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Abstract

InfraRed Thermography (IRT), a non-invasive, non-contact, and non-destructive testing (NDT)
technique, has become an established tool in the assessment of a building’s behavior and
energy performance. However, the inherent low spatial resolution of thermal infrared (TIR)
cameras has led recent work to fuse thermographic and geometric data to generate accurate
3D representations of buildings encapsulating temperature information. Whilst existing data
fusion methods have relied on sensors in fixed relative orientation (RO), the co-registration of
independent TIR and RGB blocks using ground control points (GCPs), or the reprojection of
TIR images onto additional geometric or parametric models, approaches that directly match
multi-modal images remain limited. In principle, if multi-modal tie points were available, it
would be possible to directly align the RGB block with the TIR block; however, such matching
is extremely challenging due to the substantial differences in radiometric properties. The main
contribution of this paper is to demonstrate the applicability of off-the-shelf deep learning-
based image matching algorithms, originally trained on mono-modal datasets, to multi-
modal matching tasks for InfraRed Thermography 3D-Data Fusion (IRT-3DDF). We conduct a
comparative evaluation of the principal algorithms developed in recent years, with particular
emphasis on 3D accuracy and computational efficiency, under the hypothesis that, owing
to the inherently local nature of the problem they address, these algorithms can generalize
from a mono-modal training domain to a multi-modal application domain. The results
are benchmarked against existing hand-crafted open-source multi-modal reference methods.
Importantly, the proposed method is fully-automatic, obviating the need for sensor pre-
calibration, manual co-registration, or associated positioning information. Results demonstrate
that DL-based image matching, using pre-trained neural networks outside of their expected
training domain, provides a viable approach for IRT-3DDF capable of co-registering blocks of
multi-modal images across varying scales, settings, sensors, and subjects. Our results indicate
accuracy in 3D is up to seven times better than multi-modal hand-crafted algorithms, while
hand-crafted mono-modal methods fail to co-register images in their entirety.

Keywords: multi-modal image matching; InfraRed Thermography (IRT); 3D-data fusion;
deep learning; SuperPoint; RIFT
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1. Introduction
InfraRed Thermography (IRT), a non-invasive, non-contact, and non-destructive test-

ing (NDT) technique, is a recognized instrument in the evaluation of a building’s energy
efficiency, thermal comfort, and structural integrity [1]. Producing rapid, real-time, and
easily-interpretable imagery representative of the infrared radiation emitted by objects
above absolute zero, IRT enables both qualitative and quantitative temperature data to be
visualized in 2D thermal images [2]. However, whilst IRT has demonstrated its competency
as a stand-alone NDT technique, a growing body of research has emerged looking to exploit
novel photogrammetric computer vision and surveying engineering techniques to fuse com-
plementary 2D and 3D datasets of contemporary [3] and historic [4] buildings. InfraRed
Thermography 3D-Data Fusion (IRT-3DDF), an emerging field exploiting the growing
ubiquity of TIR cameras and photogrammetric solutions, has spearheaded the generation
of geometrically accurate 3D models encapsulating quantitative thermal information [5].
IRT-3DDF has enabled the segmentation of thermal leakages [6]; the evaluation of thermal
comfort and energy efficiency [7]; and the real-time simulation of temperature changes [8],
paving the way for future applications in building diagnostics and conservation.

However, thermal infrared (TIR) cameras, capturing radiation in the 7–14 µm spectral
range, provide several challenges when processed photogrammetrically. Firstly, thermal
images from consumer-grade TIR cameras have inherently low resolution with respect
to RGB cameras, making it difficult to extract reliable features that can aid data fusion
processes [9]. Furthermore, as most TIR cameras do not provide any direct positioning
data, the orientation of resultant imagery is not provided for direct incorporation into
subsequent modelling methods. To date, IRT-3DDF research has relied on several broad
approaches for the fusion of TIR images with additional geometries: the co-registration of
independently oriented TIR and RGB image blocks using ground control points (GCPs) [10]
or iterative closest point (ICP) algorithms [11]; the use of sensors in fixed relative orientation
to determine TIR poses [12]; or the fusion of TIR images with additional geometric [7] or
parametric [13] 3D models. However, the effectiveness of these methods is often restricted
by the following: the manual collection of topographic measurements and identification
of GCP projections; initial manual co-registration between the TIR and RGB blocks prior
to ICP; the inability for surveys to be undertaken independently; or not benefiting from
complementary observations in both TIR and RGB image blocks. An alternative approach
in IRT-3DDF is the automatic detection of multi-modal tie points between TIR and RGB
image blocks. This enables the simultaneous orientation of all multi-modal images within
a single adjustment, eliminating the need for a posteriori registration. A key advantage of
this strategy is the potential to improve orientation accuracy by increasing the redundancy
of observations across the two modalities, which would otherwise be limited when relying
solely on a limited number of ground control points. However, the poor performance of
traditional handcrafted mono-modal feature detectors and descriptors when applied to
multi-modal imagery has so far limited the practical adoption of this approach [14].

Multi-modal image matching represents the process of establishing correspondences
between images acquired with different types of sensors. Whilst the process of image
matching is well-established for imagery captured in the visible spectrum, with research
developments from the early 1980s through to the early 2000s resulting in algorithms
capable of matching features invariant to scale, rotation, and perspective [15], the use of
multi-modal data presents distinctive challenges for these traditional (often termed ‘hand-
crafted’) matching algorithms (Figure 1). Feature matching across domains (i.e., TIR-RGB)
relies on detecting, describing, and matching features accounting for non-linear radial
distortion (NRD) and markedly different resolutions between image sources. As a result,
this has limited the use of multi-modal image matching for photogrammetric processes,
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forcing IRT-3DDF research to determine manual or semi-automatic methods to fuse thermal
and visible images.

However, recent deep learning (DL) methods have provided new opportunities to
explore multi-modal image matching through efficient and robust algorithms capable of de-
termining correspondences across image domains [16]. As opposed to hand-crafted image
matchers, DL approaches utilize convolutional neural networks (CNNs) and transformers
to train (both independently and in conjunction) feature detectors and descriptors on ex-
tensive benchmark datasets commonly used in computer vision [17]. These benchmarks
primarily consist of images with varying scales, illuminations, and poses, but generally lack
multi-modal imagery [18–21]. These new DL-based algorithms, although not specifically
trained on multi-modal datasets, exhibit a greater capability to identify distinctive features
under substantially different radiometric conditions. We hypothesize that their enhanced
discriminative power, acquired through training on datasets characterized by significant
geometric and illumination variations, enables the establishment of reliable correspon-
dences across multi-modal imagery. This, in turn, makes it possible to address IRT-3DDF
through a multi-modal bundle adjustment framework. Given the recent availability of
several DL-based architectures pre-trained on millions of images, and their demonstrated
ability to generalize to challenging matching scenarios beyond their original training do-
main [15,17], this paper investigates the performance of a selection of these pre-trained
models without task-specific fine-tuning. The results demonstrate their effectiveness for
the proposed case study, suggesting that current state-of-the-art models are approaching
a level of generalizability that reduces the need for dedicated retraining. This represents
not only a practical advantage but also a more computationally and environmentally sus-
tainable approach, as retraining increasingly large models from scratch—or even extensive
task-specific fine-tuning—for every new application entails substantial computational costs,
energy consumption, and associated carbon emissions. By exploring developments in
DL image matching and assessing the utility of pre-trained neural networks applied to
multi-modal images, the generation of 3D thermal models with fully automatic workflows
can become an established practice for building diagnostics and conservation practices.

