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Abstract

Comprehensive documentation is the foundation of effective conservation, repair

and maintenance (CRM) practices within architectural heritage. In order to di-

agnose historic buildings and inform decision making, a combination of multi-

disciplinary surveys is fundamental to understanding a building’s significance and

performance. InfraRed Thermography (IRT), a non-contact, non-invasive and non-

destructive imaging technique, represents an established tool for heritage conserva-

tors, allowing both qualitative and quantitative assessments of temperature to be

undertaken. However, the inherent low spatial resolution of thermal imaging has

led recent work to fuse thermographic and geometric data in order to generate accu-

rate 3D representations of architectural heritage encapsulating temperature infor-

mation. This thesis presents InfraRed Thermography 3D-Data Fusion (IRT-3DDF),

an emerging field of research transforming traditional two-dimensional thermal in-

frared images into novel three-dimensional models capable of visualising thermal

anomalies. To explore the use of 3D thermal models for architectural heritage,

IRT-3DDF is conceptualised as a discipline, expressing the key considerations re-

quired for effective thermal data capture and fundamental procedures required for

the use of thermal infrared (TIR) cameras both geometrically and radiometrically.

The originality of the presented work is encapsulated by the direct matching of

infrared and visible spectrum images for data fusion processes, a previously under-

researched area of IRT-3DDF due to the difficulty determining correspondences
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across image modalities. This thesis introduces deep learning-based image match-

ing, pre-trained neural networks designed for multi-view feature detection and fea-

ture matching, as a means of co-orienting multi-modal images depicting architec-

tural heritage. Importantly, these correspondences are determined using ‘out-of-

the-box’ neural networks pre-trained on vast quantities of curated RGB images,

utilised outside of their expected training domain when applied to TIR images and

IRT-3DDF. The outcomes of this research demonstrate that deep learning-based

image matching, when used in conjunction with combined bundle block adjust-

ments, provide a viable approach for IRT-3DDF, capable of co-registering blocks

of multi-modal images across varying scales, settings, sensors and subjects. No-

tably, the presented methods are fully-automatic, obviating the need for: geometric

pre-calibration; sensors in fixed relative orientation; manual co-registration or align-

ment; associated position or orientation information; or simultaneous data capture.

This thesis presents an efficient, cost-effective and flexible method of IRT-3DDF

that can be readily-applied for multi-modal, multi-temporal and multi-sensor fu-

sion.
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Chapter 1

Introduction

Comprehensive documentation is the foundation of effective conservation, repair

and maintenance (CRM) practices for cultural heritage. The susceptibility of his-

toric buildings, archaeological sites and cultural artefacts to natural and human

disasters, coupled with ever-increasing pressures imposed by our changing climate

(The Intergovernmental Panel on Climate Change (IPCC), 2022, p. 141), necessi-

tates detailed preservation of both tangible and intangible heritage (Letellier et al.,

2011). Architectural heritage, comprising all historic structures of cultural signifi-

cance either protected or unprotected by regulatory statutes, represents 30% of all

existing European buildings (European Statistical System (EuroStat), 2021), with

∼22% of dwellings (Nicol et al., 2014, pp. 4-5) and ∼45% non-domestic proper-

ties (Pout et al., 1998, p. 10) in England and Wales dated pre-1919. According

to the Office for National Statistics (ONS), the age of a property is the biggest

determining factor in a building’s energy efficiency (Office for National Statistics

(ONS), 2022), with historic buildings less resilient and ill-adapted to the challenges

presented by higher temperatures, dynamic precipitation patterns and increasing

pollution rates (Hao et al., 2020). To protect historic buildings, and provide spaces

where occupants can experience the inherent value of our shared heritage (Whitman
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et al., 2020), strategies for improving the energy efficiency and thermal comfort of

vernacular architecture through retrofitting are needed, taking a holistic approach

to CRM practices through low-cost, real-time and efficient methods (Adamopoulos

& Rinaudo, 2019; Costa-Carrapiço et al., 2022; Historic England, 2018b; Martínez-

Molina et al., 2016).

To this end, non-destructive testing (NDT) techniques, comprising a wealth of sci-

entific methods for assessing subjects without exacting damage, represents a critical

tool for heritage professionals looking to undertake thorough assessments of historic

buildings and their curtilage. For architectural heritage, encapsulated by variabil-

ity in building materials, practices and construction, NDT provides a means of

generating rapid insights into the current state of an asset that can inform future

decision-makers (El Masri & Rakha, 2020; Tejedor et al., 2022). To address the

inherent complexity of architectural heritage, the collection of geometric data at a

project’s inception has become a recognised pre-requisite (Denard, 2012), utilising

image-, range-, or a combination of ‘reality-based’ surveys to generate accurate 3D

models of an asset and provide the foundation for additional NDT investigations

(De Fino et al., 2023). Specifically for built heritage, derived 3D models can allow

for: rapid documentation (Oreni et al., 2014), holistic asset information manage-

ment (Brumana et al., 2019), temporal analyses (Rodríguez-Gonzálvez et al., 2017),

and virtual tools (Osello et al., 2018). By utilising a holistic, multi-scale and multi-

disciplinary approach to NDT, conservators can make informed decisions regarding

a historic building whilst maintaining its cultural value and significance (Historic

England, 2020; Kioussi et al., 2013).

The analysis of temperature holds a central role in the assessment of historic build-

ings, with thermal data pivotal in understanding how a building performs for its

occupants and how building elements behave under different environmental con-

ditions (Historic England, 2025b). InfraRed Thermography (IRT), an established

non-invasive, non-contact and non-destructive imaging technique, is capable of pro-
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ducing rapid, real-time, highly-accurate and easily-interpretable measurements of

a building’s temperature. IRT provides 2D imagery representative of the infrared

radiation emitted by objects above absolute zero (i.e., T > 0K), allowing for qualita-

tive and quantitative assessments of temperature differences to be generated (Kylili

et al., 2014; Usamentiaga et al., 2014). Developed out of the USA defence market

in the 1950s, TIR cameras have become increasingly available and affordable since

the turn of the 21st Century, enabling IRT to become a critical tool for heritage

professionals and the advancement of NDT applications for architectural heritage

(Corsi, 2015; Khodayar et al., 2016). Importantly, IRT allows for building diagnos-

tics to be preventative as opposed to responsive, allowing building lifecycle costs,

construction waste and climate impact to be reduced.

However, whilst IRT has demonstrated its competency as a stand-alone NDT tech-

nique, a growing body of research has emerged looking to exploit innovative pho-

togrammetric computer vision and surveying engineering techniques to fuse com-

plementary 2D and 3D datasets of contemporary (Adán et al., 2020; Ramón et al.,

2022) and historic (Sutherland et al., 2023) buildings. Data fusion, as defined by

Remondino and Rizzi (2010), is the process of combining datasets of varying source

(sensor) and resolution into a unified product. The benefits of data fusion lie in the

ability to use the strengths of individual data sources to complement and supplement

the limitations of another, resulting in a better product than individual elements

could produce. The combination of IRT with additional surveys such as ground

penetrating radar (GPR)(Biscarini et al., 2020; Garrido et al., 2022), un-manned

aerial vehicles (UAV)(Collaro et al., 2023; Hill et al., 2020), close-range photogram-

metry (CRP)(Adamopoulos et al., 2020a; Delegou et al., 2019), terrestrial laser

scanning (TLS)(Ceccarelli et al., 2018; Nardi et al., 2015), and building informa-

tion modelling (BIM) or geographical information systems (GIS)(Etxepare et al.,

2020; Tsilimantou et al., 2020) has demonstrated the benefit gained from integrated

surveys and novel fusion methods applied to CRM practices. The combination of
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geometric and radiometric data for architectural heritage bolsters their individual

use, enabling interpretations of complex buildings to be made with greater objec-

tivity (Dias et al., 2021).

InfraRed Thermography 3D-Data Fusion (IRT-3DDF), the combination of IRT,

encompassing quantitative temperature data from thermal images, with accurate

geometries obtained from image- or range-based surveys, allows for the generation

of accurate 3D models supplemented with thermal information pivotal in the assess-

ment of historic buildings. The rise of IRT-3DDF from the early-2000s has tracked

the broader developments of heritage sciences by exploiting the growing market for

TIR cameras, Structure-from-Motion (SfM) photogrammetry and computational

efficiency for the generation of 3D models, encapsulating both qualitative thermal

information and quantitative temperature values (Sutherland et al., 2023). Further-

more, the increasing availability, affordability and functionality of TIR cameras has

come in tandem with the development of three-dimensional thermal imaging sys-

tems (TTIS), rigs comprising multiple sensors fixed on stationary, mobile or aerial

platforms. These critical developments have laid the foundation for the contin-

ued development of IRT-3DDF and the growth of its subsequent applications for

architectural heritage.

However, critical bottlenecks have endured from its inception by photogrammetric

computer vision and geomatics communities. Firstly, the inherent low spatial reso-

lution of infrared (IR) sensors (typically between 180×120-640×480 pix) means the

determination of correspondences between images makes traditional SfM processes

challenging at varying scales. Notably, both the geometric (i.e., distortion, narrow

FOV) and radiometric (i.e., low contrast, high noise) characteristics of TIR cameras

have made the extraction of reliable temperature information a challenge, leading

to a lack of research where any meaningful quantitative temperature analysis can

be undertaken. These challenges, coupled with effective sensors, methods and val-

idation, provide an opportunity for IRT-3DDF to exploit novel tools generating
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1.1. THESIS AIMS & OBJECTIVES

complete geometries of architectural heritage that can encapsulate precise thermal

information. By doing so, the application of IRT-3DDF can become an established

process for heritage professionals and CRM practices, tackling some of the most

pressing concerns facing cultural heritage.

1.1 Thesis Aims & Objectives

Whilst current IRT-3DDF approaches are capable of creating 3D thermal models

of both historic and contemporary buildings, more attention is needed to deter-

mine methods capable of handling the inherent complexity of TIR images when

applied for photogrammetric 3D-data fusion (Adamopoulos et al., 2020b). With an

ever-increasing market for TIR cameras, such methods need to be generalisable to

different cameras, applicable to a variety of existing structures and deployable with

greater automation. Furthermore, the current absence of IRT-3DDF studies cor-

relating known and observed temperature readings offers an opportunity to assess

the quality of derived 3D thermal models and the ability for reliable quantitative

temperature measurements to be used for CRM practices. Therefore, the aim of

this thesis is to develop a fully-automatic IRT-3DDF method capable of generating

accurate and precise 3D thermal models comprising both detailed geometries and

quantitative temperature measurements. To achieve this aim, this thesis shall look

to apply the following objectives exploring IRT-3DDF for architectural heritage:

• Objective 1: Define the essential theoretical and practical requirements for

the successful implementation of IRT-3DDF.

• Objective 2: Determine robust and rigorous methods for the geometric and

radiometric calibration of TIR cameras employed within photogrammetric

data fusion
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1.2. THESIS STRUCTURE

• Objective 3: Establish a novel, cost-effective and highly-flexible data fusion

method obviating sensor pre-calibration, manual co-registration or auxiliary

georeferencing information.

1.2 Thesis Structure

The structure of this thesis will look to expand the aforementioned aims and ob-

jectives, with a central literature review (Conceptualisation) being followed by in-

dividual chapters addressing each objective, entitled: Foundation, Calibration and

Generation. Whilst each chapter is focussed on a singular objective, the sequential

structure of the thesis will allow conclusions to be carried forward to inform the

following chapter. This thesis shall culminate with the application of IRT-3DDF to

central case studies, applying all the findings of the thesis to real-world examples

of thermal modelling. Here, the developed principles, methods and applications of

the work can be examined, demonstrating the future avenues and opportunities for

IRT-3DDF after the conclusion of the thesis. The following sections provide an

overview of the four central chapters to outline their originality for IRT-3DDF.

