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Mobile robots deployed to automate tasks in the construction industry require accurate robot localization and
navigation. Building information modeling (BIM) is increasingly prevalent, and BIM models are interpretable by
robots to help navigate in or around buildings. Most approaches towards robot localization through BIM models
solely rely on maps derived from the BIM models requiring models with a high level of development (LOD) and
the accurate modeling of non-structural objects. In practice, however, BIM models often employ a limited LOD
and non-structural objects, if modeled, may appear in different locations, which may result in scan-BIM de-
viations and thus in localization errors. This paper presents the so called “LIO-BIM” framework, which couples
lidar inertial odometry (LIO) and BIM for robust mobile robot localization and mapping, using 3D lidar to
overcome the issues related to scan-BIM deviations. LIO-BIM builds upon simultaneous localization and mapping
techniques and performs scan matching multiple times, i.e. (i) scan matching of the latest lidar scan with lidar
scans previously recorded to maintain an accurate map of the environment, and (ii) scan matching of a local map
around the robot with a BIM model to enable localization and mapping relative to the BIM model. The maps may
be used at run-time, e.g., for construction progress monitoring or quality inspection. The framework, whose code
is provided as open source, is implemented on a quadruped robot equipped with a 3D lidar, an inertial mea-
surement unit, and a camera, and it is validated in a cluttered indoor office environment represented by a BIM
model. Furthermore, the framework is validated on the ConSLAM dataset showcasing a cluttered construction
site environment. As a result, the validation tests demonstrate accurate and robust 3D localization and mapping
aligned with BIM models in real-time.

1. Introduction

Routine inspections of buildings help meet quality standards and
reduce the impact of delays during construction, and inspections ensure
safety and integrity of buildings during operation [1]. However, manual
inspections may be time-consuming and hazardous processes that may
result in subjective quality assessments [2]. Therefore, robots have been
proposed for automated inspections of buildings, representing safer al-
ternatives that allow for more frequent and more objective inspections,
compared to manual inspections [3].

Mobile robots are used for maintenance inspections, construction
quality inspection, progress monitoring, as-built/as-is modeling, and
safety inspection [1]. To accomplish the inspection tasks, mobile robots
record data relevant to inspection of buildings, which may include point
cloud data [4], visual data [5], and vibration data [3]. All sensor data
recorded by mobile robots for monitoring and inspection of buildings
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has in common that the location of the recording is relevant, i.e. the
quality of the data recorded by robots, optimal inspection task planning,
and reliable autonomous navigation rely on precise and robust locali-
zation of the robots.

In a typical pipeline for robot navigation, robots are teleoperated in
the first step to explore an unknown environment, while running a
simultaneous localization and mapping (SLAM) program to create a map
of the environment [6]. In the next steps, the robots autonomously
navigate by localizing themselves in the map, planning paths to goal
poses, and following the paths while avoiding obstacles. As the initial
creation of a map using SLAM can be time-consuming, current research
investigates how to leverage existing building information modeling
(BIM) models as maps for robot indoor localization and navigation
[7-17]. Furthermore, BIM models provide robots access to valuable
semantic and geometric information of buildings. By aligning robot
sensor data with BIM models, the information can be used to support
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various construction-related applications.

The most critical issue when using BIM models as maps for indoor
robot navigation is the spatial accuracy of the models. In practice, de-
viations between as-designed BIM models and the as-built reality,
referred to in this paper as scan-BIM deviations, are mentioned in
various publications. BIM models are often designed with a limited level
of development (LOD), rarely higher than LOD 300 [18]. Non-structural
objects, such as doors, appliances, and furniture, are often either not
modeled or, if modeled, may appear in different locations [12]. Con-
struction inaccuracies result in deviations from the as-planned model
[19]. Scan-BIM deviations are described in [14] as “unavoidable”. In this
regard, the approaches either explicitly assume a spatially correct BIM
model [7], report localization errors due to scan-BIM deviations [13], or
try to make the localization more robust against scan-BIM deviations.

The purpose of this research is to enable robust 3D localization and
mapping of mobile robots in real-time relative to BIM models, particu-
larly in complex environments with scan-BIM deviations. Real-time
localization relative to BIM models represents the basis for enabling
autonomous capabilities of mobile robots in conjunction with BIM
models. LIO-BIM may be used in conjunction with path planning [20] to
enable indoor navigation using BIM models, and thus, to automate tasks
such as building inspections [1], progress monitoring [21], and con-
struction logistics [22].

To fulfill the purpose, this paper presents a framework for lidar in-
ertial odometry (LIO) coupled with BIM (LIO-BIM) and combines the
advantages of leveraging SLAM and BIM models. Unlike existing
methods, LIO-BIM enables 3D localization in real-time and explicitly
maps the as-built state using factor graph-based SLAM to account for
scan-BIM deviations. Geometric and semantic information about the
environment derived from BIM models is integrated to provide locali-
zation relative to the BIM models and to reduce the long-term drift
common to SLAM systems. LIO-BIM relies on scan matching using an
efficient feature-based iterative closest point (ICP) algorithm. Scan
matching is performed multiple times (i) for the latest lidar point cloud
with immediately preceding recorded lidar point clouds for LIO, and (ii)
for the local map around the robot with the BIM model to provide
localization relative to the BIM model. Scan matches of the local map
with the BIM model with low compliance are rejected to account for
errors introduced by scan-BIM deviations. On the other hand, long-term
drift errors of SLAM are corrected by scan matches of the local map with
the BIM models showing high compliance. The locations of the robots
and the created maps aligned with the BIM models can be used in real-
time for navigation, visualization, and the completion of inspection
tasks. In conclusion, LIO-BIM provides a solution for complex environ-
ments with scan-BIM deviations encountered in practical applications
and thus has the potential to increase the adoption of robots for
construction-related applications.

The remainder of this paper is organized as follows: The background
and state of the art of robot localization in BIM models is discussed in
Section 2. The methodology and implementation of the LIO-BIM
framework are presented in Section 3. Validation tests conducted in
an indoor office environment and on a dataset of a real-world con-
struction site are described in Section 4. The results of the validation
tests are presented in Section 5 and discussed in Section 6. Section 7
concludes the paper and suggests potential future research directions.

2. Robot localization using building information models

The localization problem essentially involves estimating the position
and orientation of robots with respect to a coordinate system. Locali-
zation is described as one of the most fundamental tasks in enabling
autonomous capabilities for mobile robots [23]. The localization prob-
lem can be grouped into pose tracking and the global localization
problem [24]. In pose tracking, the initial pose of robots is known and
localization seeks to correct errors in the odometry. As for the global
localization problem, robots have no initial knowledge of their pose and
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therefore must determine the pose from scratch.

Localization can be achieved using a variety of sensor technologies. A
popular technology used for localizing robots is the global navigation
satellite system (GNSS). However, GNSS-based localization encounters
challenges in urban or indoor environments where signals may be
blocked by buildings, causing unreliable performance. By deploying
signal emitters in buildings, robots are able to localize themselves
through trilateration, for example using ultra-wideband communication
[25]. Similarly, visual tags deployed in buildings allow localization
[26]. Both methods require the distribution of calibrated emitters or tags
throughout the buildings, which renders the methods cumbersome to
install and inflexible, particularly in large buildings. Therefore, on-
board sensors are a viable alternative to the above methods and do
not require modifications of the buildings.

For robot localization, probabilistic methods have become widely
accepted [27]. Based on environment maps, a particle filter or Monte
Carlo localization (MCL) may be used for global localization [24]. In
MCL, the belief of robot poses is represented by sets of samples. Initially,
sample sets are uniformly distributed over maps. In each iteration,
control inputs are incorporated to predict the next state of each sample,
and measurement updates are incorporated by matching observed
landmarks to the map to calculate importance weights for each sample.
Based on the importance weights, resampling is performed. After a few
iterations, the probability mass of the sample sets (ideally) converges to
the true robot poses.

If no maps are given, and must thus be created, the SLAM problem
may be used as a means to create maps while localizing the robot in the
maps [28]. There exist two main forms of the SLAM problem: the online
SLAM problem and the full SLAM problem. Online SLAM attempts to
recover current robot poses. For example, measurements recorded from
inertial measurement units may be integrated, and scan matching may
be performed on subsequent lidar measurements to compute robot
poses, resulting in LIO. ICP algorithms are a popular choice for per-
forming scan matching [29]. ICP algorithms iteratively determine cor-
respondences between two scans and compute transformations that
minimizes the distances between the correspondences. Typically, online
SLAM is performed at high frequencies, and full SLAM is performed less
frequently to guarantee real-time capabilities.

