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Featured Application 

This workflow enables the creation of high-resolution 3D thermal models by combining thermal 
imagery with photogrammetric data. It supports applications such as structural health monitoring, 
cultural heritage documentation, and precision agriculture, where integrating temperature data into 
3D environments helps detect anomalies, assess deterioration, or monitor environmental stress. 

Abstract 

Thermal imaging is increasingly applied in remote sensing to identify material degradation, monitor 
structural integrity, and support energy diagnostics. However, its broader adoption is limited by the 
low spatial resolution of thermal sensors compared to RGB cameras. This study proposes a modular 
pipeline to generate thermally enriched 3D point clouds by fusing RGB and thermal imagery 
acquired simultaneously with a dual sensor unmanned aerial vehicle system. The methodology 
includes geometric calibration of both cameras, undistortion of images, cross-spectral feature 
matching, and projection of radiometric data onto the photogrammetric model (accepting a certain 
approximation) through a computed homography. Thermal values are extracted using a custom 
parser and assigned to 3D points based on visibility masks and interpolation strategies. Among 
twelve evaluated matching algorithms, LightGlue yielded the most accurate results. The system 
achieved subpixel reprojection errors and low temperature deviation from ground-truth data. A case 
study on photovoltaic panels demonstrates the method’s capability to identify surface anomalies and 
map thermal patterns with high spatial detail. Developed entirely in Python, the workflow can be 
integrated into Agisoft Metashape or adapted to other software. The proposed approach enables cost-
effective, high-resolution thermal mapping and holds potential for civil engineering, cultural heritage 
conservation, and environmental monitoring applications. 

Keywords: thermal photogrammetry; two-view geometry; image fusion; planar homography; 
feature matching 
 

1. Introduction 

In the context of advances in intelligent techniques applied to the conservation of architectural 
heritage, three-dimensional digital documentation and multispectral analysis of historic buildings 
have gained a central role. The convergence of 3D modelling, artificial intelligence (AI), multi-view 
photogrammetry, and thermal or multispectral sensing is reshaping the way deterioration processes 
in heritage assets are detected, interpreted, and managed. This research addresses the integration of 
quantitative thermal data into high-resolution photogrammetric models as an accessible tool for non-
destructive structural diagnosis and multi-scale documentation. 

Fusing geometric and thermal domains within a three-dimensional framework is an ambitious 
yet highly valuable goal. 3D models generated through photogrammetry can accurately capture the 
shape and texture of heritage structures, enabling morphological analysis, the creation of digital 
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twins, and longitudinal monitoring. In parallel, infrared thermography (IR) is widely recognised as 
a non-invasive technique to detect moisture ingress, delamination, insulation loss, or concealed 
defects. By combining these spatial and thermal domains, it becomes possible to localise thermal 
anomalies in a 3D spatial context, thereby improving both interpretability and interdisciplinary 
communication [1,2]. 

Nonetheless, this integration is not without significant technical challenges. One of the most 
critical is the inherently low spatial resolution of thermal sensors compared to RGB optical cameras. 
While visible-light cameras can achieve resolutions of 48MP or more, thermal cameras typically 
operate at 160×120 to 640×512 pixels. This disparity makes fine architectural details, such as hairline 
cracks, material joints, or ornamental features, invisible or blended in the thermal field. As a result, 
models generated solely from thermal imagery are often too sparse or inaccurate for meaningful 3D 
analysis [3]. Moreover, differences in perspective, distortion, and field of view between optical 
systems hinder direct registration and often prevent automatic integration of thermal data within 
standard photogrammetric workflows. 

Thermal resolution thus becomes a bottleneck not only for building 3D thermal models, but also 
for radiometric interpretation of critical details. This challenge is magnified in complex architectural 
scenarios where surfaces are irregular, heights vary, and access is limited. In such contexts, traditional 
overlay techniques, based on planar homographies or manual registration, may prove insufficient or 
introduce systematic errors. Additionally, many existing solutions depend on specialised hardware, 
such as active thermal scanners, hardware-calibrated cameras, or proprietary systems with non-
programmable pipelines, which restricts their applicability in real-world, low-budget settings [4,5]. 

Various approaches have been proposed to address this problem from different angles. Some 
methods map thermal images as textures onto pre-existing photogrammetric models, using planar 
transformations (homographies) between pre-calibrated optical systems [6]. While effective in planar 
scenes or constant-height contexts such as façades or flat roofs, this strategy falters in complex 
environments. Other authors have embedded thermal cameras directly into Structure-from-Motion 
(SfM) workflows, treating them as additional nodes in the reconstruction network, although 
performance is often constrained by the low number of keypoints detected in thermal imagery. More 
recently, hybrid workflows have emerged combining RGB reconstruction, multi-sensor calibration, and 
per-camera thermal projection to produce 3D thermotextured models [1,7]. Although technically 
sound, such approaches often involve intensive manual processing, proprietary software, or image-by-
image adjustments, thus limiting their scalability and reproducibility. 

With the advent of computer vision and deep learning, a new generation of algorithms has 
enabled robust matching between images, even across spectral domains. Models such as LightGlue, 
SuperGlue, and LoFTR have improved correspondence matching in optical systems, enhancing the 
estimation of homographies and relative poses [8–10]. In parallel, AI has been applied to classify 
thermal patterns in historical buildings, detecting moisture or degradation zones without manual 
supervision [11]. However, these advances have not yet been fully translated into reproducible 
workflows that programmatically and accurately generate 3D thermal models. A methodological gap 
remains between algorithmic potential and its practical application in heritage documentation and 
diagnostics. 

This paper introduces a high-resolution 3D thermal mapping methodology, based on a 
reproducible, programmable, and low-cost pipeline. A dual-sensor acquisition system (RGB + 
thermal), mounted on a UAV or handheld platform, is used to capture data. A complete geometric 
calibration is performed, estimating intrinsic parameters of the cameras. This operation is based on a 
chessboard-style target visible in both spectral domains thanks to an evenly heated surface with 
infrared lamps. A precise point correspondence is obtained by leveraging machine learning and 
computer vision techniques to compute a single homography between imaging systems. The 
resulting approximated transformation enables the correlation of thermal coordinates onto the RGB 
images. Under controlled acquisition and co-mounted sensors, this strategy drastically reduces 
processing complexity without compromising spatial accuracy, as demonstrated in prior work [12]. 
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Radiometric data is extracted using the manufacturer’s SDK (Software Development Kit). A 
dense point cloud is generated from RGB images using multi-image photogrammetry. After the RGB 
point cloud is reconstructed, visibility information is used to determine which thermal images 
observe each 3D point. Radiometric data is spatially interpolated before being assigned to each point. 
Consequently, all the elements of the cloud are enriched with a physical temperature value, moving 
beyond conventional false-colour representations or relative scales. The process is implemented in 
Python, integrating computer vision libraries and the Agisoft Metashape API (Application 
Programming Interface). Its automation ensures reproducibility and facilitates adaptation to different 
contexts or optical systems, including potential integration into Heritage Building Information 
Modelling (HBIM) platforms, energy analysis tools, or long-term monitoring frameworks. 

The proposed system offers multiple operational advantages: 

• it leverages the geometric detail of RGB reconstruction to compensate for low thermal resolution; 
• it enables the inclusion of radiometrically accurate thermal data in 3D models; 
• it avoids per-image registration, thus reducing processing time and cumulative errors; 
• it is compatible with existing heritage workflows due to its integration into widely used 

software. 

Moreover, the pipeline could be extended to multispectral sensors or integrated with deep 
learning techniques for automatic anomaly detection or thermal segmentation. 

Applications of this type of enriched 3D thermal model are numerous: from precisely locating 
energy losses in historic building envelopes, to identifying structural pathologies not visible from the 
exterior, to tracking damage progression over time. It can also support advanced documentation of 
archaeological sites, energy efficiency assessment in heritage assets, or thermal mapping of climate-
vulnerable structures. 

This paper is structured as follows: Section 2 presents the objectives of the proposed pipeline; 
Section 3 reviews related work addressing similar challenges; Section 4 describes the acquisition 
system, optical system calibration, and thermal fusion strategy; Section 5 details the step-by-step 
methodology for building and enriching the point cloud; Section 6 presents a case study, including 
the results, quantitative analysis, and 3D visualisation of thermal anomalies; Section 7 discusses the 
results in relation to prior approaches and highlights the method’s limitations across various 
geometric scenarios; finally, Sections 8 and 9 summarise the main contributions and proposes future 
research directions, including integration with hyperspectral sensors, neural architectures, and real-
time embedded processing. 

2. Goals 

The general objective of this work is to develop and validate a reproducible methodology for 
generating high-resolution three-dimensional thermal models using dual-sensor acquisition systems 
(RGB + thermal), with applications in heritage documentation, structural monitoring, and non-
destructive analysis. The proposed approach focuses on integrating radiometrically calibrated 
thermal information into dense point clouds obtained through multi-view photogrammetry, 
ensuring accurate, efficient, and scalable projection. 

To achieve this general objective, the following specific goals are pursued: 

• design a geometric calibration methodology, including all the intrinsic parameters for dual 
RGB–thermal optical systems. This stage involves validating calibration targets visible in both 
spectral domains and computing camera parameters, preparatory to the subsequent correlation 
between RGB and thermal images; 

• identify an efficient algorithm for computing the homography between the thermal and RGB 
systems comparing the performance of various feature matching algorithms. The evaluation 
considers feature detection and correspondence methods such as DUSt3R [13], MASt3R [14], 
EfficientLoFTR [10], XoFTR [15], LiftFeat [16], RDD [17], LightGlue [9], DeDoDe [18,19], GIM [20], 
RoMa [21], OmnieGlue [22], and SuperGlue [8], assessing their robustness and accuracy under 
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real-world acquisition conditions. 
• implement an automated and programmable workflow, based on Python and the Agisoft 

Metashape API, that enables the fusion of thermal data into the point cloud generated from RGB 
imagery. This pipeline must be adaptable to different capture scenarios and facilitate integration 
into digital documentation processes. 

• evaluate the accuracy and consistency of the resulting thermal model, considering both the 
spatial projection quality and the radiometric fidelity of the assigned thermal values. This 
includes analysing the mean absolute deviation against reference data and the procedural 
stability across varying configurations. 

By fulfilling these objectives, the study seeks to contribute to the development of accessible, 
accurate, and reproducible solutions for enriched 3D thermal modelling, thereby expanding the reach 
of intelligent technologies applied to the conservation of the built heritage. 

3. Related Works 

The study of methods for generating thermal point clouds and integrating spectral data into 
photogrammetric workflows has received increasing attention over the past decade. This section 
reviews previous approaches related to four core aspects of the present research: 3D reconstruction 
from thermal images, optical system calibration, fusion techniques between thermal and RGB 
imagery, and feature matching algorithms applied across different spectral domains, particularly 
between RGB and thermal images. 

3.1. Photogrammetric Point Cloud Generation from Thermal Imagery 

Three-dimensional reconstruction based exclusively on thermal imagery has been explored 
primarily in energy inspection and structural monitoring applications, both in architecture and civil 
engineering. In these contexts, thermography is used to reveal surface anomalies related to heat loss, 
moisture ingress, or insulation defects [2]. However, generating dense point clouds from thermal 
images faces significant limitations, mainly due to the low spatial resolution of thermal cameras and 
the poor detectability of keypoints in such imagery. 

It is possible to construct 3D thermal models using SfM and Multi-View Stereo (MVS) solely 
with thermal images, but the resulting models tend to be less detailed and noisier than those derived 
from RGB data [23]. To overcome these shortcomings, some researchers have developed hybrid 
techniques that combine photogrammetric reconstructions with post-hoc thermal texturing, or use 
base models obtained from RGB or LiDAR (Light Detection and Ranging) sensors onto which 
infrared radiometry is projected [1]. Other approaches employ monocular or stereo thermal 
reconstruction strategies using calibrated systems or high-sensitivity thermal sensors, although these 
typically involve higher costs [12]. 

In summary, although methods exist for generating point clouds from thermal imagery, their 
applicability is limited to scenarios with strong thermal texture, simple geometries, or high 
radiometric contrast. Most studies acknowledge the need to incorporate RGB sensors to improve the 
geometric fidelity of the resulting 3D model. 

3.2. Optical System Calibration 

The joint calibration of RGB and thermal sensors is a fundamental requirement for accurate data 
fusion in multispectral workflows. Various studies have proposed the use of custom-made 
calibration targets that are simultaneously visible in both the visible and infrared spectra [5]. These 
include heated checkerboards or passive panels with differential emissivity, enabling the estimation 
of intrinsic and extrinsic parameters and supporting full three-dimensional transformations, rotation 
and translation matrices. 

Recent advances include the development of passive targets constructed with materials of 
contrasting emissivity, which improve thermal visibility under natural lighting conditions [24]. Other 
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strategies involve active calibration devices with internal heating mechanisms that stabilise 
temperature throughout the capture sequence, thereby minimising thermal noise and improving 
repeatability [25]. 

Thermal image pre-processing also plays a key role. Applying contrast enhancement (e.g., 
histogram equalisation and CLAHE), intensity inversion, and adaptive thresholding using OTSU’s 
method enhances the detection of corners in thermal calibration targets when using computer vision 
techniques such as OpenCV [26,27]. 

Stereo calibration based on synchronised RGB–thermal image pairs makes easier the 
computation of relative sensor geometry and image rectification, which are essential for accurate 
fusion. This approach has demonstrated improved results in 3D reconstruction and thermal mapping 
tasks [28,29]. 

In parallel, automatic methods are gaining traction. Some use mutual information to align cross-
spectral images without physical patterns [30], while others adopt neural network models to infer 
calibration parameters directly from image data, bypassing traditional detection pipelines [31]. 

3.3. Image Fusion Techniques 

Fusing images from one sensor or diverse sensors, on the same or even with different spectral, 
optical, and geometric resolutions requires precise image registration strategies. Among the most 
used methods are projective transformations (homographies), direct registration based on intrinsic 
and extrinsic parameters (stereo calibration), and approaches based on automatic or manual 
correspondences. 

The homography technique has been successfully applied in planar or controlled-depth scenes, 
such as façades or flat surfaces. This method assumes that all image points lie on a single plane or at 
a constant distance, which enables projection through a single transformation matrix [3]. In studies 
involving constant-altitude flights and co-mounted cameras, this assumption holds reasonably well, 
making homography an efficient and easily reproducible option. However, in scenes with significant 
parallax or complex geometry, this approach can introduce projection errors due to planarity 
assumptions, prompting the development of more robust methods such as direct projection, affecting 
both interior and exterior orientation. 

Another class of data fusion techniques includes manual overlay registration, which, although still 
used in operational contexts, lacks reproducibility and scalability. These methods rely on the operator’s 
ability to manually align the thermal image onto the model, often resulting in inconsistent outcomes, 
particularly under uncontrolled acquisition conditions. 

Recent advances in deep learning have opened new perspectives in multimodal registration. 
Unsupervised networks have been proposed to learn feature descriptors invariant to modality 
changes, significantly improving cross-spectral matching. For instance, contrastive learning 
frameworks trained on RGB images have demonstrated superior performance in handling spectral 
discrepancies, viewpoint changes, and scene complexity [32]. Similarly, domain adaptation 
techniques allow networks trained on RGB data to be generalised for thermal input, facilitating 
correspondence estimation across modalities without requiring exact spatial overlap [33]. 

In general, the most robust and accurate methods combine geometric calibration, optical 
distortion correction, and per-camera projection, allowing precise fusion of thermal data into high-
resolution three-dimensional models. 

3.4. Feature Matching Algorithms for Cross-Spectral Applications 

Feature matching between RGB and thermal images represents one of the key challenges for 
multispectral integration within photogrammetric workflows. The spectral difference implies that 
many traditional descriptors, such as SIFT (Scale-Invariant Feature Transform), SURF (Speeded Up 
Robust Feature), ORB (Orientated FAST and Robust BRIEF), are unable to find reliable 
correspondences between images captured at different wavelengths. This limitation has led to the 
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development of specialised algorithms, some based on deep learning, that can identify common 
points even when the visual content appears significantly different. 

In this study, we conduct a comparative analysis of several matching algorithms that have 
demonstrated effectiveness in RGB context: DUSt3R, MASt3R, EfficientLoFTR, XoFTR, LiftFeat, 
RDD, LightGlue, DeDoDe, GIM, RoMa, OmniGlue and SuperGlue. Each of these methods is 
grounded in different architectural principles. Some, such as EfficientLoFTR and XoFTR, employ 
transformer-based architectures to model global spatial relationships, while others, like LightGlue 
and SuperGlue, rely on hybrid architectures that combine convolutional descriptors with attention 
modules [8,9,34]. 

DUSt3R and MASt3R integrate multi-level feature fusion and refinement mechanisms, making 
them suitable for low-overlap image pairs. LiftFeat and RDD, on the other hand, focus on robust 
keypoint extraction through supervised learning and have shown strong performance under adverse 
conditions. Although the use of these techniques in thermal–RGB contexts remains experimental, 
preliminary results are promising, particularly when combined with accurate calibration of the 
cameras. 

The algorithms analysed not only improve RGB-thermal correlation, but also serve as key 
enablers for extending traditional photogrammetric pipelines into the multispectral domain, 
allowing for more automated and accurate workflows in heritage documentation projects. 

3.5. Limitations and Gaps 

Despite recent advances in 3D reconstruction techniques and multispectral data fusion, the 
specialised literature still presents several limitations that justify the need for new, accessible, and 
reproducible methodological proposals. 

Firstly, methods that use thermal imagery for direct point cloud generation remain strongly 
constrained by the resolution and quality of infrared sensors. Even under high thermal contrast 
conditions, dense reconstruction based solely on thermal images typically yields sparse results, with 
low point density and a loss of geometric detail that is crucial for heritage analysis. This limits their 
practical applicability and often necessitates the use of additional sensors. 

Secondly, although various approaches exist for correlating and fusing thermal imagery with 
RGB models, most of them suffer from at least one of the following shortcomings: 

• reliance on proprietary, non-programmable tools; 
• the need for manual registration steps, which lack reproducibility; 
• use of homographies without prior calibration, which can lead to significant errors in scenes 

with parallax or irregular geometry. 
• rigorous quantitative validation of the spatial and thermal accuracy of the resulting fusion. 

Thirdly, the latest matching algorithms have shown strong potential, but their adoption in 
operational workflows remains limited. While some have been applied in registration or 
reconstruction tasks, systematic evaluations comparing their performance in RGB-thermal contexts 
under real capture conditions are still rare. Likewise, integrated workflows that combine matching, 
calibration, projection, and point cloud enrichment into a single programmable solution are seldom 
reported. 

Finally, a significant methodological gap persists regarding the automation and standardisation 
of these processes. Existing solutions often require high levels of manual intervention or lack 
scalability, making them difficult to adopt in heritage workflows, where efficiency, traceability, and 
precision are required under technically constrained environments. 

This landscape highlights the need for an approach that combines the geometric accuracy of 
RGB models, the calibrated radiometric information from thermal sensors, and the power of modern 
matching algorithms within a reproducible, validated, and adaptable workflow suited to different 
capture and analysis scenarios. 
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4. System Overview 

The implementation of the proposed workflow requires a platform capable of capturing RGB 
and thermal images simultaneously, as well as a processing environment that integrates 
photogrammetry, computer vision, and programming tools. This section describes the data 
acquisition system, its main components, and the software tools used for automated processing. 
Figure 1 provides a schematic overview of the complete system, from field acquisition to the 
generation of the enriched thermal point cloud. 

 

Figure 1. System overview and processing workflow for 3D thermal point cloud generation. 

4.1. Dual-Sensor Platform 

For this study, a DJI Mavic 3T drone was used, which features an integrated payload consisting 
of an RGB camera and a thermal camera. This system was selected because it allows for the 
simultaneous capture of both image types, reducing temporal offset between optical systems and 
minimising registration errors. Furthermore, it enables automated flight missions through precise 
trajectory planning over the area of interest, ensuring homogeneous and controlled coverage. 

The technical specifications of both systems are presented in Table 1, including key 
characteristics such as effective resolution, lens type, field of view (FOV), and thermal sensitivity 
(NETD). These properties directly influence data quality and the accuracy of thermal fusion. 

It is important to note that this approach is not limited exclusively to UAV platforms. The 
workflow can be adapted to systems mounted on tripods, masts, or handheld rigs, provided that 
their calibration is performed and the correlation between the dual sensor system of the frames is 
analysed. Nevertheless, the use of drones offers significant operational advantages, such as the ability 
to cover large areas automatically and to capture scenes from consistent angles and altitudes with a 
very small distance between the two optical systems, which facilitates the application of a single 
homography. 

During the capture campaigns, a specific operational limitation of the DJI Mavic 3T was 
observed: if the shooting interval is equal to or less than 2 seconds, the system automatically reduces 
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the resolution of the RGB sensor. This behaviour is related to the internal management of the sensor 
and the prevention of saturation artefacts. Therefore, for those wishing to replicate this methodology, 
it is recommended to plan flight missions with appropriate intervals between image captures. Despite 
this limitation, the system remains fully scalable and applicable to any dual-sensor platform that 
enables synchronisation and proper geometric control. 

Table 1. Technical specifications of the RGB and thermal systems onboard the DJI Mavic 3T. 

 Wide Camera Thermal Camera Tele Camera 

System 1/2-inch CMOS 
Uncooled VOx 

Microbolometer 
1/2-inch CMOS 

Resolution 
48MP - 8000x6000 (1) 

12MP - 4000x3000 
640x512 12MP - 4000x3000 

FOV 84° 61° 15° 

Aperture f/2.8 f/1.0 f/4.4 

Focus 1m to ∞ 5 m to ∞ 3 m to ∞ 

Infrared Wavelength N/A 8-14 μm N/A 

Temperature Range N/A 
-20° to 150° C (2) 

0° to 500° C (3) 
N/A 

Infrared Accuracy N/A ±2° C or ±2% (4)  N/A 

NETD N/A ≤50 mK@F1.0 N/A 

(1) Shooting 48MP photo does not support 2s interval; (2) High Gain Mode; (3) Low Gain Mode; (4) using the 
larger value. 

4.2. Software Environment 

The processing of the captured data was carried out in an environment composed of tools widely 
recognised in the fields of photogrammetry and computer vision. Agisoft Metashape Professional 
was selected as the photogrammetric reconstruction engine due to its flexibility, accuracy, and 
compatibility with Python scripting. This last feature was particularly important, as it allowed the 
integration of the pipeline’s various modules within a single environment, facilitating the automation 
of the entire reconstruction and enrichment workflow. 

Custom Python scripts were developed to automate key stages of the proposed pipeline, 
including sensor calibration, image undistortion, cross-spectral feature matching, homography 
computation, thermal data extraction, point cloud projection export, and thermal enrichment. These 
stages were integrated into Agisoft Metashape through its API, enabling structured access to camera 
parameters, image geometry, and spatial relationships, and ensuring reproducibility across datasets.  

Python was chosen as the primary programming language for its seamless integration with 
computer vision and machine learning libraries. Specifically, OpenCV was used for image 
preprocessing, pattern detection, and geometric calculations; NumPy for efficient matrix handling; 
PyTorch for executing neural network-based matching models; and the DJI thermal SDK for 
extracting radiometrically calibrated values from the original image files. 

The versions of the software and libraries used are listed in Table 2, to ensure reproducibility of 
the experiments and to facilitate the replication of the workflow in other environments. 

This modular architecture enables future extensions to other sensors, capture formats, or 
specialised libraries, consolidating its value as an adaptable tool for multispectral heritage 
documentation projects. 
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Table 2. Software, tools and library versions used. 

Software Version Build Channel 

Agisoft Metashape 

Pro 
2.2.0 19135 N/A 

Python 3.8.20 h8205438_0 N/A 

OpenCV 4.10.0 py38hd762f8c_0 conda-forge 

Numpy 1.24.3 py38h1d91fd2_0 conda-forge 

PyTorch 2.2.2  py3.8_cuda11.8_cudnn8_0 pytorch 

PyTorch-CUDA 11.8 h24eeafa_6 pytorch 

MatplotLib 3.7.2 py38haa244fe_0 conda-forge 

CUDA 11.8 N/A nvidia 

DJI Thermal SDK 1.7 20241205 N/A 

ExifTool 13.21 N/A N/A 

5. Methodology 

This section outlines the proposed methodology for generating a thermally enriched three-
dimensional point cloud using a dual-sensor acquisition system. The workflow is structured into 
seven consecutive stages that enable, in an automated and reproducible manner, the capture of data, 
reconstruction of 3D geometry, extraction of calibrated thermal information, and its projection onto 
the 3D model. Each step was designed to minimise manual intervention and to ensure traceability 
between the captured images, camera parameters, and the thermal values assigned to each point. The 
following subsections describe each of these stages in detail. 

5.1. Optical System Calibration 

The first step of the proposed workflow consists of the geometric calibration of the RGB and 
thermal sensors, with the aim of correcting lens-induced distortions and estimating the intrinsic 
parameters required for the subsequent stages of image undistortion, spectral registration, and 
thermal data fusion. This step is critical to ensure accurate correspondence between RGB and thermal 
images, and to guarantee that thermal information can be coherently projected onto three-
dimensional models generated via photogrammetry. 

The need for multispectral calibration has been widely discussed in the literature. To achieve 
precise fusion across different spectral domains, it is essential to have well-defined intrinsic 
parameters for each optical system, and these parameters must be derived from patterns visible in 
both spectra [5]. In this context, several authors have proposed the use of heated checkerboards or 
materials with differential emissivity as practical solutions for thermal calibration targets [35,36]. 

In this work, a calibration pattern composed of black and white squares arranged as a 9×6 inner-
corner checkerboard, with square cells of 40 mm, was designed. The pattern was printed on a rigid 
surface and placed on a flat base in a controlled temperature environment. It was heated using an 
infrared lamp, producing sufficient thermal contrast to make it visible in both the RGB and thermal 
domains. This strategy, recommended in prior cross-calibration studies [37], enabled detection of the 
same pattern in both modalities without the need for special sensors or active markers. 

Image acquisition was performed using the DJI Mavic 3T UAV system, keeping the pattern 
centred within the frame and at a fixed distance from the sensors. Multiple photographs were taken 
from different perspectives to ensure sufficient coverage in terms of orientation and angle of view 
[38], following the recommendations of the pinhole camera model implemented in OpenCV. In the 
case of the thermal camera, it was necessary to invert the grayscale levels of the image, as heating 
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reverses the expected contrast: black squares tend to absorb more radiation and appear hotter (and 
therefore brighter), while white squares reflect more and remain cooler. 

Once the images were loaded into Agisoft Metashape within a single chunk configured as a 
Multi-Camera System, the software automatically identified the RGB–Thermal image pairs, assigning 
the sensors based on import order and dataset structure. The user can access the first step of the 
workflow through the Metashape interface by navigating to Scripts, 3D Thermal Mapping, STEP 1 - 
Calibrate Sensors, which opens an interactive window allowing confirmation of the primary (RGB) 
and secondary (Thermal) cameras, as well as the definition of the calibration pattern dimensions. By 
default, a 9×6 checkerboard with 40 mm square cells is used, although these parameters can be 
adjusted depending on the experimental setup. The system automatically stores the calibration 
results within the active project. Agisoft Metashape allows the export of the intrinsic matrices and 
distortion coefficients to external files for further use or independent validation. 

Prior to the calibration computation, specific preprocessing techniques were applied to 
maximise pattern detectability. In RGB images, contrast normalisation and local adaptive histogram 
equalisation (CLAHE) were applied, while thermal images underwent greyscale inversion, automatic 
binary segmentation using Otsu’s method, and local thermal contrast enhancement. These operations 
proved particularly beneficial for improving pattern visibility in low-resolution thermal sensors. 

The pattern detection process in each image involved a geometric analysis to locate the internal 
corners of the checkerboard and refine their positions using sub-pixel adjustment techniques. This 
was performed independently for both RGB and thermal images, ensuring high accuracy in both 
spectral domains. Once multiple pattern-image correspondences were identified across the dataset, 
individual calibration was carried out for each sensor, estimating the intrinsic matrix, optical 
distortion coefficients, and the rotation and translation vectors describing the pattern’s position 
relative to the camera. The entire procedure was implemented using OpenCV tools, which are widely 
validated for computer vision and multiview calibration tasks. 

The results were integrated into the Metashape chunk to be used in subsequent stages of the 
pipeline. Additionally, Agisoft Metashape allows the export of the calibration parameters in .xml 
format for external traceability or for reuse in future projects using the same dual-sensor system. 

The full calibration routine was automated through Python scripts, directly integrated into the 
Metashape API, enabling a repeatable, traceable, and replicable execution of the process, from image 
loading to parameter export. Figure 2 shows the flowchart corresponding to this procedure, as well 
as the Metashape interface used for its execution. 

Reprojection errors were also computed individually per image, allowing for a quantitative 
assessment of the geometric calibration quality and enabling the selection of the most accurate views 
for the following stages of the workflow. When both cameras successfully detected the pattern in 
each capture, a joint calibration was performed, generating a stereoscopic configuration that includes 
the intrinsic parameters of each sensor and their relative spatial relationship. Figure 3 illustrates the 
results of this process, showing the original image of each sensor and the detected pattern in both 
modalities. 

Figure 3 illustrates the results of the calibration step, showing the original and the detected 
chessboard on each pair. 
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Figure 2. Sensor calibration pipeline: (a) processing flowchart; (b) implementation in Agisoft Metashape. 

 
Figure 3. Comparison of original and the chessboard found on a subset of 4 pairs (RGB on the left and thermal 
on the right). 
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5.2. Image Undistortion 

Once both sensors have been calibrated and their respective intrinsic parameters, including lens 
distortion coefficients, have been obtained, the next step involves undistorting all captured images. 
This procedure aims to remove lens-induced deformations and produce images that conform to the 
pinhole projection model, which is essential for accurate geometric computations across views. In 
particular, prior undistortion improves both the numerical stability and accuracy of homography 
estimation, as point correspondences are established using distortion-free coordinates, a principle 
widely demonstrated in foundational computer vision studies [37]. 

The undistortion process is based directly on the camera matrices and distortion coefficients 
obtained in Section 5.1 (Sensor Calibration). These matrices enable the reconstruction of idealised 
image representations in which pixels correspond to linear projections on the image plane. The 
procedure was implemented through a Python script that automates the processing of RGB–Thermal 
image pairs. This script can be executed independently or integrated as an auxiliary module within 
Agisoft Metashape, allowing seamless incorporation into existing workflows.  

Within the Metashape environment, this step can be initiated by navigating to Scripts, 3D Thermal 
Mapping, STEP 2 - Undistort Cameras. This action opens an interactive dialog that allows the user to 
select and launch the undistortion process. Internally, the script retrieves the calibration data stored 
in the current project and applies the transformation to each RGB–Thermal image pair. The resulting 
undistorted images are stored in a temporary chunk, which preserves the camera orientation and 
projection parameters, and can be directly used in the subsequent stage for homography 
computation. Figure 4 presents a flowchart of this process alongside its implementation within the 
Metashape environment. 

The process leverages functions from the OpenCV library to generate undistorted images by 
correcting both radial and tangential distortion. Input and output resolutions are preserved to ensure 
consistency in scale and field of view. 

Figure 5 presents visual examples comparing original and undistorted images from both the 
RGB and thermal channels. Notable improvements include the correction of peripheral curvature 
and the straightening of linear structures, which significantly enhance the reliability of feature 
matching in subsequent stages of the pipeline. 

 
Figure 4. Image undistortion process: (a) workflow; (b) implementation in Agisoft Metashape. 
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Figure 5. Comparison of original and undistorted images on a subset of 4 pairs (RGB on the left and thermal on 
the right). 

Although technical in nature, this step has a direct impact on the accuracy of downstream 
computations, particularly in multispectral contexts where geometric discrepancies between sensors 
tend to amplify registration errors. Ensuring that all images conform to the same projection model 
provides a reliable foundation for homography computation and the RGB-thermal registration 
described in the following section. 

5.3. Cross-Spectral Feature Matching and Homography Computation 

Precise registration between the RGB and thermal sensors is essential for the accurate transfer of 
radiometric information onto the 3D model. Since these sensors operate in distinct spectral domains, 
registering their respective images poses specific challenges, particularly in the detection and matching 
of keypoints. To address this issue, a two-stage strategy was implemented: an initial benchmarking 
phase involving feature matching algorithms, followed by the computation of a single homography 
matrix for the entire system. 

During the evaluation phase, a representative set of ten RGB–Thermal image pairs, captured 
during the calibration process (see Section 5.1), was selected based on clear visibility of the calibration 
pattern in both channels. For each image pair, a series of manually annotated control points was 
recorded to serve as reference data. 

Each image pair was processed using twelve state-of-the-art feature matching algorithms, 
selected for their proven performance in multispectral or multimodal contexts: DUSt3R, MASt3R, 
EfficientLoFTR, XoFTR, LiftFeat, RDD, LightGlue, DeDoDe, GIM, RoMa, OmniGlue and SuperGlue. 
These methods were assessed based on their ability to detect robust keypoints correspondences, 
generate sufficient match points, and enable stable projective transformation computation. 

For each algorithm, a homography matrix was computed from the detected correspondences 
and applied to project thermal image points onto the RGB image plane. The projected points were 
then compared to the manually annotated control points, and the average Euclidean distance per 
image pair was calculated. A global mean error was subsequently computed across the ten pairs. 
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The algorithm yielding the lowest alignment error was selected as the optimal method and 
adopted as the default throughout the remainder of the pipeline, due to its robustness, accuracy, and 
efficiency under real-world acquisition conditions. 

In the second stage, once the optimal method had been defined, it was applied to the newly 
acquired dataset. For each undistorted RGB-Thermal image pair, the selected algorithm was used to 
detect and match features, and a single homography matrix was computed between the sensors. This 
matrix encapsulates the geometric transformation between both sensors and is used in subsequent 
stages to project thermal data onto the 3D model. 

The use of a single homography matrix, rather than one per image pair, is justified by the 
controlled acquisition conditions, fixed sensor mounting, consistent flight altitude, and the relatively 
planar nature of the observed scenes. These conditions make it possible to model the acquisition 
system as if all images were projected onto a shared planar surface, validating the use of a single 
global projective transformation [36]. This strategy significantly simplifies subsequent processing 
and avoids cumulative errors resulting from heterogeneous local estimations, as demonstrated in 
recent studies on multispectral fusion with co-mounted sensors [37]. 

To initiate the homography estimation step within Agisoft Metashape, the user must navigate 
to Scripts, 3D Thermal Mapping, STEP 3 - Calculate Homography. This action opens a dedicated dialog 
that guides the configuration and execution of the homography computation process. The interface 
allows the user to select the chunk containing the undistorted images generated in the previous step. 
By default, the script automatically selects the temporary chunk produced during the undistortion 
process; however, this can be manually modified to point to any compatible chunk within the current 
project. 

Additionally, the user can choose the feature matching algorithm to be used for establishing 
point correspondences between the RGB and thermal images. By default, the system uses LightGlue, 
but alternative algorithms can be selected as needed. The dialog also exposes a set of algorithm-
specific parameters that can be tuned to optimise detection thresholds, descriptor matching 
strategies, or filtering criteria, depending on the selected method. Figure 6 presents a flowchart 
outlining this procedure, along with a screenshot of the interface implemented in Metashape for user 
interaction. 

 
Figure 6. Homography estimation process: (a) matching and transformation workflow; (b) implementation in 
Agisoft Metashape interface. 
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A quantitative comparison of the accuracy achieved by each algorithm is presented in Section 7, 
along with an analysis of thermal accuracy and the final enriched 3D model. 

5.4. Thermal Data Extraction 

The next step in the pipeline involves extracting calibrated thermal information from each 
thermal image captured by the UAV system. This process aims to retrieve, for every pixel in the 
thermal image, a radiometrically corrected temperature value, adjusted according to ambient 
conditions and the physical properties of the observed surface. 

To achieve this, a Python script was developed using DJI’s official SDK, with ExifTool employed 
as an auxiliary utility for accessing embedded image metadata. The script can be executed 
independently or integrated directly within the Agisoft Metashape environment, allowing seamless 
incorporation into photogrammetric workflows. 

The procedure begins by reading the original thermal images, which are then processed through 
radiometric decoding using the parse_dirp2 function provided by the DJI SDK. This function outputs 
a temperature matrix with the same dimensions as the input image, where each cell represents the 
apparent surface temperature at the corresponding pixel. The resulting data is saved in compressed 
.npz format using the NumPy library, ensuring efficient storage and rapid access in downstream 
stages. 

To improve thermal accuracy, the script incorporates several physical and environmental 
parameters that influence thermal data interpretation: 

• ambient temperature, measured in situ during the field campaign. 
• relative humidity, recorded under the same environmental conditions. 
• material emissivity, defined according to standard reference tables. 
• sensor-to-object distance, estimated from flight metadata. 

These factors allow for correction of reflected temperature and compensate for systematic 
deviations due to external conditions, following established calibration principles for uncooled 
thermal sensors. The tool currently supports thermal images at 640×512 resolution and produces 
floating-point matrices ready for 3D mapping in the subsequent projection step. 

To initiate this process within Metashape, the user must navigate to Scripts, 3D Thermal Mapping, 
STEP 4 - Extract Thermal Information. This action opens a dialog that allows the user to select the 
thermal sensor, which is automatically assigned by Metashape based on the project configuration but 
can be manually adjusted if necessary. The interface also enables the user to input the measured field 
conditions, including ambient temperature, relative humidity, material emissivity, and sensor-to-
object distance, previously described in detail. 

These values are then used to generate a temperature matrix for each thermal image, ensuring 
that the radiometric data are physically consistent with the acquisition context. The thermal outputs 
are stored and linked to the corresponding undistorted images, preparing them for integration with 
the RGB model in the final stage of the pipeline. 

Figure 7 presents a flowchart describing this procedure, along with a screenshot of the script 
interface implemented in Agisoft Metashape. 

This process ensures that each thermal image is associated with a matrix of physically 
meaningful data, prepared for integration with the RGB point cloud. In doing so, it enables precise 
projection of temperature values onto the reconstructed 3D model during the final stage of the 
workflow. 
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Figure 7. Thermal data extraction: (a) workflow diagram; (b) implementation in Agisoft Metashape interface. 

5.5. Photogrammetric Generation of High-Resolution RGB Point Cloud 

Data acquisition for point cloud generation was carried out using a DJI Mavic 3T UAV platform, 
equipped with both RGB and thermal sensors. For the photogrammetric capture, the system’s wide-
angle optical camera was used exclusively, as it offers higher spatial resolution compared to the 
telephoto camera, an essential factor for achieving a dense and accurate three-dimensional 
reconstruction. The selection of this camera maximises the geometric quality of the point cloud, 
leveraging its wider field of view, which is better suited to SfM and MVS reconstruction tasks. 

The data acquisition flight was planned using an automated path divided into three grids: one 
for nadir images and two for oblique shots at 45 degrees, flown in orthogonal directions. To ensure 
robust coverage and reliable reconstruction, the RGB images were captured with 85% forward 
overlap and 80% side overlap. These values also provide good coverage for the thermal dataset, 
which features a narrower field of view compared to the RGB sensor. The flight speed was limited to 
2 m/s to prevent an excessive shooting frequency that could overwhelm the RGB camera processor, 
potentially forcing it to reduce image resolution. This configuration ensures sufficient redundancy 
for multi-view triangulation and robust keypoint detection. Figure 8 shows the flight planning 
interface used during this phase. 

Throughout the survey, a constant flight altitude was maintained to minimise parallax errors 
between cameras and to ensure that the homography conditions between image planes remained 
stable across the dataset. 

This homogeneous acquisition condition is fundamental for later applying a single 
transformation matrix between sensors, without needing to recalculate it for each image pair. For this 
purpose, a technology based on a digital terrain model (DTM) with a resolution of 5 meters, obtained 
from LIDAR data, was used. 

A Real-Time Kinematic (RTK) module was integrated into the drone in network mode to receive 
corrections from nearby permanent stations, thereby enhancing the positional accuracy of the 
captured images. This differential correction helps to reduce systematic geolocation errors and 
enhances geometric consistency among RGB images. While not essential to the proposed pipeline, 
the inclusion of accurate positioning supports more efficient photogrammetric orientation and can 
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be relevant in applications requiring absolute georeferencing. To ensure maximum accuracy in the 
survey operations, 15 artificial checkerboard targets were uniformly distributed across the area of 
interest, ten of which were used as Ground Control Points (GCPs) and five as Check Points (CPs). 
The coordinates of these points were acquired using a GNSS antenna operating in network RTK 
(nRTK) mode. In accordance with the European INSPIRE directive (Technical Guidelines Annex I - 
D2.8.I.1), the geodetic reference system used for these operations was ETRS89, based on the GRS80 
ellipsoid, which in Italy corresponds to the ETRF2000 realization (epoch 2008.0). 

 

Figure 8. Flight planning interface showing the automated survey grid over the area of interest. 

During the image acquisition, key environmental variables were also recorded for subsequent 
thermal processing. Ambient temperature and relative humidity were measured on site, as these 
parameters directly influence the calibration of thermal data. The estimated emissivity of the 
predominant material in the scene was also identified, based on reference tables, along with the 
average distance between the sensor and the object. These factors influence the apparent temperature 
measured by the thermal sensor. All this information was integrated into subsequent stages to refine 
radiometric interpretation and ensure that thermal values were physically meaningful. 

The set of RGB images was processed using Agisoft Metashape Professional, following a 
standard photogrammetric workflow that included image orientation, structure optimisation, and 
dense image matching. The intrinsic and distortion matrices previously obtained during sensor 
calibration were incorporated into this process to correct optical deformations before reconstruction. 
Figure 9 presents a flowchart summarising the overall procedure followed during this stage. 

Only the images from the wide-angle RGB camera were used in this stage. The resulting point 
cloud provides a high-resolution three-dimensional representation, which will later be enriched with 
thermal information. This reconstruction also allows for the extraction of camera projections needed 
to determine which images were observed at each point in the cloud, which is essential for thermal 
value assignment in the following steps. An example of the outcome of this stage is shown in Figure 
10. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 September 2025 doi:10.20944/preprints202509.0307.v1

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

https://doi.org/10.20944/preprints202509.0307.v1
http://creativecommons.org/licenses/by/4.0/


 19 of 32 

 

 

Figure 9. Workflow diagram for the generation of the high-resolution RGB point cloud. 

 
Figure 10. Point cloud generated from the RGB dataset using Agisoft Metashape. 

5.6. Exporting Point Cloud Reprojections 

Following the generation of the dense point cloud described in the previous section, the next 
step involves exporting the image-space reprojections of each 3D point onto the set of calibrated RGB 
images. This process is essential for the subsequent thermal mapping stage, as it establishes a 
geometric correspondence between each 3D point in the model and its 2D reprojections in the original 
undistorted images. 

To execute this step within Agisoft Metashape, the user must navigate to Scripts, 3D Thermal 
Mapping, STEP 6 - Export Reprojections. This opens a dedicated dialog where the user can choose 
whether to include all cameras in the export or restrict the output to a subset of selected cameras. 
Although the original dataset contains both RGB and thermal imagery, this step exclusively considers 
the RGB cameras, as they define the reference coordinate space for projection and colour mapping. 
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For each 3D point in the dense cloud, the script computes the corresponding (x,y) coordinates in 
each image where the point is visible. Additionally, the script records two quality metrics for each 
point-camera pair: 

• the reprojection error, which quantifies the discrepancy between the observed and projected 
point positions, providing a measure of orientation reliability. 

• the visibility state, which indicates whether the point is occluded or lies within the image frame 
and field of view. 

These two metrics are retained for use in the next step of the pipeline, where they inform the 
selection of valid image observations for assigning thermal values to each 3D point. 

The results are exported in a structured HDF5 file, saved automatically within the project 
directory. This file encodes the point IDs, projection coordinates, camera references, occlusion, and 
reprojection errors in an efficient format that supports fast access and large-scale processing. 

Figure 11 presents a schematic of this step, showing the mapping between the 3D dense cloud 
and the 2D reprojections across selected RGB images, along with a screenshot of the interface in 
Metashape. 

 
Figure 11. Reprojection extraction: (a) workflow diagram; (b) implementation in Agisoft Metashape interface. 

5.7. Thermal Enrichment of Point Cloud 

The final stage of the proposed workflow consists of enriching the three-dimensional point cloud 
with calibrated thermal information, assigning a temperature value to each 3D point previously 
reconstructed via multi-view photogrammetry. This step synthesises and connects all the previous 
components: geometric calibration, image undistortion, spectral matching, and thermal data 
extraction. 

The procedure was fully implemented in Python and designed to run either as a standalone 
application or embedded within the Agisoft Metashape environment via its scripting interface. This 
allows automation of the entire process, minimising manual errors and maintaining traceability 
between geometry and radiometric data. To launch the final stage of the workflow within Metashape, 
the user must navigate to Scripts, 3D Thermal Mapping, STEP 7 - Thermal Enrich Point Cloud. This action 
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opens a simple dialog that allows the user to select the temperature value smoothing technique and 
initiate the thermal mapping process. No additional input is required at this stage, as all necessary 
data (undistorted imagery, thermal matrices, point reprojections, homography matrix, and camera 
parameters) have been prepared in previous steps. Figure 12 shows a flowchart of the implemented 
algorithm along with a partial view of its integration within the Agisoft interface. 

 
Figure 12. Point cloud enrichment process: (a) workflow diagram; (b) result in Agisoft Metashape interface. 

The process relies on the camera projection data (calculated on the previous step, Section 5.6) 
stored in Agisoft Metashape, which makes it possible to determine, for each point in the cloud, which 
RGB images observed it and what its corresponding image-plane coordinates are. Using the RGB 
intrinsic and distortion matrices obtained during calibration (Section 5.1), the projected coordinates 
are corrected, yielding their exact position in the undistorted RGB image. 

Next, the homography matrix between RGB and thermal (calculated in Section 5.3) is applied to 
project the RGB coordinates into the thermal image system. If the transformed point lies within the 
valid boundaries of the thermal image, it is first reprojected from the undistorted coordinate system 
back into the original form (using the camera’s intrinsic and distortion matrices calculated on Section 
5.1), only then, the corresponding value in the calibrated temperature matrix (Section 5.4) is retrieved 
and assigned to the 3D point as an additional scalar attribute. 

It is important to note that a single 3D point in the dense cloud may be projected onto multiple 
RGB images and, by extension, onto several corresponding thermal images via homography. To 
resolve this ambiguity and ensure the consistency of the thermal attribution, a visibility filtering and 
weighting strategy was implemented. This mechanism leverages the occlusion state and reprojection 
error values computed during the reprojection export stage (see Section 5.6) to determine whether a 
given point should be considered visible and geometrically reliable in a particular view. 
Reprojections flagged as occluded or exhibiting high reprojection error are automatically excluded 
from the fusion process to avoid erroneous temperature assignments. 

For the remaining valid reprojections, where multiple views are available for a single point, a 
weighted aggregation of temperature values is performed. Each temperature is weighted based on 
the Euclidean distance between the image centre and the projected pixel coordinates (x,y). This 
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approach favours pixels near the optical axis, where lens distortion is minimal and radiometric 
accuracy is typically higher. By applying this distance-based weighting, the process reduces 
peripheral artefacts and improves the spatial coherence of the thermal enrichment. 

This strategy enables robust fusion of thermal data across multiple views, ensuring that each 
point in the cloud receives a reliable and physically meaningful temperature value, even in scenarios 
where redundancy or partial occlusion is present. 

Furthermore, due to the difference in resolution between cameras, there may be significant 
divergence in the spatial density of pixels. That is, several RGB pixels might project onto the same 
thermal cell. To address this discrepancy, various smoothing and thermal interpolation strategies 
were evaluated, including: 

• no interpolation, assigns the nearest thermal pixel value directly. 
• linear interpolation, averages values from nearby pixels. 
• bilinear interpolation, estimates the local plane using the four closest neighbours. 
• trilinear interpolation, considers a constrained 3D neighbourhood. 
• adaptive contour-preserving smoothing, applies a local mask that respects thermal 

discontinuities. 

Each of these strategies offers advantages depending on the required level of accuracy and the 
regularity of the thermal pattern. In this work, bilinear interpolation was used by default, as it 
provides a good trade-off between radiometric fidelity and visual smoothness without excessive 
computational cost. 

The outcome of this stage is a dense, thermally enriched point cloud in which each point contains 
not only RGB colour, 3D position, and normal vector, but also a scalar temperature value. This 
multispectral 3D model serves as a foundation for inspection tasks, structural pathology monitoring, 
or energy documentation of built heritage assets. 

6. Case Study 

To validate the proposed methodology, a first case study was carried out on a photovoltaic solar 
panel installation located on the university campus. This type of scenario is particularly suitable for 
thermal evaluation, as anomalies in the temperature distribution can reveal defective cells, efficiency 
losses, or failures in the heat dissipation system. Moreover, the flat, well-defined, and sun-exposed 
surfaces provide ideal geometric conditions to assess the effectiveness of the thermal–geometric 
fusion process. 

The full workflow was executed, from flight planning to the generation of the enriched 3D 
model. The aerial survey was conducted under supervised weather conditions, using a constant 
distance from the ground of about 30 meters 

During processing, the performance of the previously selected feature matching algorithm was 
verified, with robust registration observed between RGB–Thermal image pairs, even under moderate 
thermal contrast conditions. In one of the analysed scenes, precise correspondences were achieved, 
as illustrated in Figure 13, where matched points across spectral domains are shown using the 
adopted method. 

To visually assess the accuracy of the computed homography, composite images were generated 
by superimposing the thermal image onto the undistorted RGB image. This type of visualisation, 
shown in Figure 14, enables the spatial alignment between structural edges (e.g., panel borders, cast 
shadows) and their associated thermal variations to be evaluated. The accurate contour matching 
confirms the effectiveness of the underlying geometric model. 

Finally, thermal enrichment of the point cloud was performed. The results are presented in 
Figure 15, which shows, on the left, the dense RGB model reconstructed via photogrammetry and, 
on the right, the point cloud enriched with thermal information. In the latter, each 3D point is 
assigned a scalar value coded chromatically according to surface temperature. This multispectral 3D 
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representation allows for high-fidelity visualisation of thermal distribution mapped onto the real-
world geometry of the system. 

 

Figure 13. Feature Matching between RGB and Thermal Images. 

 

Figure 14. Composite Overlay of RGB and thermal images. 

The results obtained confirm the operational viability of the proposed approach. Spectral 
registration was accurate, temperature assignment was continuous and coherent, and the final model 
enables the identification of localised overheating zones. This capacity to represent thermal information 
directly on 3D models opens new possibilities in preventive diagnostics, energy monitoring, and 
multispectral digital modelling of infrastructure. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 September 2025 doi:10.20944/preprints202509.0307.v1

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

https://doi.org/10.20944/preprints202509.0307.v1
http://creativecommons.org/licenses/by/4.0/


 24 of 32 

 

 

Figure 15. Point Clouds: (a) Photogrammetric; (b) Thermally Enriched. 

7. Results 

This section presents the results obtained from the application of the proposed workflow, both 
during the calibration phase and in the subsequent case study. The results are presented through a 
combination of qualitative and quantitative observations, structured in accordance with each stage 
of the pipeline, from pattern detection to the final visualisation of the thermally enriched 3D model. 

7.1. Pattern Detection and Image Undistortion 

The first key stage involved detecting the calibration pattern within the captured RGB and 
thermal images. The dataset comprised 88 images, after applying domain-specific preprocessing to 
each spectral channel, the algorithm failed to detect the calibration pattern in only 2 RGB and 16 
thermal images, therefore the chessboard was successfully detected in 72 image pairs (81.8 % of the 
total). This detection rate provided a sufficient number of image pairs to carry out the calibration of 
both sensors and proceed with the workflow. 

Figure 3 presents a selection of RGB-Thermal image pairs, each showing the detected pattern 
while and Figure 5 its corresponding undistorted image. The geometric correction clearly straightens 
distorted edges, a necessary condition for the accurate computation of homographies in subsequent 
stages. 

7.2. Feature Matching Evaluation 

During the evaluation phase of the feature matching algorithms, the twelve selected models 
were applied to a subset of ten RGB-Thermal pairs from the calibration dataset. For each case, the 
mean reprojection error was calculated, expressed as the Euclidean distance between the points 
projected by the homography and the manually defined control points. 

Table 3 summarizes, for each algorithm, the proportion of initial matches retained after 
geometric verification (% matches) and the area under the cumulative reprojection error curve at 
tolerances of 1 px, 3 px and 5 px (AUC@1 px, AUC@3 px and AUC@5 px). % matches reflects the 
percentage of raw keypoint pairs that survive RANSAC, while each AUC metric measures the 
fraction of these surviving correspondences whose reprojection error falls within the given pixel 
threshold. As highlighted in bold, LightGlue retains 99.0 % of its matches, higher than SuperGlue’s 
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98.0 % and EfficientLoF’s 47.6 %, and achieves the best AUC scores at all three thresholds (18.2 % at 
1 px, 65.1 % at 3 px and 79.0 % at 5 px). These results demonstrate that LightGlue consistently 
produces a greater proportion of highly accurate correspondences than its competitors. 

Figure 16 shows visual examples of the feature matching process for three different algorithms 
(Dust3R, GIM-dmk and Mast3R), allowing comparison of the density and accuracy of the projected 
correspondences between RGB and IR domains. 

Once the optimal algorithm was selected, the homography matrix between sensors was 
computed. The validation of this transformation can be observed in the visual compositions 
generated by overlaying thermal images onto their corresponding RGB images. 

Figure 17 shows this result for a scene from the calibration environment, where a precise 
alignment of the chessboard edges is visible across both spectral domains. In contrast. 

 
Figure 16. Visual comparison of feature matching results across three algorithms: projection of correspondences 
between RGB and thermal images and composite images using the obtained homography. 

Table 3. Feature matching algorithm evaluated. 

 matches Error (px) AUC (%) 
Algorithm # % μ med P95 @1px @3px @5px 
DeDoDe 6 30 32.49 32.65 43.66 0.0 0.0 0.0 
Dust3R 999 99.9 3.17 3.11 4.12 0.0 5.61 36.57 

EfficientLoF 476 47.6 1.08 1.09 1.84 15.0 64.10 78.46 
GIM (RoMa) 969 96.9 1.68 1.73 2.42 3.59 44.17 66.45 
GIM (dmk) 980 98.0 1.40 1.50 1.99 6.96 53.36 72.02 

LiftFeat 39 20.9 3.54 3.71 5.23 0.01 11.37 29.74 
LightGlue 99 99.0 1.05 1.00 1.78 18.21 65.09 79.01 

Mast3R 188 18.8 86.41 93.93 120.81 0.00 0.0 0.0 
OmnieGlue 87 95.6 1.13 1.12 1.83 13.99 62.44 77.47 

RDD 357 95.2 1.45 1.47 2.14 5.22 51.81 71.05 
SuperGlue 98 98.0 1.05 1.04 1.80 17.53 64.99 79.03 

XoFTR 384 38.4 1.13 1.16 1.86 14.72 62.38 77.41 
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Figure 17. Composite IR over RGB images in the calibration environment: overlay of thermal and RGB images 
using the computed homography. 

7.3. Radiometric Extraction 

Thermal data extraction was performed on all thermal images in the dataset, generating a 
temperature matrix for each. These matrices contain physical values in degrees Celsius, corrected for 
emissivity, humidity, ambient temperature, and distance to the object. Although this process does 
not yield an inherently visual result, a region of interest was selected showing a portion of a solar 
panel, represented in matrix format in Figure 18, where colour encodes temperature and numerical 
values are overlaid. 

 

Figure 18. Thermal matrix extracted from a region of interest: numerical values overlaid on a colour-coded 
temperature distribution. 
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7.4. Thermal Enriched 3D Model 

Finally, the thermal data were integrated into the three-dimensional point cloud generated from 
the RGB images. The result was a multispectral model in which each point contains, in addition to 
colour and geometric information, a scalar temperature value. 

Figure 19 illustrates a representative section of the thermally enriched 3D point cloud. Five 
points are highlighted with their corresponding temperature values, expressed as Scalar field. The 
graphic also includes one of the corresponding thermal images of that specific region and, in the 
upper-right corner, a cropped view indicating the region of interest used for analysis. It is also 
possible to distinguish areas with homogeneous temperatures and others with localized variations, 
possibly associated with defects or differences in solar exposure. 

 

Figure 19. View of the thermally enriched 3D point cloud, with temperature encoded by a colour gradient. A 
region of interest and its corresponding thermal image are also shown. 

8. Discussion 

The proposed approach has proven effective for integrating calibrated thermal information into 
high-resolution three-dimensional models without requiring specialized equipment or proprietary 
workflows. However, the process is not free from technical challenges, which merit discussion, as 
well as opportunities for future expansion and adaptation. 

One of the main advantages of the proposed pipeline is its modularity and operational 
flexibility. All components were developed in Python using open-source libraries, allowing each 
module to be executed independently or integrated as an extension within existing photogrammetric 
software. In this study, the pipeline was embedded directly into Agisoft Metashape, leveraging its 
native scripting system. Nevertheless, it can be adapted to other platforms, as the required data (point 
clouds, camera projections, RGB/Thermal images) are compatible with any software adhering to 
common photogrammetric standards. This opens the door to integration in environments such as 
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MicMac, COLMAP, or RealityCapture, or even with point clouds generated by active sensors like 
LiDAR. 

Another relevant aspect concerns the generation of thermally visible patterns for sensor 
calibration. In this work, a chessboard-style target heated with an infrared lamp was used, but other 
valid configurations exist, such as circular patterns, Charuco boards, or active emitters for dark 
scenes. The pattern choice depends on the sensor used, its resolution, thermal range, and the ability 
to obtain sufficient contrast between cells. The literature shows that with appropriate preprocessing 
techniques, robust multispectral calibrations are possible even under challenging conditions. 

For thermal data extraction, the DJI SDK was used alongside a custom Python script, compatible 
with a wide range of commercial cameras, including FLIR AX8, FLIR B60, FLIR E40, FLIR T640, DJI 
H20T, DJI XT2, DJI XTR, DJI XTS, Zenmuse XT S, DJI M2EA, H20N, M3T, M30T, M3TD, H30T, and 
Matrice 4. Nonetheless, this module can be easily replaced by another SDK or parser compatible with 
different thermal camera models or brands. The architecture of the system does not depend on the 
manufacturer, but rather on access to a calibrated radiometric map, making it highly extensible to 
new platforms. 

Regarding feature matching algorithms, the pipeline was designed to remain agnostic to the 
specific method employed. In this study, twelve modern algorithms were evaluated, and the best-
performing one was selected as the default. However, the architecture allows for the easy integration, 
evaluation, and use of new algorithms as they emerge from the computer vision community, without 
affecting the rest of the system. 

Finally, it is important to highlight that one of the main challenges of this type of multispectral 
fusion is its sensitivity to geometric discrepancies between image captures. Despite the joint 
calibration and image undistortion, parallax (particularly in non-planar surfaces or those with 
significant depth) can introduce projection errors. This effect is worsened when there are variations 
in the distance between the sensors and the target, especially in geometrically irregular environments. 
To mitigate this, in our study the flight altitude was kept constant, and the analysis was limited to 
predominantly planar scenes, such as photovoltaic panels. However, in more complex contexts, it 
will be necessary to incorporate additional strategies such as local homography correction or 3D 
reprojection using depth maps. 

9. Future Works 

Although the proposed pipeline has proven effective for generating thermally enriched 3D 
models, several technical and conceptual aspects remain to be addressed and optimized in future 
work. 

The integration of a thermally regulated element within the calibration scene. For instance, a 
controllable heating device, such as a resistive element with variable output, could be employed to 
maintain a fixed temperature. This would enhance the thermal contrast of the calibration pattern, 
particularly the checkerboard rectangles, thereby improving their detectability in the infrared 
spectrum. Such an approach could serve as a contrast adjustment mechanism during the training 
survey used to compute the intrinsic parameters of the thermal camera. 

One of the main challenges identified is the presence of parallax in scenes with variable depth. 
This paper adopted the simplification of a global homography between sensors, which is valid under 
the assumption of planar scenes and constant distance between the camera and the target. However, 
in more complex contexts, this assumption no longer holds, leading to projection errors. A potential 
direction for future research involves estimating local homographies for each image pair or even for 
individual image regions. While this approach increases computational complexity, it can enhance 
geometric fidelity. Alternatively, using depth maps derived from the dense model would allow for 
more accurate thermal reprojection onto the 3D cloud, correcting parallax effects based on the actual 
geometry of the scene. 

Another promising extension lies in the integration of multispectral sensors. Although this work 
focused specifically on RGB and thermal data, the pipeline is conceptually extensible to other spectral 
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domains, such as near-infrared (NIR), red-edge, or even hyperspectral imagery. This would enable 
applications in precision agriculture, material moisture analysis, or biological stress detection, among 
others. 

Furthermore, the modular architecture of the pipeline facilitates its adoption in real-time 
contexts, whether embedded on UAVs with onboard computing capabilities or on stationary systems 
for continuous monitoring. Achieving this would require additional optimization in terms of 
computational efficiency and parallelization, as well as the possible integration of neural networks 
for segmentation or cross-spectral image matching. 

Finally, future work should explore the incorporation of supervised deep learning techniques to 
improve both homography estimation and thermal interpolation. Models trained specifically for 
cross-spectral transfer tasks could reduce matching errors and increase system robustness under 
uncontrolled conditions. 

10. Conclusions 

This work presents a modular and replicable processing pipeline for the generation of 3D point 
clouds enriched with thermal information, by combining RGB and thermal images captured 
simultaneously using a dual-sensor platform. The pipeline includes well-defined stages covering 
geometric calibration, image undistortion, cross-spectral feature matching, radiometric data 
extraction, and finally, thermal projection onto three-dimensional models. 

Using open-source tools and Python-based scripts, the system was implemented within the 
Agisoft Metashape environment, although its architecture allows for adaptation to any compatible 
photogrammetric software or for standalone use. The case study applied to photovoltaic solar panels 
demonstrated the practical feasibility of the approach, both in terms of geometric accuracy and 
thermal continuity on the final 3D model. 

Among the most relevant outcomes are the effectiveness of the selected matching algorithm, the 
accuracy of the thermal projection, and the ability to detect temperature patterns on complex 
geometries without the need for expensive fused sensors. Furthermore, limitations associated with 
parallax were addressed, and potential improvements were discussed, including the use of local 
homographies or depth maps. 

Overall, this approach lays the groundwork for accessible high-resolution 3D thermal fusion, 
with potential applications in structural monitoring, energy inspection, heritage documentation, and 
precision agriculture. Its open and scalable design enables future extensions to other spectral 
domains, new sensor platforms, or real-time applications. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

MDPI Multidisciplinary Digital Publishing Institute 
AI Artificial Intelligence 
IR Infrared 
UAV Unmanned Aerial Vehicle 
SfM Structure from Motion 
SDK Software Development Kit 
API Application programming interface 
HBIM Heritage Building Information Modelling 
MVS Multi-View Stereo 
LiDAR Light Detection and Ranging 
SIFT Scale-Invariant Feature Transform 
SURF Speeded Up Robust Feature 
ORB Orientated FAST and Robust BRIEF 
FOV Field of View 
NETD Noise Equivalent Temperature Difference 
RTK Real-Time Kinematic 
NIR Near InfraRed 
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