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Abstract

Drone-view mixed reality (MR) in the Architecture, Engineering, and Construction (AEC) sector faces
significant self-localization challenges in low-texture environments, such as bare concrete sites. This
study proposes an adaptive sensor fusion framework integrating thermal and visible light (RGB)
imagery to enhance tracking robustness for diverse site applications. We introduce the Effective Inlier
Count (N,s) as a lightweight gating mechanism to evaluate the spatial quality of feature points and
dynamically weight sensor modalities in real-time. By employing a 20 x 16 grid-based spatial
filtering algorithm, the system effectively suppresses the influence of geometric burstiness without
significant computational overhead on server-side processing. Validation experiments across various
real-world scenarios demonstrate that the proposed method maintains high geometric registration
accuracy where traditional RGB-only methods fail. In texture-less and specular conditions, the
system consistently maintained an average Intersection over Union (IoU) above 0.72, while the
baseline suffered from complete tracking loss or significant drift. These results confirm that thermal-
RGB integration ensures operational availability and improves long-term stability by mitigating
modality-specific noise. This approach offers a reliable solution for various drone-based AEC tasks,
particularly in GPS-denied or adverse environments.

Keywords: adaptive tracking; drone-view mixed reality; effective inlier count; robust self-
localization; sensor fusion; spatial filtering; thermal-RGB integration; texture-less environments

1. Introduction

In recent years, consumer drones have proliferated rapidly, bringing about fundamental
changes in business processes across diverse industrial fields. Applications have expanded beyond
hobbyist use to a wide range of areas, including entertainment and aerial photography [1], geological
surveying and mapping, traffic monitoring [2], disaster prevention, search and rescue [3], and
agriculture [4]. In parallel, digital transformation is progressing in the Architecture, Engineering, and
Construction (AEC) industry, and the utilization of drones as a core data acquisition platform is
expanding rapidly [5]. Since drones possess advantages in terms of time efficiency, safety, and cost
compared to conventional manual work [6], their utilization is expected in various processes, ranging
from the construction planning stage to progress management and post-completion maintenance and
inspection [7].

One factor supporting this proliferation is the integration with diverse onboard sensors. While
visible-light RGB cameras remain fundamental sensors, drones equipped with thermal cameras are
already becoming common in applications such as the detection of structural cracks [8] and tile
detachment [9], as well as damage assessment at disaster sites [10].

Furthermore, attempts to integrate drones and mixed reality (MR) technology [11] have recently
attracted significant attention. MR is a technology that superimposes virtual 3D information onto real
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space in real-time, enabling intuitive visualization and interaction. In the AEC field, various
applications have been proposed, such as visualization to confirm landscapes by superimposing
future buildings onto vacant land [12], comparison between Building Information Modeling (BIM)
and actual structures [13], and superimposed display of inspection results onto facility walls [9,14].
When applying MR to large-scale spaces such as high-rise buildings or urban blocks, or to locations
inaccessible to human hands, it is often difficult to grasp the entire target solely from a ground-level
viewpoint (e.g., via handheld terminals). In such situations, realizing MR from a drone-view, which
moves freely within 3D space, is extremely effective for understanding the entire site
comprehensively and intuitively [13].

However, robustly realizing drone-view MR is challenging. The primary technical hurdle is the
requirement for high-precision and stabilized self-localization. While it is possible to satisfy this
required accuracy by integrating a Global Navigation Satellite System (GNSS) or Real-Time
Kinematic GNSS (RTK-GNSS) with the Inertial Measurement Unit (IMU) built into the airframe,
accessing position and attitude information typically requires coordination with model-specific
Software Development Kits (SDKs) or dedicated airframes. In fact, drone-view MR systems
developed by Wen and Kang [12] and Botrugn et al. [15] utilize airframes designed specifically for
the project or model-specific SDKs; this reduces system versatility and significantly constrains use
cases. Furthermore, the use of GNSS is often restricted in building canyons between urban high-rise
buildings or at indoor/semi-indoor construction sites.

To circumvent such dependence on proprietary SDKs and dedicated airframes, methods
realizing MR using only general-purpose technologies such as video streaming and screen sharing
have been proposed. For example, Kikuchi et al. [16] integrated commercially available drones and
MR using general technologies; however, to align the real and virtual spaces, it was necessary to pre-
define the flight route and orientation, resulting in the constraint that the trajectory could not be freely
changed during MR execution.

Against this background, vision-based approaches using only camera images are attracting
attention as a highly versatile solution. For example, Kinoshita et al. [17] realized MR with free flight
paths without relying on specific SDKs, using only RGB images and a pre-constructed 3D map.
However, a significant limitation exists: methods relying solely on RGB images are vulnerable to
texture-less environments, which are ubiquitous at AEC sites [18]. On homogeneous surfaces such as
exposed concrete, painted walls, and metal panels, tracking often fails due to a lack of visual feature
points, causing significant drift in position estimation.

For this vulnerability in texture-less environments, infrared (thermal) thermography provides a
promising physical solution. Unlike RGB cameras that capture visible light reflected from surfaces,
thermal sensors detect infrared radiation emitted by materials based on their emissivity and heat
capacity [19]. This fundamental difference allows thermal cameras to perceive minute temperature
unevenness—referred to as “thermal texture” —even on visually homogeneous surfaces. However,
to integrate thermal information into MR systems, two essential challenges must be addressed. The
first is temporal variance; since thermal distribution changes drastically due to solar radiation and
weather conditions, utilizing a pre-constructed thermal map as a permanent coordinate reference is
inappropriate for MR. The second is the computational cost. Many existing RGB-thermal fusion
methods require complex feature extraction via deep learning [20] or dense optimization using all
pixels. In the context of MR superimposition, where low-latency processing is critical, the
computational load of these methods is excessive for real-time execution on limited hardware
resources.