Full SLAM attempts to recover maps together with entire paths,
rather than current poses, to reduce drift. State-of-the-art SLAM frame-
works, such as “LIO-SAM” [30], build on factor graphs to solve the full
SLAM problem. Factor graphs are probabilistic graphical models similar
to Bayesian networks providing abstraction for solving inference prob-
lems, such as the full SLAM problem, in robotics [31]. Formally, factor
graphs are bipartite graphs that have two types of nodes, variables and
factors. The variables represent unknown states, which are robot poses
and landmarks of the environment in the SLAM problem. Factors
represent measurements that constrain the variables, known for
example from LIO. To determine the variables, maximum a posteriori
inference is performed on the factor graph by solving nonlinear opti-
mization problems. To guarantee real-time capabilities of SLAM, the
computational efficiency can be improved by employing sparsity. For
example, sparsity may be employed by reducing the number of lidar
scans in the factor graph by selecting a reduced number of so-called
“keyframes” [30]. Sparsity may also be employed in scan matching,
where lidar point clouds are processed to contain fewer points, but
descriptive features [32].

BIM is a method that allows using standardized digital building
models throughout the lifecycle of buildings, to improve the information
flow and increase efficiency [33]. Throughout the lifecycle of buildings,
mobile robots may advantageously be used to automate a variety of
tasks to increase the operational efficiency or to improve the safety of
workers. In the construction phase, mobile robots may be used to
transport heavy equipment [22], to automate construction activities
[34], and to monitor the construction progress [21]. In the operation
phase, robots may be used for maintenance inspections and safety
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inspections [1]. In the demolition phase, robots may be used to sort and
recycle demolition waste [35]. The deployment of mobile robots in the
aforementioned phases requires accurate and real-time localization. In
this context, BIM models contain valuable geometric and semantic in-
formation to support robot localization. Therefore, BIM models need to
be interpreted as maps to be utilized by robots for localization. BIM
models have been leveraged as maps for robot indoor localization and
navigation in [7 —17]. In addition to BIM models, three-dimensional
CAD models [19,36] and two-dimensional floor plans [37 -41] have
also been used. An overview of the relevant literature on lidar-based
robot localization using BIM models or floor plans is given in Table 1.

Commonly, the robots are localized in a horizontal plane in 2D,
assuming movement restricted to a horizontal plane. For localizing in
2D, the Adaptive MCL (AMCL) algorithm is used in several studies
[7,9,10,12,41]. AMCL requires a two-dimensional binary occupancy
grid map of the environment. In [15], MCL techniques are compared
with graph-based SLAM methods for 2D localization in maps derived
from BIM models in Gazebo. In the tests conducted, MCL techniques
have performed better for global localization, but graph-based SLAM
methods have shown higher accuracy in the pose tracking problem.
Factor graph-based localization methods in 2D are developed in
[8,11,37,38,40]. 2D localization methods are fundamentally limited, as
2D localization implicitly assumes a “flat and rectangular world” with
planar vertical walls, planar horizontal floors, and/or planar horizontal
ceilings [19]. The assumption is no longer valid at higher levels of ac-
curacy or in more complex environments, and an extension to 3D is
necessary.

To address the limitations of 2D localization, several studies have
explored extending localization methods into 3D. In 3D localization, the
increased computational demands require efficient methods, often
leading to a trade-off between accuracy and speed. In [13], BIM models
are converted into point clouds to run an ICP algorithm to localize a
handheld lidar. The approach is extended in [14], where semantic in-
formation from the BIM model is used to label the point cloud. The
semantic-aided ICP algorithm gives correct data associations higher
weights. The initial position is provided manually. However,
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experiments conducted in [14] have shown that the localization method
is outperformed by state-of-the-art SLAM systems in the horizontal
plane. In [16], the generation of session data, i.e. pose graph-based maps
including descriptors, from simulating a robot moving through the BIM
model is introduced. In the as-built environment, the robot attempts to
align with the session data by matching point cloud feature descriptors.
The approach is extended in [17]. A drift reduction compared to state-of-
the-art SLAM systems is reported. However, the approach is computa-
tionally expensive and the system is not running in real-time.

The LIO-BIM framework designed to overcome the above limitations
is presented in the following section. LIO-BIM leverages BIM models and
LIO for real-time localization in indoor and construction environments.

3. Coupling LIO with BIM

This section presents the methodology and the implementation of the
LIO-BIM framework. The LIO-BIM framework is devised to integrate
BIM into 3D graph-based SLAM systems. LIO-BIM accounts for scan-BIM
deviations by explicitly mapping the as-built state. Efficient feature-
based scan matching with BIM models is conducted, enabling real-
time localization and mapping relative to BIM models and allowing
for improved indoor localization by reducing long-term drift of SLAM
systems. In outdoor environments without BIM information, LIO-BIM
reverts to regular SLAM. LIO-BIM builds atop LIO-SAM, a state-of-the-
art framework for SLAM [30], and it receives sensor data from a 3D
lidar, an inertial measurement unit (IMU) with 9 degrees of freedom
(DoF) as well as from a camera defined in a coordinate system refer-
enced to the robot, the robot frame R. The sensor data is used to estimate
the state of the robot and its trajectory in the map frame M. In addition
to the robot frame R and the map frame M, the BIM model frame B
represents the coordinate system of the BIM model. Furthermore, the
following transformations are defined:

o Transformation from the robot frame to the map frame MTy € SE(3)
e Transformation from the map frame to the BIM model frame
BTy € SE(3)

Table 1
Relevant literature on lidar-based robot localization using BIM models or floor plans.
Ref. Map 2D/3D Method Validation tests Handling of deviations Limitations
source localization
[7] BIM 2D AMCL Simulation - Assumes precise representation of
reality, 2D
[9] BIM 2D AMCL Simulation - Accuracy not evaluated, 2D
[10] BIM 2D AMCL Simulation — Accuracy not evaluated, 2D
[12] BIM 2D Modified AMCL with object recognition Simulation andreal ~ Insertion of recognized Errors in the meter range, 2D
and map updating world objects in map
[41] Floor 2D Modified AMCL with object recognition Real world Insertion of recognized 2D
plan and map updating objects in map
[15] BIM 2D Comparing MCL to SLAM-based Simulation Pose graph-based maps 2D
approaches
[8] BIM 2D Feature matching using spatial-semantic Real world Factor graph Accuracy not evaluated, 2D
database and factor graph
[11] BIM 2D Graph-based SLAM Simulation andreal ~ Pose graph-based maps 2D
world
[37] Floor 2D Graph-based SLAM with scan-to-map Real world Explicit mapping of 2D
plan matching using GICP changes
[38] Floor 2D Graph-based SLAM with scan-to-map Real world Explicit mapping of 2D
plan matching using GICP changes
[40] Floor 2D Graph-based SLAM with scan-to-map Real world Max-mixture error model 2D
plan matching using edge features
[13] BIM 3D Point-to-plane ICP Real world - Scan-BIM deviations cause errors
[14] BIM 3D Semantic ICP Real world Weight function in Outperformed by SLAM systems in
semantic ICP the horizontal plane
[16] BIM 3D Alignment with session data generated Simulation and real ~ Explicit mapping of as- Not real-time capable
from BIM model world built condition
[17] BIM 3D Extension of [16] Real world Explicit mapping of as- Not real-time capable
built condition
LIO- BIM 3D Graph-based SLAM incorporating scan Real world Explicit mapping of as-
BIM matching with BIM model built condition
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e Transformation from the robot frame to the BIM model frame
tBTR:BTM ItWTR S SE(S)

The subscript t denotes dynamic transformations. Fig. 1 shows an
overview of the system structure and the features of LIO-BIM. Fig. 2
depicts a flow chart of LIO-BIM to highlight the data and program flow.
Prior to runtime, edge and planar feature points are extracted from BIM
models, described in Subsection 3.1. During runtime, when robots tra-
verse buildings, LIO-BIM leverages lidar and IMU data to perform LIO as
presented in [30], and the video stream of the camera is observed for
fiducial tags. Upon detecting fiducial tags, the static transformation from
the map frame to the BIM model frame 2Ty, is computed, explained in
Subsection 3.2. Once BTy has been obtained, scan matching of local
maps around robots with the extracted BIM model features is conducted,
detailed in Subsection 3.3. Scan matches of the local map with the BIM
model with high compliance are used to integrate BIM factors, i.e. unary
factors, that correct the trajectory and map to align with BIM models,
into factor graphs, shown in Subsection 3.4. The general approach to-
wards knowledge representation in LIO-BIM is briefly described in
Subsection 3.5.

3.1. Extracting edge and planar features of BIM models

LIO-BIM performs scan matching multiple times and at high fre-
quencies. To enable real-time capabilities, a feature-based ICP algorithm
is employed, which operates on geometrical feature points extracted
from lidar point clouds. Feature points are selected on sharp edges and
planar surface patches by evaluating the smoothness of points over a
local region. For a detailed background of the feature point extraction in
lidar point clouds and of the methodology for finding feature point
correspondences, the reader is referred to [32]. To employ feature-based
scan matching of the local map with BIM models, geometrical feature
points are extracted in the BIM models. Again, the feature points
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represent sharp edges and planar surfaces, allowing to match edges and
planes. The approach towards scan matching with BIM models pre-
sented in this paper is runtime efficient because feature lidar point
clouds are reused from the LIO process and the feature points of the BIM
models are extracted prior to runtime. Furthermore, the method of
extracting edge and planar features from BIM models provides a
computationally more efficient solution, compared to point-to-point
matching with featureless point clouds extracted from BIM models as
presented in [13]. In the following, the process of extracting edge and
planar features of BIM models is described.

