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Abstract

Rapid advancements in reality capture technology and increasing accessibility to devices capable of generating point cloud data
have led to a greater prevalence of applications requiring the interaction and integration of cross-source Point Cloud Data (PCD).
Augmented and Mixed Reality (AR/MR) technologies are similarly pivotal for integrating digital and physical environments by
overlaying Digital Twin (DT) models onto real-world contexts. While AR/MR devices can generate real-time 3D point clouds,
integrating this data with high-precision sources, such as LiDAR, remains a research challenge—particularly regarding scene align-
ment and camera localization. Accurate positioning of AR/MR users within large-scale pre-scanned environments enables the de-
ployment of digital content at predefined locations without prior field preparation. However, conventional vision-based methods are
often vulnerable to environmental variations, complicating reliable localization. This work proposes an exclusively 3D-to-3D-based
methodology for AR/MR scene alignment and camera localization, addressing cross-source registration in scenarios with significant
size disparity. By combining a learning-based Voxel Representation and Hierarchical Correspondence Filtering (VRHCF) method
with the Truncated Least Squares Estimation And SEmidefinite Relaxation (TEASER++) algorithm, our approach effectively man-
ages asymmetric heterogeneous point cloud data. The results demonstrate promising gross registration performance, particularly
in extensive indoor settings. Although computational constraints and outlier sensitivity in outdoor environments warrant further
investigation, this study underscores the potential of advanced 3D-to-3D methodologies to enable seamless interaction between

digital and physical worlds.

1. Introduction
1.1 Overview

The advent of the fourth industrial revolution marks a signific-
ant milestone in the digitization of production models. It de-
pends on the development of Cyber-Physical Systems (CPS),
such as Digital Twin (DT) systems (Zhou et al., 2015), which
can facilitate real-time communication, interaction, and data
exchange among humans, products, and devices during pro-
duction processes (Tao et al., 2019; Zhou et al 2015)). In
this context, Extended Reality (XR) technologies are promin-
ent interface tools that support visualization, interaction, and
real-time contextual augmentation between physical assets and
human cognitive functions (Kunz et al., [2022).

Nevertheless, these possibilities of natural interaction pose sev-
eral challenges. Technology still struggles to achieve suffi-
cient quality in reproducing immersive features (collision, oc-
clusion), especially in scene alignment, which aligns virtual and
physical objects so they appear spatially consistent and real-
istic, and is needed to recreate real-life-like immersive exper-
iences. MR and AR applications depend on accurate scene
alignment for correct operation and expected functionality ((L1
et al.,[2020)). Accurate camera pose estimation and scene align-
ment are both essential for enabling and improving fine-grained
input and for selecting 3D digital content ((Kern et al.l 2023)).
They also help avoid coexistence failures between real-world
and digital content ((Zhou et al.,|2009)).

The alignment of AR and MR scenes can be understood as the
accurate, consistent superposition of virtual 3D content (mod-

els or elements) at specific locations within the real environ-
ment, aiming to achieve placement accuracy, real-time inter-
activity, and 3D tracking ((El Barhoumi et al} [2022)). In gen-
eral, scene alignment presents three significant challenges. The
first is identifying the location where the device is initialized
by gathering information about the immediate context, such as
images or 3D data. The second is comparing the gathered in-
formation to a previous representation of the environment, such
as a map. Finally, if the device is located within the expected
area, its position and rotation are determined, which is similar
to the visual place recognition problem that has been studied ex-
tensively in robotics ((Lowry et al.| 2016} |Herbers and Konig,
2019).

1.2 Mixed Reality Camera Location challenge

The methods used for addressing the camera location chal-
lenge can be classified into sensor-based, vision-based, and hy-
brid methods. (Kharroubi et al.| [2020; Huang et al., [2023a)).
Sensor-based methods use external systems like Wi-Fi, Radio
Frequency Identification (RFID), or Global Navigation Satellite
System (GNSS) to determine camera pose, offering reliability
in large outdoor areas but facing issues such as signal degrada-
tion (e.g., in the presence of urban canyons) and requiring sig-
nificant setup, especially indoors (Haneefa et al.| 2024; |[Herbers
and Konig, 2019; [Huang et al.| 2023a). Vision-based methods
rely on analyzing environmental images (physical markers or
natural features) to extract distinctive, unique, highly invariant
identifiers through the use of point detectors and descriptor al-
gorithms to identify unique features for camera pose estimation
(Lowe} 2004; Bay et al.| 2006; Rublee et al., 2011} [Long Quan
and Zhongdan Lanl 1999} Xie and Zou,[2024), but they struggle
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with changing lighting, dynamic occlusions, and at initializa-
tion stage at complex and large scale outdoors environments
(Marchand et al.| 2016; Radanovic et al.,2023; |[El Barhoumi et
al.l[2022; Huang et al.|, [2023a)).

On the other hand, Hybrid methods combine sensor and visual
data to enhance robustness and accuracy, thereby reducing com-
putational complexity but at the cost of increased implementa-
tion complexity and operational expenses (El Barhoumi et al.,
2022} Messi et al., [2024; [Huang et al., [2023a). Recently, 3D-
based methods have shown promise as more efficient solutions
for searching for 3D-to-3D correspondences to estimate cam-
era pose, which depends on the availability of 3D coordinates
of the observed points (Radanovic et al.| [2023). These meth-
ods offer the advantage of being unaffected by environmental
changes in light and color. Additionally, due to their similarity
to the *point cloud registration problem’ (Haneefa et al., 2024),
they can leverage methods developed for point cloud registra-
tion, particularly deep learning approaches. Although these ap-
proaches are still in the early stages of development (Guo et
al., [2020), they have demonstrated improved performance over
traditional handcrafted methods (Radanovic et al., 2023)).

1.3 Point Cloud Registration

Point Cloud Registration (PCR) addresses the problematic of
estimating the transformation between two point clouds (Huang
et al., [2021), that is to say, to infer the translation and rotation
parameters between a source point cloud — which will be moved
from its original location — and target point cloud — which is
in a fixed position - in order to achieve their alignment on a
same coordinate system space. This aforementioned translation
comprises a two stages, the coarse-alignment, which brings to-
gether the correspondent point clouds and the fine-alignment,
which subsequently iterates on the data refining the alignment
and achieving higher degree of accuracy. The relevance of PCR
applications in fields such as computer vision, robotics, map-
ping, remote sensing is widely recognized (Huang et al., 2021}
Xu et al.| [2023; |Zhang et al.| 2025} |Zhao et al.| [2024b) jointly
with more recent and rapid evolving fields such as Extended
Reality (XR) (Ma et al., 2024;|Osipov et al.| [2023)).

In the current scenario, where the trend of accessing high-
quality point cloud information of the built environment is in-
creasing (Haleem et al.} 2022} Xu et al.,[2025)) and, where mixed
reality devices are capable of reconstruct on real time the sur-
rounding environment (Teruggi and Fassi, 2022), Rigid Pair-
wise PCR takes on relevance by providing the possibility of
infer user localization and object pose estimation (Zhao et al.,
2025). Nevertheless, to register point cloud data which have
been captured with different sensors is a very challenging task
due to density and scale difference, large amount of outliers,
large percentage of rotation and low or partial overlapping con-
ditions (?Huang et al.| 2021).

The proliferation of point cloud data sources in several fields
(e.g., urban mapping, environmental monitoring, and traffic
modeling), coupled with technological advancements, has led
to an increased prevalence of multi-sensor data (Teuscher et al.,
2025)). Despite of this, most of existing available PCR studies
uses point cloud data from the same sensor, type and density
(Huang et al.,|2023b), with overlapping regions and similar size
models. Therefore, it is imperative to study cross-source point
cloud registration methods that better address the complexity of
data from different sensors and mitigate the limited progress in
this field in recent years (Zhao et al.} [2024b).

Cross-Source Point Cloud Registration (CSPCR), also referred
as Cross-Modality PCR (Ma et al.| 2024), Multi-source PCR
(Lee et al.| 2024} [Xu et al., [2025), Cross-Device PCR (Osipov
et al.|[2023)) or Cross-Domain PCR (Poiesi and Boscaini,[2022),
can be addressed from two perspectives optimization-based
methods, learning-based methods (Huang et al.| 2021). The
first one pursues to find the optimal correspondence solution
in front of large correspondence outliers (caused by density and
location differences), using so called “hand-crafted” features on
the original point clouds to find correspondences usually using
methods such as Iterative Closest Point (ICP). The second one
seeks to find robust point descriptors among the point cloud data
in order to infer the transformation matrix by feature-based cor-
respondences or direly by regression from the features (Huang
et al., 2023b).

Within this context learning-based methods shows to largely
outperform hand-crafted ones, however the its capabilities for
generalization in scenarios with different point cloud data with
which they were originally trained, it is still an open challenge
(Poiesi and Boscaini, 2022). The some studies suggest that
combination between optimization-based and learning-based
methods could achieve high accuracy and efficiency (Huang
et al.l [2021} Osipov et al.| 2023), nevertheless despite the big
amount of deep-learning based proposed methods currently
(Wei et al.,|2024) there are few promising tested studies dealing
with real-world point cloud data.

This research proposes the use of Cross-Source Point Cloud
Registration Via Voxel Representation and Hierarchical Corres-
pondence Filtering (VRHCF) (Zhao et al., [2024a)), a promising
Cross-Source PCR learning-based method, in combination with
Truncated least squares Estimation And SEmidefinite Relaxa-
tion (TEASER++) (Yang et al., [2020) a robust registration al-
gorithm, in order to address the large amount of outliers cor-
respondences when dealing with real-world cross-source point
cloud data registration at MR scenarios of large-scale difference
and low overlap.

2. Related Studies

On the field of point cloud registration, numerous traditional
and neural-based methods have been developed for rigid re-
gistration and for determining transformations between point
clouds. As outlined by [Lyu et al.| (2024), these methods are
either one-stage or two-stage. One-stage methods, such as
PointNetLK (Aoki et al., 2019) and AlignNet-3D (GroB et
al.l|2019), directly compute transformation parameters without
identifying point correspondences, streamlining the process but
increasing computational complexity. Conversely, two-stage
approaches first establish point correspondences and then com-
pute transformations. Techniques like iterative optimization
combine traditional methods such as Iterative Closest Point
(ICP) (Besl and McKayl [1992) and RANSAC (Fischler and
Bolles}|1981)) with neural registration for initial alignments. Se-
quential methods, such as FCGF (Choy et al., 2019) and Spin-
Net (Ao et al.l [2021), convert raw point clouds into feature
descriptors, using intermediate modules to enhance accuracy
before applying methods like RANSAC for final parameter es-
timation (Lyu et al.| 2024).

A critical limitation of many existing methods is their reliance
on training on standardized same-source point cloud datasets,
which limits their effectiveness in real-world cross-source ap-
plications (Zhao et al., 2024b). D3Feat (Bai et al., 2020) is not-
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able for its kernel point convolution approach and its adaptabil-
ity to varied environments, and it has been successfully used for
learning-based MR camera localization in indoor environments

(Radanovic et al} 2023)).

D3Feat distinguished itself through its simplicity, adaptability
to environments of varying scale and density, and reliable ex-
traction of geometric correspondences. The workflow utilized
a pre-scanned environmental point cloud as a server-hosted ref-
erence and a real-time mesh from the MR device. Both clouds
were processed for keypoint detection and feature description,
enabling effective matching. The study applied subsequently,
RANSAC and ICP algorithms to estimate translation and rota-
tion parameters. Server-side processing, such as downsampling
and expanding the receptive fields of descriptors, addresses lim-
itations of MR devices. However, D3Feat faces scalability is-
sues in large indoor or outdoor spaces and potential bottlenecks
during intensive feature processing, especially with RANSAC,
highlighting areas for further research.

Accordingly, (2024) present a similar concept, pro-

posing a methodology for using Real-World Cross-Source
point cloud data to perform PCR of several small-sized point
clouds into a large-sized point cloud using a coarse-to-fine ap-
proach. This approach uses specific algorithms to extract exter-
ior wall and building outline information for precise localiza-
tion of multi-source point clouds produced by Unmanned Aer-
ial Vehicle (UAV) photogrammetry, Mobile Mapping System
(MMS), and Terrestrial Laser Scanning (TLS). This approach
effectively manages large outlier quantities but still leaves gaps,
particularly in scalability to indoor environments.

Within this context, the VRHCF method 2024al)) ad-

dresses cross-source registration challenges by utilizing spher-
ical voxel feature representation and Hierarchical Correspond-
ence Filtering (HCF), which counteract density inconsistencies
and feature distribution differences without the need for down-
sampling. Complementing this, the TEASER method (Yang
et al., 2020) provides a robust solution for 3D point cloud re-
gistration under extreme outlier conditions (up to 99%), lever-

aging a Truncated Least Squares cost function and a graph-
theoretic framework to disentangle scale, rotation, and trans-
lation estimation. The integration of VRHCF and TEASER++
promises a robust and efficient solution for cross-source point
cloud registration, particularly for MR scenarios involving spa-
tial mesh, terrestrial and mobile LiDAR, and photogrammetry
data—addressing gaps identified in previous research.

3. Methodology

The proposed methodology infers the camera location or MR
scene alignment using a method that relies solely on 3D data,
unaffected by factors such as lighting or color changes, and
without any external sensor information (FigurdT)). To this end,
the study expects two point clouds: a large target point cloud
generated using common surveying devices, such as LiDAR or
Structure from Motion (SFM), and a small source point cloud
generated by Time-of-Flight (ToF) cameras commonly found
in MR devices. The target point cloud—corresponding to the
environment in which an MR scene is to be rendered—is cap-
tured in advance and stored in a database for retrieval. On the
other hand, the MR device captures the source point cloud in
real time while the user views their immediate surroundings.
Due to the high processing requirements and the limitations
of mobile MR devices in this regard, the captured data is sent
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Figure 1. Overview of workflow diagram of the study. The
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to a server for performing the point cloud registration. This
study is inspired by the work of [Radanovic et al] (2023)) but
differs by proposing an approach to the problem, using a dif-
ferent learning-based method for CS point cloud registration,
and attempting to locate the subject within a considerably lar-
ger area. The study faces two major challenges regarding the
registration of point clouds: the point clouds are generated by
different sensors, and there is a significant disparity in the size

Figure 2. Datasets of the study area with their respective
expected registration locations (in red). A. LiDAR outdoors
dataset (in blue). B& C Outdoors MR Source data set (In
yellow). D. MR outdoor dataset divided in Tiles, pointing out its
registration location.

of the point clouds to be registered—that is, the smaller point
cloud (source point cloud) will be completely embedded within
the larger point cloud (target point cloud). As a result, the scen-
ario presented faces the well-known challenges of cross-source
point cloud registration, including scale differences, significant
rotation, and—particularly in this study—partial overlap, dens-

ity differences, and large outliers (Huang et al.|[20234).

To address these challenges, this study analyzes the VRHCF
framework [Zhao et al| (2024d), which leverages spherical
voxel-based feature representations to handle the varying dens-
ities and distributions of point clouds. This normalizes the dens-
ity of the analyzed point clouds to achieve uniform distribu-
tion, then selects a fixed number of points as anchors to define
the keypoints. Each generated keypoint selects a local patch
in its vicinity with a fixed number of points (2048), which are
subsequently processed into high-dimensional descriptors (64-
dimensional) using the proposed SphereNet neural network.
This provides a robust description of each point cloud gener-
ated by different sensors, which must be matched to continue
the registration process.

The matching method proposed in the second part of VRHCF
uses Hierarchical Correspondence Filtering (HCF) to address
the high number of existing outliers in the matching. This
method identifies the global distribution of voxels in the source
point cloud that can be roughly matched to those in the target,
and discards entire sections of the point cloud that are poorly
matched. It then performs fine-level matching: once the gen-
eral regions have been matched, it focuses on individual point
correspondences using local geometric consensus.

However, this method relies heavily on spatial density, so a
small area of true voxels (in a small source point cloud, as in the
case described) can be statistically overwhelmed by the massive
number of incorrectly matched voxels in a target point cloud
that is several times larger. This can result in the first step of
HCF—where general regions of voxels that can be matched are
sought—ignoring actual matches, thereby failing to achieve the
desired registration. For this reason, this study proposes not
using the HCF part of the method and instead seeks to match
keypoints and feature keypoints using the Spherical Voxel Rep-
resentation with the Truncated Least Squares Estimation and
Semidefinite Relaxation (TEASER++) algorithm (Yang et al.,
2020). This certifiable, robust mathematical method is not
based on local voxel density but instead uses a Maximum
Clique graph formulation to generate a massive graph in which
each spatially compatible match is connected by an edge. This
edge, in turn, generates a perfectly connected subgraph or Max-
imum Clique, which, through the use of graph solvers, filters
out 99% of existing outliers.

Once server-side processing is complete and the proposed point
clouds are coarse registered, a traditional handcrafted method
for fine registration, such as ICP (Wang and Zhao} 2017), may
be used for fine refinement. The resulting transformation matrix
is transmitted back to the MR device, where it can be applied
to integrate MR technologies into the architectural design pro-
cess (Sardi-Barzallo and Coors, 2025) and to visualize digital
twin models within a physical environment at full scale, among
other use cases. This work focuses on the feasibility analysis
of combining the proposed methods for cross-source point re-
gistration using large, asymmetric point cloud data (see Figure
|I|, part two). The client-server communication architecture, as
well as the development and testing of the MR application in
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real-world scenarios (see Figure[l] part three), are beyond the
scope of this study.

3.1 Study area

This work was conducted in indoor and outdoor environments
at the Stuttgart Technical University of Applied Sciences, in
Stuttgart, Germany. The study area covered approximately
49,905.06 m? of exterior space and 3,257 m? of interior space
and analyzed as independent datasets. Outdoor spaces enclose
the public areas surrounding the university, including green
areas with vegetation, public roads with vehicular traffic, and
the surrounding built environment as a common urban space.
The Indoor area consisted of the ground floor of the univer-
sity’s administrative building, a historical building with a sym-
metrical space distribution, featuring high vaulted ceilings and
wide corridors. Figure|Z|part D.

3.2 Sensors and Data Preparation

The survey was conducted using different devices for both in-
terior and exterior environments. The interior of the building
was surveyed with a LIDAR Mobile Mapping System (MMS)
from NavVis, the VLX2, equipped with two 16-layer LiDAR
sensors to capture 3D measurements in motion and four 20 MP
cameras on top of the device, set to a minimum grid resolution
of 11 mm. The resulting indoor point cloud had 84,327,063
points, and no further downsampling was applied for the pos-
terior registration. The exterior areas were surveyed using a
Terrestrial Laser Scanner (TLS) from Z+F, the model Imager
5010 with a phase-shift LIDAR sensor, and a minimum resol-
ution grid of 31.5mm at 50 meters, with an estimated average
time per scan station of 1m 38s. The resulting point cloud con-
sisted of 127,286,539 points, which were later post-processed.

Data were collected using the Time-of-Flight (ToF) camera in-
tegrated into the Microsoft HoloLens 2. The resulting mesh
was sampled into point clouds, yielding an average of 1.5 mil-
lion points for indoor environments and 900,000 for outdoor
environments. Surveys were conducted in randomly selected
representative areas of the building’s interior and exterior. For
the interior, an area of approximately 14 m x 16 m (224 m2) was
surveyed, exceeding the device’s default spatial mapping crop-
ping distance of 3 to 5 meters. This approach was employed
to generate a comprehensive dataset from which smaller tiles
could be extracted. Figurd3]

The area was divided into four tiles of similar size, with ap-
proximate dimensions of 8 m x 8 m, representing the typical
area a user can survey in a single MR session. For the MR ex-
terior datasets, the surveyed area was preserved at its original
size (approximately 186 m2 for tile 1 and 202 m?2 for tile 2) due
to the greater asymmetry in the target point cloud in outdoor
contexts.

On the other hand,to reduce noise in the analyzed outdoor target
data, vegetation, mobile elements noise, and reflections result-
ing from data acquisition were removed through filtering and
manual segmentation. Also, all point cloud data outside the
ToF Camera’s height range, which is 4 to 5 meters above the
ground, was removed to avoid unnecessary processing, result-
ing in a point cloud of 43,763,481 points.

Before starting registration processing, the target point clouds
were aligned to a common origin in the local reference system.
On the other hand, all the preprocessed source point cloud data

Source Tile 0001 Source Tile 0003

Source Tile 0000

Source Tile 0002

Figure 3. Indoor MR Source Point Cloud and its tiles

were sent to the origin of the Coordinate system with a random
rotation to simulate the stage of running the MR application
after a field survey.

3.3 Implementation

The project followed a logic in which the data from the MR
device, obtained in real time in the field, was always treated
as the source point cloud, while the previously scanned envir-
onment served as the target point cloud, which accommodated
the significantly smaller point cloud. In all cases, the MR point
cloud (source cloud) was entirely embedded within the target
point cloud (LiDAR) due to the asymmetric size difference, res-
ulting in a very low overlap of approximately 2-3% of the target
point cloud’s total covered area.

As the proposed workflow relies on detecting and matching
keypoints and feature keypoints to establish sufficient similar-
ities for reliable point cloud registration, it was necessary to
extract different numbers of keypoints and feature keypoints
for the source and target point clouds, depending on each point
cloud’s size. Based on empirical optimization and recognizing
that processing time is an important factor for on-site use of MR
applications, several tests were performed, extracting different
numbers of Keypoints and feature keypoints. For each tile from
the source point clouds, 1000, 3000, 5000, 10000, and 15000
keypoitns and features were extracted and processed for re-
gistration against 15000, 20000, 25000, 30000, 45000, 70000,
90000, and 270000 keypoints and feature keypoints from target
point clouds. A total of 160 registration attempts were carried
out for indoor data and 80 for outdoor areas.
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The presented approach has the advantage that the most intens-
ive processing task can be performed asynchronously, since the
pre-scanned large target point cloud information can already be

processed for keypoint and feature extraction and stored in the
database, waiting for the on-site surveyed source point cloud to
perform the registration. Despite this, it is necessary to consider
that a larger number of keypoints and features will, in any case,
affect overall processing time, as outlier-mismatch filtering will
also increase it.

4. Results

This study evaluates learning-based methods for 3D-to-3D
cross-source point cloud registration, with a focus on infer-
ring transformation parameters for MR scene alignment and
camera localization. The existing workflow, VRHCF, was as-
sessed for its generalization capabilities using real-world cross-
source point cloud data. We propose replacing keypoint and
feature matching, along with outlier filtering, in HCF with the
TEASER-++ method, a certifiable, robust, graph-based math-
ematical approach, to address large-scale indoor and outdoor
scenarios.

The quantitative analysis demonstrated that the proposed
method accurately determines transformation parameters
(translation and rotation) for MR devices in scenarios charac-
terized by large size asymmetry between source and target point
cloud data. The method achieved low translation and rotation
errors of centimeter level and variate processing times. Figure

2

In indoor environments, 160 point cloud registration attempts
were performed. Of these, 23.75% were successfully re-
gistered, meeting the thresholds of < 0.07 m for transla-
tion error and < 2.4° m for rotation error. An additional
8.75% achieved registration within a translation error range of
0.09-0.38 m and a rotation error of 11.02°. The lowest registra-
tion time was 1 minute and 52 seconds, yielding a translation
error of 0.0694 m and a rotation error of 1.3191°.

Tab1e|I| summarizes the optimal results, with translation error,
rotation error, and processing time serving as the primary eval-
uation criteria. Not all analyzed source datasets yielded suc-
cessful registrations within the specified thresholds. In the in-
door scenario, tiles 0000 and 0002 failed to register, despite
the quantity of extracted keypoints and features meeting the es-
tablished thresholds. In the outdoor environment, seven suc-
cessful registrations were achieved for source point cloud tile 1;
the most accurate attempt exhibited a translation error of 0.067
m and a rotation error of 0.3067°, with a processing time of
2 minutes and 37 seconds. Conversely, outdoor source point
cloud tile 2 failed to register.

5. Discussion

Cross-source point cloud registration as a method for deriving
AR/MR camera localization and scene alignment shows prom-
ising potential but remains a nascent area of research due to
unresolved challenges. The use of specialized learning-based
methods to handle heterogeneous point cloud data, such as
VRHCEF and its proposed combination with TEASER++, of-
fers encouraging preliminary insights into their application in
real-world scenarios.
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Axonometric view

MR Indoor Source Point Cloud Tile 0001

LiDAR Indoor Target Point Cloud
(Sectioned for visualization)

- Rotation Error 0.67deg

- Translation Error: 0.026m

Top view

Axonometric view

MR Outdoor Source Point Cloud Tile 01
. LiDAR Outdoor Target Point Cloud

- Rotation Error 0.30deg
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Figure 4. Cross-source Point cloud registration results.
Independently from the starting location at the 3D shared space
of the indoors and outdoors MR to LiDAR datasets, both
achieved a successful coarse-registration. On top (indoors
dataset) and down (first outdoors dataset) source (yellow) and
target (blue) point cloud achieve successful coarse registration
results.Further refinement could be applied for fine registration.
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Table 1. Point cloud registration performance metrics categorized by error and processing time.

Source Point  Source Keypoints Target Keypoints Rotation Error Translation Processing Time
Cloud Tile & Features & Features (degrees) Error (m) (min:sec)
Sorted by translation error (m)
0003 10000 270000 0.1453 0.0053 25:17
0003 5000 270000 0.4685 0.0104 13:25
0003 10000 30000 0.6818 0.0114 11:25
0001 1000 270000 0.4835 0.0196 02:46
0001 3000 90000 0.4270 0.0212 04:30
Sorted by rotation error (degrees)
0003 10000 270000 0.1453 0.0053 25:17
0003 15000 270000 0.2794 0.0158 35:53
0001 10000 90000 0.3208 0.0193 14:18
0003 10000 90000 0.3362 0.0327 14:38
0001 15000 270000 0.3851 0.0206 38:29
Sorted by overall processing time (min:sec)
0003 1000 20000 6.4049 0.2389 01:29
0001 1000 90000 1.3191 0.0694 01:52
0003 1000 45000 0.8473 0.1045 01:38
0001 1000 270000 0.4835 0.0196 02:46
0001 3000 90000 0.4270 0.0212 04:30

However, further research is required to tackle the open chal-
lenges. While the proposed method requires successive ap-
proximations to determine the optimal number of keypoints and
feature descriptors necessary for effective cross-source point
cloud registration, it successfully inferred camera transform-
ation parameters for indoor environments by registering MR
source point clouds, which are approximately 98% smaller than
the LiDAR target point cloud. State-of-the-art methods such as
Radanovic et al| (2023) achieve registration in scenarios with
an MR source point cloud approximately 88% smaller than the
LiDAR target point cloud.

Despite the results suggesting an improvement in the asym-
metry between the source and target point clouds for registra-
tion, the proposed method finds an obstacle at the required pro-
cessing time. As shown in Table 1, the most accurate results for
translation and rotation parameters require processing times of
minutes to tens of minutes, which is a limitation, especially for
on-site applications such as MR. Further research in this area
should focus on feasibility analysis or strategy development to
optimize processing times.

An important factor in the success or failure of 3D-to-3D-based
cross-source point cloud registration is how descriptive the geo-
metry captured by the source point cloud sensors is, and how it
differentiates itself from its surroundings. Despite covering a
similar area to the rest of the indoor dataset tiles, tiles 0000 and
0002 failed the CS point cloud registration due to their simil-
arity to the surroundings. Description ambiguity, also known
as perceptual aliasing, in point clouds can lead to false-positive
matches. However, the remaining indoor tiles succeed in their
registration attempts, with a mean success rate of 62.%. On the
other hand, the low registration success rate in outdoor scen-
arios is attributed to the prevalence of data noise. Despite
achieving some accurate results in registration, most attempts
failed. Further experimentation is required to better assess the
method’s use and feasibility in outdoor settings, such as for MR
camera localization in urban scenarios.

Although preliminary results indicate potential for successful
registration in cases with significant size discrepancies in point
clouds using cross-source point cloud registration methods like

the proposed VRHCF + TEASER++, the method may be coun-
terproductive, as it continues to search for keypoints and fea-
ture descriptors based on local patches. This could complicate
matters in the presence of large numbers of outliers or large
volumes of data, limiting its scalability. A potential avenue
for future research is to validate methods that learn larger-area
descriptors to delimit smaller search keypoint and feature areas
to support optimization at processing time.

6. Conclusions

In this study, we investigated the efficacy of cross-source point
cloud registration as a key approach for AR/MR camera loc-
alization and scene alignment, particularly in practical, real-
world settings. We used the Voxel Representation and Hier-
archical Correspondence Filtering (VRHCF) method alongside
the TEASER++ algorithm to address challenges posed by large,
asymmetrically sized, heterogeneous point cloud data from
various sensors. The results indicate that this combined ap-
proach could enhance 3D-to-3D MR scene alignment, espe-
cially within large indoor environments. The success rate in-
doors underscores the effectiveness of our methodology for
overcoming challenges related to size discrepancies and outlier
interference; however, it also highlights the need to optimize
processing times. Although it has promising results, its use in
large outdoor areas and urban environments requires account-
ing for the inherent noise in outdoor data. This research aims
to support the advancement towards seamless AR/MR scene
alignment through innovative cross-source point cloud regis-
tration methods. As the field evolves, these methods have the
potential to transform AR/MR applications, improving access-
ibility, precision, and efficiency when integrating the digital and
physical worlds.
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