Therefore, this study proposes a novel localization method for drone-view MR that adaptively
integrates RGB and thermal images. This method primarily utilizes an RGB map-based Visual
Positioning System (VPS) for absolute position estimation under general conditions and adaptively
fuses RGB and thermal data for relative motion estimation. Through this adaptive sensor fusion, we
realize high-precision and seamless position estimation that serves as the foundation for drone-view
MR systems, even in challenging environments where conventional RGB-only methods fail.
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The main contributions of this paper are as follows:

e  Decoupled and Adaptive Fusion Architecture: We propose a hybrid architecture that separates
absolute position correction using RGB and relative tracking using RGB-thermal fusion. This
enables the system to utilize the robustness of thermal images for MR tracking while avoiding
the instabilities associated with their temporal variability.

e Empirical Validation in AEC Scenarios: We implemented the proposed system and
demonstrated that stable MR superimposition is possible in proximity scenarios involving
texture-less building exterior walls, even in environments where conventional methods fail to
maintain tracking.

The structure of this paper is as follows. Section 2 provides an overview of related work. Section
3 describes the details of the proposed method, and Section 4 explains the implementation of the
prototype. Section 5 reports the experimental results. Following the discussion in Section 6, the
conclusion is presented in Section 7.

2. Literature Review

2.1. Drone-Based Mixed Reality in AEC

Research on the integration of drones and AR/MR is diverse, but it can be broadly classified into
two categories: data collection for MR content creation and MR utilization for drone operations. In
this study, we focus on the latter, specifically drone-viewpoint MR that adds virtual information to
drone camera footage. The basic requirement for such systems is registration that matches the
coordinates of the real camera and the virtual camera with high precision.

Early approaches tended to sacrifice system flexibility to ensure accuracy. Wen and Kang [12]
realized aerial MR for construction site simulation using the Vuforia SDK. While this method enabled
free flight paths, it required building a project-specific airframe to access the necessary sensor data,
which reduced system versatility. Similarly, the method by Botrugno et al. [15] also depends on
specific hardware configurations, limiting deployment to diverse AEC projects.

To enhance versatility, attempts were made in subsequent research to eliminate dependence on
dedicated SDKs. Raimbaud et al. [13] implemented an interactive MR application that superimposes
BIM models onto real video for quality control. While operating without a dedicated SDK, the
registration of reality and virtuality required manual adjustment of rotation and translation, resulting
in a high operational load. Kikuchi et al. [16] realized occlusion-aware MR using commercially
available drones and general streaming technologies. Although hardware versatility was high, it was
necessary to strictly define the drone’s start time, flight route, and orientation in advance for
registration. Due to this constraint, the pilot could not freely change the path during operation,
making application to dynamic inspection tasks difficult.

More recently, VPS and Simultaneous Localization and Mapping (SLAM) technologies have
been applied to balance hardware independence and flight flexibility. Kinoshita et al. [17] combined
absolute position estimation via VPS and natural feature point tracking to realize drone MR capable
of free flight without a specific SDK. However, a significant limitation exists in this method. It is the
reliance solely on RGB images. At AEC sites, there are many texture-less surfaces, such as concrete
walls, roofs and roads, where RGB-based tracking fails. This study aims to solve this issue through
the integration of thermal information; however, simply adding a sensor is insufficient, and an
integration method that satisfies MR-specific requirements (permanence of the coordinate system) is
required.
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2.2. Visual Localization Challenges: Texture-less & Geometric Burstiness

2.2.1. VPS and SLAM

In recent years, VPS and Visual SLAM have been widely studied as image-based localization
methods for achieving high-precision spatial registration in MR applications. VPS is a method that
estimates the 6 degrees of freedom (6DoF) camera pose by pre-constructing a three-dimensional (3D)
map of the target environment and associating monocular camera images acquired during operation
with 3D points in the known map [21,22]. In this framework, a method is generally used that obtains
the camera position and orientation by extracting local features from a query image, estimating the
correspondence with feature points on the 3D map, and then solving the Perspective-n-Point (PnP)
problem [23]. It has been reported that when sufficiently distributed correspondence points are
obtained, high-precision pose estimation on the order of centimeters is possible, making it suitable
for high-precision MR superimposition. Such a VPS framework is considered to have high
practicality in MR applications in real environments because it can be realized with a relatively
lightweight configuration without requiring additional sensors. In fact, it is widely deployed as
commercial services such as Immersal VPS [24], Lightship VPS [25], and ARCore Geospatial API[26],
and is utilized as a global position estimation infrastructure regardless of whether it is outdoors or
indoors.

On the other hand, Visual SLAM, represented by ORB-SLAM [27], is an approach that performs
localization and mapping simultaneously, and is characterized by the fact that it does not require
prior map construction [27,28]. In Visual SLAM, since the environment map is generated and updated
online as the camera moves, there is no need for the prior cost of map construction, and it has the
advantage of being able to flexibly adapt to changes such as aging of the environment and the
installation of temporary structures. For this reason, it has been widely used in fields that emphasize
grasping relative positional relationships, such as robotics and navigation.

Thus, VPS and Visual SLAM are technologies with different premises and characteristics, and
selective use according to the application is required. It has been pointed out that VPS, which
provides a globally stable coordinate system, is effective for systems that perform MR display based
on a consistent world coordinate system over a long period [29,30]. In VPS, since position estimation
is performed within a pre-constructed global map coordinate system, there is an advantage that once
the correspondence between the MR coordinate system and the map coordinate system is defined,
that correspondence can be reused repeatedly.

Based on the above previous studies, in this study, we focus on a position estimation method
based on VPS from the viewpoint of emphasizing high-precision consistency with design data and
long-term stable MR display.

2.2.2. Visual Localization Challenges in AEC

As previously mentioned, both VPS and Visual SLAM are based on feature point extraction and
matching from images. However, at AEC sites, there are widely existing texture-less surfaces that
lack the high-contrast visual patterns necessary for robust feature detection, such as freshly poured
concrete walls, unpainted gypsum boards, smooth metal panels, and glass curtain walls [18].
Furthermore, even in areas where feature points are detectable, their spatial distribution may
compromise the reliability of position estimation. Sattler et al. [21] defined the phenomenon where
feature points are detected concentrated in local regions of an image as Geometric Burstiness and
pointed out that this is a serious challenge for visual localization. In construction sites, this
phenomenon becomes pronounced when textures such as vents, stains, or background vegetation
exist locally within vast texture-less wall surfaces. Under such circumstances, even if algorithms such
as Random Sample Consensus (RANSAC) detect an apparently large number of inliers (matching
points), the configuration becomes geometrically degenerate, causing visual odometry to lose
tracking or the PnP solver to become unstable, leading to significant drift or complete failure of
position estimation during close-range inspection [31].
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As one direction to address this problem, methods utilizing geometric primitives such as line
segments or planes instead of point features have been proposed. Structure-based methods using PL-
SLAM or the Manhattan World assumption (an assumption modeling the environment as a set of
orthogonal planes) are representative examples, and improved robustness in architectural
environments has been reported [18]. While these methods are effective for corridors and facades
where clear edges and contours exist, they remain vulnerable in situations where a drone navigates
the center of vast flat surfaces where geometric primitives themselves are scarce or ambiguous.