Figure 1. Comparing a hand-crafted image matching approach (SIFT feature extractor [22], near-
est neighbor matching [23] and PyDEGENSAC geometric verification [24]) for (a) RGB-RGB,
(b) TIR-TIR, and (c) TIR-RGB image pairs, with the number of matched features being 724, 192,
and 13, respectively.
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Aims

This paper hypothesizes that deep learning-based image matching algorithms trained
on mono-modal datasets can generalize outside their training domain for multi-modal
image matching between RGB and thermal images. This set of multi-modal tie points is
then used to co-register the two multi-modal image blocks with a combined bundle block
adjustment. For this purpose, off-the-shelf deep learning-based image matching algorithms
with officially released pre-trained weights are considered.

Targeting thermal modeling of existing building applications, the proposed approach
provides a robust and highly flexible IRT-3DDF workflow that can be readily applied
across multi-modal, multi-temporal, and multi-sensor fusion scenarios without requiring
fixed relative orientation between sensors, manually annotated ground control points, or
simultaneous data acquisition.

The main contributions are:

• To evaluate the capability of pre-trained deep learning-based image matchers to
establish reliable correspondences between TIR and RGB images, demonstrating their
ability to generalize beyond the mono-modal domain on which they were trained;

• To benchmark several state-of-the-art DL-based algorithms against mono-modal and
multi-modal hand-crafted image matching algorithms for TIR–RGB matching, high-
lighting the performance gap in terms of accuracy and computation time;

• To assess the applicability and accuracy of hand-crafted multi-modal local features
for terrestrial photogrammetry, extending their evaluation beyond the remote sensing
scenarios that have been the primary focus of previous studies;

• To demonstrate, through a combined bundle block adjustment, that accurate automatic
co-registration of independent TIR and RGB blocks can be achieved using standard
photogrammetric principles once reliable multi-modal tie points are available.

• Accuracy evaluation was performed using classical geomatics methodology based on
the use of check points in the object space measured with millimeter-level topographi-
cal surveys.

This work complements the work introduced by [25] and the associated Deep-Image-
Matching (DIM) library (https://github.com/3DOM-FBK/deep-image-matching, accessed
on 15 December 2024) by extending the framework to multi-modal image matching. DIM
has been significantly expanded to include additional local features and matchers with
respect to previous work.

To the best of the authors’ knowledge, this study is the first to provide rigorous
photogrammetric validation in the 3D object space for multi-modal matching with off-the-
shelf mono-modal algorithms, supported by millimeter-level check points derived from
topographic survey data. This is a keypoint of the present work, as existing studies on
deep learning features are often tested on small-scale images—e.g., those collected from
the internet—or otherwise downsampled images, which are far from real-world applica-
tions. In addition, accuracy thresholds are less stringent than those typically required in
photogrammetry, or also preferring pseudo-ground [26,27].

The structure of this paper is organized as follows: Section 2 reviews the state of
the art in RGB–TIR multi-modal image block matching; Section 3 presents the proposed
methodology, including the overall workflow, hardware setup, algorithms, and software
implementation, as well as the datasets and evaluation metrics employed; Section 4 re-
ports the experimental results; and Section 5 discusses the findings and their implications.
Finally, Section 6 summarizes the main conclusions and outlines potential directions for
future work.
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Figure 2. Timeline of image matching detectors, descriptors, and matchers from preliminary works,
hand-crafted, machine learning, and deep learning local features [28–71]—adapted from [72].

2. State of the Art
Image matching is a fundamental component of photogrammetry and computer

vision, with traditional hand-crafted methods providing well-established algorithms for
image registration, 3D reconstruction, object detection, and localization [73]. Notably, SIFT
(Scale Invariant Feature Transform), despite its limited invariance to illumination and
affine transformations, marked a significant milestone as the first detector and descriptor
demonstrating sufficient invariance for a broad spectrum of applications [22]. Even today,
SIFT remains the benchmark feature matcher among non-DL-based approaches [26], and
together with subsequent hand-crafted feature-based approaches such as SURF (Speeded-
Up Robust Features) [36], ORB (Oriented FAST and rotated BRIEF) [39] and FAST (Features
from Accelerated Segment Test) [40] is a robust method for achieving matches in mono-
modal image datasets under limited radiometric and geometric distortions.

Nevertheless, whilst the aforementioned methods are adequate for the mono-modal
matching of RGB-RGB and TIR-TIR image pairs [74], both intensity (detection) and gra-
dient (description) information are sensitive to NRD between TIR and RGB images [75]
(Figure 1). This has led to the development of several hand-crafted multi-modal image
matchers specifically designed to be insensitive to NRD and applicable across multiple
image modalities. Among these, RIFT (Radiation Invariant Feature Transform) [55] pro-
vides a SIFT-like multi-modal image matcher using frequency-domain information (phase
congruency) and maximum index mapping to detect and describe keypoints. RIFT2 im-
proves upon this by integrating rotation invariance using dominant index mapping in
the feature description [76]. Similarly, SRIF (Scale and Rotation Invariant Feature Trans-
form) [77] integrates a pyramid scale space strategy to project keypoints within scale space,
enabling scale invariance for each image, and a local intensity binary transform (LIBT) to
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provide greater structural information for feature description. Although these hand-crafted
multi-modal image matchers provide suitable thermal-specific methods for IRT-3DDF [78],
their ability to provide robust multi-view matches across challenging scales, poses, and
baselines requires assessment. In fact, it is well established that mono-modal hand-crafted
matching algorithms are unable to establish reliable correspondences between multi-modal
images [55,77], whereas multi-modal hand-crafted approaches are computationally expen-
sive [79]. Furthermore, the accuracy of multi-modal hand-crafted methods for terrestrial
and close-range photogrammetry has not been thoroughly documented, as existing studies
have primarily focused on remote sensing applications, where images are typically acquired
from nadir viewpoints and exhibit limited depth variation. These limitations highlight the
need for alternative solutions and for a rigorous validation of image matching methods in
terrestrial photogrammetric scenarios, which limits the use of IRT-3DDF methods based on
multi-modal tie points.

In recent years, the proliferation of DL approaches for image matching has sought to
overcome the limitations of hand-crafted matching algorithms by using CNNs to build
new detectors and descriptors (Figure 2). Detectors and descriptors can be trained indepen-
dently, as KeyNet detector [43] and HardNet descriptor [54], or in an end-to-end manner,
where SuperPoint [46] has been a key representative work, with a corner detector trained
on synthetic elementary shapes and with a descriptor that shares the encoder part and is
trained with homographic adaptation. Seminal works that followed are represented by:
DISK [50], which formulates keypoint detection as a reinforcement learning problem to
directly optimize matching performance; ALIKED [80], which introduces deformable de-
scriptors and score maps for robust keypoint detection under severe appearance variations;
and DeDoDe [51] that explores a foundation-model paradigm for local features by lever-
aging large-scale pretraining and dense feature learning to jointly optimize detection and
description, producing highly repeatable and discriminative correspondences. In addition,
feature matching, after local feature detection, can be trained in isolation using graph neural
networks as a substitute for nearest neighbor matching and epipolar geometry verification,
with SuperGlue [63] and LightGlue [64] presenting versatile matching solutions for RGB
images. Their key feature is the ability to link descriptors while also taking into account
the 2D distribution of keypoints, thereby increasing the number of matches found even
in the presence of repetitive patterns. Conceptually, any combination of hand-crafted and
learning-based components (i.e., detector, descriptor, matcher) is feasible for the determina-
tion of correspondences [26]. These networks are pre-trained on extensive mono-modal
datasets with varying illumination, perspective changes, and wide baselines [42,43,54],
which, when used for multi-modal image matching, are applied beyond their original
mono-modal training domain.