Conceptualisation of IRT-3DDF

To begin the thesis, the field of IRT-3DDF is defined, classified and critiqued. This

includes: (1) the origins of IRT-3DDF as a discipline and the tandem fields respon-

sible for its conception; (2) the definition of data fusion approaches, sensors and

systems within IRT-3DDF; and (3) the enduring challenges and shortcomings rep-

resented by the field. Critically, this chapter carves out the originality of the thesis,

demonstrating the current under-representation of 2D-2D fusion methods and the

opportunities presented by novel deep learning-based image matching models.
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1.2. THESIS STRUCTURE

Foundation of IRT-3DDF

At present, radiometric accuracy of IRT-3DDF methods is largely ignored, with

studies rarely assessing the accuracy of quantitative temperature measurements ex-

tracted from 2D thermal images or 3D thermal models (Adán et al., 2023b). As an

understanding of InfraRed Thermography as a science has been denoted as a fun-

damental pillar for its effective use within building diagnostics (Balaras & Argiriou,

2002) and thermal modelling (Adán et al., 2020), this chapter address Objective 1

by demonstrating the acquisition and application of this knowledge in the context

of IRT-3DDF. Expanding the scoping review by Sutherland et al. (2023), within

which IRT-3DDF as a field was first introduced, this chapter presents: (1) a sequen-

tial framework that determines the radiometric performance of TIR cameras, (2)

the determination of preferential environmental conditions for IRT-3DDF surveys,

and (3) the required geometric and radiometric control necessary for evaluating the

accuracy of 3D thermal models. Importantly, this chapter will demonstrate, using

a central case study of the thesis, the need to balance photogrammetric and radio-

metric principles within IRT-3DDF, where optimising one variable may affect the

performance of the other.

Calibration of IRT-3DDF

The determination of precise and reliable interior orientation (IO) parameters for

TIR cameras is critical for their subsequent use in photogrammetric processes. In

addition, the relative orientation (RO) between fixed sensors, those featured within

the same camera housing or configured in a stereo system, can provide a useful

constraint for several IRT-3DDF methods (Adamopoulos et al., 2020b; Alba et

al., 2011; Dlesk et al., 2021). Addressing Objective 2, expanding the research

paper from Sutherland et al. (2025a), this chapter evaluates the determination of

accurate IO and RO parameters through a novel IRT-3DDF calibration set-up.
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1.2. THESIS STRUCTURE

Importantly, the originality of this chapter resides in the comparison of intrinsics

and extrinsics derived from different calibration approaches, commercial software

and parameter configurations, informative for photogrammetric data fusion using

modern TIR sensors and platforms.

Generation of IRT-3DDF

The task of developing a robust and efficient method for IRT-3DDF requires care-

ful consideration for the choice of sensors, the ‘space’ in which fusion is undertaken

and the scalability of methods for specific applications. Addressing Objective 3, this

chapter presents the collaborative paper of Morelli et al. (2025b), demonstrating

the innovative use of deep learning-based image matching for 3D thermal modelling,

a previously under-represented facet of IRT-3DDF. This chapter shows the ability

for infrared and visible spectrum images to be directly matched and oriented within

a (first-of-its-kind) fully-automatic combined bundle block adjustment, removing

the need for manual co-registration, auxiliary positioning data or synchronous data

capture. An evaluation of the accuracy of derived 3D thermal models is under-

taken, assessing both the geometric accuracy of derived models and the radiometric

accuracy of derived temperature measurements. Finally, a demonstration of the

value that can be extracted from 3D thermal models is given, showing the potential

benefits for CRM practices applied to architectural heritage.
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Chapter 2

Conceptualisation of IRT-3DDF
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2.1. INTRODUCTION

2.1 Introduction

The conception of InfraRed Thermography 3D-Data Fusion (IRT-3DDF) from the

early-2000s has tracked the broader trends of Digital Cultural Heritage (DCH),

exploiting the growing availability of commercial sensors, increasing functionality

of structure-from-motion (SfM) photogrammetry and ever-improving efficiency of

modern computing (Adán et al., 2021; Cho et al., 2015). Whilst IRT-3DDF research

has grown considerably over the past ten years, critical bottlenecks have endured

from its inception. Firstly, the inherent low spatial resolution of thermal images

(typically between 180×120-640×480 pix) means the determination of correspon-

dence between (and across) images makes photogrammetric processes challenging,

hampering the generation of complete geometries solely from TIR images and SfM.

In addition, both the geometric (i.e., distortion, narrow FOV) and radiometric (i.e.,

low contrast, vignetting, NUCs) characteristics of the camera have made the ac-

quisition of accurate temperature information a constant challenge that needs to

be addressed before any meaningful analysis can be undertaken. Therefore, these

limitations have required methods to determine ways of generating complete ge-

ometries of built assets that can encapsulate precise thermal information, using

the strengths of individual sensors to supplement the shortcomings of other tools.

To uncover these methods, this chapter presents an extensive review of existing

studies within IRT-3DDF. Firstly, definitions of 3D-Data Fusion and IRT-3DDF

are provided to rationalise the creation of IRT-3DDF as a term and determine the

delineation, intersections and classifications within the field. Subsequently, an in-

vestigation of the critical methods, technologies and practices within IRT-3DDF are

explored, with a particular focus on the benefits provided by the ‘space’ in which

fusion is undertaken. Finally, the merits and limitations of existing methods are

determined, identifying critical research gaps and opportunities for future work.
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2.2 IRT-3DDF: A Definition

As defined by Remondino and Rizzi (2010), in the context of reality-based data

capture, data fusion is the process of combining datasets of varying source (sensor)

and resolution into a unified product. The benefits of data fusion lie in the ability

to use the strengths of individual data sources to complement and supplement the

limitations of another, resulting in a better product than individual elements could

produce. For architectural heritage, the fusion of geometric and radiometric data

bolsters their individual use, enabling interpretations of complex buildings to be

made with greater objectivity (Dias et al., 2021). Previous explorations of 3D-

Data Fusion (3DDF) has looked to classify data fusion through purpose-, data-

and dimension-based levels (Ramos & Remondino, 2015); outline applications and

opportunities for building diagnostics (Ramón et al., 2022); and demonstrate the

integration of additional NDT datasets for heritage documentation (Adamopoulos

& Rinaudo, 2019).

Although terms have been used to define the creation of 3D thermal models, includ-

ing ‘data integration’ (Rizzi et al., 2007), ‘3D thermal computer vision (3D-TCV)’

(Adán et al., 2021), ‘simultaneous localization and thermal mapping (SLATM)’ (Ra-

machandra et al., 2018) and simply ‘thermal modelling’ (Dahaghin et al., 2021),

an acknowledgment of the breadth of technologies encapsulated within the research

must be realised (Figure 2.2). As part of Sutherland et al. (2023)’s scoping re-

view, IRT-3DDF was defined as “the registration of 2D-thermographic data with

high parity, geospatially derived 3D-data to provide a unified, geometrically accu-

rate product suitable for representing architectural heritage” (Sutherland et al., 2023,

p. 5). Utilising Khalil and Tricco (2022)’s PCC format (Khalil & Tricco, 2022,

p. 179), IRT-3DDF research was included based on its central criteria, including

the ‘Participant’ (InfraRed Thermography), ‘Concept’ (3D-Data Fusion) and ‘Con-

text’ (Architectural Heritage)(Figure 2.1). Therefore, for this thesis, the definition

12
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Figure 2.1: Mapping the inter-connectivity of InfraRed Thermography (IRT), 3D-
Data fusion (3DDF) and Architectural Heritage research (Sutherland et al., 2023).

of IRT-3DDF shall expand the context of IRT-3DDF to include all methods gen-

erating 3D thermal models, capturing relevant techniques across multiple scales,

subjects and sensors.

Whilst the PCC classification provides clear indication of approaches used within

the research, it fails to highlight the specific sensors used for fusion, which dra-

matically determine the available methods. Therefore, two important questions

are needed for the comprehensive classification of IRT-3DDF research: (1) in what

‘space’ (i.e., 2D image or 3D object space) is fusion taking place; and (2) what

sensors are being ‘fused’ together (i.e., TIR, VIS, RGB, TLS, parametric mod-

els)(Figure 2.3)? The first question looks to identify where data sources are being

matched, corresponded or fused, which can be in the same or different ‘space’ to

the thermal information (i.e., 2D–2D, 2D–3D, or 3D–3D). The importance of the
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Figure 2.2: IRT-3DDF keyword co-occurrences representing 88 connected keywords
within IRT-3DDF architectural heritage research (Sutherland et al., 2023). Rela-
tionships between keywords are determined by the proximity of bubbles and the
link strength of joined keywords (van Eck & Waltman, 2010).

second question, denoting the ‘base’ onto which TIR is being ‘fused’, rests in the

knowledge that certain methods will apply only when specific sensors are employed.

For example, all TIR–VIS studies can lead with the assumption that both TIR and

VIS sensors are fixed in relative orientation and that each pair of images will have

the same distance (baseline) between one another. By answering these questions,

IRT-3DDF can be summarised more succinctly and lead readers to the methods

achievable with their given equipment.

Therefore, the following classifications denote the categories of this state-of-the-art

review, breaking IRT-3DDF into the following groups based on their fusion ‘space’

and sensors:

14



2.2. IRT-3DDF: A DEFINITION

Figure 2.3: IRT-3DDF sensors and systems, denoting the individual sensors utilised
within the research, their designation for the conceptualisation of IRT-3DDF and
the configuration of technologies that can form a TTIS.

1. 2D–2D Fusion – Direct matching of thermal and visible spectrum imagery

in 2D image space, from which 3D models are subsequently generated and

thermal information is fused using the relationship between images.

• TIR–VIS

• TIR–RGB

• TIR–TLS (2.5D)

2. 2D–3D Fusion – Thermal images are used to texture or assign temperature

values to a 3D model by determining the reprojection of those images in the

3D object space.

• TIR–VIS

• TIR–RGB

• TIR–TLS

• TIR–Parametric Building Models
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3. 3D–3D Fusion – Independent 3D geometries are created separately from

thermal images and a geometric ‘base’, fused together in 3D object space either

by iterative closest point (ICP), common points or similar scaling methods.

• TIR–VIS

• TIR–RGB

• TIR–TLS

• TIR–Parametric Building Models

Whilst some methods may fall outside of these categories, the importance of cat-

egorising similar research enables: the comparison and contrast of common ap-

proaches, the critical analysis of decisions and outputs, and the evolution of meth-

ods from research groups and institutions. Furthermore, be assessing fringe topics

related to IRT-3DDF, notably the generation of 3D models using solely thermal

images (TIR-only), the configuration of TTISs, and the application of IRT-3DDF

in tandem with complementary technologies, an appreciation for IRT-3DDF and

the bounds it aims to push can be realised.

2.3 IRT-3DDF: State-of-the-Art

2.3.1 TIR-Only

Before exploring IRT-3DDF, we must first understand why there is a need for data

fusion in the first place. This will allow us to determine the shortcoming of 3D

reconstruction solely using TIR images and the nuisances of thermal image cap-

ture when tasked with generating accurate 3D thermal models. Furthermore, as

TIR-only workflows are critical to other data fusion methodologies (notably 3D-

3D fusion), we can gain valuable insights that help clarify additional IRT-3DDF
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approaches. Firstly, it is evident that TIR-only methods are successful when sur-

veys take into consideration the challenges presented using thermal images for SfM,

designing methods that manage limitations from image capture (i.e., low spatial

resolution and GSD) (Riveiro & Solla, 2016) to data processing (i.e., feature ex-

traction and matching) (Ramachandra et al., 2018). Acknowledging the importance

of methodical thermal image capture, Dlesk and Vach (2019) demonstrate a success-

ful TIR-only method registering 474 out of 581 images with a 10 mm/pix ground

sampling distance (GSD), prioritising high vertical and horizontal overlap for a two

floor building. Similarly, Westfeld et al. (2015) shows how TIR-only methods can

be scaled to whole buildings, using a UAV to capture 15,000 TIR images with a 26

mm/pix GSD with 90% forward and 70% side overlap (Figure 2.4). Although TIR-

only approaches are unlikely to achieve the metric accuracy of other IRT-3DDF

fusion methods (with Westfeld et al. (2015) producing a RMSE on CPs of 19 mm

and average deviation from TLS scan of 25 mm), these considerations, when accom-

panied with diligent camera calibration (Chapter 4) and ground control (Section

3.5.4), enable dense 3D reconstructions using solely TIR images and SfM practices.

