated navigation information (including text,
images, 3D objects, etc.) into the real scene through visual fusion. In or-
der to realize the user’s positioning in the building BIM model, this paper
adopts the identity-based tracking registration technology, realizes the
registration method of the camera and virtual information location, and
obtains the AR node coordinates.

3.2.2. AR node selection rules

During the construction of the indoor navigation network, the indoor
area is divided into navigable areas and non-navigable areas. Users iden-
tify nodes with smartphones to achieve indoor positioning, and when the
navigation path length is certain, they tend to plan the route through
the AR node.

KSCE Journal of Civil Engineering 29 (2025) 100005

In order to make the navigation path more in line with the travel
needs of pedestrians, under the balance of factors such as path distance,
the selection of AR nodes should comprehensively meet the walking
habits of indoor pedestrians and the visibility rules of signs and be as
close as possible to the area of interest of pedestrians. Reasonable AR
node Settings can reduce network costs and improve navigation effi-
ciency. The selection rules of AR identification nodes are as follows:

1. Nodes can be regarded as escape channel signs. Considering that it is
difficult for the camera to identify images through obstacles such as
walls, in order to ensure that the nodes are within the visible range, it
is necessary to process the AR identification nodes for visible traffic
connection during the construction of the road network.

2. The smaller the Angle between the relative position direction of the
node and the path, the easier the pedestrian can identify the node,
and the higher the utilization rate.

3. The greater the visibility of the node, the higher the utilization. The

visibility threshold R is used as the radius to establish the visible
area of the node, and the road network path covered by the visible
area occupies a large weight in the navigation algorithm.
As shown in Fig. 8, the intersection point between the visible range
of AR marking node and the road network is S|, .5,, S5, S4, S5, S¢-
The length of the road network path covered by the visible range of
AR marking node is calculated. When conducting indoor navigation,
the road network path in the visible area of AR marking node is given
a large weight.

4. The smaller the Angle with the path direction, the higher the utiliza-
tion.

As shown in Fig. 9, taking a path from point O to point E in the road
network as an example, the visual range of OF and AR identification
node S|, S, intersect at F,G,H and I. Among them, the length of path
OA covered by the visual range of AR recognition node S, is FA, and
the angle between path OA and AR recognition node is ;. The length
of path AB covered by the visual range of AR recognition node S, is
AG, and the angle is a,.The length of the path BC covered by the visual
range of the AR recognition node .S, is HI.The angle a; between the
path BC and the AR recognition node.

The AR recognition node utilization of the defined path is

a

=, S

U(i){S’ >0 (16)
0, else

In Eq. (16), ais the Angle between the path direction and the AR
identification node; S is the ratio of paths covered by the visual range
of AR identifying nodes. In indoor navigation, the path obtained by path
planning according to the road network is composed of road segments,
so the AR node utilization rate of the navigation path can be obtained
as follows.

Ryw) = Z U@ a7
i=1

The smaller the value ofRy;, the higher the node utilization rate. In
the Fig. 9, a; < a3 < 90°, a, > 90°, so it is easier for pedestrians to dis-
cover node S, in path OA than node .S, in path BC; that is, the effective
utilization time of node S, is longer. Therefore, when the path distance
is the same and the nodes’ visual ranges do not cover each other, the
node utilization of path O — A — F — C — D — E is higher than that of
pathO-G-B-C-D-E.

3.2.3. Identification based tracking registration technology

The BIM model visualizes the physical and functional characteris-
tics of real buildings. In the construction of an indoor navigation net-
work, AR nodes are established in the real road network as images that
can be taken by smartphones. After the placement position of AR nodes
is designed, these nodes correspond to the node positions in the real
world and the node positions in the BIM model, thus establishing the
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Fig. 8. Schematic diagram of AR identifica-
tion node and pass connection.

indoor wall

O] AR identification node

coverage area (2 AR node visual range

O Path node (.)
I:l AR recognition node

— — Section AR node visual range

—— Path

AR marker node library. Through the identification of nodes, the corre-
sponding relationship between nodes and the navigation network in the
real world can be realized. In this paper, with the help of smartphones,
identification-based tracking and registration technology is used to an-
alyze and process the collected image or video data, and realize the
detection of AR marker nodes, the feature description and matching of
AR marker nodes, and the estimation and tracking registration of the
position and motion state of AR marker nodes. Inertial navigation tech-
nology is used to fuse and process sensor data such as acceleration and
angular speed to realize the position and direction information of smart-
phones and the indoor positioning of pedestrians.

The steps for feature extraction and coding recognition of identifica-
tion nodes are as follows:

1) The image is binarized, and the simplified image is numerically cal-
ibrated to obtain the connected domain.

2) The boundary calibration algorithm is used to find the boundary of
the region.

3) The homograph image transformation is used to find the correspond-
ing pixel points bounded by the region boundaries.