Whilst the paper focuses on RGB-TIR images, multi-modal image matching embraces
a much wider variety of images characterized by inherent geometric, radiometric, and
spectral differences, e.g., RGB vs. LiDAR or RGB vs. SAR. Learning-based methods have
presented useful tools capable of matching features across image domains [16]. In par-
ticular, pre-trained mono-modal DL-features have started to be applied to multi-modal
image matching, even if 3D validation is still missing. PhotoMatch [17], a multi-modal
image matching software, demonstrates the application of DL image matching methods
with ‘detect-and-describe’ approaches like D2-Net [47] and R2D2 [81], both superior to
hand-crafted methods in six multi-modal scenarios (inc. scanning electron microscopy, in-
frared, LiDAR, aerial, and magnetic resonance images). Similarly, ref. [82] presents a novel
lightweight network built to exploit local and global feature information for infrared-visible
image matching, achieving competitive results with RIFT, R2D2, SuperPoint + LightGlue,
and LoFTR [60]. These cases demonstrate the success of ‘out-the-box’ DL feature detec-
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tors and matchers in 2D scenarios (i.e., only matching TIR-RGB images); however, the
application of DL neural networks for IRT-3DDF remains open for investigation.

Importantly, the use of multi-modal image matching for IRT-3DDF and methods look-
ing to use oriented images for 3D reconstruction point to several critical conclusions. Firstly,
hand-crafted local features, although successful mono-modally [11], are unsuitable for
comprehensive multi-modal image matching [83], incapable of providing a suitable volume
of verified matches for successful 3D reconstruction. Secondly, image orientation through
combined bundle block adjustments represents a viable solution when correspondences
are determined either manually [10], semi- [14] or fully –automatically [84]. Finally, DL
multi-modal image matching approaches, increasingly robust to NRD and perspective
changes, represent the logical evolution of IRT-3DDF approaches across sensors, scales, and
subjects. With increasing access, availability, and applications for DL image matchers, the
ability for multi-sensor correspondences to be used within a single bundle adjustment has
become well-established, utilized for 2.5D TLS [85], historical [15] and day-and-night [86]
images. However, the development of methods specific to TIR images appreciating the
unique characteristics of infrared radiation, specific use cases, and desired applications, is
required for the complete assessment of multi-modal image matching for IRT-3DDF [87].

3. Methodology
The proposed workflow introduces learning-based image matching for IRT-3DDF,

demonstrating the utility of pre-trained DL feature matching algorithms for multi-modal
3D reconstruction. To this end, this paper compares the performance of several off-the-shelf
hand-crafted and DL-based approaches to evaluate their versatility for simultaneous multi-
modal image orientation. Importantly, although insights into the radiometric properties of
TIR cameras are highlighted, the focus of this work remains on the orientation of multi-
modal imagery and photogrammetric reconstruction.

Specifically, the methodology proposed for IRT-3DDF consists of directly establishing
sparse correspondences between the RGB and TIR image blocks through a brute-force
matching strategy. This approach enables the identification of RGB–RGB, TIR–TIR, and
RGB–TIR correspondences. The availability of robust and locally accurate correspondences,
at pixel or sub-pixel precision, is essential to ensure the accuracy of the final orientation of
the image blocks.

The key stage of correspondence extraction is addressed through a comprehensive
evaluation of existing matching algorithms belonging to two main categories: hand-crafted
methods (both mono-modal and multi-modal) and learned multi-modal approaches. The
main contribution of this work is to demonstrate that developing new deep learning-
based matching algorithms is not necessary. Instead, the generalization capability of
state-of-the-art mono-modal deep learning methods proves to be sufficiently robust and
accurate for geomatics applications, particularly in terrestrial photogrammetry. A broad
range of methods is systematically compared, encompassing the most significant recent
advances in the field, including independently trained detector-and-matcher pipelines,
end-to-end self-supervised approaches, methods optimized for computational efficiency,
reinforcement learning-based techniques, foundation models, and sparse, semi-dense, and
dense matching methods.

The extracted correspondences are subsequently used to orient the two image blocks
through an incremental Structure-from-Motion (SfM) pipeline based on an iterative process
of triangulation and resection, alternated with local and global bundle adjustments. Owing
to the limited scale invariance exhibited by current deep learning-based matching methods,
the RGB images are initially downsampled to facilitate robust matching, while the lost
spatial information is subsequently reintroduced in a dedicated refinement stage.
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A further distinctive contribution of this work is the acquisition and open-source re-
lease of two terrestrial photogrammetric datasets representing civil engineering buildings,
both provided with millimeter-level ground truth. The accuracy of the proposed methodol-
ogy, whose implementation details are described in the following sections, is assessed using
different matching algorithms and quantitatively evaluated through established photogram-
metric accuracy assessment procedures. The two datasets are freely-accessible and open-
sourced within the Thermitage repository [https://github.com/3DOM-FBK/Thermitage]
(accessed on 19 July 2026) [87].

3.1. Case Studies

To evaluate multi-modal image matching for IRT-3DDF, two case studies of contrast-
ing subjects, scales, and settings were selected. Firstly, to assess the implementation of
IRT-3DDF for energy efficiency and thermal comfort applications, a 21st-century contempo-
rary dwelling in Warwickshire, UK, was employed (Figure 3a). Secondly, Lenton Lodge
Gatehouse, a 19th-century Grade II* listed property, was used as a heritage case study
in Nottingham, UK (Figure 3b). The structure, built by Jeffry Wyatville and largely com-
prising Mansfield sandstone, represents one of the finest examples of Elizabethan Revival
in England.

Figure 3. (a) Dunrobin House, Warwickshire, UK; (b) Lenton Lodge Gatehouse, Nottinghamshire, UK.

3.2. Cameras

For TIR image capture, a Workswell WIRIS Pro (WWP) UAV thermal camera was
configured to be used terrestrially (Workswell s.r.o, 2021). The WWP features an uncooled
vanadium oxide (VOx) focal plane array (FPA) sensor with a resolution of 640 × 512 px,
capturing infrared radiation in the 7–13.5 µm spectral range. Although the WWP features
both thermal and visible sensors fixed within the same camera housing, the latter has
a limited image resolution of 1920 × 1080 px. Therefore, a Sony α7RII (Sony Group
Corporation, Tokyo, Japan) full-frame mirrorless camera with a resolution of 7952 × 5304 px
was used to capture higher-quality RGB images. Notably, as the two cameras used for TIR
and RGB acquisitions were not fixed in relative orientation, the proposed method does
not assume a fixed baseline between the two cameras, enabling images to be captured
asynchronously. Table 1 summarizes the key geometric and radiometric properties of both
the WWP and Sony α7RII.

Table 1. Camera specifications for the Workswell WIRIS Pro (WWP) and Sony α7RII (RGB).

Workswell WIRIS Pro (WWP)

Resolution 640 × 512 px
Sensor Size (FPA) 10.88 × 8.71 mm
Pixel Size 17.00 µm
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Table 1. Cont.