Figure 2.4: A TIR-only model produced by Westfeld et al. (2015), generated using
15,000 TIR images and a unmanned aerial vehicle (UAV).

In addition, the growth of SfM in parallel to IRT-3DDF has seen methodologies

explore the ever-expanding capabilities of commercial photogrammetric software
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to enable TIR-only reconstruction. Several works have demonstrated the capabil-

ity of using thermal images with popular SfM software, including: Agisoft Pho-

toScan/Metashape (Dlesk & Vach, 2019; Paziewska & Rzonca, 2022), 3DZephyr

(Clarkson et al., 2017; Maset et al., 2017) and VisualSFM (Westfeld et al., 2015).

In a bid to improve the matching of TIR images for photogrammetric processes,

González-Aguilera et al. (2013) utilised ASIFT to determine correspondence be-

tween thermal images for dense reconstruction and TIR-only ortho-thermogram

generation. Vidas and Sridharan (2012), Prakash et al. (2006) and Ramachandra et

al. (2018) test methods for monocular, stereoscopic and SLAM TIR-only modelling,

respectively; outlining critical obstacles including sufficient thermal contrast, mono-

modal feature matching and final model scaling. However, in the case of thermal

SLAM (Ramachandra et al., 2018), when fusion is introduced (such as a supple-

mentary RGB camera), results for real-time localisation dramatically increased, a

pattern mirrored in several comparative IRT-3DDF studies (Hoegner et al., 2016;

Patrucco et al., 2022b). The importance of methods exploring TIR-only 3D re-

construction cannot be understated, with critical considerations regarding survey

planning, thermal data capture and image matching determining the success of

photogrammetric results. Furthermore, as several methods rely on the creation of

TIR-only models as initial steps for data fusion, value can be extracted by under-

standing how to maximise the success of these preliminary steps.

2.3.2 2D–2D Fusion

As demonstrated by TIR-only 3D reconstruction, the importance of determining re-

liable correspondences between images is a critical issue for IRT-3DDF; even more

so when multi-modal images, those containing different electromagnetic wavelengths

and sensor types, are matched together for fusion purposes. At the heart of 2D-2D

fusion lies the problem of extracting reliable features for the accurate estimation of
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orientation matrices representing the geometric transformation from one 2D image

onto another. Although traditional feature extractors such as SIFT (Lowe, 2004),

ASIFT (Yu & Morel, 2011) and SURF (Bay et al., 2006) have been comprehensively

tested for TIR-TIR and TIR-VIS/RGB image matching (Ham & Golparvar-Fard,

2013a; Lagüela et al., 2012), most fail to determine sufficient reliable correspon-

dences between images for Homography (H) or Fundamental (F ) matrix determi-

nation (Figure 2.5). Weinmann et al. (2014) demonstrate one alternate approach

to counter these issues, using ‘shape-based’ matching of TIR-RGB-D (depth) im-

ages and correspondence filtering for the projection of thermal information onto 3D

points. For both TIR-VIS and TIR-RGB 2D-2D fusion, the determination of accu-

rate correspondence has shaped the accuracy and automation of derived methods,

inspiring new methods to address the challenges inherent to thermal images (i.e.,

resolution, contrast, non-uniformity).

Figure 2.5: A visualisation of SIFT (Lowe, 2004) (f-j) mono- and (a-e) multi-
modal feature matching, demonstrating the difficulty extracting (a,b,c,d,f,g,h,i) and
matching (e,j) reliable correspondence across image modalities and varying perspec-
tives (Ham & Golparvar-Fard, 2013a). Here, (b) 236 TIR and (d) 14,946 RGB
features are extracted, yet result in only 8 (incorrect) multi-modal matches.
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TIR–VIS

Common to several IRT-3DDF fusion methods, and a central principle of pho-

togrammetry and computer vision, the use of stereo vision between fixed sensors

is a helpful constraint to determine the relative pose between two cameras. This

fixed relationship can either be in the form of a stereo camera rig, TTIS or a fea-

ture of the camera itself. For thermal cameras featuring both TIR and VIS sensors

within the same camera housing, an assumption can be made that these sensors

are in fixed relative orientation (RO) to one another, meaning pairs of images cap-

tured concurrently will have a constant distance. After determining the inability

for reliable features to be automatically extracted for SfM (Figure 2.5), Ham and

Golparvar-Fard (2013a)’s 2D-2D fusion method used a singular thermal camera

(FLIR E60) with TIR and VIS sensors to determine the extrinsic parameters of

the thermal camera by forming the essential matrix (E), mitigating the challenge

of feature matching using a ‘supervised’ correspondence approach. By calculating

the intrinsic and extrinsic parameters of the TIR sensor, a dense 3D reconstruc-

tion could then be obtained using MVS and co-registered with the 3D point cloud

derived from the VIS sensor. Although few in number, hampered by challenges

of correspondence, methods of 2D-2D fusion with TIR and VIS sensors provide a

practical means for thermal modelling, using minimal equipment and supported by

the stereo nature of both sensors.

TIR–RGB

Similarly to 2D-2D fusion with TIR and VIS sensors, TIR-RGB methods have

looked to overcoming the challenges of correspondence by understanding the char-

acteristics of each image and how these can be manipulated to determine better

matches. Lagüela et al. (2012)’s seminal image fusion work fused TIR orthomosaics

with RGB images matched using FAST (Rosten & Drummond, 2006) into IHS im-
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ages containing the Intensity of the RGB and Hue and Saturation of TIR images.

These, once matched using PhotoModeler, resulted in a 3D thermal model and

ortho-rectified thermogram. Scaioni et al. (2012) and Previtali et al. (2013)’s com-

bined TIR-RGB bundle block adjustments demonstrate rare examples of single bun-

dles featuring both image modalities, with the former integrating a complementary

‘bi-camera’ method to fix cameras in stereo. However, both procedures are reliant

on the manual identification of common points, reducing the overall automation

of thermal modelling procedures. Similarly, Adamopoulos et al. (2020b), utilising

manually-marked points for the projective transformation of TIR and RGB images,

demonstrates the fusion of TIR, RGB and VIS sensors within the same 3D ob-

ject space. Incorporating novel hand-crafted feature matchers, Lin et al. (2019b)’s

four step method used RIFT (Radiation Invariant Feature Transform)(Li et al.,

2020), a SIFT-like feature matcher, to match proximal RGB and TIR images prior

to texture mapping. Unlike Lagüela et al. (2012) and Adamopoulos et al. (2020b),

featuring manual area- or feature-based matching, this method dramatically reduces

the manual tasks required in the thermal modelling process and provides greater

robustness through a redundancy of detected features. The importance of utilising

novel tools, adaptable for multi-modal feature matching, is a notable opportunity

for IRT-3DDF.

TIR–TLS (2.5D)

With the application of existing feature matchers, and the advent of new deep-

learning approaches, the matching of TIR images with other geometric products can

become more prominent for IRT-3DDF (Morelli et al., 2024b). González-Aguilera et

al. (2012) and Hoegner et al. (2018)’s research matched correspondence in TIR im-

age with 2D images generated from TLS data (2.5D), demonstrating the capability

of some operators to find correspondence between multi-sensor datasets. Capital-

ising on the growth of learning-based image matching, Elias et al. (2023)’s SLAM
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fusion method utilises SuperGlue (Sarlin et al., 2019) for matching TIR-TLS (2.5D)

images, using space resection to adhere thermal information on a mobile TLS point

cloud (Figure 2.6). This represents one of the first learning-based feature matching

methods for IRT-3DDF and demonstrates the possibilities of expanding commercial

SfM and hand-crafted feature matchers for thermal modelling. To summarise, 2D-

2D fusion within IRT-3DDF has relied on accurate correspondence between TIR

images and an additional data source for the generation of accurate geometries;

which, with the growth of configurable learning-based tools, could become more

prevalent and automated for multi-modal modelling.

Figure 2.6: Demonstration of verified deep learning features extracted with Super-
Glue, matching TIR images and TLS scans as 2D images (2.5D)(Elias et al., 2023).
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2.3.3 2D–3D Fusion

The most popular IRT-3DDF approach, 2D-3D fusion looks to re-project thermal

images onto 3D geometries from varying sensors and platforms. As opposed to

other fusion methods, 2D-3D fusion looks to mitigate the issues of determining

correspondence between, and across, modalities by using photogrammetric princi-

ples of perspective projection to assign thermal information from 2D images to 3D

points. 2D-3D fusion methods have largely exploited stereo rigs, as introduced in

Alba et al. (2011)’s seminal work, fixing sensors in relative orientation from which

transformation parameters can be calculated. However, notably for IRT, which re-

quires specific conditions for meaningful data to be captured, 2D-3D methods have

also looked to capture datasets independently, allowing for thermal images to be

projected onto pre-existing point clouds or building models generated at different

times. Not only does this allow data to be captured under optimal conditions, but

has enabled the comparison of: multiple thermal data acquisitions (Barbieri et al.,

2023; Lewińska & Maciuk, 2020), varying TIR sensor resolutions (Adamopoulos

et al., 2020b) and thermal texturing strategies (Hoegner & Stilla, 2007). 2D-3D fu-

sion relies on the accurate determination of relative orientation between sensors and

pose estimation of TIR images, using independent 3D geometries for the accurate

representation of a building and it’s structure.

TIR–VIS

As previously highlighted, thermal cameras featuring both TIR and VIS sensors

within the same camera housing enable a fixed distance between the two sensors

to be adopted as a constraint. For IRT-3DDF, this allows the projection of ther-

mal images onto 3D products generated from the proximal VIS sensor, applying

a transformation key from one image to another. Dlesk et al. (2021) and Dlesk et

al. (2022) present two methods for IRT-3DDF using a singular FLIR E95 camera:
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a ‘Sharpening’ method and a ‘Reprojection’ method. Notably, the ‘reprojection’

method requires the geometric calibration of both sensors and estimation of rela-

tive pose between TIR and VIS sensors to undertake a spatial transformation. Both

Lecomte et al. (2022) and Macher and Landes (2022) use the relative pose of TIR

and VIS sensors within the same camera to colourise a TLS scan with temperature

information, obtaining the RO of the TIR images through rigorous stereo calibra-

tion procedures (Figure 2.7). Such methods demonstrate the benefit of using the

relationship between proximal sensors and the necessity of geometric calibration for

IRT-3DDF.

Figure 2.7: TLS scan with temperature values assigned per point (Lecomte et al.,
2022).

To assess the use of a VIS sensor as a-priori information for the TIR sensor, Pa-

trucco et al. (2022b) compare three SfM-based methods for thermal modelling. This

compared: (1) a solely VIS SfM pipeline, (2) a solely TIR SfM pipeline, and (3)

a fusion pipeline where the absolute EO parameters of (1) were used as initial ap-

proximates for TIR poses, subsequently optimised with GCPs. When applied to

three heritage case studies of varying complexity, fusion methods were preferable

over TIR-only SfM. This presents an important application for the VIS sensor as

a means of providing initial estimation of camera poses for the accompanying TIR

sensor. Although many studies discount the use of the VIS sensor due to its poorer
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resolution compared to DSLRs, and inability to operate under preferable IRT con-

ditions (i.e., darkness), opportunities exist to use it for initial approximation, as a

fixed constraint and model quality metric.