4) The cross-correlation value between the captured photos and the AR
node library images is calculated and compared with the specified
threshold. The features are matched one by one between the inner
pattern of the image and the mark point map in the established AR
mark node library. Find the most interrelated mark images and re-
alize AR mark nodes’ tracking registration and recognition. The for-
mula for calculating the cross-correlation between two images is:

X X, U y) = u)(P(x, y) = pp)

o1Pp

P (18)

I barrier

E  Fig. 9. Path AR node utilization.
O

In Eq. (18), I(x, y)and P(x, y) represent the collected image and the
matching template image, respectively. The mean and standard devia-
tion of the calculated image are as follows:

xiy 2. Zy I(x,y). p =xly > Zy P(x.y) (19)

Hy

1
2

(;;(I(X,y)—,ul)>é’gpz<§;(P(x,y)—ﬂp)> (20)

For each candidate identifier in the image, the image with the great-
est correlation is found in the AR identification node library. If the cross-
correlation value is greater than the specified threshold, the candidate
identifier in the image is regarded as the corresponding identifier in the
AR identification node library, and the decoding process is completed
to realize the tracking registration and identification of the AR identifi-
cation node.

In the detection and recognition process of AR tag nodes, FAST (Fea-
tures from Accelerated Segment Test) is adopted as the detection al-
gorithm of the tag nodes. The detected tag nodes are described in the
AR-tag nodes’ feature description and matching process and matched
with the pre-stored identity node template to determine their position
and attitude in the scene. In the estimation and Tracking registration
process of AR identification node position and motion state, the optical
flow tracking method KLT (Kanade Lucas Tomasi Tracking) is adopted
to track the position changes of identification nodes in continuous im-
age frames and the attitude between the camera and the real scene is

oy
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estimated according to the tracked information. Implement the tracking
and registration of identification nodes.

3.3. Indoor augmented reality navigation algorithm

Based on the indoor road network constructed in Section 3.1 and the
indoor positioning method based on AR node recognition described in
Section 3.2, the location information of pedestrians in the building and
the target position of pedestrians are obtained. This section proposes
an indoor navigation path planning algorithm that combines the map
information of the indoor road network, creates the optimal navigation
path in the indoor road network, and displays the path on the mobile
phone screen of pedestrians so as to realize indoor navigation. Indoor
navigation path algorithms usually aim to obtain the shortest path or
minimize the time or cost of the path. This paper takes into account
the actual needs and walking preferences of pedestrians, who tend to
choose routes that are less crowded, have wide views, have good light
and ventilation, and are attracted by iconic places such as shops and
restaurants, choose routes that provide quality facilities and services,
more access to seats or elevators, toilets, toilets, etc. Water fountains
and other necessary service locations (Vanclooster, van de Weghe & de
Maeyer, 2016).

In the indoor navigation path optimization algorithm, the ant colony
algorithm is prone to fall into the local optimal problem with less in-
formation in the early stage of routing. In this study, combined with
the actual demand for indoor navigation, IFC model data and indoor
road network structure are taken as the initial pheromones, and factors
such as the utilization rate of AR recognition nodes, the number of AR
nodes, and path distance are taken into account to improve ant colony
algorithm. The IARA algorithm based on BIM and AR technology is pro-
posed, in which the heuristic function and pheromone update method
are optimized as follows:

Create a candidate solution set of path nodes. When the set of next
selectable nodes of ant k contains node i, its probability Pik of selecting
node i is as follows.

[z0]* [ 0]° )
La@l n®L e g
Pt ={ S0l [s0) k @1
0 ,else

In Eq. (21), « represents the parameter that limits the influence
ofz;(t), p represents the parameter that limits the influence of #;(r), while
7;(t) and #;(r) represent the number of pheromones and the heuristic op-
timization function respectively when the node is at time .

To reduce the angle between the path and the AR identification node,
the angle between the current section direction and the next path direc-
tion leading to the end point is selected as the heuristic information. The
heuristic function is set as follows.

ni(0) = eheoso 22)

In Eq. (22) A denotes the parameter limiting the influence of w.

The distance D of the road network navigation path should be de-
fined. The AR of the path represents the node utilization R;;, and the
number M of nodes is identified using AR. The single-objective solution
V is defined, then:

min(V) =w; - D+w, - Ry + w3 - M (23)

In Eq. (23), w;,w,,w;are the weights of the optimization objectives,
and to represent the combined impact of multiple objectives, the above
equation can be converted to:

M - M
M,

max

D_Dmin R_RUmin

+w min
y -
Dmax - Dmin RU max — RU min

- Mmin

(24)

min(V') = w, -

+w;3 -

In Eq. (24), Ry,, Dyax and M, are the maximum values of
Ry,D and M in the navigation area, respectively. Ry ., Dy, M,,;, are

> Pmin> " min
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the minimum values of D, R;; and M, respectively. The formula for up-
dating pheromone of solution V' after unified dimension is

Tt + 1) =1 - p)r; + ATF() (25)
9 else

Aty =4 v 8 2

%0 {O,else (26)

In Egs. (25) and (26), Q is the total amount of pheromone, p is the
rate of pheromone evaporation and p € [0, 1].

The steps of using IARA algorithm to solve the optimal path are as
follows:

(1) Process semantic information and construct road network. Ac-
cording to the traffic rule constraints, the reachable tabu list of
nodes is obtained.

(2) Initial setting, set the starting point ants number M, iteration
times T, influence coefficient A and other parameters.