Workswell WIRIS Pro (WWP)

Nominal Focal Length 13.00 mm
IR Spectral Range 7.5–13.5 µm
Temp. Sensitivity 0.05 ◦C
Temp. Accuracy ±2 ◦C

Sony α7RII (RGB)

Resolution 7952 × 5304 px
Sensor Size (CMOS) 35.90 × 24.00 mm
Pixel Size 4.50 µm
Nominal Focal Length 35.00 mm

3.3. Image Acquisition and Pre-Processing

The underlying assumption of the proposed method, given its reliance on multi-modal
matches, is the presence of high contrast and low noise in both the TIR and RGB datasets for
successful matching to be achieved. In both cases, the aim is to capture local features in the
images that are repeatable, distinctive, and unique [88]. To mitigate the low resolution of
the TIR images, image strips were captured with 90% horizontal and 70% vertical overlap
(Figure 4). For Dunrobin House, a fixed TIR ground sampling distance (GSD) of 9.8 mm
was used for all images, whilst for Lenton Lodge Gatehouse, successive strips at different
distances were captured, with GSD ranging between 9.8 mm and 26.2 mm.

Figure 4. Example image strips for TIR (top) and RGB (bottom) images of Lenton Lodge Gatehouse.

To increase the number of detectable features between TIR and RGB images prior to
image matching, the WWP’s 16-bit TIR images were imported into FIJI (v2.16.0) (FIJI Is
Just ImageJ v2.16.0) and enhanced with an UnSharp Masking filter [89]. This procedure
significantly increased the number of matches extracted by both hand-crafted and DL-
based matching algorithms [16,90]. To facilitate effective multi-modal matching, RGB
images were downsampled from their original resolution (7952 × 5304 px) to 1/8th of
their original size (994 × 663 px), with 1/8th resolution providing the most matches across
initial investigations compared to ½, ¼, and ⅙ of the original resolution. Therefore, the
GSD of the RGB images is required to be comparable to that of the TIR images (see Table 2).
Notably, none of the tested DL approaches found keypoints by directly matching TIR and
full-resolution RGB images before resampling, showing a limited scale invariance of the
DL local features tested [91].

For both structures, a network of GCPs and check points (CPs) was acquired using
custom thermal-specific survey markers to validate the accuracy of the proposed pipeline.
For each marker, 3D coordinates were measured using a Leica TS10 total station (Precision:
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angular: 0.1 mgon; range: 0 m–500 m = 2 mm + 2 ppm). To guarantee the best accuracy
in GCP/CP positioning, projections of the targets in RGB images were annotated on the
full-resolution images, subsequently downscaled to match the ⅛ resolution of the images
processed in Section 3.5. Details of both surveys, including the acquired camera networks,
GCP/CP network, and survey statistics, can be seen in Figure 5 and Table 2.

Figure 5. TIR (light blue) and RGB (blue) camera networks for (a) Dunrobin House and (b) Lenton
Lodge Gatehouse, including the allocation of GCPs (red) and CPs (yellow) across both building facades.

Table 2. Data acquisition statistics for both TIR and RGB data sets.

Statistics

Case Study

Dunrobin House Lenton Lodge
Gatehouse

No. TIR Images 45 90
TIR res. (px) 640 × 512 640 × 512
Min. TIR GSD (mm) 9.8 9.8
Max. TIR GSD (mm) 9.8 26.2

No. Full RGB Images 50 55
Full RGB res. (px) 7952 × 5304 7952 × 5304
Full RGB Min. GSD (mm) 1.0 1.0
Full RGB Max. GSD (mm) 1.3 2.6
Downsampled RGB res. (px) 994 × 663 994 × 663
Downsampled Min. RGB GSD (mm) 8.0 8.0
Downsampled Max. RGB GSD (mm) 10.4 20.8

No. Image Pairs (Bruteforce) 4465 10,440

No. GCPs 3 4
No. CPs 3 4

3.4. Image Matching
3.4.1. Learning-Based Image Matching: Deep-Image-Matching

Deep-Image-Matching (DIM), a flexible, open-source Python (v3.11.9) library designed
for robust multi-view image matching, was used and extended for the implementation
of the multi-modal image matching [25]. DIM provides front-end access to a wide range
of state-of-the-art computer vision algorithms that determine correspondences across
unordered image sets. Subsequently, this provides the essential foundation for bundle
adjustments and accurate photogrammetric reconstruction. DIM employs a modular
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workflow designed for effective multi-view matching, including pipeline selection, image
pair selection (matching strategy), and image pre-processing (Figure 6). Importantly, DIM
does not perform either the bundle adjustment or 3D scene reconstruction itself, but exports
matches in formats compatible with various photogrammetric software. Whilst applications
of DIM for RGB images have been previously presented [85,92], this is the first investigation
on multi-modal images.

Figure 6. Deep-Image-Matching (DIM) modules and workflow.

As DIM supports various combinations of local feature extraction and matching algo-
rithms, various hand-crafted and DL-based models were tested to compare their respective
performances. The following DL feature extractors and matchers were included from DIM:
(1) SuperPoint feature extractor [46] combined with SuperGlue matcher [63]; (2) SuperPoint,
ALIKED [80] and DISK [50] feature extractors combined with LightGlue matcher [64]; and
(3) DeDoDe extractor [51], KeyNet detector [43] and a HardNet descriptor [54] combined
with the nearest neighbor (NN) matcher. In addition, the comparison was extended to
include the use of LoFTR [60], a semi-dense method with a featureless approach. The family
of semi-dense methods has expanded in recent years, but since, as will be seen below, this
method is computationally expensive and less accurate than the sparse local features, it
was decided to limit the analysis to this one, as a representative of the entire family.

Let an unordered set of images acquired from multiple modalities be

I = {I1, I2, . . . , IN}, Ii : Ωi ⊂ R2 → RC (1)

where C depends on the modality, i.e., C = 3 for the RGB and C = 1 for the TIR images.
For each image Ii, a sparse feature extractor ϕ produces a set of keypoints and descriptors

ϕsparse(Ii) =
{
(xik, dik) | xik ∈ Ωi, dik ∈ RD

}Ki

k=1
(2)

with Ki ≤ 8000, and where xik are 2D keypoint coordinates, dik are learned or hand-crafted
descriptors, and ϕ is one of the local features in Sections 3.4.1 and 3.4.2. The number of
keypoints Ki directly affects camera pose accuracy. Therefore, 8000 features per image have
been chosen since it is a standard in the field (given the order of magnitude of the image
size used in the experiments) [26]. Pairwise matching for an image pair

(
Ii, Ij

)
where for

brute-force matching pairs are defined as P = {(i, j) | 1 ≤ i < j ≤ N}, computes tentative
correspondences as

Mij = Ψ
(
ϕsparse(Ii), ϕsparse

(
Ij
))

=
{(

xik, xjl

)
| (k, l) ∈ Aij

}
(3)

where Aij denotes the set of matched descriptor indices by a learning-based matcher or
nearest neighbor (NN) operator Ψ.
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The DIM ‘bruteforce’ matching strategy was used to exhaustively match all images in
the combined TIR-RGB image blocks, resulting in 4465 and 10,440 pairs for Dunrobin House
and Lenton Lodge Gatehouse, respectively (Table 2). For each DIM pipeline, a maximum
of 8000 keypoints Ki was extracted per image, a quantity commonly used in local features
and matcher accuracy assessment for similar image sizes [26], and an important parameter
to be kept fixed across different matching algorithms, since it directly affects camera pose
accuracy. Additionally, DIM settings remained consistent across each pipeline, including:
no tiling, highest quality image sampling, and DEGENSAC geometric verification [93].