As another approach, methods estimating unconstrained Optical Flow integrating rigid body
motion and general object motion through learning have been proposed [32]. Such machine learning-
based Optical Flow estimation is reported to be able to achieve relatively good motion estimation
even in low-texture regions by utilizing learned priors and spatial smoothness. However, many of
them require large-scale neural networks, and the computational load is extremely high. In general
GPU environments, it is not easy to achieve real-time processing at the resolution and frame rate
required for MR applications.

Based on the above, a fundamental trade-off exists in RGB-based position estimation methods
for AEC environments. That is, methods such as VPS, which balance the accuracy and operational
cost required for MR, are prone to fatal failure on texture-less surfaces, while advanced methods such
as learning-based optical flow, which are robust to texture-less conditions, have high computational
loads and are not necessarily suitable from the viewpoints of real-time performance for MR and
global registration.

2.3. Thermal Imaging for Visual Localization

Thermal imaging has attracted attention in recent years as a localization method in environments
where vision is obstructed by smoke, such as fire scenes, or in low-light environments such as
nighttime. Under such conditions, while conventional RGB cameras are affected by low contrast or
strong illumination fluctuations, thermal cameras can stably acquire patterns based on temperature
differences [33,34].

In early research, the feasibility of thermal inertial odometry was demonstrated by directly
utilizing radiometric information. For example, Borges et al. [35] proposed a method combining semi-
dense optical flow of monocular thermal images with an IMU, recovering scale via road surface
detection. By leveraging edge information in thermal images, low-cost and robust pose estimation
was realized, demonstrating effectiveness in ground vehicles.

On the other hand, feature-point-based approaches are also evolving. Li et al. [33] proposed a
new infrared SLAM algorithm integrating feature point methods and optical flow technology,
addressing the problem of cumulative errors caused by weak textures in thermal images.

Furthermore, in recent years, deep learning-based approaches have also been investigated. In
this domain, Transformers have been applied to enhance feature robustness. Zhang et al. [20]
proposed template-guided low-rank adaptation (TGATrack) to improve RGB-T tracking. While these
data-driven methods demonstrate high performance in recognition tasks, they often entail high
computational costs for real-time processing.

In addition to system-level research, fundamental performance evaluations of thermal features
have also been conducted. Johansson et al. [36] and Mouats et al. [37] conducted comprehensive
benchmarks of feature point detectors and descriptors for thermal images. According to their
evaluations, it is reported that combinations of Oriented FAST and Rotated BRIEF (ORB) and Fast
Retina Keypoint (FREAK) or Binary Robust Invariant Scalable Keypoints (BRISK), or combinations
of Speeded Up Robust Features (SURF) and FREAK, show relatively good performance. However,
they also concluded that matching using visible light images was still superior under conditions with
good visibility and sufficient texture. This suggests that while thermal features are robust against
illumination changes, they have lower discriminative power compared to RGB features under
standard environments, supporting the view that thermal images should not simply replace RGB but
adaptively complement it.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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However, when viewing existing research from the perspective of realizing high-precision MR
in the AEC field, there are decisive mismatches in both the application domain and system
configuration. First, many existing RGB-T frameworks focus primarily on autonomous robot
navigation in nighttime or smoke environments [38], and do not focus on the drift problem caused
by photometric homogeneity, such as concrete and metal panels, which is ubiquitous in daytime
environments at AEC sites. Second, existing Thermal SLAM methods [33] construct maps using
thermal images, but this ignores the fatal problem of the lack of map reusability due to the temporal
variance of thermal information mentioned in the Introduction. Since a consistent coordinate
reference is required throughout the process in MR applications, unstable thermal maps are
unacceptable.

Therefore, the unresolved challenge lies in the establishment of Decoupled Adaptive Fusion,
which uses thermal information to complement only local tracking robustness in texture-less regions
while maintaining a high-precision global coordinate reference via RGB. By proposing this
asymmetric hybrid architecture, this study overcomes the practical challenges faced by existing
Thermal SLAM and Deep Learning methods and establishes the reliability of drone MR at AEC sites.

2.4. Multi-Modal Sensor Fusion and Uncertainty Estimation Strategies

2.4.1. Tightly-Coupled vs. Loosely-coupled Architectures

In recent research on RGB-Thermal Odometry and SLAM, tightly-coupled approaches—
represented by VINS-Fusion [39] and LVI-SAM [40] —have become the dominant paradigm due to
their mathematical optimality under ideal conditions. However, recent studies focusing on extreme
environments have revealed that tight coupling possesses structural vulnerabilities in dynamic and
severely degraded settings [41]. The primary risk associated with tight coupling is the “Ripple Effect”
of sensor failure [42]. In such systems, where all sensors contribute to a single state vector, outliers —
arising from phenomena such as gradient vanishing due to “Thermal Equilibrium” in thermal
cameras or “Washout” in RGB cameras—can propagate through the system, leading to Catastrophic
Failure. Furthermore, since the computational complexity of nonlinear optimization scales cubically
with the number of feature points (O(N?)) [43], the high computational load poses a significant
challenge for real-time robotic applications.

In contrast, loosely-coupled approaches adopt a decentralized architecture that estimates the
odometry of each modality independently. As demonstrated in disaster response missions such as
the DARPA SubT Challenge, this modularity provides “Fault Tolerance” [41]. By functioning as a
“bulkhead” that immediately gates (isolates) malfunctioning sensor inputs, this architecture allows
the system to survive using the remaining healthy sensors. In tasks within complex AEC
environments, this survivability —the ability to maintain estimation even during partial sensor
blackouts—is a critical attribute that must take precedence over the theoretical maximization of
accuracy.

2.4.2. Uncertainty Estimation: Deep Learning vs. Geometric Approaches

For a loosely-coupled system to function robustly, it is necessary to dynamically and accurately
estimate the reliability (Uncertainty/Weight) of each sensor. Ideally, the observation noise covariance
matrix should be dynamically estimated in a Extended Kalman Filter (EKF); however, in texture-less
environments, the problem of Over-confidence has been reported, where erroneous correspondence
points (Outliers) are misidentified as true values, causing the covariance to converge excessively [44].
Furthermore, Deep Learning-based methods such as DROID-SLAM [45] can estimate per-pixel
uncertainty, but this consumes a large amount of GPU resources. Additionally, the risk of exhibiting
unpredictable behavior in unknown environments not included in the training data cannot be
ignored.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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3. Proposed Methods

3.1. System Overview

The method by Kinoshita et al. [17] is an effective framework that combines RGB-based VPS and
monocular tracking; however, in texture-less construction sites, RGB tracking frequently fails,
leading to the challenge that position estimation is interrupted between VPS updates. To overcome
this challenge, this study proposes an adaptive fusion architecture that adds a parallel tracking layer
using thermal images, enabling continuous position estimation even in environments with scarce
visual features.

The flow diagram of the processing of the proposed system is shown in Figure 1.

Pre Processing

| Major the camera offset |

1 / Input of RGB & Thermal frames from Drone /
| Calibrate the cameras |

Loop ]

Get the Thermal frame

| Create 3D Maps of target area |

Get the RGB frame

Was result o Convert to Grayscale | [___Apply CLAHE |

VPS got? | . =
ntegrating Processing
Yes | Calc Optical Flow |
1 l
| Qutlier Rejection |
I
| Solve PnP I
[ Calc Reliability ]
1 !
| Fuse the Poses I
MR Processing l

| Set Parameters of Virtual Camera ]

| Create Virtual world camera frame |

1

| Superimpose real scene (MR rendering) |

l Loop I

End

Figure 1. Flow diagram of the proposed system.

This system is an extension of the MR framework established by Kinoshita et al. [17]. In the
method of Kinoshita et al., absolute position (Localization) is periodically estimated by RGB-based
VPS using a pre-constructed 3D map, and the gaps between VPS updates are complemented by
natural feature point tracking (Tracking) of RGB images. While following this basic structure, the
proposed method extends the local tracking process from monocular RGB to RGB-Thermal parallel
tracking. The system acquires synchronized footage from RGB and Thermal cameras mounted on the
drone and performs processing in the following two loops:

e  Global Initialization Loop: To reset drift errors, VPS is executed asynchronously using RGB
keyframes to estimate the 6DoF pose in the absolute coordinate system.

e Adaptive Dual-Tracking Loop: To fill the update interval (latency) of VPS, relative pose
displacement between frames is estimated in two independent pipelines, RGB and Thermal, and
fused adaptively based on reliability.

3.2. Geometric and Radiometric Pre-Processing

3.2.1. Geometric Rectification and Calibration

In this system, the RGB camera and the thermal camera are arranged with a physically fixed
baseline (offset). To maximize the accuracy of optical flow and ensure pixel correspondence between
heterogeneous sensors, the following geometric corrections are performed. First, using pre-acquired
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intrinsic parameters and distortion coefficients, lens distortion of each image is corrected
(undistorted). This ensures compatibility with the pinhole model where straight lines are projected
as straight lines, reducing tracking errors in optical flow estimation [46].

Next, to integrate the estimated pose Tipermq; Of the thermal camera into the RGB coordinate
system, the pre-calibrated extrinsic parameter (rigid body transformation matrix) T,¢rs.; is applied.

3.2.2. Asymmetric Radiometric Enhancement

To maximize feature tracking capabilities in each modality while minimizing the influence of
sensor-specific noise, the following asymmetric image processing is applied:

e RGB Stream: Under general daytime environments, RGB sensors have a sufficient dynamic
range. Since excessive enhancement processing may compromise the brightness constancy
assumption in optical flow, only standard grayscale conversion is performed to preserve the raw
Iuminance distribution.

e  Thermal Stream: Thermal images have the characteristic that histograms concentrate in a narrow
range for isothermal building materials such as concrete walls, resulting in extremely low
contrast. To address this, Contrast Limited Adaptive Histogram Equalization (CLAHE) is
applied. Unlike standard histogram equalization (HE), CLAHE effectively reveals only the
thermal gradients (thermal texture) within the material while suppressing the amplification of
particle noise characteristic of thermal sensors by setting a limit (Clip Limit) on the degree of
contrast enhancement [47].

3.3. Independent Dual-Pipeline Tracking

The core of this method is a parallel pipeline structure that independently performs pose
estimation for each of the RGB and thermal images. By performing geometric verification
individually for each sensor rather than using simple image composition (early fusion), the influence
when one sensor fails is eliminated. The processing for each sensor is conducted according to the
following steps:

1. Optical Flow Estimation: For the undistorted images, feature points from the previous frame are
tracked to the current frame using the Lucas-Kanade method [48] or similar.

2. Outlier Rejection: Geometric verification using RANSAC is performed to remove outliers due to
moving objects or mismatches.

3. Pose Estimation (PnP): The PnP problem is solved using the feature points remaining as inliers
and the intrinsic parameter matrix K specific to each camera, and the camera movement amount
(relative pose) is calculated.

3.4. Adaptive Pose Fusion

This section describes the method for adaptively integrating the individual pose estimation
results obtained from RGB and Thermal images in an environment-adaptive manner.

3.4.1. Reliability Metric based on Geometric Consistency

The design of the reliability metric is a crucial element that determines the robustness of the
fusion. Conventionally, image gradient intensity (Gradient Magnitude) and the number of inliers by
RANSAC have been used as reliability metrics [27]. However, in texture-less environments such as
construction sites, these metrics often have the problem of outputting erroneously high reliability.
For example, when a phenomenon occurs where feature points concentrate in a narrow area
(Geometric Burstiness), such as on fences, vegetation, or stains on concrete walls, the apparent
number of inliers increases despite the low geometric constraint [21].

If pose estimation is performed without considering such biased distribution, it leads to drift in
a specific direction or instability in estimation. Therefore, in this study, to evaluate not only the
number of feature points but also the spatial distribution simultaneously, the effective inlier count

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202601.0625.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 January 2026 d0i:10.20944/preprints202601.0625.v1

9 of 24

(Nerr) proposed by Sattler et al. [21] is adopted as the reliability metric. The image area is divided

intoan N X N grid, and only if at least one inlier exists within each grid cell C; ;, that cell is counted

M N
Negrs = Z Z min(C;;,1)

i=1j=1 (1)
Neff,s (Neff,s > T)
0 (Nefrs <7T)

7
as effective:

Rel; = {

where T is the confidence threshold for guaranteeing geometric stability, and the subscript s €
{RGB, IR} denotes the sensor modality. By using the metric, it becomes possible to eliminate mis-
evaluations due to local bursts and selectively utilize only high-quality frames where feature points
are dispersed throughout the entire screen.

3.4.2. Spatial Pose Fusion Strategy

Integration is performed according to the following procedure. First, the estimated pose Pypermar
of the thermal camera is transformed into the RGB coordinate system using the offset Ty¢rs; defined
in Section 3.2.1 to obtain the transformed pose P/j,¢;mai- Next, an adaptive fusion weight a; for each
sensor modality based on the number of effective inliers for each sensor is calculated. This is an
approximation of Inverse Variance Weighting based on the assumption that the uncertainty of pose
estimation is inversely proportional to the number of effective geometric constraints.

_ Rel
RelRGB + RelThermal (2)

s

ree + Arhermar = 1
The fused pose Pryseq and Rgyseq are defined as follows.

e Translation: Since this is between two points in Euclidean space, linear interpolation (Lerp) is
used.

p— !
Pfused - aRGBPRGB + aThermalPThermal (3)

e Rotation: In a unit quaternion space representing 3D rotation, simple linear interpolation leads
to distortion of the rotation speed and norm failure. Therefore, Spherical Linear Interpolation
(Slerp), which is a mathematically rigorous rotation interpolation, is adopted [49].

Rfused = Slerp (Rrgbr Ra"hermal» aThermal) (4)

By this logic, when both RGB and Thermal are valid, they are optimally blended according to
their respective geometric strengths; if RGB is lost and only Thermal survives, orperma = 1.0 and the
system automatically transitions seamlessly to Thermal-only tracking.

4. Implementation of prototype system

This section describes the hardware configuration, software environment, and detailed
implementation parameters of the prototype system used for the validation experiments of the
proposed method. Details of the equipment used for the implementation of the prototype system are
shown in Table 1, details of the software and services are shown in Table 2, and a conceptual image
of the development environment integration is shown in Figure 2.
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Table 1. Environment of the prototype system.
Purpose of use . .
. Name Device information
in the prototype
oS Microsoft Windows 11 Education
. CPU Intel(R) Core(TM) i7-9700 CPU @ 3.00GHz
Server PC Home-built desktop PC RAM 3.0 GB
GPU GeForce RTX 2070
Weight 920 g
24 mm (RGB)
Focal length
Drone DJI Mavic 3T ocallieng 40 mm (Thermal)
Max 3840 x 2160 (RGB)
resolution 640 x 512 (Thermal)

Table 2. Software/services used in the prototype system.

Software/service Purpose of use in the prototype General usage

MR deri d
scene rencermg an Game engine / real-time 3D

Unity 2022.3.34f1 visualization in a virtual
. development platform
environment
Immersal SDK 2.2.1 VPS execution VPS / localization SDK
Image processing and feature Computer vision library

OpenCV for Unity 3.0.1

tracking within the Unity runtime integration for Unity
) SfM-based camera poses estimation  Structure-from-Motion (S{M) /
Agisoft Metashape .
and 3D map reconstruction photogrammetry software
Offline processing Server PC

RGB Images for 3D reconstruction

y RGB-thermal VPS localization
RGB-T test sequences tracking & fusion +

[ .0, DJI Mavic 3t OpenCV
[ ]

. 1 Virtual world 1
3D reconstruction &

| Agisoft Metashape | R

Figure 2. Development Environment Integration Concept.

4.1. Implementation of Prototype System

The basic architecture for global self-localization follows the asynchronous remote rendering
framework established by Kinoshita et al. [17]. Specifically, the processing flow of VPS requests, the
latency compensation logic, and the registration of virtual cameras for MR on the Unity scene using
these methods follow their approach. The system operates in the following two parallel threads:

Global localization thread: Keyframes are sent asynchronously to the Immersal VPS server. Since
a delay of 1 to 3 seconds occurs due to network transmission and server processing, directly applying
the returned pose would result in visual inconsistency with the current frame.

Real-time compensation thread: To compensate for this latency, the system continuously tracks
the relative movement of the camera using 2D-3D point matching and optical flow. Upon receiving
the delayed VPS pose P,,; attimet_{now}, the system calculates the accumulated displacement AP
from the tracking since the transmission time t,, to the present. The corrected global pose Pgopa
is calculated as Pyjopq; = Pyps @ A P. The unique contribution of this study lies in implementing RGB-
Thermal adaptive tracking in this thread to enhance robustness in texture-less environments.
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Through this approach, the position and orientation of the virtual camera in Unity maintain
constant synchronization with the live video, regardless of the VPS response time.

4.2. Dual-Sensor Pre-Processing

In heterogeneous sensor fusion, ensuring geometric consistency between the RGB camera and
the thermal camera is indispensable. In particular, the thermal camera of the DJI Mavic 3T has a low
resolution (640x512), and since sensor cropping occurs in the dual-screen video mode with RGB, it
possesses intrinsic parameters that differ from the nominal parameters (Table 3).

Table 3. Comparison of native and effective sensor resolutions in dual-stream visualization mode.

Native Resolution [px] Dual-Stream Resolution [px]
Thermal camera 640 x 518 960 x 768
RGB camera 3840 x 2160 960 X 768

To address this, the following calibration methods were implemented.

e RGB camera: Using Zhang's method [50] with a standard chessboard pattern, intrinsic
parameters and distortion coefficients were calculated using the OpenCV library.

e  Thermal camera: Thermal cameras face a challenge where the detection accuracy of chessboard
corners significantly decreases due to low resolution and the influence of thermal diffusion [51].
Therefore, in this study, as a more practical and high-precision method, self-calibration applying
Structure-from-Motion (SfM) technology was adopted. Specifically, aerial photography of
outdoor structures rich in thermal texture was conducted using only the thermal camera, and
intrinsic parameters were retrieved via inverse estimation through a 3D reconstruction process
using Agisoft Metashape. This approach yielded high-precision parameters suitable for the
actual operational environment (Table 4).

e  Extrinsic parameters: The extrinsic parameters (rigid body transformation matrix) between both
cameras were fixed with a translation vector T,zfser = [—0.018,0,0]" [m] based on the physical
design blueprints of the gimbal mechanism.

During online processing, lens distortion correction and parallax correction for both images are
applied in real-time using these parameters.

Table 4. Estimated intrinsic parameters for the RGB and thermal cameras.

Focal Length Principal Point Distortion
(fx=fy) Ipx] (¢x, ¢y) [px] (ky, k3, P1, P2, k3)
RGB Camera 1145.785 (476.151,384.036 (—0.3548,0.1350,—0.0001,—0.0002, —0.1049)
Thermal Camera  1047.238 (500.845,383.183 (0.3277,—-1.3227,—0.0008, —0.0004, 0.8015)

4.3. Implementation Details of Adaptive Tracking

This section details the specific engineering parameters and optimization methods applied to
realize the adaptive tracking logic described in Section 3.

¢  Radiometric Enhancement: The CLAHE algorithm defined in Section 3 was implemented using
the Imgproc.createCLAHE function in OpenCV. Following the standard configuration
recommended in the literature [47], the Clip Limit was set to 2.0, and the tile grid size was set to
8 x 8.

e  Tracking Parameters: The Lucas-Kanade tracker was configured with a search window size of
71 x 71 pixels and a pyramid level of 5 to accommodate rapid drone maneuvers. Furthermore,
the RANSAC reprojection error threshold for outlier rejection was empirically set to 5.0 pixels.

e  Fusion Logic Execution: For reliability evaluation, the Effective Inlier Count (N,s,) defined in
Section 3 is used. Following the methodology of Sattler et al. [21] and, which suggests a cell size
of approximately 50 X 50 pixels to ensure spatial diversity, we partitioned our 960 x 768
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resolution frames into a 20 X 16 grid. This results in an exact cell size of 48 x 48 pixels,
providing a balanced spatial constraint across the entire field of view. In this implementation,
considering that the number of feature points required for robust initialization in standard
Visual SLAM, such as ORB-SLAM, is 30 to 50 [27], a conservative value of T = 50 was adopted.
If the N,;; of either sensor falls below 50, the system immediately sets the reliability of that
sensor to zero, thereby excluding unstable estimation results that cause drift from the fusion.

4.4. Experimental Setup Using Pre-Recorded Datasets

While the proposed architecture supports real-time wireless video transmission, offline
evaluation using pre-recorded datasets was adopted for the experimental validation in this study.

The reason for adopting this protocol is to eliminate variability in flight trajectories and
environmental conditions (wind, illumination changes, etc.) and to verify the proposed method
against conventional methods (RGB-only, Thermal-only) under Identical Conditions. By inputting
lossless recorded RGB and thermal video streams on the drone into the server pipeline, it was
possible to purely evaluate the processing performance and robustness of the algorithm. Note that
the influence of latency caused by network transmission has already been quantified and verified by
Kinoshita et al. [17] and is therefore excluded from the scope of this experiment.

5. Verification Test

In this section, using the prototype system constructed in Section 4, we demonstrate that the
proposed method achieves comparable performance in general environments and significantly
improved robustness in challenging scenarios over the existing method [17] in diverse environments.
The validation was conducted in two major phases. First is the quantitative comparison of MR
registration accuracy between the proposed system and the existing system. Both algorithms were
applied to the same recorded video to verify the fundamental accuracy in general flight
environments. Second is the validation of robustness in environments that are harsh for RGB cameras
(texture-less). Here, a durability test was performed where initialization by VPS was successful only
once, after which registration was continued using only tracking, and the transition of the accuracy
was analyzed chronologically. In this experiment, the drone functioned as an image acquisition
device, and all computational processing was performed on a server PC after video transmission.

5.1. Comparison of Positioning Accuracy

In MR, geometric registration between the real space and the virtual space is one of the most
important requirements [52]. Therefore, it is essential to verify the fundamental registration accuracy
of the proposed system. In this validation, IoU (Intersection over Union) was adopted as a
quantitative index for registration accuracy. IoU is an evaluation scale generally used in benchmarks
for object detection and similar tasks, and is defined by the following equation [53]:

TP

oV = 35 T FP+ PN

()

where, TP (True Positive) represents the number of pixels in correctly detected regions of interest
(ROI), FP (False Positive) represents erroneously detected non-interest regions, and FN (False
Negative) represents regions of interest that were missed. In MR, geometric registration can be
indexed by setting an ROI on an object in the real space and evaluating the degree of overlap with
the corresponding virtual object (semi-transparent monochromatic texture). In this validation, an IoU
closer to 1 is judged as higher registration accuracy.

As the validation dataset, video was recorded using manual drone piloting at the Suita Campus
of The University of Osaka (2-1 Yamadaoka, Suita, Osaka 565-0871, Japan). The data acquisition was
conducted specifically at Building S2 for Routes A and B, and Building M4 for Route C, along the
following three types of routes:
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e  Route A (Texture-Rich): An overhead viewpoint from above Building S2. A general environment
includes diverse objects such as buildings, roads, and vegetation. It follows an elliptical orbit
after translation.

e  Route B (Texture-less / Bursty): An environment in close proximity to the rooftop of Building S2.
Homogeneous concrete surfaces occupy most of the field of view, accompanied by rapid frame
changes due to drone movement.

¢  Route C (Long-term / Specular): An environment involving close-up photography of the rooftop
and walls of Building M4. Although it presents low-texture characteristics similar to Route B,
the visibility of tiled walls and surrounding vegetation renders it less challenging than the
completely homogeneous environment of Building S2. However, it introduces other difficulties,
such as specular reflections from water puddles and repetitions of similar shapes.

Route A is for control experiments where tracking is easy even with RGB alone, while Routes B
and C assume environments that are harsh for RGB. For the recorded video of each route, MR
superimposition was performed using the proposed system and the existing system, and the average
IoU was calculated approximately every second. For validation, virtual 3D models (blue semi-
transparent) arranged at equal intervals were used (see Figure 3), and the IoU with mask images
created using the image editing software LabelMe was measured. Figure 4 and Table 5 show the
measured IoU results. While both methods showed high accuracy in Route A, the proposed method
recorded accuracy significantly exceeding that of the existing method in Routes B and C.

(a) 3D Map used for Routes A and B (b) 3D Map used for Route C

Figure 3. 3D maps used for (a) Routes A and B, (b) Route C. The semi-transparent blue squares placed on the
building rooftops are the objects for MR display.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202601.0625.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 January 2026

d0i:10.20944/preprints202601.0625.v1

14 of 24

09

08

loU

0.7

06

' .
{ v ! “J
05 L 0.00 =
0 2 4 6 8 1012 14 16 18 20 22 24 26 28 30 0 2 4 6 8 101214 16 18 20 22 24 26 28 30 0 4 8 1216 20 24 28 32 36 40 44 48 52 56 60
Time [s] Time [s] Time [s]
== = =Baseline (RGB-Only) Proposed system === ~Baseline (RGB-Only) Proposed system = = == Baseline (RGB-Only) == Proposed system
(a) Route A (b) Route B (c¢) Route C

Figure 4. Comparison of the proposed system and the baseline method in Routes A-C (IoU).

Table 5. Average IoU in each route.

Baseline Method (IoU) Proposed system (IoU)
Route A 0.747 0.750
Route B 0.510 0.725
Route C 0.62 0.735

5.2. Durability Analysis in Communication-Denied or VPS Lost Environments

The proposed system typically compensates for cumulative error (drift) through periodic VPS
requests. However, in real-world environments such as infrastructure inspections, it is expected that
scenarios where VPS itself fails due to insufficient texture, or where verification with the server is
impossible due to communication delays or disruptions, will occur frequently. Therefore, in this
section, a durability test was conducted on Route B and Route C, where initialization by VPS was
performed only once at the beginning, after which registration was maintained solely through pure
tracking. This evaluates the geometric robustness of the system during VPS failure or in
communication-denied environments.

5.2.1. Analysis of Route B: Mutual Rescue in Geometric Burstiness

The time-series data for Route B (effective inlier count, fusion weight, IoU) is shown in Figure 5,
and a comparison of the tracking status is shown in Figure 6.

Of particular note is the behavior near t =~ 1[s] immediately after the start of the experiment.
At this point, the number of RGB effective inliers dropped to 46 (Figure 5 (a)). This is a value below
the reliability threshold (7 = 50) set for this prototype system (Section 4.3), suggesting that geometric
information from the RGB image is insufficient for position estimation. The proposed system
responded immediately to this critical situation. The thermal weight at ¢t = 1[s] reached 1.0 (Figure
5 (b)). Given the normalization constraint aggs + ;. ,ma = 1, this saturation implies that the system

decided to completely cut off the RGB information and rely solely on the thermal camera. In contrast,
the existing method (baseline method), which relies solely on RGB, could not withstand this moment
of texture loss, and its IoU plummeted to nearly 0 at approximately t = 4[s], falling into a lost state
(Figure 5 (c)). Subsequently, as the drone moved and the number of RGB effective inliers increased,
the system immediately adjusted the weights for RGB and thermal again, returning to cooperative
tracking. This result demonstrates that in environments where visual texture is missing, thermal
information prevents system loss and improves availability.
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(a) Ground Truth (b) Proposed System (c) Baseline Method

Figure 6. Comparison of tracking status in Route B over time (4 s to 28 s). The blue overlays represent the Ground
Truth (GT) positions, while the purple overlays indicate the MR registration results estimated by the respective
methods.

5.2.2. Analysis of Route C: Drift Suppression via Consensus

The time-series data for Route C (effective inlier count, fusion weight, IoU) is shown in Figure 7,
and a comparison of the tracking status is shown in Figure 8.

The results for Route C demonstrate the effect of raising the baseline accuracy in long-term
tracking. In this route, although the existing method avoided complete loss, a trend was observed
where the IoU gradually decreased over time. This is a drift phenomenon that occurs as a result of
the accumulation of minute matching errors characteristic of a single sensor.

On the other hand, the proposed method maintained a high accuracy of IoU > 0.6 for 30
seconds. In this interval, it is noteworthy that both RGB and thermal maintained a sufficient number
of effective inliers. Under this condition, the system exhibited behavior where the fusion weight was
allocated approximately at 0.5 : 0.5.

Statistically, integrating these two independent observation sources (consensus) -based on the
assumption that the measurement noises of the two sensors are independent since RGB and thermal
have different physical characteristics (visible light reflection and thermal radiation) - has the effect
of reducing the variance of accidental noise from individual sensors. Since RGB and thermal
modalities possess distinct physical properties (visible light reflection vs. thermal radiation), the
factors causing drift are independent, allowing them to mitigate each other’s biases. This confirms
that multimodal integration not only prevents loss but actively improves tracking precision even in
feature-rich environments.
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Figure 8. Comparison of tracking status in Route C over time. The blue overlays represent the Ground Truth

(GT), and the purple overlays indicate the MR registration results estimated by the respective methods.

6. Discussion

In this section, we discuss the theoretical significance and practical value of the proposed
method based on the findings obtained from the experimental results.

6.1. Lightweight Spatial Filtering for Real-time Multimodal Fusion

The technical core of this study lies in the introduction (Section 1) of the Effective Inlier Count
(Ngsr) as a metric to dynamically compare and integrate the reliability of heterogeneous sensors (RGB
and Thermal). While state-of-the-art deep learning-based reliability estimators can provide robust
results, the proposed grid-based N, offers an exceptionally low computational footprint. Even
with the high-performance computational resources of a server-side PC, minimizing the per-frame
processing overhead is critical for reducing end-to-end latency in MR applications. As shown by the
results of experimental Route B, N.¢ accurately detected the decrease in inliers of the RGB sensor
and functioned as a trigger to switch the system to thermal-led tracking. By employing a lightweight
spatial filtering algorithm, we effectively suppressed the influence of geometric burstiness without
sacrificing the real-time responsiveness required for synchronized MR visualization. Even with the
high-performance computational resources of a server-side PC, minimizing the per-frame processing
overhead is critical for reducing end-to-end latency in MR applications.

A noteworthy point of N in the proposed method is that it effectively suppresses the
influence of geometric burstiness while using an extremely lightweight algorithm based on grid-
based spatial filtering. As shown by the results of experimental Route B, N,s; accurately detected
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the decrease in inliers of the RGB sensor and functioned as a trigger to switch the system to thermal-
led tracking. This metric provides a practical solution for evaluating sensors with different physical
characteristics on the same scale and achieving adaptive sensor fusion.

6.2. Achieving Robust Drone-based MR via Thermal Integration

The achievement of this study lies in the improvement of the robustness of drone-view MR by
integrating Thermal images into an RGB map-based self-localization system in low-texture
environments such as construction sites.

In construction sites where bare concrete walls or frequently changing lighting conditions exist,
there are limits to maintaining tracking with RGB alone, which has been a factor hindering the
practical application of drone MR in the AEC field (the loss of the Baseline in Route B supports this).
The results of this experiment demonstrated that thermal information is one of the effective
modalities for complementing this weakness of RGB. In situations where visible light texture is
missing (Route B), the thermal distribution provided stable geometric features and prevented system
loss.

Furthermore, in long-term flights (Route C), although the environment was non-ideal for RGB —
including specular reflections and weak-textured planes—the integration effect between
heterogeneous sensors mitigated the drift error characteristic of a single sensor and contributed to
maintaining the geometric consistency of the MR display. The proposed method is an approach that
complements vulnerabilities through Thermal fusion while taking advantage of high-precision
foundational technology that is RGB map-based. This has shown the possibility of providing a highly
reliable MR experience that does not depend on the SDK or model, even in GPS-denied environments
or under adverse conditions.

6.3. Limitations and Future Work

The constraints and future challenges of the proposed system in this study are described.

First, there are inherent physical limitations to the sensor modalities. While RGB and thermal
cameras are generally complementary, tracking remains challenging in extreme environments where
both lose discernible features. A prime example is facing polished metal surfaces in a state of thermal
equilibrium; such surfaces exhibit extremely low emissivity, resulting in specular thermal reflections
of the surrounding environment rather than providing usable temperature gradients for feature
matching.

Second, there is a dependency on pre-existing maps and adaptation to environmental changes.
Since this method requires pre-created 3D maps, its application is restricted in environments where
the structure changes daily, such as buildings under construction, or for objects that are too vast to
make map creation difficult.

Third, there is a dependency on the initialization process (VPS). The system depends on VPS for
the initial alignment of tracking and the correction of cumulative errors. Therefore, if VPS does not
succeed even once in a texture-less environment or similar, MR superimposition cannot be started.

Finally, there is a lack of a recovery function for VPS false positives. Although VPS is a highly
accurate technology, its performance can deteriorate not only in environments with repetitive
patterns but also in texture-less environments—such as the concrete surfaces investigated in this
study —where the lack of distinct visual features can lead to incorrect initializations or significant
pose errors. Since the current architecture does not have a mechanism to detect or correct errors if the
initialization is incorrect, there is a risk that tracking will continue with the initial position shifted.
Future challenges include adding a function to verify geometric consistency and outlier removal
through feedback from the fusion system side.
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7. Conclusions

In this study, to address the vulnerability of self-localization in low-texture environments—a
challenge for drone-view MR systems in the AEC industry —we proposed an adaptive sensor fusion
method that integrates Thermal and RGB images. The primary conclusions of this study are as
follows.

e  Establishment of a lightweight geometric gating mechanism: We introduced the Effective Inlier
Count Ngf as a metric to evaluate the reliability of heterogeneous sensors in real-time and on
a unified scale. In drone systems with limited computational resources, this metric effectively
eliminated erroneous reliability judgments caused by geometric burstiness (local concentration
of feature points) without the need for computationally expensive covariance estimation. This
enabled robust sensor selection based on spatial quality rather than mere quantity of feature
points.

e  Simultaneous achievement of availability and stability: Validation experiments in real-world
environments demonstrated that the proposed method exhibits robustness through two distinct
mechanisms. First, in critical situations where visible light texture is missing, thermal
information functioned as a fail-safe modality to prevent system loss, ensuring operational
availability. Second, during long-term flights, the integration effect between sensors with
different physical characteristics mitigated drift errors inherent to single modalities, thereby
maintaining geometric stability.

e  Contribution to Digital Transformation in the AEC industry: The proposed system provides a
practical solution for the full automation of infrastructure inspection and construction
management by offering an MR experience that remains continuous and accurate even in GPS-
denied environments or under adverse conditions. By leveraging existing high-precision RGB
map-based foundational technology while complementing its primary weakness through
thermal fusion, this approach significantly enhances the reliability of drone utilization within
the AEC sector.

Supplementary Materials: The following supporting information can be downloaded at:
https://doi.org/10.5281/zenod0.18087871. The materials are organized into the following folders: Video Folder:
Input footage for Routes A-C and output result videos under various experimental conditions; Data Folder:
result.xIsx containing detailed time-series IoU measurement data; Unity Project: Source code files for the
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Abbreviations

The following abbreviations are used in this manuscript:

6DoF 6 degrees of freedom

AEC Architecture, Engineering, and Construction
BIM Building Information Modeling

CLAHE Contrast Limited Adaptive Histogram Equalization
GNSS Global Navigation Satellite System

IMU Inertial Measurement Unit

TIoU Intersection over Union

Lerp Linear interpolation

MR Mixed Reality

PnP Perspective-n-Point

RANSAC Random Sample Consensus

ROI regions of interest

RTK-GNSS Real-Time Kinematic GNSS

SDKs Software Development Kits

SLAM Simultaneous Localization and Mapping
StM Structure-from-Motion

Slerp Spherical Linear interpolation

VPS Visual Positioning System
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