To this end, demonstrating the fusion of multiple TIR, VIS and RGB sensors,

Adamopoulos et al. (2020b) present a method using both the VIS sensor from

a thermal camera in tandem with an additional DSLR. Here, to overcome the

challenges presented by Dlesk et al. (2021), a transformation key between TIR-VIS

pairs are determined for each acquisition strip as opposed to a universal key. After

processing the DSLR RGB and VIS images in a combined bundle block adjustment,

with a dense point cloud generated via MVS, VIS images are replaced with their

corresponding TIR pair for texturing. This method shows not only a robustness for

both medium-res. (640×480 pix) and high-res. (1024×768 pix) thermal cameras

(Figure 2.8), but the usefulness of the VIS sensor for initial pose estimation. The use

of a thermal camera’s VIS sensor can provide helpful information for the orientation

of accompanying TIR images, and future research should analyse the benefit this

sensor can provide for evolving IRT-3DDF.

Figure 2.8: A comparison between textured thermal orthomosaics generated with
a high-res. FLIR SC1030 (1024×768 pix)(left) and a medium-res. FLIR SC660
(640×480 pix)(right) (Adamopoulos et al., 2020b).
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TIR–RGB

When high resolution RGB cameras are used in place of low resolution VIS sen-

sors, model geometries are built exploiting both fixed and flexible TIR-RGB set

ups. Javadnejad et al. (2020)’s fixed TIR-RGB work compared 2D (affine) and

3D (spatial) transformations to assign temperature values to RGB point clouds;

determining the latter, whilst providing a more rigorous transformation, was out-

performed due to the difficulties of achieving accurate TIR geometric calibration.

Similarly, Yang et al. (2018) exploited the fixed relative orientation between two

iPhone SE’s and a FLIR ONE to texture an RGB model using low-cost mobile

sensors. Furthermore, where no fixed orientation is present, the extraction of cor-

responding features has enabled the texturing of existing RGB geometries. Lin et

al. (2019b)’s critical four-step method, using RIFT to determine correspondence

in TIR-RGB pairs, subsequently uses mono-plotting and image space resection to

texture the RGB point cloud. This, combined with the final global pose refinement,

provides an advantageous texturing method using independently acquired TIR and

RGB images with high geometric and radiometric accuracy. The continued devel-

opment of TIR-RGB methods exploiting independent cameras, not benefitting from

the constraints of stereo sensors or fixed cameras, must look to plan surveys where

photogrammetric practices are tailored towards the nuisances of TIR images and

find innovative ways of determining correspondence through local features or visible

GCP markers (Patrucco et al., 2020).

TIR–TLS

To generate rapid and dense geometries for thermal modelling, 3D TLS data has

been used as a popular ‘wire frame’ for the adherence of 2D TIR images. The semi-

nal work of 2D-3D fusion by Cabrelles et al. (2009) on the Petra World Heritage site

demonstrates thermal texturing using space resection and known GCPs to assign
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TIR images. Where no supplementary GCPs are used, 2D-3D fusion methods have

either: (1) produced unscaled textured models from mobile platforms (Borrmann

et al., 2014); (2) required manual identification of common points (Adamopoulos

et al., 2021; Costanzo et al., 2014; Lagüela et al., 2011b; Lecomte et al., 2022;

Macher & Landes, 2022; Maierhofer et al., 2011; Mileto et al., 2015) or linear fea-

tures (Lagüela et al., 2013; Zhu et al., 2021) between 2D TIR images and 3D TLS

scans to determine EO parameters; or (3) used image metadata (i.e. GNSS, IMU

to align TIR images and TLS scans (Hess et al., 2015; Napolitano et al., 2019). Like

many previous categories, the manual identification of correspondence between TIR

and TLS data, or inclusion of GCPs, have hampered the automation of IRT-3DDF

methods and requires the transformation of TLS data into more manageable forms

for data fusion.

In a bid to overcome the manual processes involved in 2D-3D fusion, three-dimensional

thermal imaging systems (TTISs), both custom and commercial, have allowed data

to be registered when all data is collected within the same acquisition. Originating

from Alba et al. (2011)’s ‘bi-camera’ study, comprising TIR-RGB stereo system to

help align data to a TLS scan, IRT-3DDF studies have looked to increase the accu-

racy of thermal texturing using RGB data from both fixed and free poses. Adán et

al. (2020)’s MoPAD system showcases how combining sensors on a mobile platform

can generate dense thermal point clouds for energy monitoring and thermal com-

fort assessment (although building and computation dependent). Similarly, (Adán

et al., 2021) calibrates a TTIS (inc., TLS: Riegl 3D-VZ400, TIR: FLIR A65, RGB:

Nikon D90) for the projective transformation of TIR images onto a TLS scan, gen-

erating 360◦×100◦ dense point clouds of a church nave. In summary, although

many 2D-3D fusion methods using TIR-TLS data are constrained by the need for

common points or features, often difficult to detect and match automatically, the

generation of dense geometries can be the starting point for additional processing,

data manipulation and value extraction (Patrucco et al., 2022a; Solla et al., 2020)
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(Figure 2.9).

Figure 2.9: The integration of TLS, RGB and TIR within a historic building in-
formation model (H-BIM), enabling enhanced visualisation, data management and
decision making (Solla et al., 2020).

TIR–Parametric Building Models

The generation of parametric building models, often originating from Scan-to-BIM

data, provides a logical progression for 2D-3D fusion, with choices over building

Level of Detail (LoD) and texturing strategy configurable to specific building types

and purposes. Championed by the research of the Technical University Munich

(TUM), Hoegner and Stilla (2007)’s TIR-TLS texturing work has provided the

foundation for their future IRT-3DDF approaches, building image sequences into

2D polygonal texture masks applied through homography to 3D building models.

Refinements of these methods have: (1) used accompanying GNSS coordinates for

pre-orientation of TIR images (Hoegner & Stilla, 2018); (2) extracted line, edge and

gradient features between TIR images and parametric models (Hoegner et al., 2016;

Iwaszczuk & Stilla, 2017); (3) included the parametric model in the TIR orientation

bundle adjustment to extract thermal textures (Hoegner & Stilla, 2015, 2016, 2018);

and (4) projected textures from TIR-derived point clouds (Biswanath et al., 2023).

The texturing of 3D parametric models can provide a simplified geometry for the

visualisation of thermal information, modelled to the necessary LoD for the defined

building model, and become a repository for building diagnostics and management

(Patrucco et al., 2022b).
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2.3.4 3D–3D Fusion

As demonstrated in Section 2.3.1, the ability to generate TIR-only 3D thermal mod-

els has become possible in the last ten years due to advances in SfM photogrammet-

ric software, even with the low spatial resolution of TIR images. However, as proven

by the research in this chapter, data fusion provides the benefits of a better geom-

etry whilst maintaining the important temperature data for IRT-3DDF. Therefore,

methods exploring 3D-3D fusion have looked to take preliminary 3D point clouds

or 3D textured models generated solely from TIR images and fuse them with bet-

ter geometries derived from additional sensors. 3D-3D fusion has looked to exploit

novel SfM technologies, accompanying positional data and tandem sensors to pro-

vide more accurate methods of implementing IRT-3DDF.

TIR–VIS

Common across all TIR-VIS studies, whether it be 2D-2D, 2D-3D or 3D-3D, is

the convenience of capturing both datasets at the same time knowing their relative

orientation remains the same across all image pairs. However, the lack of TIR-VIS

research for 3D-3D fusion (at present there are no explicit examples using both sen-

sors within the same camera housing) points to several important considerations.

Firstly, the VIS sensor found on most terrestrial and aerial thermal cameras tends to

feature lower quality RGB sensors, meaning additional data sources are considered

for the geometry as opposed to the convenience of the integrated sensor. Paziewska

and Rzonca (2022)’s comparative study of UAV ‘base’ geometries for subsequent

fusion demonstrates the benefit that integrating supplementary (non-VIS sensors)

can have for accurate IRT-3DDF. Furthermore, as highlighted in Section 3.5, the

acquisition of data at different times for different sensors can maximise their in-

dividual quality and mitigate their limitations. Although the use of TIR-VIS for

3D-3D fusion has been limited, opportunities could arise from the integrated use of
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the sensors relative orientation in addition to other sensors or its use as a quality

metric (Adamopoulos et al., 2020b).

TIR–RGB

The co-registration of 3D point clouds from independent sensors, as opposed to

TIR-VIS, has demonstrated the benefits of capturing data from separate surveys

and transferring thermal information onto accurate 3D geometries. Several meth-

ods have demonstrated the ease of TIR-RGB implementation, with the manual

selection of common points a simple means of co-registering 3D point clouds. Both

Scaioni et al. (2017) and Wakeford et al. (2019)’s marker-based research used Ag-

isoft PhotoScan to manually mark common points in both TIR and RGB images

to co-register 3D point clouds in the same reference system. Dahaghin et al. (2021)

used GCPs extracted from Google Earth to undertake a Helmert transformation of

UAV-acquired point clouds, using additional CPs to determine an absolute distance

of < 0.3 m. The ease of implementation, using semi-automatic SfM processes for

the co-registration of independent point clouds, has shown 3D-3D fusion to be a

simple and scalable method for the generation of terrestrial and aerial 3D thermal

models.

Figure 2.10: A 3D TIRpoint cloud, 3D RGB mesh model and resulting 3D textured
thermal model using ICP for 3D-3D fusion (Maset et al., 2017).

Whilst the use of existing or extracted GCPs is a common procedure for IRT-3DDF,

methods have demonstrated that 3D-3D fusion can be undertaken based on the
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assumption that IRT and RGB point clouds are in close proximity, with Iterative

Closest Point (ICP) able to align / optimize point clouds based on similar geometries

(Figure 2.10)(Maset et al., 2017; Truong et al., 2017). Guilbert et al. (2020) and

Grechi et al. (2021)’s 3D-3D fusion studies, monitoring coastal landslides and rock

formations, respectively, used the Multiscale Model-to-Model Cloud Comparison

(M3C2) algorithm (Lague et al., 2013) to refine point cloud co-registration, chosen

for its robustness with varying point densities, local residuals and noise. Hoegner

and Stilla (2016) compared various IRT-3DDF methods including 3D-3D fusion

using ICP and GNSS/IMU data as initial parameters, finding superior results when

compared to fusion in 2D image space. The benefits of ICP lie in the ability to

register point clouds captured within the same acquisition (i.e., UAVs, TTISs),

registering point clouds in close proximity and appropriately scaled.

However, it must be noted that most co-registration or ICP methods listed above

perform successfully due to the initialisation information, either in the form of scaled

point clouds or proximity prior to fusion. To address this, Lin et al. (2019b) used

a four-step fusion method involving an initial coarse registration between unscaled

TIR and RGB point clouds, using Fast Point Feature Histogram (FPFH)(Rusu et

al., 2009) and Fast Global Registration (FGR)(Zhou et al., 2016) to determine co-

registration. This process outperformed RANSAC (Fischler & Bolles, 1981) for the

co-registration of 3D products and provided a coarse alignment prior to additional

2D-2D and 2D-3D fusion steps. To summarise, the ability for 3D products to

be generated solely from TIR images has been proven to be a legitimate procedure

within IRT-3DDF, one that can be exploited when initial position, scale and control

information is provided. Although no TIR-TLS methods are currently defined, TIR-

RGB fusion shows that when independent model generation is optimised through

detailed survey and suitable control networks, the co-registration or transfer of

thermal information can be easily implemented.
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TIR–Parametric Models

As parametric models represent 3D geometries built to a specific LoD, largely from

acquired TLS or Scan-to-BIM data, their registration with 3D thermal models

presents a suitable method for texturing 3D products. Hoegner and Stilla (2018)

present a 3D-3D fusion method coarsely registering 3D thermal point clouds with a

building model, using recorded GNSS from a TTIS as a-priori information for the

refinement of the TIR image poses. Similarly, Biswanath et al. (2023), texturing

an LoD3 building model from a 3D TIR point cloud obtained through different

minimisation approaches, used nearest neighbour to adhere ‘texels’ (texture pixels)

to each building façade. Much like the research carried out by Hoegner and Stilla

(2016) (from the same research group), Biswanath et al. (2023) found promising

results over traditional 2D-3D texturing methods. These studies prove that the 3D

geometry used for IRT-3DDF can be varied; which, whilst representing different

LoDs, still provide a sufficient base for thermal modelling.