Each correspondence set is therefore geometrically verified by estimating the funda-
mental matrix Fij as xT

jlFijxik = 0 and retaining only inliers satisfying depi

(
xik, xjl , Fij

)
<

τ, τ = 4 px. Since COLMAP [94] is used for incremental SfM, the geometric filtering
parameter for matches in DIM was set to COLMAP’s default value. This yields the inlier
set M̂ij ⊂ Mij. Subsequently, the mono-modal and multi-modal tie points generated from
DIM were exported into a SQLite database compatible with COLMAP.

The original DIM implementation has been extended to support additional local
feature extractors and matchers, specifically DeDoDe, SRIF, LoFTR, and RoMa [61]. In
particular, LoFTR and RoMa have been adapted for multi-view image matching, as their
original implementations are designed for two-view matching and produce pair-dependent
keypoint indexing. To address this limitation, keypoints are clustered based on their 2D
image coordinates to ensure consistent indexing across multiple image pairs.

Therefore, while for sparse local features xik ∈ Ωi, for semi-dense methods, local
features depend on the specific image pair for which they have been computed, and can be
written as

Cij = ϕsemi−dense
(

Ii, Ij
)
=

{(
x(ij)im , x(ij)jm

)}Mij

m=1
(4)

Consistent indexing across multiple views is obtained by clustering keypoints in image
space. For each image Ii, define the union of all matched points:

xik = C(
⋃

j ̸=i
{x(ij)im }

Mij

m=1) (5)

through the operator C that groups nearby points within a distance of 1 px. A bin sized 1
pixel was selected to preserve the semi-dense behavior of the matcher. Although a smaller
bin size would have yielded sub-pixel localization accuracy, it would also have significantly
reduced the number of extracted tie points. As demonstrated in the following sections, this
trade-off does not adversely affect the overall orientation accuracy as shown by SuperPoint,
which predicts keypoints at pixel rather than sub-pixel precision, yet it consistently achieves
the highest levels of accuracy (see experiment section). Following preliminary experiments,
RoMa was excluded from the analysis due to its high computational cost and the excessive
number of dense tie points, which hindered SfM processing.

3.4.2. Hand-Crafted Image Matching: RIFT2, SRIF, SIFT

To provide a benchmark for comparison with the DL matching algorithms, two hand-
crafted matchers specifically designed for multi-modal images were included: RIFT2
and SRIF. RIFT2 was configured in MATLAB (R2024b) to generate local features and
geometrically verified matches (4 px), including: (1) the number of convolution orientations
of the log-Gabor filter (NO = 6); (2) the number of scales at which the log-Gabor filter is
generated (NS = 4); and (3) the patch size of the feature descriptor (J = 96). Similarly,
for SRIF, configuration settings were implemented for the patch size (J = 128), grid size
(Ngrid = 8) and histogram bins (Nbin = 4) with geometric verification set at 4 px. Finally,
as a hand-crafted method for mono-modal matching, SIFT + NN matching was included,
since is still considered the benchmark among traditional matching algorithms [26]. For
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each hand-crafted approach, all features and matches for subsequent image orientation
were exported in a database compatible with COLMAP.

3.5. Combined TIR-RGB Bundle Block Adjustment

All geometrically verified multi-modal matches were imported into COLMAP for
the Combined TIR-RGB Bundle Block Adjustments (CBBA). As WWP’s FPA sensor is
assumed to follow the Brown model [95], initial nominal values for the interior orientation
( f , cX, cY, k1, k2, p1, p2) of both sensors were provided for self-calibration. Images
were incrementally oriented using a resection-intersection approach to generate sparse
3D point clouds for each matching procedure. Notably, this process co-registers both
image blocks simultaneously through shared observations of local features using both
mono-modal (i.e., TIR-TIR, RGB-RGB) and multi-modal (i.e., TIR-RGB) image pairs. As
a result, 2D image coordinates, 3D tie points, individual camera poses, and associated
intrinsics were generated. Finally, camera networks for each of the multi-modal image
matching approaches were exported using the Bundler format [96] into Agisoft Metashape
(Pro v:2.2.0) [97] for referencing using GCPs, metric evaluation on marked CPs, and the
constrained bundle adjustments (see Section 3.6). Thus, the multi-modal bundle adjustment
(BA) takes its classical form, where the optimization jointly refines the camera parameters
and the 3D point coordinates using multi-modal observations. Specifically, Pi = [Ri | ti]

denotes the extrinsic parameters (camera pose) of the i-th image, composed of the rotation
matrix Ri and translation vector ti. Ki represents the intrinsic calibration matrix of the
corresponding camera, while Xm is the three-dimensional coordinate of the m-th scene
point in the world reference frame. The objective function minimizes the reprojection error
over all available multi-modal observations:

E =∑m∑i∈Vm

∥∥∥x(m)
i − π(PiKiXm)

∥∥∥2
(6)

where π(·) is the camera projection model, Vm is the set of images observing the 3D point
m, and observations include RGB-RGB, TIR-TIR, and RGB-TIR. As visible in the software
structure reported in Figure 6, incremental SfM can be run directly in the DIM library,
which uses pycolmap as a backend for SfM.

3.6. Constrained Bundle Adjustment

As previously stated, due to the limited scale invariance of DL local features, the
current workflow does not determine matches using the full-resolution RGB images; in-
stead, it determines multi-modal correspondence from the downsampled images (⅛th res.). res.).
Moreover, the downsampled RGB images are insufficient for the generation of an accurate
3D geometry in eventual multi-view-stereo procedures. Therefore, to implement a data
fusion method that maximizes the potential of both datasets, RGB camera poses were
estimated using the original full-resolution RGB images in a separate bundle adjustment.
For each existing multi-modal camera network, these full-resolution RGB poses were in-
troduced as known reference and constrained in an additional bundle adjustment. This
refined the poses of the TIR-RGB blocks, allowing each to benefit from the information
of the full-resolution RGB images. Therefore, let PHR

i =
(
RHR

i , tHR
i

)
be the camera poses

independently estimated from the full-resolution RGB images. The multi-modal bundle is
subsequently refined by minimizing:

E = ∑m∑i∈Vm

∥∥∥x(m)
i − π(PiKiXm)

∥∥∥2
+ λt∑i∈RGB

∥∥∥ti − tHR
i

∥∥∥2
+ λr∑i∈RGBdR

(
Ri, RHR

i

)2
(7)

where dR(·) denotes the rotation distance, and the weighting terms are derived from the
a priori standard deviation (σxyz = 1 mm; σωϕκ = 0.1 deg). These values should be
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compared with the GSD of the datasets, and their purpose is to force the poses into the
position derived from the independently oriented RGB block. A further reduction in the a
priori precision parameters does not result in a significant change in the pose following the
multi-modal BA.

3.7. Evaluation

As highlighted by [26], accuracy assessments for image matching and SfM applications
should occur downstream of the entire reconstruction pipeline, not solely relying on image
metrics as a means of evaluation. Therefore, to determine the efficacy of multi-modal image
matching for IRT-3DDF, assessments were undertaken using several metrics. To assess the
performance of multi-modal image matching, the number of triangulated 3D tie points,
Mean Reprojection Error (MRE), and inlier match ratio (the ratio between successfully tri-
angulated tie points and the number of raw matches) were utilized [15]. For the assessment
of the derived camera poses in 3D space, the Root Mean Squared Error (RMSE) on CPs was
employed, split by each image modality: RMSETIR and RMSERGB. Finally, a comparison
between the ’Original’ combined TIR-RGB bundle block adjustments (Section 3.5) and the
’Constrained’ bundle adjustments (Section 3.6) is provided to determine the suitability of
re-introducing the full-resolution RGB images.