Initially, a BIM model of interest is exported to the Industry Foun-
dation Classes (IFC) format. LIO-BIM iterates over all geometrical ele-
ments in the IFC file, i.e. IfcProducts, leveraging the IfcOpenShell library
[42]. Inbuilt filter functions from the IfcOpenShell are used to exclude
elements that potentially deteriorate the scan matching with BIM
models during runtime. Examples of such elements are windows, which
reflect laser beams and are therefore not detected by lidars, or doors,
which may have different opening angles. All remaining elements in the
IFC file are converted into a triangulated mesh file and temporarily
stored.

The mesh file represents all surfaces in the BIM model. A point cloud
is generated by uniformly sampling points with sufficient density pg
from the triangulated meshes using the Point Cloud Library (PCL) [43].
Along with the cartesian coordinates, the surface normal of the points
are saved. With the cartesian coordinates and the surface normal, the
principal curvature of the sampled points can be estimated. The prin-
cipal curvature is used to determine, if a point can be regarded as an
edge or planar feature point. For each sampled point, the neighboring
points in a small radius are searched. Based on the surrounding points,
the principal curvatures k; and ki, representing the minimum and
maximum values of the curvature, are calculated. For extracting feature
points, principal curvatures near zero indicate planar feature points,
while principal curvatures far off from zero indicate edge feature points.

Extracting features of BIM models

BIM mode] M
frame B
—

- Using fiducial tags *
! to obtain 2T,
- (Subsection 3.2)

-LIO factor

frame M

(Subsection 3.1)

e

1 BIM model |~
i frame B : 3

Adding BIM factors
to the factor graph  ~
(Subsection 3.4) = “FE

o P v -

Fig. 1. Overview of the system structure of LIO-BIM.
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Place AprilTag at the same location in
the BIM model and in the real building

Extract edge and planar features of
BIM model

Before runtime

During runtime

Camera - - P

to obtain 5T,

Observe camera data for AprilTag

New lidar point cloud

New keyframe
added?

.

Deskew point cloud

!

Scan matching of the local feature
map with the BIM model features

|

| Extract edge and planar features | l

Calculate inlier RMSE and fitness

| Lidar scan matching

| score

Add new
keyframe?

Accept scan
match?

| Add LIO factor to factor graph | |

Add BIM factor to factor graph |

|

)

| Optimize factor graph

LIO-SAM

— ||

Optimize factor graph l—

LIO-BIM

Fig. 2. Flow chart of LIO-BIM.

As the direction of the curvature is not evaluated, the principal curva-
tures k; and ky are combined in a curvature score kg according to kg =
abs(k;) + abs(kz). Points with a curvature score lower than the
threshold for planar feature points 73, are considered planar feature
points, and points with a curvature score higher than the threshold for
edge feature points 75, are considered edge feature points. For efficiency

in the scan matching process described in Subsection 3.3, the edge and
planar feature point clouds should be sparse. To include the most
prominent edges and planar features, the points are sorted according to
their curvature score. Neighboring points to the most prominent points
in a small radius rpy are discarded and the point cloud is downsampled
with a filter according to the same parameters as the lidar point cloud

Sampling points on the surface
of all IfcProducts, except for:

* IfcSpace

* IfcOpeningElement

* IfcWindow

* IfcDoor

* IfcFurniture

* IfcBuildingElementProxy

/ \\ Extracting edge /
and planar

B s

feature points

Fig. 3. Extracting edge and planar feature points of BIM models.
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during run time. Finally, the sparse feature point cloud of the BIM model
is stored in the Point Cloud Data (PCD) file format. Throughout this
paper, the downsampled edge and planar feature point clouds of the BIM

model are denoted as Ee; and T’Z, respectively. The process of extracting
edge and planar feature point clouds of BIM models is depicted in Fig. 3.

The extraction of edge and planar feature points is one of two pre-
requisites to perform the feature-based scan matching of the local
feature map with the BIM model. As a second prerequisite, a trans-
formation from the map frame to the BIM model frame BT}, is retrieved
using fiducial tags, described in the following subsection.

3.2. Using fiducial tags to obtain a transformation from map to BIM
model frame

The second feature of LIO-BIM pertains to fiducial tags, artificial
landmarks designed for easy recognition [44], allowing for obtaining a
transformation from the map frame to the BIM model frame 2Ty, which
is used to calculate the starting value of the feature-based scan matching
of the local map around the robot with the BIM model. Obtaining a
transformation from the map frame to the BIM model frame corresponds
to the global localization problem. While global localization solutions
that rely on input provided by proprioceptive sensors and BIM models
are desirable, challenges arise with large scan-BIM deviations, for
symmetrical environments, and for environments with repeating and/or
similar scenes, such as multi-story buildings with identical story layouts.
Consequently, LIO-BIM utilizes fiducial tags that require minimal effort
to quickly and unambiguously resolve the global localization problem.
Fiducial tags have a payload that allows for unambiguous correspon-
dences. Therefore, global localization using fiducial tags does not suffer
from expensive computation in large environments or from problems in
symmetrical or repeating environments. The downside of using fiducial
tags pertains to limiting the starting positions of robots. The scan
matching with features extracted from BIM models, as described in
Subsection 3.3, can only start once a fiducial tag has been recognized.
Placing fiducial tags at usual starting locations such as robot charging
stations or at frequently traversed places, such as floors, can mitigate the
limitation. Before a fiducial tag has been recognized, the framework
employs basic LIO. In the remainder of this subsection, the acquisition of
the transformation T, from the map frame M to the BIM model frame
B using fiducial tags is described.

LIO-BIM uses AprilTags, which are 2D barcode-style tags with a small
payload, i.e. an ID number [45]. AprilTags can be printed on a piece of
paper and stuck on a wall. When a camera defined in the camera frame C

frame A

Ta
R
Robot ‘L_ Camera
M frame R frame C

-y

Map
frame M

AprilTag | _ooemmmmm==""""""7"

Advanced Engineering Informatics 66 (2025) 103477

is pointed at a 2D AprilTag of known size, an accurate 6-DoF trans-
formation from the tag to the camera ETA can be obtained. To obtain a
transformation from the map frame to the BIM model frame BTy, an
AprilTag with the same ID number must be placed at the same location
in the BIM model and in the real building. From a practical standpoint,
regarding the placement in the BIM model, LIO-BIM provides an April-
Tag family compatible with Autodesk Revit, which can be aligned with
arbitrary surfaces in the BIM model. The tag is exported as an IfcBuil-
dingElementProxy in IFC format. The calculation of the transformation
BTy is depicted in Fig. 4. The AprilTag frame is denoted as A and the
camera center frame as C. When a robot equipped with a camera detects
the AprilTag, multiple transformations are referenced:

o The transformation 2T, from the AprilTag frame A to the BIM model

frame B is included in the coordinates of the AprilTag in the BIM

model. To obtain the coordinates, the IFC file is parsed for IfcBuil-
dingElementProxys with object types named “AprilTag” and the
matching ID number.

Using the AprilTag visual fiducial detector [46], the transformation

¢T4 from the AprilTag frame A to the camera center frame C at time ¢

is computed.

o The transformation RT¢ from the camera center frame C to the robot
frame R is static and can be measured. The transformation is pro-
vided in the robot description in a Universal Robot Description
Format (URDF) file.

o The transformation ¥Ty from the robot frame R to the map frame M
at time t is estimated by the odometry of the SLAM algorithm, which
is consistent with the original LIO-SAM implementation up to this
point.

With the transformations listed above, the transformation 2Ty, from
the map frame M to the BIM model frame B can be calculated as follows:

BTy=ET, (T RTc CTa) " €3]

The calculation in Equation (1) is based on multiplying four trans-
formations and is therefore prone to several errors. To account for poor
quality estimates of the transformation ¢T,, LIO-BIM checks the tag
detections in subsequent camera images and only accepts the trans-
formation if the robot moves slowly. Nevertheless, errors may occur due
to an inaccurately supplied transformation RT¢, due to deviations be-
tween the placement of the AprilTag in the BIM model and in the real
building, and due to possible drift in the SLAM odometry MTx. However,

“T~.. AprilTag
frame A

BIM model
frame B

Fig. 4. Obtaining the transformation from the map frame to the BIM model frame using fiducial tags.
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the transformation 3Ty, obtained from Equation (1) only needs to be a
sufficiently accurate starting value for the scan matching discussed in
Subsection 3.3, as studies show that ICP algorithms converge robustly to
perturbations of a few meters and degrees in real-world environments
[47]. Accepted scan matches correct the trajectory of the robot in the
map and thus errors introduced in Equation (1), since the origin of the
map is arbitrary. The transformation BTj, is modified to account for
coordinate system requirements in the BIM model and the map ac-
cording to the Robot Operating System (ROS) enhancement proposal
(REP) 105 [48]. The conventions prescribe that the z-axes point up-
wards, i.e., in the opposite direction of gravity. Small pitch and roll
angles incorporated in BTy, that follow from the errors mentioned
above, are thus corrected to zero. The final transformation BT, is used
as a starting value for the scan matching of the local feature map with
the BIM model, described in the next section.