2.3.5 Three-dimensional Thermal Imaging Systems (TTIS)

Three-dimensional Thermal Imaging Systems (TTIS’), defined as platforms com-

prising multiple sensors on fixed or ‘dynamic’ units, have been a tandem develop-

ment within IRT-3DDF, allowing for the capture of a wealth of datasets in both

stationary and mobile forms (Figure 2.11). TTIS’ typically feature a thermal cam-

era (often featuring both TIR and VIS sensors), a LiDAR range-based sensor and

GNSS/IMU units, all fixed on a singular platform. Much like Alba et al. (2011)’s

seminal ‘bi-camera’ study, the ability to fix sensors and determine their relative

poses can enable the registration of all sensors in the same coordinate system and

transfer data from one space to another. This system enables the capture of huge

quantities of data from one single location, reducing the time for overall data cap-

ture and providing greater context through the combination of multiple datasets
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corresponding to the same acquisition site (Adán et al., 2020). Furthermore, these

systems can be transferred to terrestrial (Adán et al., 2023a) and aerial (Hoegner

et al., 2016; Iwaszczuk & Stilla, 2017) mobile mapping platforms for greater access,

repetition, mobility and scale (Hoegner & Stilla, 2018).

Figure 2.11: A collection of IRT-3DDF TTISs comprising different image-, range-
and locational-based sensors: (a) (Adán et al., 2023a), (b) (Zhu et al., 2021), (c,
d) (Borrmann et al., 2014), (e) (Adán et al., 2020), (f) (Hoegner et al., 2018), (g)
(Merchán et al., 2018), (h) (Wang et al., 2013).

Evolving their own TTIS’, termed MoPAD and MoPAD2 (Mobile Platform for

Autonomous Digitization), Adán et al. (2020) and Adán et al. (2023b) demonstrate

the effectiveness of configured systems for the generation of 3D temporal models

for the AECO industry and energy monitoring campaigns within historic buildings.

Similarly, work from Biswanath et al. (2023), Hoegner and Stilla (2018), and Zhu

et al. (2021) use a mobile mapping system called MODISSA (Mobile Distributed

Situation Awareness) comprising Jenoptik IRTCM 640 thermal camera and two

Velodyne LiDAR for various IRT-3DDF methods, demonstrating the versatility of

TTIS’ and the methods they enable. Borrmann et al. (2014)’s thermal SLAM robot

named Irma3D generated 3D thermal models of indoor scenes with a TLS, RGB and

TIR cameras, resulting in the automatic detection of thermally-significant regions

and volumetric measurements.

Although the benefits of TTIS’ lie in the mobility of the platform, vast data capture
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and completeness of surveys, some significant limitations exist. Such platforms

typically have lower quality IR sensors; which, when coupled with the inability to

navigate to areas of interest as easily as a hand-held camera, can lead to poorer

TIR images. Furthermore, the processing of the data generated by a TTIS can be

computationally expensive and does not provide the flexibility of capturing certain

datasets when conditions are optimal. This, coupled with the significant price of

TTIS’ and the platforms to carry them (e.g., drones, vehicles or helicopters) means

their adoption may be limited, especially in industries such as DCH. The merits

of TTIS’ lie in the ability to capture vast amounts of thermal information and the

combination of sensors for optimal geometric and radiometric data (Figure 2.12).

2.3.6 IRT-3DDF & Complimentary Technologies

In addition to the plethora of approaches within IRT-3DDF, complimentary tech-

nologies have enabled data fusion methods to address specific applications, analyse

obtained results and evolve the wealth of topics covered within IRT-3DDF. In a

bid to extract value from the geometric and radiometric data contained within a

thermal model, BIM has been a central tool for information management and data

exploration (Hoegner & Stilla, 2018). Both Barbieri et al. (2023) and Brumana

et al. (2018b) utilise historic BIM (H-BIM) for the analysis of IRT-3DDF results,

exploiting active thermography for multi-temporal analysis and NURBs for cloister

vaults element modelling, respectively. Although no specific tools for the integra-

tion of IRT (or indeed IRT-3DDF) exist within commercial BIM software (Adán

et al., 2020), the growth of parallel energy- and building-related fields keep this an

active research area (Cho et al., 2015; Ramón et al., 2022).

The integration of live environmental sensor data within historic buildings, cap-

tured through surface thermometers or hygrometers, remains an active research

field, with building (Adán et al., 2020) and environmental (Grechi et al., 2021)
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Figure 2.12: An example 3D point cloud generated by a TTIS, featuring a Riegl
VZ400 TLS scanner, an Nikon D90 RGB camera and a FLIR AX5 TIR camera
(Adán et al., 2020).

monitoring systems able to complement and correct IRT-3DDF products. Ham and

Golparvar-Fard (2013b)’s Energy Performance Augmented Reality (EPAR) model

combines their 2D-2D fusion method with computational fluid dynamics (CFD)

to compare ‘actual’ and ‘supposed’ thermal models using EnergyPlus. Similarly,

Adán et al. (2021)’s work compares, contrasts and combines IRT-3DDF with live

environmental monitoring system sensor data, allowing for anomalies to be detected

and deterioration to be monitored. Utilising distinct element modelling, Napolitano

et al. (2019) combined TIR and TLS to map existing crack widths, structural load-

ing patterns and settlement displacement of plastered masonry. The combination of

sensors and models allows for the assessment of temperature change over time, local

vs. global temperature discrepancies, and qualitative vs. quantitative assessments

of temperature changes to be interpreted. Much like BIM, environmental sensor

networks within IRT-3DDF provides additional information for CRM practices, as-

sessing both current states and future possibilities.

The development of cameras and complimentary technologies has not been lim-

ited to thermal cameras, with several hardware advances enabling new methods of
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IRT-3DDF to be explored and expanded. Most notably, the rise of UAV’s within

DCH has presented a critical tool in the arsenal of a heritage professional, allowing

complete assessments of various subjects as well as architectural heritage. Wakeford

et al. (2019) present the first 3D reconstruction of an active volcano, using 3D-3D

fusion from a UAV to accurately monitor changes. Both Dahaghin et al. (2019) and

Hou et al. (2022) assess building roofs using UAV’s through similar fusion methods,

with the latter testing the optimal conditions for thermal image capture including:

camera altitudes, distinct camera angles, flight path design and building style. The

use of UAV’s has become an established tool within heritage sciences, and repre-

sents a crucial tool for the complete documentation and modelling of architectural

heritage within IRT-3DDF.

Finally, both the expanse of platforms and cameras within IRT-3DDF have seen

thermal modelling branch into tandem fields of computer vision using novel robots

and sensors. Yang et al. (2018) used an iPhone SE and FLIR ONE (FLIR’s attach-

able thermal camera unit)(320×240 pix) to demonstrate the capability of low-cost

image-based modelling using affordable sensors. Rangel and Soldan (2014), Vidas et

al. (2013), and Weinmann et al. (2014) used RGB-D cameras for 3D reconstruction,

the latter using a four-step calibration and registration pipeline finishing with Effi-

cient Perspective-η-Point (EPηP). Ramachandra et al. (2018) presents SLATM (Si-

multaneous Localisation and Thermal Mapping) for IRT-3DDF, showing promising

results for fusion methods over using thermal cameras in isolation (Vidas & Sridha-

ran, 2012). The studies presented here demonstrate IRT-3DDF may no longer be

hamstrung by issues of correspondence and localisation, proving the capabilities of

emerging tools for the extraction of value from IRT.
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Foundation of IRT-3DDF
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3.1 Introduction

Incorporating accurate temperature measurements within IRT-3DDF is fundamen-

tal for its effective use within CRM practices. The novelty of IRT-3DDF lies not

solely in the ability to observe thermal phenomena in three dimensions, but to

quantify these effects for further interpretation and analysis. Critically, the trans-

formation of infrared radiation into temperature values is the by-product of internal

(i.e., FPA sensor, lens optics, NUCs) and external (i.e., environmental conditions,

material emissivity, subject distance) dynamics acting upon TIR cameras, features

that need to be accounted for if IRT-3DDF is to be executed successfully. To date,

considerations for radiometry within IRT-3DDF have been largely neglected, mean-

ing methods citing high accuracy and precision of derived temperature values remain

unsubstantiated (Adán et al., 2023b). Furthermore, to extract the inherent value

of TIR images for IRT-3DDF, a balance between radiometric and photogrammet-

ric principles is fundamental, with image overlap, incident angle and GSD having

a significant effect on the overall accuracy of derived 2D images and 3D models.

Consequently, for IRT-3DDF to be meaningfully undertaken, more than superficial

modelling and visualisation, an understanding of electromagnetic radiation, TIR

cameras and photogrammetry is paramount.

3.1.1 Foundation: Aims & Objectives

Therefore, addressing Objective 1 of the thesis, this chapter will define the founda-

tional theoretical and practical knowledge for successful implementations of IRT-

3DDF, achieved through a sequential workflow of procedures that address radio-

metric and geometric accuracy. Providing the first comprehensive assessment of

protocols central to IRT-3DDF, this chapter will provide the necessary context

for the execution of fusion methods in Chapters 4 and 5, identifying how geo-
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metric and radiometric accuracy is ensured. As demonstrated by tandem fields

that have advocated for application-specific procedures to ensure radiometric ac-

curacy (Brooke, 2018; Dugdale, 2016), these procedures will be camera-, scene-,

and subject-independent, allowing for procedures to be implemented across terres-

trial and aerial IRT-3DDF use cases (Aragon et al., 2020; Wan et al., 2024). Whilst

each procedure can be readily improved with greater access to calibration blackbod-

ies, FPA sensor monitors and field radiometers; at its heart, this chapter provides

the means to understand the nature of infrared radiation, the performance of TIR

cameras and the considerations necessary for purposeful IRT-3DDF. This chapter

will:

1. Outline the fundamental principles of infrared radiation, thermodynamics and

temperature measurement in the context of IRT-3DDF

2. Develop procedures for assessing the performance of TIR cameras, includ-

ing: the accuracy of derived temperature values, the required time for FPA

sensor acclimatisation, and the reliability and periodicity of shutter-based

non-uniformity corrections (NUCs).

3. Specify and justify required methodological decisions for IRT-3DDF, including

photogrammetric, thermographic and subject-specific considerations.

3.1.2 Chapter Structure

This chapter begins with the history (Section 3.2) and theory (Section 3.3) of

InfraRed Thermography, critical to the understanding IRT-3DDF and the nota-

tion used throughout subsequent chapters. Section 3.4 outlines the functioning of

TIR cameras and presents a pseudo calibration set-up for assessing radiometric

camera calibration, FPA sensor acclimatisation and shutter-based NUCs. Finally,

Section 3.5 presents the critical procedures used for the execution of subsequent
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IRT-3DDF methods, including: environmental conditions, photogrammetric sur-

vey control and radiometric validation. These are undertaken through the case

study of Lenton Lodge Gatehouse (Appendix A.1), presenting the methodological

justifications made in Chapters 4 and 5.

3.1.3 Scope, Assumptions & Limitations

For the successful execution of the aims and objectives, several assumptions must

be acknowledged. Firstly, although the terms infrared (IR), thermal and ther-

mal infrared (TIR) are used interchangeably throughout the thesis, all refer to

the same bands of electromagnetic radiation denoted in Section 3.3.1. Secondly,

the TIR camera utilised for this thesis, a Workswell WIRIS Pro, was employed

as it was readily available for the execution of the thesis. Although the WWP

provides integrated access to FPA sensor temperature, simultaneous image acqui-

sition and sensor monitoring was not available. Therefore, sensor acclimatisation

experiments were undertaken without accompanying imagery (and the effects this

might elicit). Thirdly, no access to a calibration blackbody, climatic chamber or

surface thermometer could be acquired, with calibration set-up controlled within

practical limitations and reference materials measured using an infrared thermome-

ter. Finally, no radiometers or surface thermometers were utilised for validation,

although thermal-specific markers were employed in conjunction with an infrared

thermometers. Critically, it is important to state what this chapter can and cannot

achieve due to limitations in resources; however, it is these very limitations that

will allow us to form methods that can be refined for future cameras and use cases

of IRT-3DDF for architectural heritage.
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3.2 InfraRed Thermography: A History

Although the discovery of infrared radiation is rightfully credited to William Her-

schel, it was Emilie du Chatelet’s ‘Dissertation sur la nature et la propagation du

feu’ (1744) that first outlined the possibility of different colours of light having dif-

ferent ‘heating powers’ (du Châtelet, 1744; Vollmer & Möllmann, 2018). It was not

until 1800 that William Herschel, a royal astronomer to King George III of England

responsible for the discovery of Uranus, discovered the varying heating properties of

different colours in the ‘thermometrical (electromagnetic) spectrum’ (Lucchi, 2018).

Herschel, looking to find suitable optical filters and lenses for telescopes, devised an

experiment to determine the heat of separate colours exiting a prism (Figure 3.1).

This demonstrated an increase in heat from violet to red light, but most notably

that heat continued past the visible light to an area of invisible light Herschel termed

‘calorific rays’ (Herschel, 1800). Herschel’s experiments determined the existence of

what we now know as infrared radiation, confirming: (1) the difference and similar-

ities between light and ‘dark heat’; (2) the ability for this heat to be quantitatively

measured using a thermometer; and (3) the transmission of such rays was different

among materials (Barriera et al., 2012; Corsi, 2015; Maldague, 2001).

Several decades later, Herschel’s discovery would be cemented by confirming the

presence of infrared radiation and it’s links with temperature measurement. Thomas

Seebeck (Seebeck, 1826) would discover the thermoelectric effect using an antimony-

copper pair, demonstrating that a change in voltage could be obtained proportional

that of changing temperature (∆T ), starting the development of temperature sen-

sors with greater accuracy and sensitivity (Rogalski, 2012; Vollmer & Möllmann,

2018). In 1830, Leopoldo Nobili would employ the ‘Seebeck Effect’ to create the

first thermocouple, an electrical thermometer capable of detecting infrared radia-

tion (Nobili, 1830; Vollmer & Möllmann, 2018). In collaboration with Macedonio

Melloni, Nobili-Melloni (1933) would develop the first ‘thermophile infrared detec-
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Figure 3.1: William Herschel’s (1800) experiment discovering the presence of in-
frared radiation, utilising a prism and thermometers to determine the temperature
of different electromagnetic regions (Herschel, 1800; Vollmer & Möllmann, 2018).

tor’, combining ten thermocouples in a series circuit. This achieved a temperature

sensitivity forty times greater than existing thermometers, capable of detecting the

thermal signature of a person 10 meters away (Barr, 1962; Rogalski, 2012; Vollmer

& Möllmann, 2018). Soon after, Edmond Becquerel (Becquerel, 1839) would dis-

cover the photovoltaic effect, John Herschel (Herschel, 1840) would produce the

first thermograph and Samuel Pierpont Langley (Langley, 1880) would discover the

bolometer . Importantly, the development of the bolometer, a material that changes

its electrical conductivity when heat by infrared radiation, opened the door for dis-

coveries and applications across greater distances (Vollmer & Möllmann, 2018).

Throughout the 20th Century, developments of military applications in WW1 and

WW2 lead to the established use of photoconductive detectors to identify enemy

positions, detect incoming vessels and see in the dark of night (Figure 3.2). During
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this period, the development of pyroelectric detectors and cryogenic cooling ex-

panded the range of materials capable of detecting infrared radiation, notably lead

selenide (PbSe), lead telluride (PbTe), indium antimonide (InSb) or mercury cad-

mium telluride (Hg1-xCdxTe) (Khodayar et al., 2016; Lawson et al., 1959; Vollmer &

Möllmann, 2018). It was only in the early 1960s and 1970s that commercial infrared

cameras would become available from the likes of Inframetrics and Agema Infrared

Systems (now merged within industry-leading Teledyne FLIR®), powered by the

introduction of charge-coupled device (CCD) sensors and the boom of commer-

cial digital cameras (Boyle & Smith, 1970; Maldague, 2001; Vollmer & Möllmann,

2018). The introduction of the Focal-Plane Array (FPA) in the 1980s, a bidimen-

sional sensor built upon the principles of the CCD, enabled increases in resolution

for infrared detectors utilising both cooled and uncooled thermal cameras (Khoda-

yar et al., 2016; Maldague, 2001).

Figure 3.2: Agema Infrared Systems’ AGA Thermovision 665 (1965-1967), one
of the first commercial, mass production, single-element sensor, optomechanical
scanner thermal cameras (Rogalski, 2012; Vollmer & Möllmann, 2018).

Today, the microbolometer has become the foundation for low-cost commercial in-
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frared detectors, enabling thermal cameras to: (1) become smaller, light and more

portable; (2) reduce pixel size and increase sensor resolution; (3) reduce manu-

facturer and consumer costs; (4) increase accuracy and sensitivity across different

wavelengths and temperatures; and (5) provide greater operability and function-

ality for users within a wealth of industries (Lucchi, 2018). Thermal cameras are

now central tools for: building and industrial inspection; agricultural, veterinary

and medical science; military, surveillance and security; and gas, fire and fault de-

tection (Gade & Moeslund, 2014). It is evident that the future developments of

infrared technologies will continue to be driven largely by the military sector, still

responsible for ∼80% of the IRT market (Corsi, 2015; Maldague, 2001). This future

will look to expand the applications of IRT (i.e., automotive, smart buildings and

environmental control), develop sensors with increasing stand-alone and integrated

capabilities (i.e., quantum detectors, silicon microbolometers, integrated sensors),

and extract greater value from infrared thermography (Corsi, 2015; Khodayar et al.,

2016).

3.3 InfraRed Thermography: Principles & Prac-

tices

To understand the processes central to IRT, an appreciation for the very radiation

it is tasked with detecting, and the relationship with temperature it encapsulates,

is necessary. Infrared Thermography, also termed thermal imaging or simply ther-

mography, represents the scientific discipline dedicated to the detection and trans-

formation of thermal infrared radiation (thermos-) into a signal capable of repre-

senting the distribution of temperature (-graphy) (Ibarra-Castanedo et al., 2013;

Maldague, 2001; Vollmer & Möllmann, 2018). The science of IRT looks to define

the relationship between the emitted radiation from an object and the resulting
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radiation observed by a detector, accounting for the numerous influences that can

impact the transmittance and attenuation of infrared radiation. Only by doing so

can accurate temperature measurements be derived and displayed.

Figure 3.3: Electromagnetic spectrum visualising regions and bands for infrared
radiation, and those denoted by the term ’thermal IR’ (TIR) (Vollmer & Möllmann,
2018, p.10).

3.3.1 Infrared Radiation & the Electromagnetic Spectrum

Infrared radiation is radiation emitted as electromagnetic waves (or photons) by all

objects with a temperature (T ) above absolute zero (T>0 K or -273.15 ◦C). The

wavelength and intensity of the infrared radiation are determined by the temper-

ature of the object, with higher temperatures resulting in a shorter wavelength of

infrared radiation. Comprising part of the electromagnetic spectrum, sandwiched

between the visible and microwave wavelength regions, infrared radiation spans

wavelengths (λ) of ∼0.7–1000 µm (Figure 3.3). Importantly, infrared radiation is
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absorbed and emitted by both molecules (mass) and photons (mass-less), mean-

ing the transportation of energy can take place with or without matter (Gade &

Moeslund, 2014; Maldague, 2001). This is fundamental to understand how incident

radiation is received by an infrared sensor in non-contact inspection processes, with

infrared radiation propagating in straight lines much like visible light (Çengel et al.,

2019; Vollmer & Möllmann, 2018).

Region Wavelengths
(µm) Properties Applications

NIR 0.7 – 1.4 Weak absorption by water
High reflectance from vegetation

Vegetation health monitoring
Night vision
Fibre optics

SWIR* 1.4 – 3 Absorbed by water
Penetrates haze

Water content analysis
Geology
Surveillance
Food inspection

MWIR* 3 – 5 Detects hot objects
Absorbed by gases

Thermal imaging
Missile tracking
Gas leak detection

– 5 – 7 Strong atmospheric absorptivity Infrared Spectroscopy
Gas Detection

LWIR* 7 – 14 High atmospheric transmittance
Thermal imaging
Temperature measurement
Night vision

FIR 14 – 1000 Strong interaction with molecules
Astronomy
Biomedical imaging
Climate studies

Table 3.1: Infrared spectral regions, their wavelength properties, and common ap-
plications. * denotes bands included as part of the thermal or thermal infrared
designation (Vollmer & Möllmann, 2018, p.10).

Although defined regions and bands differ across (and within) scientific disciplines,

the infrared portion of the electromagnetic spectrum can be broadly divided into

five regions: Near-Infrared (NIR), Short-Wave InfraRed (SWIR), Medium-Wave

InfraRed (MWIR), Long-Wave InfraRed (LWIR) and Far-Infrared (FIR). Table 3.1

shows the regions of infrared radiation, their associated bands within the electro-

magnetic spectrum and their applications. The importance of these bands lies in

their unique abilities to absorb and transmit infrared radiation, with wavelengths in

the 7-14 µm range, those most commonly utilised for thermal cameras, capable of

transmitting the most radiation through the atmosphere and therefore best suited
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for ambient temperature inspection (T >400 ◦C)(Usamentiaga et al., 2014; Vollmer

& Möllmann, 2018). In addition, unlike wavelengths in the 5-7 µm range, the ab-

sorption of infrared radiation by CO2 or H2O molecules in the atmosphere is lowest

for LWIR at such temperatures, allowing for the maximum amount of radiation to

be detectable for infrared sensors (Figure 3.4).

Figure 3.4: Atmospheric transmittance of MWIR and LWIR at one nautical mile,
15.5 ◦C and 70% relative humidity (Usamentiaga et al., 2014).

3.3.2 Infrared Radiation & the Laws of Thermodynamics

Whilst the discovery of infrared radiation by Herschel illuminated the relationship

between the electromagnetic spectrum and temperature, confirmation of his princi-

ples would later be defined by several laws central to the theory of thermodynamics.

As previously stated, every object above absolute zero will emit infrared radiation.

However, the total proportion of energy either absorbed (α), reflected (ρ) or trans-

mitted (τ) at a given wavelength, as defined by the law of energy conservation, must
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total the incident radiation (Barriera et al., 2012):

α(λ) + τ(λ) + ρ(λ) = 1 (3.1)

However, the proportion of energy absorbed by an object and subsequently emitted

is defined as the emissivity (ε), a value that differs amongst materials due to their

inherent properties. Emissivity, ranging from 0 to 1, expresses the ability for an ob-

ject to emit infrared radiation (Lagüela et al., 2016). Encapsulated by Kirchhoff’s

Law (Kirchhoff, 1860), at thermal equilibrium, the proportion of incident radiation

absorbed and subsequently emitted are equal, meaning the spectral absorptivity

(α) and emissivity (ε) are the same at any given wavelength or temperature (Equa-

tion 3.2). Simply, this denotes that good ‘absorbers’ of temperature are also good

‘radiators’ of temperature and visa-versa (Corsi, 2015).

α(λ) = ε(λ) (3.2)

Therefore, by embracing this relationship, Equation 3.1 can be re-written as Equa-

tion 3.3.

ε(λ) + τ(λ) + ρ(λ) = 1 (3.3)

When all incident (absorbed) radiation is subsequently emitted (i.e., ε = 1), this

object is known as a blackbody, a diffuse emitter that reflects and transmits no

radiation regardless of wavelength, temperature or direction (Barriera et al., 2012;

Usamentiaga et al., 2014). However, a blackbody represents an idealised object,

with real objects emitting, reflecting and transmitting portions of the incident radi-

ation (Vollmer & Möllmann, 2018). As demonstrated in Equation 3.1, when subject

to incident radiation (ϕi), an object is defined by three parameters: absorptivity

(α), reflectivity (ρ) and transmissivity (τ). These parameters specify the propor-

tion of total energy either absorbed within, reflected off, or transmitted through an

object; which, by virtue, also specifies the ratio of that incident radiation compared
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to that of a perfect blackbody (Riveiro et al., 2016). These parameters, wavelength,

temperature and orientation-dependent, determine the amount of energy leaving an

object, ultimately dictating the amount of infrared radiation detectable by an in-

frared detector (Maldague, 2001). For opaque materials, transmissivity is discarded

(τ=0), with reflectivity becoming:

ρ(λ) = 1 − ε (3.4)

Building the foundations for the relationship between spectral radiance and temper-

ature, Planck’s Law (Planck, 1901) defined the distribution of the temperature of

a blackbody and the intensity of infrared radiation at different wavelengths (Gade

& Moeslund, 2014), defined as :

I(λ, T ) = 2πhc2

λ5
(

e
hc

λkBT − 1
) , (3.5)

where I(λ, T ) represents the intensity of infrared radiation as a given wavelength

and temperature, c the speed of light, h Planck’s constant and kb Boltzmann’s

constant. Equation 3.5 proves objects with higher temperatures emit most of their

infrared radiation in lower spectral ranges (3-4 µm at ∼475 ◦C) (Maldague, 2001).
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Figure 3.5: Plank’s distribution curves implementing Wien’s law of displacement,
determining the maximum spectral radiance achieved by a blackbody at a given
temperature (Usamentiaga et al., 2014).

Planck’s Law of distribution, when combined with Wien’s Law of displacement

(Wien, 1897), which determined the derivative of Planck’s distributions across all

temperatures, allows for the maximum radiance at any given temperature and wave-

length to be calculated (Figure 3.5). This stipulates that temperature and wave-

length are inversely proportional, with maximum radiance being obtained at lower

temperatures by higher wavelengths (Corsi, 2015). However, real objects are not

idealised blackbodies or greybodies (consistent across wavelengths), with charac-

teristics of the incident radiation (i.e., spectral intensity, angle, wavelength) and

observed object (surface roughness, planarity, chemical composition) determining

the amount of energy that is reflected and transmitted (Barriera et al., 2012).

Therefore, the emissivity of a material can be denoted as a fraction of either the

emitted radiation and the total incident radiation, or the proportion of emitted

radiation against that of a blackbody at the same temperature (Equation 3.6). The

latter, known as Stefan-Boltzmann’s Law (Boltzmann, 1884; Stefan, 1879), defines
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the emissivity of a grey body at a given wavelength:

ε(λ) = Wrb / Wbb (3.6)

where Wrb represents the emitted radiation of a real (grey) body as a proportion of

a blackbody (Wbb)(Garrido et al., 2018). Here, a blackbody is defined as:

Wbb = σT 4 (3.7)

with T as the absolute temperature and σ the Stefan-Boltzmann constant (Çengel

et al., 2019). Therefore, to represent the total emitted radiation of an object, as

opposed to a black body, the adaptation of Stefan-Boltzmann’s equation for real

objects integrating the emissivity of a grey body (assuming ε is constant across all

wavelengths):

Wrb = εσT 4 (3.8)

The implementation of these principles is central to the practice of IRT, informing

the spectral ranges suitable for specific applications, the required characteristics of

utilised infrared sensors, and the compensation needed for material emissivity.

3.3.3 Infrared Radiation & Temperature Measurement

As defined by the laws of thermodynamics, the accurate determination of tempera-

ture depends on accounting for the properties of, and between, the subject and the

sensor detecting infrared radiation. Therefore, the identification and calculation

of parameters acting within a scene are vital for the effective implementation of

IRT. Figure 3.6 demonstrates the relationship between an observed object, the dy-

namics acting within the scene and the resulting radiation received by the infrared

camera. Importantly, not all emitted radiation from an object is received by the

infrared sensor, with the total observed radiation (Wtot) composed of three sources:
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emission by the object (limestone)(Elime), emission by proximal reflected radiation

(Erefl), and emission by the atmosphere (Eatm)(Garrido et al., 2020b; Maldague,

2001; Usamentiaga et al., 2014):

Wtot = Elime + Erefl + Eatm (3.9)

Firstly, the emission of a real object (Eobj), as seen in Equation 3.8, is dependent

on its absolute temperature and emissivity. This represents the most critical value

for IRT and must be calculated for accurate quantitative (as opposed to ‘apparent’)

temperature measurements to be obtained (Lagüela et al., 2016). However, the total

radiation emitted by the object is subject to the transmittance of the atmosphere

(τatm), a product of the attenuation coefficient, distance and relative humidity of

the scene (Aubrecht et al., 2016; Usamentiaga et al., 2014):

Elime = εlime · τatm · σ · (Tlime)4 (3.10)

Figure 3.6: Radiation emitted in a scene and received by an infrared sensor.

Secondly, as demonstrated in Equation 3.4, energy not emitted or transmitted must

be accounted for by reflectivity (Erefl), radiation received by the infrared sensor as a

product of the temperature, atmospheric transmittance and reflectivity of proximal

53



3.3. INFRARED THERMOGRAPHY: PRINCIPLES & PRACTICES

surroundings (Aubrecht et al., 2016; Usamentiaga et al., 2014):

Erefl = (1 − εlime) · τatm · σ · (Trefl)4 (3.11)

Lastly, although capable of absorbing radiation from the emitted object, the atmo-

sphere between the object and infrared sensor is similarly capable of emitting the

radiation is receives:

Eatm = (1 − τatm) · σ · (Trefl)4 (3.12)

As a result, by combining Equations 3.9, 3.10, 3.11, and 3.12, we are able to deter-

mine a unified formula for temperature measurement utilising the key parameters:

(1) the emissivity of the object under investigation, (2) the reflected temperature

in the scene, (3) the temperature of the atmosphere, and (4) the transmittance of

the atmosphere:

Tobj = 4

√√√√Wtot − (1 − εobj) · τatm · σ · (Trefl)4 − (1 − τatm) · σ · (Tatm)4

εobj · τatm · σ
(3.13)

By determining accurate values for these parameters, the calculation of accurate

temperature measurements using IRT can be realised.

IRT-3DDF & Temperature Measurements

Whilst the principles of IRT remain constant for IRT-3DDF; critically, the repre-

sentation of temperature takes several forms. By processing 2D TIR images as

part of a 3D modelling pipeline, temperature values are observed, transformed and

amalgamated throughout several processes, often combining multiple temperature

values into a singular value. Figure 3.7 displays the distinctions between different

component temperatures within IRT-3DDF, demonstrating the transformation of

real-world temperature values into 2D/3D digital temperature values. To distin-

guish between these different temperature values within future thermal modelling
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methods, the following terms are adopted for all subsequent IRT-3DDF workflows:

• Treal: The true (theoretical) temperature of a specimen.

• Tobs: The observed temperature of the specimen, achieved using a blackbody,

infrared thermometer or similar measuring device. This value is still depen-

dent on the observation, with parameters affecting the accuracy of the reading

against Treal.

• T2D: The recorded temperature within the 2D thermal image. This is used

to represent either an individual pixel value or the image in its entirety.

• T3D: The temperature encapsulated within the generated 3D thermal model.

Similarly, this term is used to specify individual point or mesh values as well

as the model in its entirety.

Figure 3.7: Distinctions between the different temperature values observed within
a standard IRT-3DDF pipeline.

3.4 Thermal InfraRed (TIR) Cameras

The development of the microbolometer represents the foundation upon which the

modern IRT industry has been built, accounting for more than 95% of current com-

mercial thermal infrared cameras as of 2010 (Corsi, 2015; Rogalski, 2012; Vollmer &
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Möllmann, 2018). Comprising individual bolometric detector elements (pixels) as a

two-dimensional array (sensor), the resolution of a thermal camera is dependent on

the overall size of an FPA sensor, the size of each individual microbolometer (e.g.,

17×17 µm) and the fill factor between pixels (typically >80%), all of which are im-

proving drastically with newer camera models (Figure 3.8)(Vollmer & Möllmann,

2018). Typically ranging from 180×120 pix to 640×480 pix, sensor resolution has

continually been denoted as the biggest barrier to successful IRT-3DDF, largely

due to the difference in identifiable features across different modalities (Sutherland

et al., 2023). Although data fusion methods have been undertaken with remark-

ably low resolution infrared sensors (notably Jones (2001)’s 8 mm 16×16 pix sensor

and Javadnejad et al. (2020)’s 80×60 pix SenseFly Albris sensor), a larger sensor

provides a greater GSD, preferential for effective IRT-3DDF (Adamopoulos et al.,

2020b). Ultimately, the greater the sensor size the more likely successful fusion can

be achieved, with trade-offs between camera price, thermal sensitivity and system

cooling demands necessary considerations (Lagüela et al., 2016; Vollmer & Möll-

mann, 2018).

Figure 3.8: Uncooled VOx microbolometer FPA sensor, including microscopic image
of: a microbolometer array (left) and microbolometer ROIC contact (right) (Vollmer
& Möllmann, 2018).
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3.4.1 Workswell WIRIS Pro

For the execution of this thesis, a Workswell® WIRIS Pro (WWP) UAV thermal

imaging system was used, offering a vanadium oxide (VOx) microbolometer FPA

sensor with 640×512 pix resolution and thermal sensitivity of 0.05 ◦C. The Work-

swell WIRIS Pro features both a thermal sensor and visible sensor (1920×1080 pix)

fixed within the same camera housing, allowing for thermal-visible image pairs to be

captured concurrently during each imaging survey. Although the Workswell WIRIS

Pro features two sensors, WWP is used as the designation for the thermal sensor

within the camera. To differentiate between visible spectrum images derived from

independent cameras, as opposed to images coming from sensors housed within the

Workswell WIRIS Pro; the term VIS is adopted for the visible spectrum sensor

housed within the Workswell WIRIS Pro thermal camera (see Figure 2.3). Origi-

nally designed as a UAV camera, the Workswell WIRIS Pro has been modified to

work terrestrially. This has included: the use of an external battery, the attachment

of a digital monitor and keyboard, and the mounting of the camera on a traditional

camera tripod. As suggested by Workswell s.r.o., yearly servicing of the Workswell

WIRIS Pro is fundamental to maintain the accuracy of temperature measurements.

The thermal camera was serviced in August 2023 before the execution of the data

capture in Chapters 4 and 5, which included radiometric calibration, replacement

of the camera’s motherboard and lens cleaning.

The Workswell WIRIS Pro allows for a fully-customisable set-up that accounts for

environmental conditions, observed temperatures and desired outputs. Firstly, the

environmental conditions of the scene were set for every survey to achieve accurate

temperature measurements, including material emissivity, reflected temperature,

atmospheric temperature and distance (Section 3.3). Secondly, although the Work-

swell WIRIS Pro allows a wealth of file formats to be generated, 16-bit TIFF images

encoding raw temperature values as a digital numbers (DN) were employed exclu-
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(a) (b) (c)

Figure 3.9: (a) Workswell WIRIS Pro featuring TIR and VIS sensors; (b) Workswell
WIRIS Pro configured with external battery and monitor; and (c) a sample TIR
image showing the thermal signature generated by a human subject, thermal-specific
survey marker and water bottle in an ambient office building (Workswell s.r.o, 2021).

sively. Finally, to ensure radiometric consistency, the Workswell WIRIS Pro allows

user’s to access: the FPA sensor and CPU temperatures, NUCs and their period-

icity, and the temperature range of the environment (for IR wavelength sensitivity

configuration). Table 3.2 summarises the key properties of the Workswell WIRIS

Pro, whilst Figure 3.9(b) shows the camera system after modifications and Figure

3.9(c) shows sample images obtained from the WWP.

3.4.2 Radiometric Calibration, Correction & Validation

At present, radiometric calibration, correction and validation remains an overlooked

component of IRT-3DDF, resulting in methods that regularly ignore the radiomet-

ric accuracy of derived thermal models (Daffara et al., 2020; Merchán et al., 2018).

Whilst access to a blackbody calibrator (Lin et al., 2018b), proximal FPA sensor

temperature (Wan et al., 2021), and field radiometers (Kusnierek & Korsaeth, 2014)

is essential for radiometric calibration, correction and validation, respectively; the

need to undertake investigations that can assess relative consistency and reliability

of TIR cameras if absolute accuracy and precision is similarly valid (Adán et al.,

2021; Kelly et al., 2019). Therefore, in order to evaluate the performance of the

WWP, radiometric calibration, correction and validation experiments were under-
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Specifications: Values:
TIR Sensor
FPA Sensor Size 10.88×8.71 cm
Pixel Size 17.00 µm
Resolution 640×512 pix
Nominal Focal Length 13.00 mm
Field-of-View (FOV) 45°×36°
Lens Optics (Material) Germanium (Ge)
IR Detector Uncooled VOx microbolometer
Spectral Range 7.5–13.5 µm
Temperature Sensitivity 0.05 °C
Temperature Accuracy ±2 % or ±2 °C

Temperature Ranges –25 to +150 °C
–40 to +550 °C

Frame Rate 30 Hz or <9 Hz
VIS Sensor
CMOS Sensor Size 5.23×2.94 mm
Pixel Size 2.72 µm
Resolution 1920×1080 pix
Nominal Focal Length 3.50 mm
Power Supply, Weight, & Dimensions
Input Voltage 9–36 VDC
Power 12 W
Weight ∼430 grams
Dimensions 83×85×68 mm
Housing material Aluminium
Operating temperature range -15 to +50 °C

Table 3.2: Workswell® WIRIS Pro Specifications (Workswell s.r.o, 2020).

taken prior to IRT-3DDF to determine: (1) the time required for the FPA sensor

to acclimatise; (2) the accuracy of derived temperature measurements; and (3) the

stability and reliability of shutter-based non-uniformity corrections (NUCs).

FPA Sensor Acclimatisation

To stabilise an FPA sensor, allowing it to come to temperature after being turned

on, a period of acclimatisation is required; with the duration, typically ranging

from 15-60 mins, heavily camera- and scene-dependent (Berni et al., 2009; Döpper
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et al., 2020; Kelly et al., 2019; Wan et al., 2021). Whilst FPA sensor temperature is

not always accessible as a metric within commercial TIR cameras, assumptions of

FPA sensor temperature can be made by monitoring the camera body temperature

(Wan et al., 2021), the response of integrated shutter-based NUCs (Aubrecht et

al., 2016; Kelly et al., 2019), or intra- and inter-image changes (e.g., fixed-pattern

noise (FPN)(Hardie et al., 2000)). Although the Workswell WIRIS Pro provides

proximal temperatures for both the FPA sensor and CPU, this is only available as

supplementary information and cannot be extracted during image acquisition (Wan

et al., 2021). As a result, values for both temperatures were manually plotted to

assess sensor acclimatisation. Secondly, although the sensor temperature cannot

be viewed during image acquisition, by undertaking regular shutter-based NUCs

(which are computed utilising the sensor temperature) as part of a periodic image

capture test (see Section 3.4.2), we can assess the extent of internal corrections

which are being undertaken based on the FPA sensor temperature.

Figure 3.10: WWP Sensor Acclimatisation comprising internal FPA sensor (‘IR
Core’) and camera housing (‘CPU’) temperatures over the 60 min duration.
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Results of a 60-minute WWP sensor acclimatisation experiment can be seen in

Figure 3.10, showing the listed internal temperature of the FPA sensor (termed

‘IR Core’) and camera housing (termed ‘CPU’) from initialisation (turning on the

Workswell WIRIS Pro). In line with similar findings for UAV thermal cameras

(and that of the WWP specifically)(Wan et al., 2021), the FPA sensor and camera

housing reach a stable temperature around 35 mins after initialisation, determining

the required time for the sensor to heat-up during subsequent IRT-3DDF methods.

However, these results cannot be viewed in isolation, with several considerations

needed to wholly understand: (1) whether meaningful assumptions on the FPA

sensor can be made indirectly (as sensor monitoring and periodic image capture

cannot be done concurrently), (2) how FPA sensor temperature is integrated into

internal NUC processes (Wan et al., 2021), and (3) how environmental conditions

affect the acclimatisation and stability of the FPA sensor for ‘real-world’ thermal

imaging surveys)(Kelly et al., 2019; Kusnierek & Korsaeth, 2014).

Radiometric Camera Calibration

The introduction of the microbolometer has allowed TIR cameras to significantly

reduce overall camera unit size (Olbrycht & Więcek, 2015); however, this has come

at the cost of internal cooling systems and closer processor-based camera electron-

ics, all of which generate infrared radiation and alter the internal temperature of the

camera during operation (Acorsi et al., 2020; Budzier & Gerlach, 2015). Existing

radiometric calibration approaches have looked to address the dynamic response

of FPA sensors by: (1) varying blackbody temperature to simulate changing en-

vironmental conditions (Aragon et al., 2020; Lin et al., 2017; Nugent et al., 2013;

Tempelhahn et al., 2016); (2) comparing linear and exponential models to map

temperature variation over time (Budzier & Gerlach, 2015; Cao & Tisse, 2013;

Gonzales et al., 2019; Nugent et al., 2014); and (3) contrasting calibration results

derived in controlled lab- or field-based experiments (Gazzano et al., 2024; Kelly
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et al., 2019; Kusnierek & Korsaeth, 2014). To undertake radiometric calibration,

correction and validation experiments, a pseudo blackbody-like calibration set-up

was configured, observing a uniform specimen (TESTO emission tape: ε=0.95) in

conditions with constraints on: atmospheric temperature and relative humidity;

lighting, reflections and irradiance; camera distance, motion and incidence angle

(Aragon et al., 2020; Wan et al., 2021). Whilst temperature accuracy cannot be

determined to the same degree as a traditional blackbody, an infrared thermometer

(RS PRO RS-8876: temp. accuracy ±1 ◦C, temp. res. 0.1 ◦C) was used to assess

temperature accuracy of T2D against Tobs over time.

Shutter-based Non-Uniformity Corrections (NUCs)

The susceptibility for FPA sensors to increase in temperature over time has led

manufacturers to develop processes that correct the differences in gain and offset

values of each microbolometer during operation. To mitigate this phenomenon,

many modern commercial cameras feature a non-uniformity correction, commonly

termed NUCs, where individual microbolometer values are corrected against a me-

chanical shutter with homogenous temperature (Döpper et al., 2020; Nugent et

al., 2014). Although the implementation of shutter-based NUCs varies amongst

thermal cameras, with some researchers configuring their own shutters (inc., filters

(Olbrycht et al., 2012), semi-transparent- (Olbrycht & Więcek, 2015) or external

shutters (Virtue et al., 2021)), most are in-built, inaccessible (w.r.t., manufacturer’s

implementation, generated shutter images or shutter temperature) and provide ba-

sic configuration (e.g., duration between NUCs (periodicity) and manual/automatic

implementation)(Figure 3.11).

To assess the reliability and periodicity of NUCs for the WWP, the radiometric

calibration set-up was used to determine the ability for NUCs to return drifted T2D

values back to known Tobs values. Periodic image capture was undertaken using
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Figure 3.11: An example 50 image TIR sequence generated by the WWP begin-
ning immediately after initialisation with automatic NUCs enabled. Here, several
NUCs (represented by vertical blue lines) are undertaken at irregular intervals to
compensate for the effects of sensor acclimatisation, visible in the ‘brightening’ of
images leading up to a NUC event.

the WWP in a 90-minute window, with images taken every 15 seconds. NUCs were

implemented automatically every 10 mins starting at 2 mins (after the WWP’s

internal monitors deem the camera to have finished ‘heating up’). The following

intra-image metrics, those calculated from a singular image of the TIR sequence,

were plotted over the duration of the test: intra-image mean (IImean), intra-image

minimum (IImin) and intra-image maximum (IImax) (Yuan & Hua, 2022). To deter-

mine the reliability of NUCs, recorded IR thermometer measurements (Tobs) were

taken periodically throughout the experiments, allowing for the assessment of the

radiometric calibration of the WWP and the ability for NUCs to return drifted

values back within range of a known value.

The results of the radiometric camera calibration and NUC experiments can be seen

in Figure 3.12, visualising the NUC intervals throughout periodic image capture.

Notably, we can see the importance of the NUCs upon initialisation, responding to

the acclimatisation of the FPA sensor. Although Wan et al. (2021) determined the

uncertainty of NUCs to be considerable for the WWP under dynamic environmental

conditions, it is clear that under controlled conditions the NUCs are successful at
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Figure 3.12: WWP FPA sensor acclimatisation / NUC stabilisation results using
the psuedo-blackbody radiometric calibration set-up. Here, intra-image metrics
(Max., Mean and Min.) are shown over the course of the 90-minute experiment
generated during periodic image capture.

returning T2D values back to Tobs upon each NUC iteration, with an mean absolute

difference (µ|∆|) of 0.4 ◦C (σ=0.2 ◦C) for NUCs after 15 mins. Importantly, in line

with the results of the Section 3.4.2 (∼35 mins) and those of Wan et al. (2021) (60

mins), under periodic image capture the WWP does not provide stable temperature

readings before ∼52 mins, suggesting that periodic image capture increases the

time required for the FPA sensor to stabilise and provide accurate temperature

measurements (surprisingly, the WWP CPU suggested the heating up period had

finished after 2 mins, after which the NUCs began). In summary, the radiometric

calibration, correction and validation experiments suggest that, during operation,

we can rely on the WWP’s factory calibration for accurate T2D values; however,

we must not rely on factory correction, meaning an initial period for FPA sensor

acclimatisation and the implementation of regular NUCs fundamental for consistent

TIR surveys (Wan et al., 2024).
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3.5 Thermal Data Capture

For IRT-3DDF to be successful, a balancing act between IRT and photogrammet-

ric practices must be undertaken. Whilst the stability of TIR cameras, impact of

changing environmental conditions and choice of thermography approach are com-

mon challenges within IRT; when coupled with the necessity for high image overlap,

simultaneous multi-modal data capture and geometric survey control, the process

of IRT-3DDF becomes increasingly complex. Although standards, guidance and

publications exist for IRT (ASTM International, 2015; British Standards Institute,

2017; Colyer & Arnolds, 2019; Garrido et al., 2020a) and close-range photogram-

metry (Historic England, 2017, 2024; Stylianidis & Remondino, 2016; Waldhäusl &

Ogleby, 1994) (often adopted within IRT-3DDF research (Napolitano et al., 2019;

Patrucco et al., 2022a)), best practices for the capture of TIR images for 3D mod-

elling are yet to be clearly defined. The complexity of thermal data capture for

IRT-3DDF comes from the fact that choices to optimise one variable may hinder

the performance of another, meaning decisions must be made acknowledging the

purpose of the survey and desired outputs. Accompanied by experiments for multi-

modal data captured at Lenton Lodge Gatehouse (Chapters 4 and 5), this section

determines where considerations for thermal data capture are needed to address

the interconnectivity of IRT and 3DDF practices, subsequently summarised as an

IRT-3DDF ‘cheatsheet’ available in Appendix B.

3.5.1 Environmental Conditions

The ability to mitigate the effects of dynamic environmental conditions acting upon

TIR cameras is critical for consistent temperature measurements within multi-image

and multi-sequence surveys (Mesas-Carrascosa et al., 2018; Vollmer & Möllmann,

2018). As previously stated in Section 3.3, several sources of interference need to be
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calculated for accurate temperature measurements; which, when left unaccounted,

can lead to several degrees of error (Adán et al., 2023b; Kelly et al., 2019; