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ighlights
ridging BIM and Reality: A Hardware-Optimized Registration Pipeline for Mixed Reality in

ndoor Construction Environments
nonymous

• A standalone geometric registration pipeline for HoloLens 2 achieves centimeter-level accuracy without cloud
offloading.

• Automated alignment significantly outperforms manual and QR-based methods in lateral precision and on-site usability.
• Registration degradation directly compromises architectural spatial judgment and safety-critical hazard assessments.
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ridging BIM and Reality: A Hardware-Optimized Registration
ipeline for Mixed Reality in Indoor Construction Environments⋆
nonymousa,∗,1

, , , ,

R T I C L E I N F O
eywords:
ixed Reality
uilding Information Modeling
oint Cloud Registration
onstruction Inspection
patial Perception

A B S T R A C T
Building Information Modeling (BIM) has transformed the Architecture, Engineering, and Construc-
tion (AEC) industry by digitizing project data, yet its full potential remains unrealized due to persistent
gaps between virtual models and physical sites. These gaps contribute to inefficiencies, with studies
reporting substantial waste in labor and coordination. Extended Reality (XR) technologies offer a
promising solution by enabling immersive, real-scale visualization of BIM models on-site.

This article introduces a Mixed Reality (MR) application for Microsoft HoloLens 2 that super-
imposes BIM representations onto construction environments at a 1:1 scale, supporting real-time
detection of differences between the as-designed BIM model and the as-built construction on site.
We present a robust registration pipeline that integrates commercial XR hardware with advanced
algorithms to achieve precise alignment under challenging conditions. To validate the system, we
conducted a controlled user study comparing three registration paradigms (manual gesture-based, QR-
assisted, and fully automatic) and analyzing their impact on alignment accuracy and user experience
(UX) in AEC-related tasks. Results show that our automatic approach provides advantages over state-
of-the-art alternatives and significantly improves registration precision and usability ratings over the
baseline methods. Furthermore, the study demonstrates that alignment errors strongly influence spatial
perception and decision-making, highlighting the necessity of high-fidelity registration for effective
MR integration in construction workflows.

. Introduction
The Architecture, Engineering, and Construction (AEC)

dustry has experienced a profound transformation with the
doption of Building Information Modeling (BIM). BIM
presents a paradigm shift from static drawings to inter-

perable digital models that support collaboration and au-
mation throughout the project lifecycle [27]. Architects

nd engineers can now create parametric, object-oriented n-
models enriched with detailed construction data [4].

Despite these advances, BIM’s potential remains under-
tilized during the execution phase. A key challenge is the
ognitive gap that arises when rich 3D data is consumed
rough 2D screens, limiting spatial understanding and real-

cale perception [22]. Extended Reality (XR), including
irtual Reality (VR), Augmented Reality (AR), and Mixed
eality (MR), offers a promising solution by overlaying
igital twins onto physical environments. Devices such as
icrosoft HoloLens 2 [15] enable immersive interaction
ith 3D elements through natural gestures and voice com-
ands.

However, the effectiveness of XR in construction de-
ends critically on the accurate alignment between virtual
nd real-world models. In this work, we primarily focus
n indoor construction environments. In contrast to outdoor
pen spaces, where usually geolocating technologies are

⋆This work is part of the project removed for anonymity, funded by
moved for anonymity.

∗Corresponding author
anon@anonymous.com ( Anonymous)
https://anonymous.github.io/ ( Anonymous)

ORCID(s):
1This author has been anonymized.

available and can provide a robust cold-start position for26

localization algorithms, indoor settings such as tunnels or27

unfinished shells pose unique challenges: GPS signals are28

unavailable, connectivity is limited, textures are sparse, and29

lighting conditions are often poor. While recent computer30

vision literature proposes advanced registration methods31

such as Teaser++ [30], Fast Global Registration (FGR) [31],32

or 4-Point Congruent Sets (4PCS) [1, 14], our analysis33

shows that these approaches are unsuitable for standalone34

MR head-mounted displays (HMDs) in AEC contexts due35

to either high computational overhead or extreme sensitivity36

to environmental noise and parameter configuration.37

To address this gap, we developed a registration pipeline38

optimized for the HoloLens 2 and integrated it into an XR ap-39

plication that allows on-site users to visually compare BIM40

models with the built environment and identify deviations in41

real time. Our approach employs a customized RANSAC-42

based algorithm [8] to estimate the user’s 6-DOF pose43

from point clouds, achieving low-latency performance while44

maintaining resilience to lighting variations and geometric45

ambiguities.46

However, algorithmic optimization is insufficient if it47

does not translate to improved operator performance, as the48

true utility of Mixed Reality in construction is fundamentally49

dictated by how registration errors affect human users. Mis-50

alignments can lead to incorrect spatial judgments, signifi-51

cantly increasing the risk of costly mistakes during inspec-52

tion or assembly. Therefore, we posit that designing a robust53

algorithmic pipeline and evaluating its perceptual impact54

on user experience (UX) and task performance are two55

inseparable pillars of effective MR integration. Additionally,56

we investigate how these registration discrepancies affect the57
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tility of virtual avatars when employed as relatable refer-
nces to assess accessibility and depth perception within the
igital-physical overlay.

In this article, we present a holistic framework that
ridges technical geometric alignment with human-centric
alidation. We compare our automatic approach with manual
esture-based alignment and QR-code alignment, and we an-
lyze how varying levels of registration accuracy influence
patial perception and usability. The main contributions of
is work are:

• Hardware-Optimized Registration Framework: A
robust algorithm tailored for compute-constrained
MR devices, demonstrating that a tuned RANSAC
approach outperforms heavier alternatives in AEC
scenarios.

• Comparative Analysis: Evaluation of three regis-
tration paradigms (automatic, manual, marker-based)
to quantify trade-offs in accuracy, setup time, and
computational load.

• User-Centric Validation: Empirical evidence on how
registration quality impacts user confidence and task
performance, providing guidelines for MR adoption
in construction workflows.

. Related Work
In this section, we review the state of the art in Mixed

eality applications for the AEC industry. We organize
ur analysis into two main areas. First, in Section 2.1, we
xamine the evolution of registration algorithms, contrasting
isual Simultaneous Location and Mapping (SLAM) ap-
roaches with geometric methods. We highlight the specific
hallenge of aligning as-built reality with as-planned BIM
ata in computationally constrained environments. Second,

Section 2.2, we discuss the impact of registration quality
n user experience, establishing the theoretical link between
lignment accuracy and spatial understanding in construc-
on tasks.
.1. Registration Methodologies in AEC

The concept of Augmented Reality relies fundamentally
n the accurate estimation of the camera’s pose relative to the
al world, as defined in the seminal survey by Azuma [2].
owever, in the specific context of the AEC industry, su-
erimposing BIM models onto physical sites remains a per-
istent technical bottleneck due to the scale and complexity
f construction environments [29]. Prior studies indicate
at even small alignment errors can significantly affect task

erformance and trust in MR systems [7].
Early solutions utilized marker-based systems (e.g., QR

odes) to provide reliable anchors [28]. While more recent
ighly automated inspection frameworks still rely on physi-
al markers to solve the initial global registration cold-start
roblem [5], we note that their deployment on active job sites
logistically complex; persistent occlusion from machinery,

dust accumulation, and the constant transformation of con-110

struction surfaces make marker maintenance inefficient for111

continuous 1:1 scale tracking [21]. To address this depen-112

dency, established methods focus on marker-less tracking,113

specifically Visual SLAM systems like ORB-SLAM [16].114

While these algorithms excel at mapping the current reality115

and tracking the user’s movement within it, they depend crit-116

ically on the richness and stability of environmental visual117

features. Registering this internal map to the BIM coordi-118

nate system is non-trivial. Modern learning-based feature119

matchers like LoFTR [23] have improved correspondence120

detection, but as noted by Bosché et al. [6], the process is121

complicated by physical discrepancies between the design122

(BIM) and the construction state (reality), where deviations123

or unfinished elements can cause alignment failures in diffi-124

cult environments.125

Given these visual challenges (and the frequent lack126

of texture in concrete environments), geometric registration127

using depth or LiDAR data is often preferred. The standard128

approach involves coarse alignment followed by fine refine-129

ment using Iterative Closest Point (ICP) [3]. The challenge130

lies in the initialization. Fast Global Registration (FGR) [31]131

offers speed, but it exhibits high instability when faced with132

the massive noise levels typical of mobile depth sensors.133

Conversely, robust global solvers like Teaser++ [30], or134

4PCS [1] utilize truncated least squares to handle extreme135

outliers.136

However, our benchmarks indicate that these methods137

are computationally demanding for the ARM architecture of138

standalone HMDs. While offloading these heavy computa-139

tions to edge or cloud servers could theoretically alleviate140

hardware constraints [26, 12, 5, 18], such architectures intro-141

duce a dependency on high-bandwidth network connectivity142

or local workstations. In many AEC contexts, particularly143

in deep infrastructure, tunnels, or early-phase construction144

sites, connectivity is often intermittent or nonexistent, and145

installing local hardware is unfeasible. Consequently, a fully146

standalone, on-device solution is not merely a preference but147

an indispensable operational requirement to ensure system148

reliability under real working conditions.149

It is also important to distinguish our proposed ge-150

ometric registration from recent advances in UAV-based151

and robotic mapping. Studies such as BIM-SLAM [26],152

D-PC2BIM [12], dense multi-sensor indoor SLAM [19],153

and the Pose Hough Transform [18] demonstrate impres-154

sive robustness for global alignment. However, while these155

systems leverage high-end mechanical or drone-mounted Li-156

DARs and workstation-class processing, our work is specifi-157

cally optimized for the wearable form factor. These external158

pipelines rely on sensor payloads and memory footprints159

that exceed the computational limits of standalone HMDs.160

Similarly, works focused on Construction Progress Mon-161

itoring [25] utilize 4D BIM to automate the verification162

of schedule completion. These systems generally prioritize163

the binary detection of built elements (existence) and often164

nonymous et al.: Preprint submitted to Elsevier Page 2 of 15
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ofRay Casting with Probes (Section 3.1)

System Architecture
Server Side - Offline BIM Preprocessing

BIM Model Probe Generation Visibility Clustering Point Cloud Generation 
& Decimation (ρ = 7.5)

On-Site Data Acquisition (Section 3.2)

Client Side - Online Capture & Registration

Environment Capture
MR Device

(Long Throw Depth) Partial Capture Integration & Decimation (ρ = 7.5)

Normal Orientation

Normal Orientation

FPFH Descriptors

FPFH Descriptors

Multi-Resolution RANSAC (Section 3.5)

Edge-Aware 
Decimation 

(Section 3.4)

Features (Section 3.3)

Coarse Ransac Stage
(Decimation ρ = 30)

Fine Ransac Stage
(Decimation ρ = 15)

Multi-Scale ICP (Section 3.6)

Overlaid VisualizationRadius Annealing (Decimation ρ = 7.5)

Dataset 
Homogenization

igure 1: Comprehensive system architecture of the proposed Mixed Reality registration framework. The diagram illustrates
e functional division between the server-side offline preprocessing and the client-side online execution. (Top) The offline BIM

reprocessing stage begins with Ray Casting with Probes (Section 3.1), where a parametric BIM model is partitioned into distinct
orkspaces through automated probe generation and visibility logic. The resulting point cloud is decimated using a uniform
rid with an edge length of 𝜌𝑏𝑎𝑠𝑒 = 7.5 cm. Identical parameters for normal orientation and FPFH descriptor extraction are
en applied (Features (Section 3.3)) to ensure dataset homogeneity. (Bottom) The online capture and registration stage is

erformed on-site by a Microsoft HoloLens 2 using its Long Throw depth stream (Section 3.2). After an initialization sweep,
e captured data undergoes Edge-Aware Decimation (Section 3.4) to preserve structural anchors. The core of the alignment is
multi-resolution geometric matching sequence: a coarse, high-speed Multi-Resolution RANSAC (Section 3.5) is followed by a

recise local refinement using Multi-Scale ICP (Section 3.6) with radius annealing. Finally, the registered BIM model is rendered
s a 1:1 scale, real-time Overlaid Visualization for interactive on-site inspection.

perate asynchronously. In contrast, our work targets the hu-
an operator’s need for interactive, high-fidelity geometric
spection entirely on a standalone device.

Our proposed system addresses these challenges by oc-
upying a middle ground between efficiency and robustness.
e implement a customized RANSAC-based pipeline [8]
at utilizes Fast Point Feature Histograms (FPFH) [20] for
bust correspondence matching. This architecture provides

reater resilience to noise than FGR while exhibiting su-
erior generalization capabilities and a significantly lower
ependency on parameter fine-tuning than that of global

solvers like Super4PCS. These optimizations render the176

pipeline suitable for real-time, offline operation within the177

constrained computational envelope of the HoloLens 2.178

2.2. The Impact of Registration on Spatial179

Perception180

The utility of MR in construction is not solely defined181

by algorithmic precision, but by the user’s ability to in-182

terpret the augmented information. Misalignments between183

the digital twin and physical reality can lead to cognitive184

tunneling or errors in spatial judgment. Swan et al. [24]185

nonymous et al.: Preprint submitted to Elsevier Page 3 of 15
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stablished that depth perception in Optical See-Through
isplays is inherently compromised by hardware factors, a
roblem exacerbated when the virtual overlay drifts from its
hysical anchor.

Recent work focuses on mitigating these perceptual is-
ues through better interaction design. Lazaro and Kim [11]
ighlight that multimodal interaction (gaze, gesture, voice)
duces the cognitive load required to manipulate misaligned

r complex models. Furthermore, in safety-critical applica-
ons such as evacuation drills [13] or indoor navigation [10],
e user’s trust in the system is directly correlated with reg-
tration stability. Our study extends this body of knowledge
y quantifying the relationship between registration error
agnitudes and the user’s subjective confidence.

. Method
In this section, we detail the technical architecture of

e proposed MR application, optimized for the computa-
onal constraints of the Microsoft HoloLens 2 (Figure 1).
e describe a two-stage registration pipeline comprising

ffline preprocessing, which converts BIM models into op-
mized point clouds via a probe-based visibility approach,
nd online alignment utilizing a custom, ARM-optimized
ANSAC algorithm and ICP refinement. We also discuss
e choices made to ensure low-latency performance and

lternative fallback mechanisms, including manual and QR-
ased options.
.1. Offline BIM Preprocessing: Ray Casting with

Probes
To bridge the gap between heavy parametric BIM data

nd the limited computational resources of standalone XR
MDs, we developed a server-side preprocessing pipeline
rmed Ray Casting with Probes. This stage segments the
uilding into navigable workspaces by extracting visible
eometry for registration while discarding internal structural
lements. By offloading these computations to a remote
orkstation, the system manages high-polygon models and
rovides the HoloLens 2 with a lightweight model that
revents memory overflow.

The process begins by calculating the Axis-Aligned
ounding Box of the BIM model and subdividing it into
coarse 𝛿𝑔𝑟𝑖𝑑 = 5𝑚3 grid. A geometry-presence filter

iscards empty cells, after which virtual probes are instan-
ated at the vertices of a secondary 𝛿𝑝𝑟𝑜𝑏𝑒 = 0.5𝑚3 grid. A
ciprocal visibility algorithm then groups these probes into

rchitectural clusters (workspaces) based on unobstructed
nes-of-sight, as depicted in Figure 2.

For each cluster, we generate a synthetic reference point
loud using the Embree ray-tracing engine (Figure 3). From
e center of each probe, 𝑁𝑟𝑎𝑦𝑠 = 200 rays are cast in a

niform spherical distribution. By capturing only the first
tersection point, we reconstruct the inner shell of the en-

ironment, effectively eliminating redundant geometry such
s back-faces and occluded installations that could lead to
lse correspondences.

Figure 2: Architectural segmentation through probe visibility
logic. The left image shows the initial uniform probe distribu-
tion within the BIM model’s navigable space. The right image
illustrates the visibility graph and resulting clusters, where solid
lines indicate reciprocal visibility and dashed red lines represent
structural obstructions.

2. Multi-Probe Raycasting 3. Inner Shell Extraction 4. Decimation & Descriptor Generation

Rays from 
multiple probes

Concealed 
Geometry 
(ignored)

Concealed 
Geometry 
(ignored)

FPFH 
Descriptor

FPFH 
DescriptorFirst intersection 

points 
(Inner Shell)

Optimized 
Output for
HoloLens 2

Decimated Point Cloud 
(7.5cm grid)

Figure 3: Point cloud generation from the segmented BIM
model. Initially, multi-probe ray casting extracts workspaces’
inner shells by isolating first-intersection points and discarding
concealed geometry. Subsequently, uniform 7.5 cm decimation
and FPFH descriptor pre-computation are applied to facilitate
efficient streaming to the Microsoft HoloLens 2.

Finally, the resulting point cloud is decimated to a base240

resolution using a uniform grid with an edge length of241

𝜌𝑏𝑎𝑠𝑒 = 7.5 𝑐𝑚 and pre-computed with geometric descriptors242

to ensure that only contextually relevant data is transmitted243

to the HMD.244

Figure 4 shows different segmented models.245

Figure 4: Examples of BIM models and generated synthetic
point clouds segmented into rooms. The top row illustrates the
apartment model used for numerical experiments and ablation
studies. The bottom row displays the office model used for the
user studies. The left column shows the original mesh, while
the right column shows the resulting inner-shell point cloud.

nonymous et al.: Preprint submitted to Elsevier Page 4 of 15
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.2. On-Site Data Acquisition and Scene
Reconstruction

To capture the physical environment, we utilize the
icrosoft HoloLens 2 Research Mode via the Long Throw

epth stream, which prioritizes mid-range geometry over
tandard high-frequency near-field tracking. While official
pecifications suggest a 5.46 m range, our empirical testing

construction environments established a reliable data
reshold of 3.5 to 4.0 m, used here to calibrate capture

olumes. Data acquisition is managed through a custom
++ plugin for Unity that interacts with raw data streams
perform temporal synchronization between depth frames

nd spatial odometry.
During initialization, the user performs a 360◦ sweep to

tegrate captures into a unified local point cloud, with real-
me visual feedback indicating regions requiring further
canning. To ensure resilience against the volatile lighting
nd sparse textures of unfinished sites, the pipeline ignores
GB data and relies exclusively on geometry. Once com-
lete, the captured cloud is consolidated and decimated to
atch the BIM reference resolution (𝜌𝑏𝑎𝑠𝑒), ensuring geo-
etric homogeneity for the registration stages.
.3. Geometric Feature Characterization

To achieve homogeneity between the feature descriptors
f the digital model and the captured environment, we im-
lement a consistent geometric characterization pipeline for
oth datasets.

A significant challenge in BIM-to-Reality registration
data asymmetry: BIM models have perfect, discrete, and

harp normals, while sensor-derived clouds are inherently
oisy and smoothed. To mitigate this, we ignore the original
IM mesh normals and instead estimate normals for both
atasets [9]. By applying identical estimation parameters

both clouds, we achieve a homogeneous response in the
ubsequent feature descriptors.

Normal Orientation for the Hololens 2 CapturesNormal Orientation for the BIM Points

Navigable Space

Each point is oriented so that its normal points 
towards the position of the camera that recorded it

igure 5: Normal orientation strategy for dataset homogeniza-
on. BIM normals are oriented toward the navigable interior
eft) while captured points are oriented toward the sensor
ight). This ensures a consistent front-facing orientation
cross both datasets to prevent feature descriptor inversion.

Consistency in orientation is maintained through a dual-
gic approach to homogenize the datasets (Figure 5): for
e BIM point cloud, normals are oriented deterministically
match the source surface topology, ensuring they point to-

ard the navigable interior. In contrast, normals for captured
oints are oriented dynamically toward the optical center
f the HoloLens depth sensor. Specifically, we enforce a

negative dot product between the view vector and the surface288

normal to ensure a consistent front-facing orientation across289

both datasets and prevent feature descriptor inversion.290

These oriented normals are utilized to compute Fast291

Point Feature Histograms (FPFH) [20], encoding local ge-292

ometry into 33-dimensional vectors. To minimize on-device293

latency and thermal load, BIM FPFH descriptors are pre-294

calculated on the server, allowing the HMD to only compute295

descriptors for the locally captured cloud after decimation.296

3.4. Edge-Aware Decimation297

To further optimize the registration process, we imple-298

ment an Edge-Aware Decimation filter that reduces infor-299

mational redundancy in large planar areas while preserving300

critical structural features. While the initial uniform grid301

decimation stabilizes point density, this second stage identi-302

fies points defining the environment’s topology, such as wall303

junctions, corners, and door frames.304

The algorithm is based on the surface variation analysis305

proposed by Pauly et al. [17]. For each point 𝑝𝑖 in the306

captured cloud, we analyze a local neighborhood 𝑁(𝑝𝑖) and307

construct a covariance matrix to examine the spatial distri-308

bution of its neighbors. Through eigenvalue decomposition309

(𝜆0 < 𝜆1 < 𝜆2), we evaluate the surface curvature 𝑐𝑖 as310

the ratio of the smallest eigenvalue to the sum of the total311

variance:312

𝑐𝑖 =
𝜆0

𝜆0 + 𝜆1 + 𝜆2
(1)

In perfectly planar surfaces, such as long concrete walls,313

the value of 𝜆0 tends toward zero, resulting in negligible314

curvature. Conversely, in structural intersections, the point315

distribution becomes more heterogeneous, increasing 𝑐𝑖. We316

establish a curvature threshold of 𝜏𝑐𝑢𝑟𝑣𝑒 = 0.075; only points317

exceeding this value are retained for the final registration318

cloud. This selective filtering eliminates the geometric ambi-319

guity and sliding errors common in ICP when dealing with320

featureless planes, concentrating the computational budget321

on the most descriptive structural anchors.322

3.5. Global Registration: Multi-Resolution323

RANSAC324

To resolve the primary alignment between the BIM325

model and the captured cloud, we use a customized Multi-326

Resolution RANSAC pipeline. This approach addresses the327

kidnapped robot problem (e.g., identifying the user’s lo-328

cation within the global BIM model without prior pose329

information). By utilizing the FPFH descriptors computed330

in the previous stage, the algorithm performs an iterative,331

probabilistic search to find the transformation matrix that332

maximizes the fitness score between the captured and ref-333

erence clouds.334

To ensure real-time performance on the HoloLens 2’s335

ARM architecture, we implement a two-stage hierarchical336

search:337
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1. Coarse Stage (𝜌𝑐𝑜𝑎𝑟𝑠𝑒 = 30 𝑐𝑚 grid): This phase acts
as a high-speed structural filter. It processes a heavily
decimated version of the room clusters with a limited
budget of 𝐼𝑐𝑜𝑎𝑟𝑠𝑒 = 10, 000 iterations. This allows
the system to rapidly discard room candidates that
lack basic structural correlation with the user’s current
perception.

2. Precision Stage (𝜌𝑓𝑖𝑛𝑒 = 15 𝑐𝑚 grid): This stage is
executed exclusively on the top 10 candidates identi-
fied in the coarse phase. We increase the stochastic
effort to 𝐼𝑓𝑖𝑛𝑒 = 100, 000 iterations over a more
dense point set. This resolves fine-grained geometric
ambiguities and ensures the resulting global pose is
sufficiently accurate to serve as a seed for local refine-
ment, preventing the subsequent ICP from converging
into local minima.

This hierarchical approach balances construction site
ntropy with the need for low-latency feedback. By operat-
g on feature histograms rather than raw coordinates, the
ANSAC process remains robust against dynamic noise,

uch as machinery or personnel present on-site but absent
om the static BIM model.
.6. Local Refinement: Multi-Scale Point-to-Plane

ICP
To reach centimeter-level precision and ensure long-

nge stability, the coarse RANSAC pose is refined using a
ulti-Scale Point-to-Plane ICP variant. Standard ICP often

onverges to local minima in AEC environments due to geo-
etric ambiguities from structural symmetries. We mitigate
is using a radius annealing strategy that modulates the

earch radius and iteration budget across four phases.
The first two phases utilize a large search radius (up to

.0×𝜌𝑏𝑎𝑠𝑒) to maximize structural overlap and correct global
gistration displacements. The third phase reduces this to
.2 × 𝜌𝑏𝑎𝑠𝑒 to prioritize edges and junctions, eliminating
ubtle rotational errors. Finally, RMSE minimization with
restrictive 0.5 × 𝜌𝑏𝑎𝑠𝑒 radius acts as an outlier filter against

ensor noise and temporary objects. This hierarchical lock-
g ensures the 6-DOF pose is anchored to the rigid building

tructure.
.7. Sensory Fusion and Persistence

To maintain registration stability as the user navigates
rough the site, the result of the ICP refinement is handed

ff to the device’s native Scene Tracking framework. Spatial
nchors bind the optimized transformation matrix to the
cal spatial map of the Hololens 2. While high-frequency
isual-Inertial Odometry manages relative movement, our
eometric registration provides the absolute metric anchor.
his architecture prevents typical long-term drift and allows
r manual re-calibration if the environment undergoes sig-

ificant structural changes.
.8. Redundancy and Fallback Mechanisms

The first level of redundancy is a marker-based registra-
on using QR codes. These fiducial markers are placed at

surveyed coordinates on the job site and serve as determinis-392

tic anchors. When scanned via the HoloLens 2 RGB camera,393

the system resolves the user’s pose through a Perspective-n-394

Point solver, bypassing the need for geometric matching in395

featureless areas like long, unfinished tunnels. The second396

level is a user-assisted manual alignment, where the operator397

can directly manipulate the BIM hologram using natural398

hand gestures. This mode includes precision controls for399

fine-tuning the 6-DOF pose, allowing the human-in-the-400

loop to resolve ambiguities that automated computer vision401

algorithms might struggle with in highly cluttered scenes.402

4. Algorithmic Performance Evaluation and403

Ablation404

In this section, we quantitatively evaluate the registration405

pipeline’s stability within the computational limits of the406

Microsoft HoloLens 2. We present ablation studies isolating407

the effects of hierarchical RANSAC and edge-aware decima-408

tion on robustness and latency. Furthermore, we analyze the409

convergence of our radius annealing strategy and benchmark410

the framework against state-of-the-art global registration411

methods. Conducted across varying architectural complexi-412

ties, these tests validate the system’s ability to maintain high-413

fidelity alignment in challenging conditions of construction414

environments.415

4.1. Ablation Study of RANSAC Design Choices416

To provide a rigorous evaluation of the proposed sys-417

tem, we conducted a series of ablation studies designed to418

isolate the impact of our architectural optimizations on both419

mathematical robustness and computational efficiency. The420

experiments were performed using two distinct test environ-421

ments: a synthetic laboratory model (Figure 6) composed422

of 16 rooms and a high-complexity setting comprising a423

complete floor of an apartment building (partially illustrated424

in Figure 4) with 94 segmented rooms.425

Figure 6: Experimental test environments for the ablation
study. (Left) The segmented BIM reference for the laboratory
model. The red bounding box highlights the target workspace
for registration. (Right) The raw point cloud captured by the
Microsoft HoloLens 2.

All tests were executed directly on the Microsoft HoloLens426

2 to ensure the results reflect real-world performance on427

standalone hardware. The metrics reported in Table 1 rep-428

resent mean values obtained across 10 independent runs429

per configuration. These baseline comparisons validate the430
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ecessity of the hierarchical search and edge-aware filtering
odules.

Registration Method Apartment Laboratory
Time (ms) Fitness Time (ms) Fitness

Ours 1861 0.853 591 0.617
Global BIM Cloud 34640 0.000 133 0.000
Single-Pass RANSAC 14413 0.822 960 0.426
Regular Decimation 1912 0.799 390 0.387

able 1
onsolidated Ablation Study of RANSAC Performance Metrics
cross Apartment and Laboratory Environments.

The Global BIM Cloud configuration represents an
ttempt to register against the entire unsegmented building
odel. As shown in the results, this approach failed to

onverge in 100% of the trials, yielding a fitness score of
.000. This failure is mathematically consistent with the
tochastic nature of RANSAC, where the required number
f iterations increases exponentially as the inlier ratio drops.

large-scale infrastructure, the volume of a single room
lative to the entire building results in an inlier ratio often

elow 2%. Stress tests further emphasize this limitation;
ven after ten minutes of uninterrupted computation, the
ystem failed to reach a satisfactory alignment. Furthermore,
ttempting to process a global building cloud risks exceeding
e device’s RAM capacity, leading to system saturation.

Our divide-and-conquer strategy enables the system to
plement adaptive filters. In contrast, although the Single-

ass RANSAC configuration eventually achieved a valid
tness score (0.822 in the apartment), it incurred a latency
f over 14 seconds. By implementing a high-speed coarse
tage with a 30 cm grid (10, 000 iterations), the system can
pidly filter room candidates, allowing the final 100, 000-
eration precision stage to concentrate exclusively on high-
robability candidates. This optimization reduced total reg-
tration time by 87% in the apartment scenario.

Finally, the Regular Decimation variant demonstrates
at geometric quality is significantly compromised when

dge-aware filtering is omitted. Although a purely regular
rid results in faster execution in the laboratory (390 ms),
e fitness score drops to 0.387. This is due to the high

ensity of points on large, featureless planar surfaces, such
s walls and floors, which induce sliding errors during the
tochastic matching process. Data indicates that the initial
rincipal Component Analysis overhead is offset by the
duced complexity of the resulting cloud, providing a robust

inematic lock and superior fitness without a significant time
enalty.
.2. Analysis of Radius Annealing in ICP

Refinement
To validate the performance of the proposed radius an-

ealing strategy, we performed a comparative convergence
nalysis designed to assess local refinement stability against

conventional static-radius ICP variants. The evaluation uti-474

lized three distinct levels of initial registration error (Fig-475

ure 7) comprising Low, Medium, and High offsets to mea-476

sure the robustness of the Coarse, Medium, Fine, and Multi-477

Scale ICP radius configurations.478

In scenarios characterized by low initial error, the multi-479

scale approach achieves a high-precision alignment equiv-480

alent to the Fine ICP variant, successfully reaching the481

centimeter-level threshold. However, the limitations of static482

methodologies become apparent as the initial displacement483

increases. For moderate and high initial errors, the Fine ICP484

variant remains trapped in local minima and provides non-485

feasible registrations. While the Coarse and Medium vari-486

ants achieve basic structural alignment in these challenging487

cases, they inevitably reach a convergence plateau because488

they lack the sensitivity required for precise metric locking.489

The data demonstrates that only the multi-scale strategy490

successfully navigates the error landscape across all test491

cases, consistently reducing RMSE to the target precision492

required for long-range stability. As illustrated in Figure 8,493

qualitative comparisons confirm the algorithm’s ability to494

correct substantial spatial deviations and maintain structural495

alignment better than fixed-radius alternatives across vary-496

ing distances. For an extended iteration-by-iteration analy-497

sis, we provide comprehensive visualizations in Supplemen-498

tary Material Section A of the Appendix.499

4.3. Comparative Performance Analysis and500

Benchmarking501

To provide a rigorous justification for our algorith-502

mic selection, we evaluate our multi-resolution RANSAC503

pipeline against representative state-of-the-art global reg-504

istration methods. A viable methodology within the XR505

framework must demonstrate metric precision against the506

noise and multi-path interference characteristic of Time-of-507

Flight sensors while remaining compatible with the compu-508

tational constraints of the HoloLens 2. Although Teaser++509

is recognized for its robustness to high outlier ratios, it was510

excluded from this comparison due to resource demands511

that exceed mobile hardware limits and the significant512

complexity of porting its libraries to the Universal Windows513

Platform environment. Furthermore, cloud-based offloading514

was dismissed to ensure system reliability in subterranean515

or remote sites where offline operation is an indispensable516

requirement. Consequently, our comparative analysis fo-517

cuses on Fast Global Registration (FGR) [31] and 4-Point518

Congruent Sets (4PCS) [14].519

Experimental trials across the apartment and labora-520

tory environments showed that deterministic alternatives521

like FGR and Super4PCS exhibited extreme sensitivity to522

parameter configuration. Parameters optimized for a specific523

dataset frequently failed when applied to another, limiting524

their utility in the unpredictable conditions of an active job525

site. In contrast, our RANSAC-based method provided supe-526

rior generalization across diverse geometric scales without527

requiring extensive manual tuning.528
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igure 7: RMSE convergence analysis across varying initial registration error levels for the Multi-Scale radius annealing strategy
nd static-radius ICP variants (Coarse, Medium, and Fine). Circular markers (∙) denote feasible, convergent registrations, while
ross markers (×) indicate instances where the algorithm remained trapped in local minima.

Initial State Multi-scale
Coarse Medium Fine

(3.0 × 𝜌𝑏𝑎𝑠𝑒) (1.2 × 𝜌𝑏𝑎𝑠𝑒) (0.5 × 𝜌𝑏𝑎𝑠𝑒)

High Initial Error RMSE = 0.043 RMSE = 0.093 RMSE = 0.066 RMSE = 0.047

Mid Initial Error RMSE = 0.043 RMSE = 0.092 RMSE = 0.049 RMSE = 0.047

Low Initial Error RMSE = 0.042 RMSE = 0.092 RMSE = 0.049 RMSE = 0.042

igure 8: Visual comparison of convergence between the multi-scale ICP version and fixed-radius versions across scenarios with
igh, medium, and low initial registration errors. The target point cloud (BIM) is shown in red, and the captured point cloud
oloLens) is shown in green.

As detailed in Table 2, our proposed system achieved sig-
ificantly higher fitness scores than the competing baselines.

the apartment environment, our method reached a fitness
f 0.853, whereas FGR only achieved 0.426. This substan-
al reliability margin ensures that the initial alignment is
bust enough to prevent subsequent ICP refinement from

iverging, effectively securing the centimeter-level precision
quired for professional AEC applications.

The scalability of our implementation provides a critical537

advantage through the dynamic adjustment of the computa-538

tional budget. At a reduced budget of 2,000 iterations, the539

system maintained a fitness score of 0.501, outperforming540

Super4PCS while matching its execution speed. Although541

high-precision registration introduces a latency of 0.5 to 2542

seconds, this remains well within the acceptable threshold543

for on-site inspection tasks where reliability and total hard-544

ware autonomy are prioritized over pure real-time refresh545

rates.546

nonymous et al.: Preprint submitted to Elsevier Page 8 of 15



Journal Pre-proof

T
C
q
ri

5547

548

549

c550

o551

e552

I553

c554

s555

p556

th557

c558

u559

w560

ti561

w562

te563

m564

5565

566

a567

re568

s569

th570

a571

5572

573

s574

w575

s576

m577

th578

5579

580

ti581

le582

c583

d584

585

586

A

Jo
ur

na
l P

re
-p

ro
of

Registration Method Apartment Laboratory
Time (ms) Fitness Time (ms) Fitness

Ours (100,000 iter.) 1861 0.853 591 0.617
Ours (10,000 iter.) 1659 0.775 425 0.616
Ours (5,000 iter.) 871 0.740 373 0.617
Ours (2,000 iter.) 426 0.501 430 0.544
FGR 254 0.426 320 0.149
Super4PCS 480 0.481 380 0.253

able 2
omparative analysis of performance (ms) and registration
uality (fitness) between the proposed RANSAC-based algo-
thm and state-of-the-art methods FGR and Super4PCS.

. Human-Centric Validation: Performance
and Perceptual Analysis
In this section, we present an empirical evaluation fo-

used on the user experience and perceptual performance
f the proposed Mixed Reality registration pipeline. The
valuation is structured into two distinct phases, where Study
defines a performance benchmark by comparing the pre-
ision and robustness of our automatic alignment against
tandard interaction paradigms. Transitioning from technical
recision to human-centric outcomes, Study II investigates
e specific thresholds at which registration degradation

ompromises spatial perception, interaction efficiency, and
ser confidence. By synthesizing objective performance data
ith subjective usability metrics, we identify the opera-
onal requirements for ensuring fluid and reliable interaction
ithin complex physical environments. Detailed normality
st results for all user study data are provided in Supple-
entary Material Section B.
.1. Study I: Evaluation of Registration Paradigms

The primary objective of this study was to quantify the
lignment accuracy of the Automatic registration pipeline
lative to existing methods. Specifically, we sought to mea-

ure the placement error that occurs when a user registers
e model in one location and traverses to a secondary site,
key requirement for on-site inspection.
.1.1. Participants

A total of 𝑁 = 16 participants were recruited for this
pecific study. The cohort was demographically diverse,
ith ages ranging from 18 to over 45. Participants were

creened to ensure no significant visual or motor impair-
ents that would hinder the use of stereoscopic HMDs or
e execution of precise gestures.
.1.2. Experimental Design

We employed a within-subjects design with the Registra-
on Method as the single independent variable. To mitigate
arning effects and order bias, the sequence of the three

onditions was counterbalanced using a randomized block
esign. The three experimental conditions were:

1. Automatic (Proposed): The user scans the room ge-
ometry using the HoloLens 2. The system utilizes our

RANSAC-based pipeline to match the environmental587

point cloud with the BIM reference. Captured depth588

samples are shown as green points to provide feedback589

on coverage sufficiency.590

2. Marker-Based (QR): The user scans a printed QR591

code placed at a pre-calibrated physical location. The592

system aligns the virtual coordinates based on the593

marker’s relative pose.594

3. Manual (Gesture-Based): Serving as the baseline,595

users select their approximate location on a 2D floor596

plan and then fine-tune the 3D model alignment using597

standard manipulation gestures (two-handed pinch to598

drag, rotation constrained to the Y-axis).599

5.1.3. Procedure600

The experimental protocol commenced with an induc-601

tion phase where participants reviewed a technical briefing602

and a video tutorial of the Automatic registration interface.603

Following this, users executed the alignment in the start-604

ing location (Workspace A) using their assigned paradigm.605

To evaluate the stability of the holographic overlay during606

movement, participants were then required to traverse ap-607

proximately 10 meters to a secondary location (Workspace608

B). In this second environment, the system rendered four609

virtual electrical plugs on physical walls; participants were610

tasked with marking the top-left corner of each virtual611

element in the real world. The procedure concluded by612

measuring the placement error, defined as the absolute dis-613

tance between the virtual target and the physical mark,614

decomposed into lateral (𝑥𝑧) and vertical (𝑦) deviations.615

Immediately following each condition, participants provided616

a subjective difficulty rating via the Single Ease Question617

(SEQ) on a 7-point Likert scale (1=Very Difficult, 7=Very618

Easy). Because post-registration tracking was delegated to619

the standard HoloLens 2 SLAM pipeline in all conditions,620

any drift-related effects were comparable across methods621

and did not bias the relative comparison of registration622

performance.623

5.1.4. Results: Registration Accuracy624

We analyzed the placement accuracy across the 16 par-625

ticipants. To provide a robust metric of deviation, we calcu-626

lated the Root Mean Square Error (RMSE) for each modality627

and participant. Due to the distinct nature of the errors, we628

separated the analysis into Lateral and Vertical components.629

Lateral Accuracy: The registration method had a signif-630

icant effect on lateral accuracy (Friedman 𝜒2(2) = 16.625,631

𝑝 < 0.001). As detailed in Table 3, the Automatic method632

achieved superior precision with an RMSE of 2.37 cm. In633

contrast, the Manual method resulted in the highest error634

of 23.16 cm. The QR method performed moderately, with635

a mean error of 8.00 cm. Post-hoc analysis confirmed that636

the Automatic method significantly outperformed both Man-637

ual (𝑝 < 0.001) and QR (𝑝 < 0.01) approaches in the638

horizontal plane. Additionally, the QR method significantly639

outperformed the Manual approach (𝑝 = 0.019) for lateral640

alignment.641
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Auto Manual QR
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Study I: Lateral Registration RMSE

Auto Manual QR
Registration Modality

Study I: Vertical Registration RMSE

igure 9: Boxplots representing the distribution of registration errors in Study I (𝑁 = 16). Left: Absolute Lateral Error, showing
igh variance for the Manual modality. Right: Absolute Vertical Error, highlighting the increased deviation in the QR-based
ethod. The Automatic approach (green) demonstrates consistent stability across both axes.

Modality

Lateral Error
(cm)

Vertical Error
(cm)

Perceived Difficulty
(SEQ)

Mean SD Mean SD Mean Median SD
Automatic 2.37 2.90 3.77 3.20 6.1 6.0 0.8
QR-Code 8.00 5.32 9.98 4.81 6.7 7.0 0.6
Manual 23.16 21.06 5.10 2.50 3.0 2.0 1.9

able 3
tudy I Results: Quantitative alignment errors and subjective
ifficulty scores (SEQ) across the three registration paradigms.

Vertical Accuracy: Analysis of vertical error revealed
distinct pattern (Friedman 𝜒2(2) = 10.125, 𝑝 < 0.01).
he Automatic method (RMSE = 3.77 cm) and the Manual
ethod (RMSE = 5.10 cm) showed no statistically signif-
ant difference (𝑝 = 0.1329). This performance parity is
kely attributable to the specific constraints of the manual
teraction, which restricted rotation to the vertical Y-axis.
y eliminating complex pitch and roll adjustments, the task
as effectively simplified, allowing users to easily match the
irtual floor plane with the physical ground. Conversely, the
R method performed significantly worse vertically (RMSE
9.98 cm) compared to both Automatic (𝑝 = 0.0064) and
anual (𝑝 = 0.033) methods. This error typically stems
om pitch estimation inaccuracies when scanning markers
t oblique angles, which translates into larger vertical offsets
hen projected over distance. To better illustrate the reliabil-
y of these paradigms beyond central tendencies, Figure 9
isualizes the error distribution for both axes. The boxplots
ighlight the severe dispersion of the manual baseline com-
ared to the consistent stability of the proposed automatic
pproach.

Perceived Difficulty: Table 3 summarizes the descrip-
ve statistics for the perceived difficulty (SEQ) scores. The
sults indicate a clear dichotomy in user experience. The
anual method was rated as the most difficult, with a mean

score of 3.0 (𝑆𝐷 = 1.9) and a median of 2.0. Conversely,667

the semi-automated methods were rated highly: the QR-668

Code method achieved the highest usability scores (𝑀𝑒𝑎𝑛 =669

6.7, 𝑆𝐷 = 0.6), followed closely by the Automatic method670

(𝑀𝑒𝑎𝑛 = 6.1, 𝑆𝐷 = 0.8). A Friedman test revealed671

a statistically significant difference in perceived difficulty672

between methods, 𝜒2(2) = 19.32, 𝑝 < 0.001. Post-hoc673

analysis confirmed that the Manual method was significantly674

more burdensome than both the QR (𝑍 = 3.35, 𝑝 < 0.001)675

and Automatic (𝑍 = 3.26, 𝑝 = 0.001) methods. No signif-676

icant difference was found between the QR and Automatic677

approaches (𝑍 = 1.89, 𝑝 = 0.058).678

User Preference: Subjective rankings mirrored these679

findings. The QR-Code method was the primary choice680

for 81% of participants (𝑁 = 13), favored for its speed.681

The Automatic method was the preferred alternative for682

the remaining participants, while the Manual method was683

consistently ranked last (𝑁 = 14), with users citing the684

frustration of perceived drift.685

5.2. Study II: Evaluation of the Impact of686

Registration Quality on UX and Spatial687

Perception688

The primary objective of Study II is to evaluate the689

impact of registration degradation on User Experience (UX)690

and spatial decision-making. While Study I focused on691

quantifying technical precision across different registration692

paradigms, this second phase investigates the threshold at693

which alignment errors compromise human performance.694

By manipulating alignment parameters to introduce con-695

trolled errors, we scientifically measure their effect on user696

operability, architectural perception, and safety judgments.697

5.2.1. Participants698

A total of 𝑁 = 10 participants were recruited for this699

specific study. The cohort was demographically diverse,700
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ith ages ranging from 18 to over 45. Participants were
creened to ensure no significant visual or motor impair-
ents that would hinder the use of stereoscopic HMDs

r the execution of precise gestures, matching the baseline
quirements of the previous study.
.2.2. Experimental Design

We employed a within-subjects design with Registra-
on Quality as the single independent variable. To mitigate
arning effects and order bias, the exposure sequence was
rganized using a Balanced Latin Square (4 × 4), randomly
ssigning each participant to one of the four sequential
roups.

The independent variable, Registration Quality, was de-
ned through four experimental conditions designed to sim-
late misalignment levels commonly encountered in con-
truction scenarios. To ensure ecological validity, the offset
agnitudes were empirically derived from the second and
ird quartiles of the baseline errors recorded in Study I
tilizing the Manual mode for horizontal error and QR-

ased mode for vertical error):
• C1 (Control): Ideal visualization with no added dis-

tortion, establishing the performance baseline.
• C2 (Moderate Offset): Introduction of a moderate

deviation (vertical offset ≈ 11 cm, horizontal offset
≈ 14 cm), corresponding to the second quartile of the
baseline errors.

• C3 (Severe Offset): Introduction of a severe deviation
(vertical offset ≈ 13 cm, horizontal offset ≈ 40 cm),
corresponding to the third quartile of the baseline
errors.

• C4 (Noise): Introduction of jitter-type instability (ro-
tational noise) without translational displacement.

The dependent variables encompassed both objective
nd subjective measures. Objective metrics included abso-
te error (m), 2D Euclidean distance, binary success rates,

nd task execution times. Subjective metrics focused on
erceived difficulty and operational impact of visual noise.
.2.3. Procedure

The experimental protocol proceeded through four dis-
nct blocks (C1–C4) according to the randomized sequence
efined by the Balanced Latin Square. At the start of each
lock, the system applied the specific registration distortion
ondition. Participants then performed a battery of six tasks
ategorized into two phases:

Phase A: Precision and Interaction (T1–T2) Partic-
ants executed tasks requiring direct interaction with the

nvironment:
• T1 Measurement: Users estimated the length of vir-

tual bars using a virtual measuring tool to evaluate
metric consistency.

• T2 Positioning: Participants placed a physical marker751

on a wall to match a virtual stimulus, allowing for the752

measurement of hand-eye coordination drift.753

Phase B: Spatial Perception with Avatars (T3–T5)754

Subsequently, virtual avatars were introduced as human-755

scale references to evaluate architectural judgment:756

• T3 Spatial Reference: Participants identified physi-757

cal objects indicated by an avatar’s gesture to deter-758

mine if registration errors compromised the perceived759

Line of Sight.760

• T4 Accessibility: Users judged whether an avatar761

in a wheelchair could navigate specific trajectories762

without colliding with real-world physical elements763

(affordance judgment).764

• T5 Hazard Assessment: Participants determined if a765

walking avatar was in physical danger regarding real766

obstacles.767

Immediately following the completion of each individual768

task, participants provided a subjective difficulty rating via769

the Single Ease Question (SEQ) on a 7-point Likert scale770

(1=Very Difficult, 7=Very Easy). The procedure concluded771

with a final questionnaire specifically evaluating the oper-772

ational impact of the noise condition, rating the extent to773

which visual instability impeded their ability to perform the774

assigned tasks.775

5.2.4. Results: Task T1 – Measurement776

In this task, participants were presented with four groups777

of four virtual bars (one group per condition) and were778

required to provide an estimate of their length using a virtual779

measuring tool. In instances where registration conditions780

prevented a full measurement of the bar, users were asked to781

provide a visual estimate of the total length. The order of the782

bars remained constant across subjects, while the sequence783

of conditions (C1 to C4) was organized using a Balanced784

Latin Square design.785

Metric Precision Analysis: Registration Quality had a786

significant impact on metric precision (Friedman 𝜒2(3) =787

24.36, 𝑝 < 0.0001). As detailed in Table 4, the Control788

condition (C1) exhibited superior precision with an esti-789

mated RMSE of 1.71 cm. Conversely, the Severe Offset790

(C3) yielded the lowest precision with an error of 24.72791

cm, followed by C2 (6.01 cm) and C4 (3.84 cm). Post-hoc792

analysis confirmed that C1 achieved a significantly lower793

error compared to C2 (𝑝 = 0.0234), C3 (𝑝 = 0.0117), and794

C4 (𝑝 = 0.0234). Additionally, C2 (𝑝 = 0.0234) and C4795

(𝑝 = 0.0117) both performed significantly better than C3.796

No significant differences were found between C2 and C4797

(𝑝 = 0.1641).798

Perceived Difficulty: Table 4 summarizes the descrip-799

tive statistics for the perceived difficulty (SEQ) scores. Re-800

sults indicate a clear preference for the Control condition801

(C1), rated as the easiest with a mean score of 6.2 (𝑆𝐷 =802

0.6) and a median of 6.0. In contrast, the Severe Offset (C3)803
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Condition Measurement Error Perceived Difficulty
(RMSE - cm) (SEQ)

Mean SD Mean Median SD
C1 1.71 1.00 6.2 6.0 0.6
C2 6.01 3.51 4.3 4.5 1.5
C3 24.72 31.48 2.9 2.5 1.5
C4 3.84 1.91 4.7 5.0 1.3

able 4
ask T1 Results: Comparative statistics of measurement error
nd subjective difficulty across registration conditions.

presented the greatest difficulty, obtaining the lowest score
the study (𝑀𝑒𝑎𝑛 = 2.9, 𝑆𝐷 = 1.5). Conditions C2

nd C4 showed an intermediate performance, both with a
edian of 5.0. A Friedman test revealed a statistically signif-
ant difference in perceived difficulty between conditions,
2(3) = 25.30, 𝑝 < 0.001. Post-hoc analysis confirmed that
1 was preferred over C2 (𝑝 = 0.0234), C3 (𝑝 = 0.0117),
nd C4 (𝑝 = 0.0234). Furthermore, the analysis confirms a
ignificant preference for conditions C2 (𝑝 = 0.0469) and C4
= 0.0234) over C3, with no significant differences found

etween C2 and C4.
.2.5. Results: Task T2 – Positioning

In this task, participants were presented with four groups
f four virtual elements (one group per condition) positioned
ver a virtual workspace. Users were asked to mark the
tended physical coordinates (as if no registration error was

resent) as accurately as possible on the physical workspace.
he order of the elements remained constant across subjects,
hile the sequence of conditions (C1 to C4) was organized
sing a Balanced Latin Square design.

Metric Precision Analysis: Registration Quality had a
ignificant impact on metric precision (Friedman 𝜒2(3) =
9.80, 𝑝 = 0.00018). As detailed in Table 5, the Control con-
ition (C1) exhibited superior precision with an estimated
MSE of 1.80 cm. In contrast, the Moderate (C2), Severe
3), and Noise (C4) conditions yielded significantly lower

recision with errors of 9.32 cm, 10.35 cm, and 5.95 cm,
spectively. Post-hoc analysis confirmed that C1 achieved
significantly lower error compared to C2 (𝑝 = 0.0117),
3 (𝑝 = 0.0117), and C4 (𝑝 = 0.0234). Interestingly,
o significant differences were found between the degraded
onditions: C2 and C3 (𝑝 = 1.0), C2 and C4 (𝑝 = 0.1172),
r C3 and C4 (𝑝 = 0.1641).

Condition Positioning Error Perceived Difficulty
(RMSE - cm) (SEQ)

Mean SD Mean Median SD
C1 1.80 0.94 6.9 7.0 0.3
C2 9.32 3.94 4.3 4.0 1.2
C3 10.35 5.94 3.4 3.0 1.4
C4 5.95 2.60 4.0 3.0 1.8

able 5
ask T2 Results: Comparative statistics of positioning error
nd subjective difficulty across registration conditions.

Perceived Difficulty: Table 5 summarizes the descrip-837

tive statistics for the perceived difficulty (SEQ) scores. Re-838

sults indicate a strong preference for the Control condition839

(C1), which was rated as the easiest with a mean score of840

6.9 (𝑆𝐷 = 0.32) and a median of 7.0, reflecting consistent841

user satisfaction. Conversely, the remaining conditions rep-842

resented a much higher difficulty: Severe Offset (C3) was843

rated the lowest (𝑀𝑒𝑎𝑛 = 3.4, 𝑆𝐷 = 1.4), followed by C4844

(𝑀𝑒𝑎𝑛 = 4.0, 𝑆𝐷 = 1.8) and C2 (𝑀𝑒𝑎𝑛 = 4.3, 𝑆𝐷 = 1.2).845

A Friedman test revealed a statistically significant differ-846

ence in perceived difficulty between conditions, 𝜒2(3) =847

22.38, 𝑝 < 0.0001. Post-hoc analysis with Wilcoxon signed-848

rank tests confirmed that C1 was significantly preferred over849

C2 (𝑝 = 0.0117), C3 (𝑝 = 0.0117), and C4 (𝑝 = 0.0117).850

No significant differences in perceived difficulty were found851

between conditions C2, C3, and C4.852

5.2.6. Results: Task T3 – Spatial Reference853

In this task, participants observed four groups of four854

virtual avatars (one per condition) pointing toward distinct855

real-world objects. Users identified the specific physical856

object referenced by each avatar. Performance was measured857

using a discrete success score (0 to 4) per condition to858

account for the clustered data structure. This approach avoids859

the independence assumptions of traditional categorical tests860

like the McNemar, which are violated by individual learning861

curves. While the sequence of avatars remained constant862

across participants, the presentation order of experimental863

conditions (C1 to C4) followed a Balanced Latin Square864

design.865

Identification Accuracy Analysis: Registration Quality866

had a significant impact on identification accuracy (Fried-867

man 𝜒2(3) = 19.80, 𝑝 = 0.000187). As detailed in Table 6,868

the Control condition (C1) achieved absolute success with a869

100% identification rate. Performance significantly declined870

as registration quality degraded: the Moderate (C2) condi-871

tion yielded a 65% success rate, while the Severe (C3) and872

Noise (C4) conditions resulted in notably lower success rates873

of 40% and 37.5%, respectively. Post-hoc analysis confirmed874

that C1 outperformed C2 (𝑝 = 0.0469), C3 (𝑝 = 0.0117),875

and C4 (𝑝 = 0.0234). No significant differences were found876

between the degraded conditions (C2, C3, and C4).877

Condition Success Score Success Perceived Difficulty
Mean SD Rate Mean Median SD

C1 4.0 0.00 100% 6.9 7.0 0.3
C2 2.6 1.08 65% 4.7 4.5 1.6
C3 1.6 1.17 40% 3.7 3.5 1.8
C4 1.5 1.18 37.5% 3.9 4.5 2.1

Table 6
Task T3 Results: Comparative statistics of identification suc-
cess and subjective difficulty across registration conditions.

Perceived Difficulty: Table 6 summarizes the descrip-878

tive statistics for the perceived difficulty (SEQ) scores. Re-879

sults indicate a clear preference for the Control condition880

(C1), rated as the easiest with a mean score of 6.9 (𝑆𝐷 =881

nonymous et al.: Preprint submitted to Elsevier Page 12 of 15



Journal Pre-proof

0882

d883

S884

3885

a886

a887

b888

a889

w890

0891

in892

c893

5894

895

a896

ti897

p898

T899

a900

a901

c902

c903

w904

905

te906

0907

w908

T
T
su

909

ti910

re911

(C912

o913

re914

o915

s916

d917

w918

s919

0920

p921

d922

b923

u924

ju925

p926

s927

A

Jo
ur

na
l P

re
-p

ro
of

.3) and a median of 7.0. Conversely, the remaining con-
itions represented a much higher cognitive burden: the
evere Offset (C3) condition was rated the lowest (𝑀𝑒𝑎𝑛 =
.7, 𝑆𝐷 = 1.8), followed by C4 (𝑀𝑒𝑎𝑛 = 3.9, 𝑆𝐷 = 2.1)
nd C2 (𝑀𝑒𝑎𝑛 = 4.7, 𝑆𝐷 = 1.6). A Friedman test revealed
statistically significant difference in perceived difficulty

etween conditions, 𝜒2(3) = 19.88, 𝑝 = 0.00018. Post-hoc
nalysis with Wilcoxon signed-rank tests confirmed that C1
as significantly preferred over C2 (𝑝 = 0.0234), C3 (𝑝 =
.0117), and C4 (𝑝 = 0.0234). No significant differences

perceived difficulty were found between the degraded
onditions C2, C3, and C4.
.2.7. Results: Task T4 – Accessibility

In this task, participants observed a virtual wheelchair
vatar performing four distinct trajectories (one per condi-
on). Users judged whether the avatar could complete each
ath without colliding with real-world physical elements.
o evaluate how registration quality impacts passability
ffordances, we introduced alignment offsets to distort the
vatar’s perceived position (despite all paths being techni-
ally clear). While the sequence of trajectories remained
onstant, the order of experimental conditions (C1 to C4)
as randomized using a Balanced Latin Square design.

Affordance Judgment Analysis: Both the Cochran Q
st (𝑝 = 0.0719) and the Friedman test (𝜒2(3) = 7, 𝑝 =
.0719) indicated that no statistically significant differences
ere found at the standard confidence level.
Condition Accuracy (Binary) Success Perceived Difficulty

Mean SD Rate Mean Median SD
C1 1.0 0.00 100% 6.7 7.0 0.7
C2 0.7 0.48 70% 5.2 6.0 1.4
C3 0.5 0.53 50% 4.3 4.0 1.7
C4 0.6 0.52 60% 4.9 6.0 2.0

able 7
ask T4 Results: Comparative statistics of success rate and
bjective difficulty across registration conditions.

Perceived Difficulty: Table 7 summarizes the descrip-
ve statistics for the perceived difficulty (SEQ) scores. The
sults indicate a clear preference for the Control condition
1), which was rated as the easiest with a mean score

f 6.7 (𝑆𝐷 = 0.7) and a median of 7.0. Conversely, C3
presented the greatest difficulty, obtaining a mean score

f 4.3 (𝑆𝐷 = 1.7). A Friedman test revealed a statistically
ignificant difference in perceived difficulty between con-
itions (𝜒2(3) = 18.31, 𝑝 = 0.000379). Post-hoc analysis
ith Wilcoxon signed-rank tests confirmed that C1 was

ignificantly preferred over C2 (𝑝 = 0.0234), C3 (𝑝 =
.0234), and C4 (𝑝 = 0.0469). No significant differences in
erceived difficulty were found between the degraded con-
itions C2, C3, and C4. These results reveal a dissociation
etween objective efficacy and subjective experience. While
sers compensated for registration errors to reach correct
dgments, perceived difficulty scores demonstrate that any

erturbation increases the cognitive load required to process
patial information.

5.2.8. Results: Task T5 – Hazard Assessment928

In this final task, participants observed a virtual avatar929

performing four distinct trajectories (one per condition).930

Users judged whether the avatar traversed a pre-identified931

hazard zone during its path. To evaluate how registration932

impacts safety perception, we introduced alignment offsets933

to distort the avatar’s perceived position (despite all paths934

technically intersecting the zone). While the sequence of935

trajectories remained constant, the order of experimental936

conditions (C1 to C4) was randomized using a Balanced937

Latin Square design.938

Hazard Judgment Analysis: A notable ceiling effect939

was observed in this task, with a 100% success rate recorded940

across all conditions. This indicates that the task had lim-941

ited sensitivity for discriminating performance differences942

between registration conditions. Accordingly, T5 should not943

be interpreted as strong evidence of condition-dependent944

differences in objective hazard detection accuracy.945

Condition Accuracy (Binary) Success Perceived Difficulty
Mean SD Rate Mean Median SD

C1 1.0 0.00 100% 6.8 7.0 0.4
C2 1.0 0.00 100% 5.1 5.5 1.1
C3 1.0 0.00 100% 4.5 5.0 1.6
C4 1.0 0.00 100% 5.3 6.0 1.7

Table 8
Task T5 Results: Comparative statistics of success rate and
subjective difficulty across registration conditions.

Perceived Difficulty: Table 8 summarizes the descrip-946

tive statistics for the perceived difficulty (SEQ) scores. The947

results indicate a clear preference for the Control condition948

(C1), which was rated as the easiest with a mean score of949

6.8 (𝑆𝐷 = 0.4) and a median of 7.0. In contrast, the de-950

graded conditions (C2, C3, and C4) exhibited lower usability951

ratings, with the Severe Offset (C3) receiving the lowest952

score (𝑀𝑒𝑎𝑛 = 4.5, 𝑆𝐷 = 1.6). A Friedman test revealed953

a statistically significant difference in perceived difficulty954

between conditions, 𝜒2(3) = 22.21, 𝑝 = 0.00005. Post-955

hoc analysis with Wilcoxon signed-rank tests confirmed that956

C1 was significantly preferred over C2 (𝑝 = 0.0117) and957

C3 (𝑝 = 0.0117). No significant differences were found958

between C1 and C4, nor among the three degraded condi-959

tions (C2, C3, and C4). These findings reveal a dissociation960

between objective performance and subjective perception.961

While users identified hazards despite registration errors,962

degraded SEQ scores indicate this occurred at the cost of963

higher cognitive load and reduced system confidence.964

6. Limitations and Future Work965

While the proposed registration pipeline demonstrates966

robust performance in AEC environments, it is bound by the967

computational constraints of the Microsoft HoloLens 2. The968

decision to restrict the scope to an on-device computational969

setup was driven by the reality of active construction sites,970

which frequently lack the reliable, high-bandwidth network971

connectivity required for cloud-based processing. However,972
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cknowledging these limitations, future research could eval-
ate a hybrid computational model. This approach would
llow the two ecosystems to coexist seamlessly by preserv-
g the fully standalone pipeline as a fallback mechanism
r disconnected sites, with the possibility of dynamically

ffloading computations to heavy solvers on edge or cloud
ervers when adequate network coverage is detected.

Additionally, the HoloLens 2 relies on an infrared Time-
f-Flight depth sensor, which produces reliable samples up

3.5 to 4.0 meters in the Long Throw setting. In open
utdoor environments, this range may be limiting, and the
apture may also suffer from severe infrared interference
om ambient sunlight, which can make geometric scanning
nreliable.

Furthermore, it is important to note that HoloLens 2
roduction has ended (“last time to buy”), with critical
ervicing continuing only for a limited window. This con-
trains the long-term applicability of the current hardware
amework. To address this, future work should focus on
xtending the portability of the proposed pipeline to modern
ideo see-through Mixed Reality devices, such as the Meta
uest 3. Transitioning to a video see-through architecture
ffers significant perceptual advantages over optical see-
rough displays like the HoloLens, which often struggle
render opaque holograms in the bright-light conditions

pical of outdoor or well-lit construction sites. Devices like
e Meta Quest 3 resolve this by blending high-resolution

olor passthrough with digital elements, allowing virtual
IM models to be seamlessly and solidly integrated into the
ser’s view, albeit with a potential latency trade-off.

Adapting this registration framework to such devices
ill require a paradigm shift in how environmental scanning
handled. Instead of relying solely on explicit depth sweeps,
ture implementations could interface with the platform’s

ative spatial understanding stack. For instance, querying
ersistent scene models (planes, volumes, meshes) across
essions and leveraging shared spatial anchors with coloca-
on could enable robust multi-user alignment. Subsequent
search should investigate how to interface BIM prepro-

essing and alignment algorithms directly with these spa-
al mapping capabilities, moving away from manual scan-
ing phases in favor of built-in environmental understanding
ols.

Finally, to explicitly address the challenges of symmetric
r feature-poor spaces, subsequent iterations of the frame-
ork could formalize and evaluate layered intra-pipeline
llback mechanisms. These might include semantic seeding
om detected planes, QR or marker-based initialization,
inimal manual nudges, re-binding to fresh spatial anchors

ver long traversals, and hybrid offloading when available,
ereby increasing the overall robustness of the system.

. Conclusion
This article presented a comprehensive MR registration

amework for the AEC industry, tailored for the HoloLens 2.

We leverage several optimization strategies, specifically of-1027

fline probe-based ray casting for BIM inner-shell extraction,1028

edge-aware point cloud decimation, and a multi-resolution1029

RANSAC pipeline coupled with multi-scale ICP refinement,1030

to achieve robust, centimeter-level precision (RMSE = 2.371031

cm) without relying on external markers or cloud-based of-1032

floading. While the current implementation is tailored to the1033

HoloLens 2, the core methodology is highly generalizable1034

to the broader AEC sector and modern video see-through1035

architectures.1036

Because technical precision in Mixed Reality is insuffi-1037

cient if it does not translate to improved human decision-1038

making, we conducted comparative evaluations to prove1039

our automatic pipeline superior to manual and QR-code1040

alternatives. In the lateral plane, our method’s 2.37 cm pre-1041

cision significantly outperformed QR markers (8.00 cm) and1042

manual alignment (23.16 cm). Although users preferred QR1043

codes for simplicity, pitch estimation errors at oblique angles1044

caused vertical offsets approximately three times greater1045

than those achieved by our automated system. Participants1046

ranked the manual method least favorably, citing frustration1047

with perceived drift and high cognitive load. These results1048

confirm our alignment method as essential for reliable 1:11049

scale visualization on-site.1050

User study findings highlight how registration quality1051

affects architectural judgment and safety. A drop to a 50%1052

success rate in wheelchair affordance judgments (Task T4)1053

under severe offsets proves that registration errors can cause1054

incorrect site management decisions. Similarly, significantly1055

degraded usability scores during hazard assessments indi-1056

cate that misalignments force a fatiguing mental recalibra-1057

tion, proving that algorithmic robustness directly dictates1058

user trust and task efficacy. These findings reinforce the1059

core idea that securing a high-fidelity initial alignment yields1060

measurable and lasting benefits. A superior initial registra-1061

tion establishes a stable cognitive baseline that enhances spa-1062

tial perception and decision-making throughout the entire1063

inspection session, even if the subsequent tracking relies on1064

the standard device spatial mapping pipeline.1065

In summary, this research establishes that reliable, on-1066

device geometric registration is a fundamental prerequisite1067

for the effective integration of Mixed Reality in construction1068

workflows. By successfully balancing computational effi-1069

ciency with algorithmic robustness, our framework provides1070

a viable pathway for 1:1 scale on-site inspection. As the AEC1071

industry transitions toward more advanced immersive tech-1072

nologies, the adaptable, multi-layered alignment strategies1073

and hardware considerations discussed in this work will be1074

crucial for the continued evolution of spatial computing in1075

the built environment.1076
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A B S T R A C T
Building Information Modeling (BIM) has transformed the Architecture, Engineering, and Construc-
tion (AEC) industry by digitizing project data, yet its full potential remains unrealized due to persistent
gaps between virtual models and physical sites. These gaps contribute to inefficiencies, with studies
reporting substantial waste in labor and coordination. Extended Reality (XR) technologies offer a
promising solution by enabling immersive, real-scale visualization of BIM models on-site.

This article introduces a Mixed Reality (MR) application for Microsoft HoloLens 2 that super-
imposes BIM representations onto construction environments at a 1:1 scale, supporting real-time
detection of differences between the as-designed BIM model and the as-built construction on site.
We present a robust registration pipeline that integrates commercial XR hardware with advanced
algorithms to achieve precise alignment under challenging conditions. To validate the system, we
conducted a controlled user study comparing three registration paradigms (manual gesture-based, QR-
assisted, and fully automatic) and analyzing their impact on alignment accuracy and user experience
(UX) in AEC-related tasks. Results show that our automatic approach provides advantages over state-
of-the-art alternatives and significantly improves registration precision and usability ratings over the
baseline methods. Furthermore, the study demonstrates that alignment errors strongly influence spatial
perception and decision-making, highlighting the necessity of high-fidelity registration for effective
MR integration in construction workflows.
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- A standalone geometric registration pipeline for HoloLens 2 achieves 
centimeter-level accuracy without cloud offloading.

- Automated alignment significantly outperforms manual and QR-based methods in 
lateral precision and on-site usability.

- Registration degradation directly compromises architectural spatial judgment 
and safety-critical hazard assessments.
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