3.3. Scan matching with the extracted features of the BIM model

Once the transformation BTy, is established, the scan matching with
the BIM model begins, utilizing the downsampled feature point clouds
ﬁ; and f’g of the BIM model. For efficiency, LIO-BIM reuses lidar point
clouds processed in the LIO process for efficiency of scan matching with
the BIM model. The LIO process is adopted from [30] and [32], where
the latest lidar scan represented in R is deskewed, edge and planar
features are extracted by evaluating the smoothness of points in a local
region, and the feature point clouds are downsampled. To obtain the LIO
in the map frame M, the processed lidar point cloud is transformed to M
using the predicted robot motion from the IMU, and matched against
immediately preceding lidar point clouds. The scan matching aims to
find edge and planar correspondences between the latest and the
immediately preceding lidar point clouds. Subsequently, the Levenberg-
Marquardt algorithm is employed to refine the odometry by minimizing
the distance between features and their corresponding edge or planar
patches, formulated as a non-linear optimization problem. While the LIO
is computed for every lidar scan, a smaller number of keyframes are used
for scan matching with the feature point clouds of the BIM model.
Keyframes are added after exceeding user-defined thresholds on changes
in distance 74 and orientation 7, of the robot.

The feature-based scan matching with the BIM model is shown in
Fig. 5 and the pseudo code is provided in Listing 1. LIO-BIM reuses the
processed lidar point clouds of keyframes in a small radius ry;; around
the robot, denoted as “local feature map” P}, in this paper (line 5),
where the index i refers to the number of the latest keyframe added to
the factor graph. The local feature map containing edge and planar
features is iteratively aligned to the BIM model by computing the
transformation & TQMPt' which minimizes point-to-line and point-to-plane
distances. To start the optimization, ? T;ft‘ is initialized with BTy, ob-
tained from Equation (1) (line 6). For a maximum number of iterations
ngm (lines 7-23), fovft' transforms the local feature map from the map
frame to the BIM model frame (line 8). Each edge feature in the local
feature map finds a corresponding edge line in the edge feature point
cloud from the BIM model (line 10), computes the point-to-line distance
(line 11), and stacks the equations (line 12). Accordingly, each planar
feature in the local map locates a corresponding planar patch in the
planar feature point cloud of the BIM model (line 15), computes the
point-to-plane distance (line 16), and stacks the equations (line 17). A
nonlinear iteration step based on the Levenberg-Marquardt algorithm is
conducted to update the transformation ?TOMPL to minimize the point-to-
line and point-to-plane distances of the correspondences and thereby to
improve the alignment of the local feature map with the BIM model (line
19). If the convergence of the solution is detected, the optimization is
stopped (lines 20-21). Finally, the transformation ?'I‘;’Vft' and the point-
to-line and point-to-plane distances of the feature points of the last
iteration are returned.Listing 1: Scan matching of local feature map and
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BIM model.
1 input: Py = {T’;,T’;}, BTy, Py ={ Py, Py}
2 output: FT" dy
3 begin
4 dy=dy={}
5 Extract the local feature map P}, from Py
6 Initialize the optimal transformation from the map to the BIM model frame at

keyframe i 2Typ" = 5Ty

7 for a maximum number of iterations ngyy do
8 Transform the local feature map to the BIM model frame ;Py = BT P,
9 for each edge point ;p§ in P do
10 Find a corresponding edge line in ﬁ; formed by two points ,p}; and ,pj
1 Compute point-to-line distance xdj; = 1epts = upi) x (fff* SRl
P — vP3ll
12 Insert in vector of point-to-line distances d, = {dj, idj}
13 end
14 for each planar point 4p4 in ;P¥ do
15 Find a corresponding planar patch in P%, formed by three points .55, ,b5,
and ,p
16 Compute point-to-plane distance xdf =
(e — uP) (P — vPh) X (uby — wbh) )l
(P — vPh) x (uPh — wP3)ll
17 Insert in vector of point-to-plane distances dj = {dj, (dj}
18 end
19 Solve for the optimal transformation ? T;}“ at keyframe i using an iteration
step of the Levenberg-Marquardt method
minf,«;. (nge‘l”; xd +le’§€?§" kdf‘)
20 if BT’ converges then
21 break
22 end
23 end
24 return Ty, dg = {d5,d5}
25 end

LIO-BIM evaluates the alignment of the local feature map with the
feature point cloud of the BIM model by calculating the root mean
square error (RMSE) of all inlier correspondences and a fitness score,
which measures the share of inlier correspondences. The inlier RMSE
(RMSE,) is defined as follows: Let Ps denote a source point cloud con-
sisting of points p;, which is registered to a target point cloud P; by
applying the rigid transformation 'T;. Furthermore, let NN () denote the
nearest neighbor function, which searches the nearest neighbor of the
transformed source point in the target point cloud. For a given distance
threshold d, the inlier RMSE amounts to:

1
RMSEd = \/'Sdl Z HNN([TSPS) — Ty 5H27Wheresd

Ps€Sq

= {p/|INN(‘T;p,) — "Tep|| < d}CP; 2

The fitness score then equals the number of points in the inlier set S4
divided by the number of points in the source point cloud P;. In the case
of evaluating the alignment of the local feature map with the feature
point cloud of the BIM model, the local feature map corresponds to the
source point cloud, the feature point cloud of the BIM model corre-
sponds to the target point cloud, and the rigid transformation registering
the point clouds is given by ?'I‘OMPL . Instead of searching for nearest
neighbors, the distances between feature points dg have already been
calculated in Listing 1 and are reused, allowing for an efficient imple-
mentation. To ensure reliability and accuracy of the transformations in
the presence of scan-BIM deviations, LIO-BIM only incorporates
converged solutions of ?’I";},’t' with a low inlier RMSE and a high fitness
score, which indicate a high compliance of the scan matching.

The acceptance of scan matches of the local feature map with the BIM
model including the implementation of calculating the inlier RMSE and
the fitness score is detailed in Listing 2. After checking the convergence

of f'Iﬁf " (line 4), the point-to-line and point-to-plane distances of the
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Fig. 5. Scan matching of the edge and planar features of the local map around the robot with the feature point cloud extracted from the BIM model.

last iteration step of Listing 1 stacked in dj are evaluated. If distances are
smaller than the distance threshold 754, the corresponding points are
considered inliers and count towards the computation of the inlier RMSE
(line 9-10). After iterating over all distances in dg, the inlier RMSE is
calculated as the mean of the squared distances of the inliers (line 16).
The fitness score is calculated in (line 17). If the inlier RMSE is smaller
than the RMSE threshold 73 gmse and the fitness score is bigger than the
fitness score threshold 7gg;, scan matches are accepted (line 19).
Otherwise, scan matches are rejected (line 22).

Listing 2: Acceptance of scan matches of the local feature map with the BIM
model

1 input: 3T dp
2 output: acceptance
3 begin
4 if BTY" converged then
5 Initialize error for computing RMSEze = 0
6 Initialize number of inliers n; = 0
7 for each entry dsp in dg do
8 if xdp smaller than 754 then
9 e=e+ idi
10 n=n+1
11 end
12 end
13 ifn;==0
14 return acceptance = false
15 end
16 RMSE; = \/E
n;

17 3 L

fit = Tds]
18 if RMSE; < 7grumse and fit > 755 then
19 return acceptance = true
20 end
21 end
22 return acceptance = false
23 end

Accepted scan matches are subsequently used to add BIM factors to the
factor graph. The BIM factors align the trajectory and the map with the
BIM model, explained in the next subsection.

3.4. Adding BIM factors to the factor graph

Every time the local feature map around a keyframe matches the BIM
model with high compliance, a BIM factor associated to the keyframe is
added to the underlying factor graph of LIO-BIM. The factor graph is
implemented using the Georgia Tech Smoothing and Mapping (GTSAM)
library [31]. A BIM factor is a unary factor, that corrects the trajectory
and mapping to align with the BIM model. Since the factor graph is

represented in the map frame M, the accepted solution ?'I"X,Ipt' calculated

in Listing 1 is modified to obtain the BIM factor ;T5M. B T;’;t' represents a
transformation, that accurately aligns the local feature map around the
last keyframe i to the BIM model frame. In other words, fTX;t' is a local
correction of the transformation from the map frame to the BIM model
frame BTy, obtained in Subsection 3.2. To obtain BIM factors that anchor
the aligned pose of the local feature map in the factor graph, the inverse
of BTy, is multiplied with ?T‘;ft' and the pose of the last keyframe i in the
map MTx:

MBI T, ®
The noise associated with the BIM factor ;To™ is modeled using inde-
pendent Gaussian noise with the variance equal to the inlier RMSE ob-
tained from Equation (2) for each of the six dimensions of the BIM factor.
Upon adding a BIM factor to the factor graph, the factor graph is opti-
mized using the Bayes tree data structure and the approach introduced
in [49]. The optimization process aims to compute the maximum a
posteriori solution, which estimates robot trajectories and maps accu-
rately. To avoid adding multiple BIM factors in confined spaces and to
lower the computational complexity, the scan matching with the BIM
model is skipped for a small number of keyframes ng ¢ after a BIM factor
has been added. The factor graph of a robot traversing an indoor office
environment is visualized along with the BIM model in Fig. 6. In the
following subsection, the general approach towards knowledge repre-
sentation in LIO-BIM is described.

BIM factor /

LIO factor

Fig. 6. Factor graph of a robot traversing an indoor office environment con-
sisting of keyframes (red), LIO factors (blue), and BIM factors (green).
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3.5. Knowledge representation in LIO-BIM

The LIO-BIM framework uses both semantic and geometric knowl-
edge stored in IFC-based BIM models. First, semantic knowledge about
the type of building elements is used to exclude objects that are either
unlikely to be detected by lidar sensors, such as windows (IfcWindow),
or that typically exhibit spatial variability in as-built conditions, such as
doors (IfcDoor) and furniture (IfcFurniture). The semantic filtering
operationalizes prior domain knowledge about sensor limitations and
environmental uncertainty. Second, geometric knowledge in the form of
surfaces and surface normals of the remaining building elements is used
to extract edge and planar feature points, yielding a reduced yet salient
representation of the environment. The edge and planar feature points
form an abstract geometric model that supports efficient and robust scan
matching in real time, where the abstraction corresponds to a
knowledge-driven transformation, translating semantically enriched
building models into representations optimized for sensor-based regis-
tration tasks.

Beyond the BIM-specific knowledge, the LIO-BIM framework also
integrates robot-specific knowledge. For instance, the placement of
fiducial tags, the design of the feature-based matching pipeline, and the
keyframe selection strategy reflect established practices in robot local-
ization under uncertainty. The integration of building model semantics
and robotic heuristics into a unified SLAM-BIM coupling illustrates a
hybrid use of domain knowledge from both the built environment and
autonomous systems. The results of the feature-based scan matching
with the BIM model are incorporated into a probabilistic factor graph as
BIM factors. The BIM factors constrain the robot trajectory and map
estimation relative to the BIM coordinate frame and act as knowledge-
based anchoring mechanisms that fuse geometric observations with
semantically structured prior information.

From the perspective of engineering informatics, the approach pre-
sented in this study constitutes an instance of knowledge representation
and operationalization. The reduction of semantically rich BIM models
to geometric feature abstractions represents a model-driven trans-
formation, aligning structured domain semantics with computational
efficiency. In the following section, experiments conducted to validate
the LIO-BIM framework are described.

4. Validation tests

As will be presented in this section, tests are conducted to validate
the LIO-BIM framework, each of which serving a distinct purpose. The
validation tests are designed to showcase (i) the accuracy of trajectories
created by the framework, (ii) the accuracy of maps in the form of point
clouds created by the framework, and (iii) the real-time capabilities of
the framework. The LIO-BIM framework is validated in two tests rep-
resenting different environments. The three metrics mentioned above
are calculated for each validation test. In the first test, LIO-BIM is vali-
dated using a quadruped robot traversing a cluttered indoor office
environment represented by a BIM model. The second validation test is
conducted on the ConSLAM dataset [51] showcasing a cluttered con-
struction site environment. Both test environments contain significant
scan-BIM deviations. An overview of the validation tests is given in
Table 2, and detailed descriptions are provided in the following para-
graphs. Background on the aforementioned three metrics will be pro-
vided in the Subsections 4.1-4.3 respectively, followed by a listing of the
set of parameters used in the validation tests in Subsection 4.4. The
validation test in the indoor office environment is presented in Subsec-
tion 4.5 and the validation test on the ConSLAM dataset is discussed in
Subsection 4.6.

4.1. Accuracy of trajectories

The accuracy of trajectories is assessed by the absolute pose error
(APE). The APE is a metric used for investigating the global consistency

Table 2
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Overview of the validation tests.

Tests

Indoor office environment

ConSLAM dataset

Environment

Trajectory length

Duration

Purpose

Equipment

Computing device

Validation of
accuracy of
trajectories

Validation of
accuracy of
point clouds

Validation of real-

time
capabilities

Cluttered indoor office
environment
113m

325s

Validate the framework in
existing buildings with
scan-BIM deviations

Robot equipped with

e Velodyne VLP-16 lidar

e LORD MicroStrain 3DM-
GX5-25 IMU

o Intel RealSense D435i
camera

Intel NUC11TNKV7

Method: Comparison
against point cloud of
Faro Focus S 70 TLS
Metric: Inlier RMSE and
fitness score

Recording of processing
times and frames skipped

Construction site

Sequence 2: 225 m
Sequence 3: 340 m
Sequence 4: 275 m
Sequence 5: 320 m
Sequence 2: 421 s
Sequence 3: 630 s
Sequence 4: 518 s

e Sequence 5: 589 s
Validate the framework in

buildings under construction

with scan-BIM deviations at

different times

Handheld system consisting of

e Velodyne VLP-16 lidar

e Xsens MTi-610 IMU

e Alvium U-319¢, 3.2 MP
camera

Intel NUC11TNKV7

e Method: Comparison against
ground truth trajectories
supplied by the ConSLAM
dataset and the SLAM2REF
paper

Metric: RMSE of
translational APEs and
rotational APEs
Comparison against point
cloud of Leica RTC 360 TLS
Metric: Inlier RMSE and
fitness score

Recording of processing times
and frames skipped

of SLAM trajectories [50]. The APE is calculated by comparing trajec-
tories created by the LIO-BIM framework with a reference trajectory,
which is considered the ground truth. Corresponding poses in the tra-
jectories are identified by matching timestamps. The APE is based on the
absolute relative pose E; € SE(3) between an estimated pose ;Pest €
SE(3) and a reference pose ;P € SE(3) at timestamp i:

Ei = iﬁ;si iﬁref (4)

From E;, translational errors are obtained by calculating the trans-
lational APE and rotational errors are obtained by calculating the rota-
tional APE:

tAPE; = ||trans(E;)|| )
TAPE; = |angle (108, (rot(E;) ) ) | (6)

To combine the APEs of all N timestamps in the trajectories, the RMSE is
used:

1 N

RMSEupe = | | 3 > tAPE? )
i=1
1 N

RMSEnpe = 4 | 1 > rAPE; )
i=1

4.2. Accuracy of point clouds

The accuracy of maps, which are created in the form of point clouds
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in LIO-BIV, is assessed by calculating the inlier RMSE as introduced in
Equation (2). The inlier RMSE is a metric commonly used for measuring
the fit of registered point clouds [51]. The inlier RMSE is calculated by
comparing point clouds created by the LIO-BIM framework with a
reference point cloud. Reference point clouds considered as ground
truth are recorded using a terrestrial laser scanner (TLS). The distance
threshold in the inlier RMSE allows to filter out outliers that may be
present when certain areas are observed in the point cloud created by
LIO-BIM, but not in the TLS point cloud. In the validation tests, the
distance threshold is chosen as 0.3 m.

4.3. Real-time capabilities

To validate the real-time capabilities of the LIO-BIM framework,
processing times are recorded. The real-time capabilities depend on the
frequency of the lidar, which is operated at 10 Hz. If processing times
exceed the times of incoming lidar scans, such that new lidar scans are
available before previous ones have been processed, lidar scans are
skipped to compute the LIO. If lidar scans are skipped only occasionally
during operation, the LIO of the framework is considered to be real-time
capable. The scan matching with the BIM model is computed for each
keyframe (unless skipped after an accepted match) in parallel with the
LIO and does not have to comply with the 10 Hz frequency, but with the
addition of keyframes. Again, if the processing times exceed the times of
keyframes being added, keyframes are skipped for the scan matching
with the BIM model. If keyframes are skipped only occasionally during
operation, such that subsequent local feature maps around keyframes
still overlap, the scan matching with the BIM model is considered to be
real-time capable.

4.4. Set of parameters

The set of parameters used in the validation tests have been chosen
experimentally and are shown in Table 3. The set of parameters provides
a tradeoff between accuracy and computation speed. The parameters
T84, TBRrMsE, and 7gge have a significant influence on accepting or
rejecting scan matches with the BIM model and need to be chosen
carefully. Optimally, the set of parameters allows for few, but highly
accurate, accepted scan matches with the BIM model distributed along
the trajectory.

4.5. Quadruped robot traversing an indoor office environment

The quadruped robot used for the first part of the validation tests, the
“Intelligent DOcumentation Gadget” (IDOG) shown in Fig. 7, has suc-
cessfully been utilized in different applications related to mobile struc-
tural health monitoring [52] and robot-based structural assessment
[53]. The IDOG is built around the Unitree Al robot [54] and is

Table 3
Set of parameters used in the validation tests.
Parameter Variable  Value
Initial sampling density of the surface of the BIM model  pj 500 points/
m2
Curvature score threshold for edge feature points TBe 0.6
Curvature score threshold for planar feature points TBp 0.1
Minimum distance between features Taf 0.1m
Changes in distance to add keyframes TMd 1.0m
Changes in orientation to add keyframes ™o 0.2 rad
Local feature map search radius ™I 5.0m
Keyframes skipped after accepted scan match with the Np ks 3
BIM model
Maximum number of LM iterations for scan matching ngm 30
with BIM model
Distance threshold for outliers TBd 0.6 m
Inlier RMSE threshold TB RMSE 0.1 m
Fitness score threshold Tp fit 0.65

10

Advanced Engineering Informatics 66 (2025) 103477

equipped with a lidar, an IMU, a camera, an external computer, and an
additional battery powering the external computer. The hardware
specification is shown in Table 4.

The validation tests are conducted in an indoor office environment
(39 m x 16 m) associated with a BIM model. Planar and edge feature
points are extracted from the BIM model, as described in Section 3.1. An
AprilTag is placed in the BIM model and at the same location in the real
office environment. The IDOG is manually controlled to observe the
AprilTag and to traverse the indoor office environment, while sensor
data from the lidar at 10 Hz, from the IMU at 500 Hz, and from the
camera at 15 Hz with a resolution of 640x480 pixels are recorded and
stored in a rosbag file. The rosbag file is played back to the LIO-BIM
framework to compute the trajectory of the IDOG and the as-built map
of the indoor office environment. Furthermore, the rosbag file can be
played back to other SLAM frameworks for comparison. In the validation
tests, comparisons with LIO-SAM are conducted.

The feature extraction of the BIM model is conducted by filtering out
windows, doors, and furniture that may disturb the scan matching with
the BIM model. The surface of the mesh of the BIM model, which has an
area of 6,506.51 m? is sampled with a density of 500 points per m?,
resulting in 3,253,255 initial sample points. The principal curvature of
the points is estimated by considering all neighboring points within a
radius of 0.15 m. The curvature scores are calculated and points with a
curvature score less than 0.1 are considered planar feature points, and
points with a curvature score greater than 0.6 are considered edge
feature points. The feature points are sorted by their curvature score.
Neighboring points to the most prominent edge and surface feature
points in a radius of 0.1 m are discarded. Finally, the feature point cloud
extracted from the BIM model contains 9,032 edge feature points and
77,743 planar feature points. The extracted edge and planar feature
point clouds of the BIM model are shown in Fig. 8.

The AprilTag is placed on a wall next to the charging stations for the
IDOG and in the associated BIM model. After starting the LIO-BIM
framework, the transformation from map frame to BIM model frame
BTy is obtained by observing the AprilTag.

A reference scan of the indoor office environment is recorded using
the Faro Focus S 70 terrestrial laser scanner [59]. The maximum point
error for registering the individual TLS scans is 0.35 cm, indicating a
high accuracy of the reference scan. The accuracy of the point cloud
created by the LIO-BIM framework is validated by calculating the inlier
RMSE of the point cloud created by LIO-BIM registered to the TLS
reference scan. The ICP function of the program CloudCompare [60] is
used to finely register the point clouds. Since no ground truth data is
available for the trajectory, the accuracy of the trajectory is not

Additional

battery

External 1 : IMU (not

computer N\ visible)

Camera

Fig. 7. Quadruped robot “IDOG”.
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Table 4
Hardware specification of the components of the IDOG.

16 channels

Measurement range: 100

m

Range accuracy: Up to £ 3

cm

Field of view (vertical):

+15.0° to —15.0° (30°)

Angular resolution

(vertical): 2.0°

Field of view (horizontal):

360°

Angular resolution

(horizontal/azimuth):

0.1° - 0.4°

Rotation rate: 5 Hz — 20 Hz

Measurement range: +8 g

Resolution: 0.02 mg

Sampling rate: 1 kHz

Measurement range:

+300°/sec

Resolution: <0.003°/sec

Sampling rate: 4 kHz

Magneto- Measurement range: +2.5

meter Gauss

Sampling rate: 50 Hz

Up to 1920x1080 RGB

resolution

RGB field of view:

Horizontal 69°+1°,

vertical 42°+1°

External Intel NUC11TNKV7 [58] CPU: Intel Core i7-1185G7
computer e RAM: 32 GB

Lidar Velodyne VLP-16 [55]

MU LORD MicroStrain Accelero-
3DM-GX5-25 [56] meter

Gyroscope

Intel RealSense D435i [57]

Camera

validated in the first test. The validation of the trajectory is conducted in
the second test detailed in Subsection 4.6.

4.6. ConSLAM dataset

The second validation test is conducted using the publicly available
ConSLAM dataset [51]. The dataset includes five sequences of data
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recorded periodically on a real-world construction site with a handheld
system. The data incorporates synchronized lidar scans, IMU measure-
ments, and color and near-infrared camera images. Furthermore, TLS
scans are provided for each sequence as the ground truth for the point
cloud of the construction site, and ground truth poses of lidar scans, i.e.
the trajectory, have been recovered. The reader is referred to [51] for a
detailed description of the dataset. In the validation test, the BIM model
supplied by [17] is used, which has been created based on the ground
truth TLS scan of sequence number two of the ConSLAM dataset.
AprilTags are added in the BIM model at the respective locations the
AprilTags are visible in the color camera images of the real-world re-
cordings. An example is shown in Fig. 9, where the AprilTag with the ID
2 of the color camera images of sequence 2 is shown. All computations
are carried out on the same computer as in the previous validation test,
presented in Subsection 4.5. The feature extraction is conducted as
described in the first validation test. The surface of the mesh of the BIM
model has a size of 60,632.2 m?, which results in 30,316,119 initial
sample points by sampling with a density of 500 points per m?. After
extracting features, the feature point cloud contains 82,503 edge feature
points and 1,110,114 planar feature points. The BIM model including
the extracted edge and planar feature point clouds are shown in Fig. 10.

Since the recording of the first sequence of the ConSLAM dataset
contains faulty IMU measurements, the LIO-BIM framework is tested on
the remaining sequences number two, three, four, and five. In the end of
each run, the trajectory is saved in the “tum” format [50], which con-
tains timestamps and poses for every keyframe. The trajectory is
compared against the ground truth trajectory of the ConSLAM dataset
and against the trajectory of LIO-SAM to showcase that LIO-BIM is able
to correct the long-term drift of traditional SLAM frameworks. The
comparison is conducted using the evo package [61], devised for the
evaluation of odometry and SLAM frameworks. Since the ground truth
data provided in the ConSLAM dataset does not follow the REP 105
convention, the final trajectories of LIO-BIM and LIO-SAM are aligned to
the ground truth trajectories using the Umeyama alignment [62].
Furthermore, the trajectories of LIO-BIM are compared against the
ground truth trajectories proposed by the SLAM2REF framework in
[17]. As discussed in [17], significant discrepancies are present in the
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Fig. 8. Extracted edge and planar feature points of the BIM model of the indoor office environment.
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Fig. 9. AprilTags visible in the color camera images of the ConSLAM dataset are placed in the BIM model to obtain the transformation from map frame to BIM

model frame.

SO

Fig. 10. Extracted edge and planar feature points of the BIM model of the
ConSLAM dataset.

ground truth poses provided in the ConSLAM dataset in small sections of
the trajectories.

The point clouds created by LIO-BIM are compared against the
ground truth TLS scans provided in the ConSLAM dataset. The maximum
error for registering individual TLS scans is given with an RMSE of
0.902 cm for sequence number four to 0.994 cm for sequence number
five [51], indicating a high accuracy of the ground truth TLS scan. Since
the BIM model has been created based on the TLS scan of sequence
number two of the ConSLAM dataset according to [17] and the TLS scans
of all sequences are georeferenced according to [51], the point clouds
created by LIO-BIM are expected to lie in the same coordinate frame (i.
e., the BIM model frame B). However, the BIM model shows to be
slightly shifted and the TLS scans in the ConSLAM dataset are not finely
registered to each other. Therefore, the point clouds created by LIO-BIM
are registered to the TLS scans of the ConSLAM dataset in the same way
as described in Subsection 4.5. The results of both validation tests are
presented in the next section.
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5. Results

In this section, the results of the validation tests are presented. After
showing the trajectories and point clouds aligned with the BIM models
created by LIO-BIM for both validation tests, the results regarding the
three metrics defined in the previous section are presented for both
validation tests.

Fig. 11 shows the trajectories and point clouds created by LIO-BIM
aligned with the BIM models in the visualization software RViz.
Fig. 11a displays the trajectory, the point cloud, and the BIM model
corresponding to the indoor office environment, while Fig. 11 (b-e) vi-
sualizes the trajectories, the point clouds, and the BIM model corre-
sponding to sequences two to five of the ConSLAM dataset, at the end of
each run.

Table 5 provides the translational and rotational errors of the tra-
jectories compared against the ground truth provided in the ConSLAM
dataset for the sequences two to five of the ConSLAM dataset according
to Equations (4)-(8). In addition to the RMSE, the maximum error is
provided. Accordingly, Table 6 provides the translational and rotational
errors of the trajectories compared against the ground truth provided in
the ConSLAM dataset. To show the impact of the scan matching with the
BIM model of LIO-BIM on the overall accuracy, the tests are repeated
and compared with LIO-SAM. Fig. 12 depicts the translational APE
mapped on to the trajectory created by LIO-BIM for each sequence
compared against the ground truth trajectory provided by [17]. The
translational APE, which represents the alignment of the trajectory
created by LIO-BIM and the ground truth trajectory, is displayed as a
color gradient.

Table 7 shows the inlier RMSEs and fitness scores of point clouds
created by LIO-BIM compared to the ground truth with a distance
threshold of 0.3 m. Again, the results of LIO-SAM are given for com-
parison. Fig. 13 displays the alignment of the point clouds created by
LIO-BIM and the ground truth TLS scans. Fig. 13a shows the point cloud
created by LIO-BIM and the TLS scan of the indoor office environment,
and Fig. 13b of sequence number three of the ConSLAM dataset,
respectively. The point clouds created by LIO-BIM are colored according
to a color gradient displaying the distance of each point to the nearest
neighboring point in the TLS scans. The color gradient moves from green
(0 cm) to yellow (15 cm) to red (30 cm and above) to display outliers and
errors in the point cloud created by LIO-BIM.

The results and processing times of the scan matching with the BIM
model of LIO-BIM are given in Table 8. Table 9 shows the results and
processing times of the lidar scan matching of LIO-BIM. The processing
times are visualized in boxplots in Fig. 14. Fig. 14a displays the pro-
cessing times of the scan matching with the BIM model and Fig. 14b
shows the processing times of the lidar scan matching of LIO-BIM.

The results of the validation tests are discussed in the next section.
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(d) Sequence 4 (e) Sequence 5

Fig. 11. Trajectories and point clouds aligned with the corresponding BIM model created by the LIO-BIM framework (Sequence 1 is omitted as described in Sub-
section 3.2).

Table 5
Translational and rotational errors of trajectories compared against the ground truth provided in the ConSLAM dataset.
Sequence 2 (225 m) Sequence 3 (340 m) Sequence 4 (275 m) Sequence 5 (320 m)
LIO-BIM Translational error [cm] RMSE 10.21 10.40 12.85 15.68
Max 103.84 32.06 37.29 73.66
Rotational error [deg] RMSE 1.3665 1.3791 1.1199 1.4438
Max 16.8973 7.5847 4.2863 7.1668
LIO-SAM Translational error [cm] RMSE 27.28 9.94 10.68 16.09
Max 112.84 33.48 29.15 54.83
Rotational error [deg] RMSE 1.5796 1.3275 1.2403 1.4824
Max 12.070 6.4213 5.8163 6.9557
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Table 6

Translational and rotational errors of trajectories compared against the ground truth provided in [17].
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Sequence 2 (225 m)

Sequence 3 (340 m)

Sequence 4 (275 m)

Sequence 5 (320 m)

LIO-BIM Translational error [cm] RMSE 5.97 26.68 10.25 12.57
Max 20.67 195.70 23.20 34.88
Rotational error [deg] RMSE 0.7992 1.4730 1.0910 1.2362
Max 4.4042 7.7004 4.5813 6.8999
LIO-SAM Translational error [cm] RMSE 6.58 26.23 10.09 18.02
Max 28.62 190.18 27.50 44.30
Rotational error [deg] RMSE 0.8347 1.4690 1.0193 1.3595
Max 4.4082 6.2511 4.9040 5.3831
S2: Translational APE (m) I— 0.207 S3: Translational APE (m) I— 1.957
100 g
,g / . 100
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Fig. 12. Translational APE mapped onto trajectories created by LIO-BIM.
Table 7
Inlier RMSEs and fitness scores of point clouds against the ground truth with a distance threshold of 0.3 m.
Indoor office environment ConSLAM
Sequence 2 Sequence 3 Sequence 4 Sequence 5
LIO-BIM RMSE 3 [cm] 6.57 6.33 6.30 6.38 7.89
Fitness score 0.9535 0.9776 0.9650 0.9292 0.9290
LIO-SAM RMSE, 3 [cm] 8.42 11.78 6.27 6.12 9.07
Fitness score 0.9536 0.8988 0.9670 0.9241 0.9047

6. Discussion

The validation tests show that the LIO-BIM framework is capable of
3D localization and mapping with respect to BIM models in real-time. As
can be seen from Fig. 11, LIO-BIM creates trajectories and point clouds
consistent with the respective BIM models.

The trajectories created by LIO-BIM show errors in the low centi-
meter range. Since the BIM model created by [17] is based on the TLS
scan of sequence number two of the ConSLAM dataset, scan-BIM de-
viations between the as-planned BIM model and the as-built state in-
crease with each sequence. The increasing deviations are reflected in the

14

APE results compared against the ground truth trajectories provided in
the ConSLAM dataset displayed in Table 5. The translational error is the
lowest for sequence number two with an RMSE of 10.21 cm and grows to
15.68 cm in sequence number five, recorded four and a half months after
sequence number two. Although the error has grown slightly, LIO-BIM is
able to create a consistent trajectory aligning with the BIM model. The
rotational error lies between an RMSE of 1.1199° (sequence number
four) and 1.4438° (sequence number five). Comparing LIO-BIM against
the ground truth trajectories provided in [17] yields lower errors for the
sequences number two, four, and five, as can be seen in Table 6. In the
sequences number two, four, and five, the RMSE of the translational APE
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(a) Point cloud created by LIO-BIM (color gradient) aligned with the TLS scan of the indoor office
environment

(b) Point cloud created by LIO-BIM (color gradient) aligned with the TLS scan of sequence number
three of the ConSLAM dataset

Fig. 13. Alignment of point clouds created by LIO-BIM and TLS scans including a visualization of the point-to-point distance.

Table 8
Results and processing times of the scan matching with the BIM model of LIO-BIM.
Indoor office environment ConSLAM
Sequence 2 Sequence 3 Sequence 4 Sequence 5
Keyframes Total 225 399 712 529 542
Accepted 15 52 76 45 73
Rejected 148 92 172 184 122
Skipped after acceptance 45 156 228 135 219
Skipped due to processing times 15 99 236 165 128
Percentage skipped due to processing times 6.667 % 24.812 % 33.146 % 31.191 % 23.616 %
Processing times Mean [s] 0.84947 1.48145 1.71745 1.58183 1.76646
Standard deviation [s] 0.36499 0.76778 0.84832 0.74531 0.92354
Median [s] 0.74824 1.29328 1.56127 1.47903 1.68111
Min [s] 0.28527 0.38502 0.12126 0.23809 0.23664
Max [s] 2.26235 3.17739 3.25303 3.22739 3.36233
Table 9
Results and processing times of the lidar scan matching of LIO-BIM.
Indoor office environment ConSLAM
Sequence 2 Sequence 3 Sequence 4 Sequence 5
Lidar frames Total 3120 4163 6244 5125 5835
Skipped 0 255 856 683 836
Percentage skipped 0% 6.125 % 13.709 % 13.327 % 14.327 %
Processing times Mean [s] 0.02836 0.08240 0.09430 0.09174 0.09549
Standard deviation [s] 0.01407 0.04119 0.05252 0.05406 0.05451
Median [s] 0.02648 0.07560 0.08682 0.08134 0.09241
Min [s] 0.00005 0.00003 0.00005 0.00005 0.00005
Max [s] 0.15316 0.48707 0.51106 0.83815 0.44883
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Scan matching with the BIM model
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Fig. 14. Processing times of the scan matching of LIO-BIM.

ranges from 5.97 cm to 12.57 cm and the maximum error is reduced
significantly. In sequence number 3, outliers are present in a small part
of the trajectory, which can be seen in Fig. 12b. However, since the
trajectory of LIO-BIM aligns accurately with the ground truth trajectory
provided by the ConSLAM dataset at the respective part and no dis-
crepancies are visible in the related point cloud in Fig. 13b in the
respective area, the outlier may originate from an error in the ground
truth provided in [17]. Compared with LIO-SAM, LIO-BIM achieves a
more accurate trajectory on sequence number two, slightly less accurate
trajectories on sequences number three and four, and a slightly more
accurate trajectory on sequence number five. Indicated by the results on
sequence number two and five, the scan matching with the BIM model in
LIO-BIM is able to decrease the drift observed in traditional SLAM
frameworks. As a result, the localization accuracy of LIO-BIM is suffi-
cient to enable reliable indoor navigation [63]. Furthermore, the accu-
racy is sufficient to automate several building inspection tasks that
require centimeter-level localization accuracy. For example, half-cell
potential measurements conducted to detect corrosion in reinforced
concrete require an accuracy of + 10 cm, which is achieved except for a
few outliers as shown in Fig. 12 [64].

Similar to the trajectories, the point clouds created by LIO-BIM show

errors in the low centimeter range. As displayed in Table 7, the inlier
RMSE for a distance threshold of 0.3 m is 6.57 c¢m for the indoor office
environment and lies between 6.30 cm and 7.89 cm for the ConSLAM
dataset. In comparison with LIO-SAM, LIO-BIM achieves a lower inlier
RMSE for the indoor office environment, a significantly lower inlier
RMSE on sequence number two, slightly higher inlier RMSEs on se-
quences number three and four, and a lower inlier RMSE on sequence
number five of the ConSLAM dataset. The results in terms of the accu-
racy of the trajectories are similar to the results in terms of the accuracy
of the point clouds, since the point clouds are composed of lidar scans
whose poses depend on the trajectories. The fitness scores obtained in
the validation tests lie between 0.9290 and 0.9776, indicating a high
overlap between the point clouds created by LIO-BIM and the TLS scans,
both in the indoor office environment and on the ConSLAM dataset.
Fig. 13 shows that most outliers account to areas that have been
observed with the lidars, but not with the TLS scanners. Fig. 13a displays
the author controlling the quadruped robot being mapped in the point
cloud, resulting in further outliers. In Fig. 13b, outliers in the point cloud
created by LIO-BIM are visible originating from reflections in windows.
Fig. 15 shows the error in detail. The windows at the top of the figure
reflect lidar beams, resulting in the reconstruction of fictitious obstacles,

Fig. 15. Reflection of a wall disturbing the point cloud created by LIO-BIM.
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in this case a wall.

The results regarding the accuracy of the trajectories and the point
clouds show, that LIO-BIM is able to deal with cluttered environments
and scan-BIM deviations. An example is provided in Fig. 16. Although a
wall is placed at a wrong position in the BIM model of the indoor office
environment, LIO-BIM is able to provide a consistent and correct tra-
jectory and point cloud, as scan matches with the BIM model in the area
around the wrongly positioned wall are rejected due to low compliance.

The results and processing times of the scan matching with the BIM
model displayed in Table 8 show that the scan matching takes on
average 0.84947 s for the indoor office environment and 1.48145 s up to
1.76646 s for the ConSLAM dataset. As a result, 6.667 % of keyframes in
the indoor office environment and 23.616 % up to 33.146 % of key-
frames in the ConSLAM dataset are skipped to perform scan matching
due to exceeding the times of keyframes being added. Since the radius of
the local map around the robot is set to be five meters and keyframes are
being added after each meter or exceeding 0.2 rad, subsequent local
feature maps around keyframes have sufficient overlap. Therefore, the
scan matching with the BIM model is considered to run in real-time. The
reason of the higher computation times for the ConSLAM dataset is
believed to be the larger size of the BIM model. To ensure real-time
capabilities with larger BIM models, splitting up the feature point
clouds extracted from BIM models into multiple smaller feature point
clouds may reduce the lookup times to find nearest neighbors and
thereby the total computation times.

The lidar scan matching is supposed to run at 10 Hz, i.e., faster than
0.1 s. The results and processing times displayed in Table 9 show that on
average, lidar scans are processed in 0.02836 s in the indoor office
environment tests and between 0.08240 s and 0.09549 s in the Con-
SLAM dataset tests. Consequently, no lidar scan is skipped in the indoor
office environment tests, and small fluctuations in the processing times
result in 6.125 % up to 14.327 % lidar scans being skipped for scan
matching in the ConSLAM dataset tests. The lidar scans are skipped only
occasionally, so the lidar scan matching for LIO is considered to run in
real-time, as discussed in Subsection 4.3.

7. Summary and conclusions

The deployment of mobile robots requires accurate robot

Advanced Engineering Informatics 66 (2025) 103477

localization and navigation to automate tasks. In the construction in-
dustry, BIM models have become increasingly prevalent and can be used
by robots to help localize and navigate. However, BIM models represent
as-planned states of buildings, which may diverge from the as-built
states, complicating the robot localization problem. In this paper, the
LIO-BIM framework is introduced for 3D localization and mapping
aligned with BIM models in real-time. Fiducial tags are employed to
solve the initial alignment from the map to the BIM model frame.
Building upon SLAM techniques, LIO-BIM integrates additional scan
matching of local maps around robots with BIM models. High-compliant
scan matches result in BIM factors being added to the underlying factor
graphs. BIM factors tie trajectories and maps of robots to the BIM models
in real-time. Except for the manual placement of fiducial tags in the
building and the BIM model to solve the initial alignment, LIO-BIM
represents a fully automated solution.

In this study, LIO-BIM has been validated using a robot traversing an
indoor office environment and on the publicly available ConSLAM
dataset. The validation tests show that LIO-BIM achieves real-time 3D
localization and mapping with respect to BIM models with accuracy
errors in the low centimeter range. LIO-BIM creates trajectories and
maps in the format of point clouds with high accuracy, the translational
errors obtained in the validation tests are in the low centimeter range.
During run time, LIO-BIM skips a manageable amount of scan matching
calculations, displaying reliable real-time capabilities. In conclusion,
LIO-BIM outperforms similar approaches devised for localization and
mapping with respect to BIM models reported in the literature. Similar
approaches either provide only 2D localization and mapping, do not run
in real-time, or are not able to handle significant scan-BIM deviations.
LIO-BIM provides a robust solution to all the points mentioned, while
achieving high accuracies, improving upon state-of-the-art SLAM sys-
tems. The code of LIO-BIM is provided as open source at https://github.
com/janstueh/LIO-BIM.

However, LIO-BIM also presents several limitations. While the
approach of using fiducial tags to solve the initial alignment between the
map and the BIM model frame requires minimal effort and works
robustly, the approach requires manual input and modifications to the
environment. Furthermore, the set of parameters has been experimen-
tally selected for the validation tests. While the set of parameters gives
good results in the tests conducted, the set of parameters may be

Wall placed at
wrong position
in BIM model

D -1

Fig. 16. Robustness against scan-BIM deviations.
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optimized for different environments, BIM models of varying LODs,
different sensors, or different computing devices. Lastly, lidar reflections
in windows result in erroneous maps and may deteriorate the localiza-
tion accuracy.

In future work, investigations to address the limitations to improve
LIO-BIM may be conducted. The calculation of initial alignments solely
based on proprioceptive sensors may be considered, so as no modifica-
tions to the environment will be required. However, approaches using
only proprioceptive sensors tend to be computationally complex and
pose challenges on real-time capabilities. Lightweight approaches
scaling well with the size of BIM models need to be investigated to rely
solely on proprioceptive sensors. Learnable parameters may be investi-
gated that automatically adapt to changing circumstances. The issue of
lidar reflections may be addressed by utilizing information on the po-
sition of windows in the BIM model or in the camera data to selectively
filter out lidar beams hitting windows. Eventually, path planning in BIM
models may be investigated allowing robots to plan and execute paths to
goal points defined in the BIM model frame, for example, to inspect
assets. By combining path planning in BIM models with LIO-BIM, an
end-to-end automated pipeline for autonomous robot navigation within

Appendix
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BIM models is expected to be achieved.
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Table 10 lists all mathematical variables used in the paper along descriptions.

Table 10
Summary of variables used in the paper.
Variable Description
R Robot frame
M Map frame
B BIM model frame
MTr Transformation from the robot frame to the map frame
BTy Transformation from the map frame to the BIM model frame
BTx Transformation from the robot frame to the BIM model frame
P Initial sampling density of the surface of the BIM model
ki.ko Principal curvatures
kg Curvature score
TBe Curvature score threshold for edge feature points
TBp Curvature score threshold for planar feature points
B f Minimum distance between features
Py Downsampled feature point cloud of the BIM model
T); Downsampled edge feature point cloud of the BIM model
;_)‘; Downsampled planar feature point cloud of the BIM model
C Camera frame
A AprilTag frame
€Ty Transformation from the AprilTag frame to the camera frame
BT, Transformation from the AprilTag frame to the BIM model frame
RTe Transformation from the camera frame to the robot frame
Tmd Changes in distance to add keyframes
Mo Changes in orientation to add keyframes
™I Local feature map search radius
i Index of keyframe
i p’M Local feature map
BTt Transformation aligning the local feature map to the BIM model frame
Py Downsampled feature point cloud of the map
Py Downsampled edge feature point cloud of the map
Py Downsampled planar feature point cloud of the map
dp Vector of feature distances
dy Vector of point-to-line distances
& Vector of point-to-plane distances
P Local feature map transformed to the BIM model frame
WPy vDy Two points in the edge feature point cloud of the BIM model forming a line correspondence
uP, vDy, whh Three points in the planar feature point cloud of the BIM model forming a planar correspondence
RMSE4 Inlier RMSE
Py Source point cloud
Py Points in the source point cloud
P, Target point cloud
T Rigid transformation
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Table 10 (continued)

Advanced Engineering Informatics 66 (2025) 103477

Variable Description

NN O Nearest neighbor function
d Distance threshold

Sdq Set of inliers

N ks Keyframes skipped after accepted scan match with the BIM model
ngim Maximum number of LM iterations for scan matching with BIM model
T4 Distance threshold for outliers

TBRMSE Inlier RMSE threshold

B fit Fitness score threshold

e Error for computing RMSE4

n; Number of inliers

(ToM BIM factor

E; Absolute pose error

iPest Estimated pose

iDref Reference pose

tAPE; Translation part of the absolute pose error

rAPE; Rotational part of the absolute pose error

RMSE apr Root mean square error of the translational errors

RMSE; Ape Root mean square error of the rotational errors

Data availability

The source code of LIO-BIM is available at https://github.

com/janstueh/LIO-BIM.
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