The Mean Reprojection Error (MRE) is computed from the reprojection residuals:

MRE =
1
N ∑m∑i∈Vm

∥∥∥x(m)
i − π(PiKiXm)

∥∥∥ (8)

where N is the total number of image observations. The inlier match ratio is defined as

ρ =
Ntriangulated

Nmatches
(9)

where Nmatches is the number of verified image correspondences and Ntriangulated is the num-
ber of successfully triangulated 3D tie points. While RMSE on check points is calculated as

RMSE =

√
1
M∑M

m=1

[(
Xm − X̂m)2 +

(
Ym − Ŷm)2 +

(
Zm − Ẑm)2

]
(10)

where M is the number of check points. The metric is evaluated separately for the TIR- and
RGB-derived camera networks: RMSETIR, RMSERGB.

4. Experimental Results
The following section outlines the results of the proposed IRT-3DDF workflow, assess-

ing the performance of different DL-based and hand-crafted algorithms for multi-modal
image matching. This evaluation is undertaken using both image- and pose-specific met-
rics, with image metrics used to characterize the reliability of multi-modal tie points and
camera pose metrics used to determine reconstruction accuracy in 3D space. The results
of the CBBAs are summarized in Tables 3 and 4, with the 2D matched features and 3D
tie points of each matching algorithm shown in Figures 7 & 8 and 9 & 10, respectively. In
addition, the results for the constrained bundle adjustments (Section 3.6), reintroducing
the full-resolution RGB images, are presented in Tables 5 and 6, where downsampled
RGB images (‘Original’) are compared to those obtained with full-resolution RGB images
(‘Constrained’). Finally, the constrained results are compared with an additional IRT-3DDF
method to assess the performance of the proposed workflow against a common IRT-3DDF
approach, where independently generated TIR and RGB point clouds were co-registered
using GCPs.
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Figure 7. Multi-modal image matching results for a TIR-RGB pair of Dunrobin House using both DL
and hand-crafted matchers.

Figure 8. Multi-modal image matching results for a TIR-RGB pair of Lenton Lodge Gatehouse using
both DL and hand-crafted matchers.

Table 3. Combined TIR-RGB bundle block adjustment for Dunrobin House.

CBBA Local
Feature Matcher No. 3D

Points
Inlier Match

Ratio
MRE
[px]

RMSETIR
[mm]

RMSERGB
[mm]

COLMAP

ALIKED LightGlue 64,296 0.83 1.0 14.1 1.9

DeDoDe Nearest
Neighbor 9524 0.75 0.7 8.8 3.1

DISK LightGlue 47,964 0.75 1.2 11.1 3.2
SuperPoint LightGlue 17,295 0.84 0.3 8.4 1.7
SuperPoint SuperGlue 17,040 0.84 0.3 5.7 1.7

LoFTR 282,504 0.72 0.7 13.5 1.6

RIFT2 46,800 0.22 0.9 7.7 13.3
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Figure 9. Multi-modal image matching results for Dunrobin House’s façade (A = ~55 m2), featuring
the number of tie points generated.

Figure 10. Multi-modal image matching results for Lenton Lodge Gatehouse’s façade (A = ~272 m2),
featuring the number of tie points generated.

Firstly, it must be noted that not all approaches were able to orient the TIR-RGB
blocks for both datasets, which means they were excluded from evaluation. This included
KeyNet + HardNet, SRIF, and SIFT, which failed due to insufficient matches across modali-
ties (see Figures 7 and 8). KeyNet + HardNet and SIFT + NN failed to produce any quantity
of verified matches between multi-modal images that would enable orientation of the
TIR-RGB blocks. Surprisingly, although SRIF seems to extract a good number of matches
on Dunrobin House, they are not triangulated successfully in COLMAP, thus preventing
the resection of TIR images in the RGB block. Conversely, matches extracted for Lenton
Lodge Gatehouse were very limited.

https://doi.org/10.3390/geomatics6040083

https://doi.org/10.3390/geomatics6040083


Geomatics 2026, 6, 83 17 of 27

Table 4. Combined TIR-RGB bundle block adjustment for Lenton Lodge Gatehouse.

CBBA Local
Feature Matcher No. 3D

Points
Inlier Match

Ratio
MRE
[px]

RMSETIR
[mm]

RMSERGB
[mm]

COLMAP

ALIKED LightGlue 47,882 0.91 0.4 10.8 6.3

DeDoDe Nearest
Neighbor 27,175 0.74 0.4 21.4 4.7

DISK LightGlue 51,852 0.92 0.5 15.5 7.2
SuperPoint LightGlue 13,973 0.84 0.6 15.2 10.0
SuperPoint SuperGlue 14,409 0.84 0.6 17.0 9.9

LoFTR 1,194,197 0.21 0.6 13.1 34.2

RIFT2 118,463 0.50 0.8 22.3 36.6

Table 5. Comparison of Original and Constrained TIR-RGB bundle block adjustment for Dun-
robin House.

Local Features Matcher
Original Constrained

RMSETIR [mm] RMSERGB [mm] RMSETIR [mm] RMSERGB [mm]

ALIKED LightGlue 14.1 1.9 12.5 1.7
DeDoDe Nearest Neighb. 8.8 3.1 9.8 1.9

DISK LightGlue 11.1 3.2 10.5 1.4
SuperPoint LightGlue 8.4 1.7 11.3 1.4
SuperPoint SuperGlue 5.7 1.7 8.6 1.2

LoFTR 13.5 1.5 16.8 3.7

RIFT2 7.7 13.3 9.8 3.5

Agisoft Metashape
(Downsamp. Res.) 12.9 1.3 - -

Agisoft Metashape
(Full Res.) - - 12.9 1.2

Table 6. Comparison of Original and Constrained TIR-RGB bundle block adjustment for Lenton
Lodge Gatehouse.

Local Features Matcher
Original Constrained

RMSETIR [mm] RMSERGB [mm] RMSETIR [mm] RMSERGB [mm]

ALIKED LightGlue 10.8 6.3 11.6 3.7
DeDoDe Nearest Neighb. 21.4 4.7 19.1 2.7

DISK LightGlue 15.5 7.2 10.3 2.0
SuperPoint LightGlue 15.2 10.0 13.7 2.6
SuperPoint SuperGlue 17.0 9.9 15.2 2.3

LoFTR 13.1 34.2 11.6 8.3

RIFT2 36.6 22.3 29.5 19.3

Agisoft Metashape
(Downsamp. Res.) 15.3 2.0 - -

Agisoft Metashape
(Full Res.) - - 15.3 2.0

4.1. Combined Bundle Block Adjustments

For Dunrobin House, the results of the combined bundle block adjustments and
multi-modal image matchers show favorable results, both in terms of image and cam-
era pose measures. All DL matchers achieve an inlier match ratio > 72%, meaning that
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~7/10 matched 2D features result in 3D tie points. Across the DL-based approaches,
RMSERGB ranges from 1.6 to 3.2 mm, which is an optimal result considering the GSD of the
downsampled RGB images (8.0–10.4 mm). This reiterates the suitability of DL matchers for
traditional RGB imagery, despite their low resolution or the presence of other modalities as
part of the CBBA [17,85,98]. Expectedly, RMSETIR, with a GSD for TIR images of 9.8 mm,
is an order of magnitude higher, ranging from 5.7 to 14.1 mm. LoFTR, as a semi-dense
matcher, expectedly produced more tie points than any other approach (~4×) and an ade-
quate RMSETIR of 13 mm (Figure 9d). The best of the DL approaches, SuperPoint with both
SuperGlue and LightGlue, produces similar results in terms of MRE (0.3 pix) and RMSE. As
LightGlue is an evolution of SuperGlue, designed to improve computational efficiency, the
only noticeable difference between them is the execution time (Table 7). The results from
Dunrobin House demonstrate that with a favorable camera network and appropriate GSD,
DL feature matching algorithms can handle multi-modal image matching for close-range
building facades (Figure 9).

Table 7. Comparison of matching time per image pair using exhaustive (‘bruteforce’) matching with
DIM and RIFT2.

CBBA Detector + Descriptor Matcher Matching Time [s/pair]

COLMAP

ALIKED LightGlue 0.12
DeDoDe Nearest Neighb. 0.09

DISK LightGlue 0.70
LoFTR 1.80

SuperPoint SuperGlue 2.05
SuperPoint LightGlue 0.25

RIFT2 58.05

RIFT2, the only reference hand-crafted algorithm to successfully orient the TIR-RGB
blocks, presents markedly different results from the DL-based matching approaches. For
Dunrobin House, whilst RIFT2 exhibits an RMSETIR in line with the DL-based approaches,
reporting a RMSE of 7.7 mm and a MRE of 0.9 pix, only 22% of the 2D matches are used as
effective 3D tie points, suggesting that the geometrically verified matches are not successful
within traditional SfM workflows. In addition, its RMSERGB is 10x higher than that of
other methods, an image block likely richer in features with respect to the TIR block.
Interestingly, RIFT2 required specific conditions for initialization to successfully co-orient
the multi-modal block, including: (1) an additional geometric verification with epipolar
geometry and error threshold for inlier matches (4.0 pix to 1.5 pix); and (2) the RGB block
was initialized first during the combined TIR-RGB bundle block adjustment, mitigating its
complete automation.

Additionally, the results of the CBBAs for Lenton Lodge Gatehouse show the success
of the proposed IRT-3DDF workflow (Figure 10). To reiterate, Lenton Lodge Gatehouse’s
camera network captured images over increasing distances, with resulting GSDs ranging
from 9.8 to 26.2 mm and 8.0 to 20.8 mm for both TIR and downsampled RGB images, re-
spectively. For all DL approaches, combined TIR-RGB bundle block adjustments achieved
RMSERGB between 4.7 and 34.2 mm, and RMSETIR ~<20 mm. ALIKED, DISK, and Su-
perPoint + LightGlue performed favorably, with an RMSETIR of 10.8, 15.5, and 15.2 mm,
respectively. Interestingly, ALIKED and DISK produce comparatively more tie points than
other DL approaches, a pattern observable across both datasets and supported by their
remarkably high match ratio (91% and 92% for Lenton Lodge Gatehouse). For Lenton
Lodge Gatehouse, LoFTR exhibits a behavior distinct from the previous dataset, producing
a particularly noisy semi-dense point cloud and high RMSERGB (34.2 mm). This drop in
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performance is also reflected in its very low inlier match ratio (21%). However, LoFTR,
being a semi-dense matcher, triangulates a substantially higher number of 3D tie points
compared to the other methods (Figure 10d).

The comparably poorer results of RIFT2 are mirrored in Lenton Lodge Gatehouse,
achieving the worst RMSERGB (36.6 mm) and RMSETIR (22.3 mm). Upon inspection, RIFT2
presents a markedly uneven tie point distribution on RGB pairs, which, when combined
with the need for initialization using the RGB images for a successful CBBA, may have
led to a poor block orientation. Overall, TIR-RGB image orientation results are preferable
for the DL-based methods, both in terms of multi-modal image matching performance
and 3D reconstruction reliability. However, the performance of data fusion methods
must be assessed through the constrained bundle adjustment processes, determining their
effectiveness by utilizing all the value present with each modality.

4.2. Constrained Bundle Block Adjustments

For Dunrobin House, the process of reintroducing the detailed information from
full-resolution RGB images has a negligible effect on the RMSETIR. Whilst improving the
RGB block could theoretically improve the orientation of the TIR block, it is likely that
the maximum achievable accuracy with the multi-modal features has been reached at
the respective GSD. However, significant improvements in the RMSERGB are observed,
decreasing from an average of 3.8 mm for the downsampled RGB images to 2.1 mm with
the full-resolution RGB images. This brings results in line with the reference data fusion
results from Agisoft Metashape processed at full resolution, where the two image blocks
(RGB and TIR) are independently oriented and co-registered via GCPs. Importantly, these
results ensure that the maximum geometric accuracy is maintained for the RGB block, on
which the construction of a 3D ’base geometry’ can be based. LoFTR is the only method
that does not improve with this procedure, likely due to the quantity of semi-dense points
and influence of the TIR block, increasing the MRE to ∼8 pix. RIFT2 also shows substantial
improvement, although its RMSERGB remains higher than that of the other methods. Finally,
all the results of the feature + matcher DL-based algorithms achieve a better RMSETIR than
that of the reference co-registration method, suggesting the superiority of the proposed
data fusion method for IRT-3DDF.

Similarly, the results from Lenton Lodge Gatehouse largely confirm the trends ob-
served for Dunrobin House, with all RMSERGB results improving when constrained on the
full-resolution RGB images. Although the RMSERGB does not always reach the 2 mm
achieved by Agisoft Metashape, it remains within a range of 2.0–3.7 mm for all fea-
ture + matcher DL-based approaches. Additionally, all approaches improve their RMSETIR

(apart from ALIKED), demonstrating the benefit that can be gained (possibly at greater
GSDs) when introducing the full-resolution RGB images. For LoFTR, which shows similarly
noisy results for Dunrobin House, the RMSERGB improves from 34 mm to 8 mm; however,
8 mm is still considerably higher compared to the other methods. Finally, RIFT2 shows
minimal change between the RMSETIR and RMSERGB values when constrained on the full-
resolution RGB poses. This marks a significant outlier in the results across all constrained
BA processes, which is likely a result of poor matches as part of both original and con-
strained CBBAs. Overall, the results from Lenton Lodge Gatehouse show promise for the
proposed data fusion method, with the implemented constrained bundle block adjustments
allowing results to be refined after initial, low-resolution, multi-modal orientation.

5. Discussion
The results of the combined bundle block adjustments in the previous section, despite

varying levels of accuracy, demonstrate the success of DL-based methods to simultaneously
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orient TIR and RGB image blocks without any user intervention (e.g., GCPs), marking a
significant junction for IRT-3DDF. This validates the continued exploration of ‘image-to-
image’ data fusion methods, a facet of IRT-3DDF (and by extension other 3D data fusion
protocols) which has been previously under-researched and hampered by the limitations
of hand-crafted algorithms [15]. The results in Tables 3 and 4 demonstrate the following:
(1) the success of DL-based feature + matchers to translate multi-modal matched keypoints
into viable 3D tie points (all sparse DL features with an inlier match ratio > 74%); (2) the
ability for RGB orientation to be highly accurate even with the influence of multi-modal
correspondence; and (3) the diversity of multi-modal features (e.g., linear, corner, blob,
or regions) being detected irrespective of NRD differences [19]. Critically, this success
is achieved using neural networks outside of their intended training domain and using
models pre-trained on vast quantities of traditional RGB images, not tailored towards
multi-modal datasets.

To this end, the computational time required for such processes points supports the
feasibility of DL approaches at varying scales. Table 7 reports the average time for matching
an image pair executed on a NVIDIA GeForce RTX 3050 Laptop GPU. The fastest matcher
is DeDoDe + NN, completing the task in 0.09 s/pair, followed by ALIKED + LightGlue at
0.12 s/pair. For SuperPoint, switching from SuperGlue to LightGlue significantly reduces
the matching time from 2.05 s/pair to 0.25 s/pair. However, the necessity for RGB images
to be downsampled for successful matching with TIR images must be noted as a current
limitation, highlighting a limited scale invariance of the DL-based methods yet to be
comprehensively solved. This limitation could potentially be addressed by automating
feature detection across an image pyramid at multiple scales, similar to the approach
employed by SIFT.

Furthermore, the shortcomings of some of the multi-modal matchers during and after
the combined bundle block adjustments point to several key considerations for future
implementation. Firstly, it is noteworthy that KeyNet + HardNet, SRIF, and SIFT were
unable to co-orient both image blocks during the CBBAs, and they failed to handle the
significant radiometric variations between images, and were only able to orient individual
modalities depending on the initialization of the bundle adjustment (i.e., starting with
either TIR-TIR or RGB-RGB matches). Upon further inspection of the exported multi-
modal matches, the quantity and quality of verified matches for these approaches were
insufficient for effective image orientation. Additionally, LoFTR, the sole semi-dense
matcher, although a viable option for multi-modal image matching, produced RMSERGB

values three to four times higher than other DL-based methods, which were heavily
dependent on the subject and available texture (as seen from the drop in inlier match ratio
between Dunrobin House and Lenton Lodge Gatehouse). Future work should weigh the
benefit of utilizing feature + matcher approaches as opposed to a semi-dense matcher for
certain multi-modal applications.

Finally, the poor performance of RIFT2 and SRIF, both state-of-the-art hand-crafted
multi-modal matchers, suggests the need for multi-modal matchers tailored specifically
towards photogrammetric 3D reconstruction. Firstly, only available as a MATLAB imple-
mentation, RIFT2 lacks any built-in parallelization, resulting in the matching time being
unreasonably long and unsuitable for typically large photogrammetric datasets [82]. Sec-
ondly, primarily used for aerial and satellite datasets (and only used for pairing operations
within IRT-3DDF) [78], additional tests and tuning are required to assess RIFT2 (and similar
hand-crafted multi-modal matchers) as a dedicated tool for multi-view 3D reconstruction.
In summary, continued testing of DL-based approaches on new multi-modal datasets,
development of multi-modal-specific evaluation criteria, and comparisons with established
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hand-crafted matchers are required to cement the success of multi-modal image matching
for IRT-3DDF [19,82,99].

Evaluating the presented IRT-3DDF workflow, the method successfully achieved the
intended goal: the automatic co-orientation of TIR and RGB blocks utilizing multi-modal
matches. Importantly, this workflow is executed without the need for sensor pre-calibration,
fixed relative orientation between sensors, manually annotated features, GCPs, or ICP for
co-registration, simultaneous data capture, or auxiliary positioning and referencing data.
Notably, the proposed method is fully automatic, which, when compared with the reference
data fusion method using Agisoft Metashape, required 200 and 479 manually annotated
2D marker coordinates for Dunrobin House and Lenton Lodge Gatehouse, respectively.
Although some targets are utilized as CPs for metric evaluation, our method completely
removes the need for GCPs as features for co-registration, a time-consuming procedure
that can be challenging in cases where targets must be placed on building facades with
appropriate access and installation. Finally, the proposed IRT-3DDF workflow enables
asynchronous acquisition of TIR and RGB datasets, particularly advantageous in settings
where optimal conditions for data collection (e.g., lighting, ambient temperature, and
desired applications) do not coincide. For IRT-3DDF, this provides flexibility for additional
TIR surveys to be integrated, enabling the comparison of TIR surveys over time or under
different experimental conditions.

With the reintroduction of the full-resolution RGB imagery in the outlined constrained
bundle adjustment process, sparse DL-based algorithms generally reach similar accuracy
to the reference method (Agisoft Metashape), with minimal variations, either positive or
negative, in RMSETIR and RMSERGB. This final constrained bundle adjustment significantly
improves the RMSE for the RGB blocks (especially for Lenton Lodge Gatehouse over
varying GSDs), as demonstrated in Tables 5 and 6. Importantly for IRT-3DDF, with the
possibility of full-resolution images being utilized in the generation of an accurate 3D base
geometry for subsequent thermal texturing, the reintroduction of full-resolution RGB poses
is warranted for the evolution of the proposed workflow through to complete thermal
building models. To this end, given the co-registered RGB and thermal image blocks, the
full-resolution RGB image block is used to generate a dense point cloud that serves as the
basis for mesh reconstruction, while the thermal image is employed to project and map
the corresponding thermal information (Figures 11 and 12). Critically, the importance of
the proposed workflow is in the orientation of the TIR image block, which, when derived
to a degree of accuracy, can then be used to texture a wealth of 3D base geometries (inc.
photogrammetric- [100], laser scan- [101] or parametric building models [102]).

Figure 11. (a) RGB and (b) TIR textured 3D polygonal models for Dunrobin House.
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Figure 12. (a) RGB and (b) TIR textured 3D polygonal models for Lenton Lodge Gatehouse.

6. Conclusions
The generation of 3D models incorporating temperature information can have a sig-

nificant impact on the assessment of a building’s performance, expanding traditional
two-dimensional thermal imaging techniques into novel products and purposes. This
paper contributes to the growing field of InfraRed Thermography 3D-Data Fusion, demon-
strating the application of pre-trained neural networks for multi-modal image matching
and 3D thermal modeling. Importantly, these neural networks, trained on vast datasets
of RGB imagery with significant radiometric and geometric variations, show that they
can generalize outside their training domain to accommodate multi-modal image match-
ing. Exploiting a novel, flexible, open-source image matching package, this work shows
the successful use of multi-modal image matching for the fully automatic co-registration
of TIR and RGB imagery in a combined bundle block adjustment, a previously under-
utilized approach for IRT-3DDF. When applied to building facades and terrestrial image
acquisition, DL-based image matchers demonstrate superior solutions when compared
to established hand-crafted methods, demonstrating higher geometric accuracy and com-
putational efficiency whilst managing the significant radiometric differences between TIR
and RGB images. More specifically, the results demonstrate that off-the-shelf, pre-trained,
mono-modal DL-based matching algorithms constitute a valid alternative to hand-crafted
approaches. While mono-modal hand-crafted methods fail completely, the proposed DL-
based methods achieve performance improvements of up to almost seven times over the
best-performing multi-modal hand-crafted algorithm. From a computational standpoint,
the available DL-based methods are parallelized to run on GPUs and perform two/three
orders of magnitude better in terms of matching time.

The proposed methodology, co-orienting TIR images with additional reference RGB im-
ages, demonstrates the possibility for asynchronous and repeated surveys to be undertaken,
allowing images to be generated at optimal times for each modality and capturing specific
conditions for varying applications. This workflow is achieved without a reliance on sen-
sors in fixed relative orientation, manually annotated GCPs, or supplementary positioning
information, drastically increasing efficiency and applicability. The future developments of
this work will look to expand the data fusion procedures by demonstrating the versatility
of the proposed workflow across new sensors, subjects, and scales (e.g., aerial and UAV
images, industrial objects, etc.), generating complete 3D thermal models that can inform
building diagnostics and conservation practices. Furthermore, the significant limitations of
scale invariance across deep-learning multi-modal image matchers, demonstrated here by
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the necessity to downsample RGB images for effective matching, should become a priority
in the development of future models and training datasets.
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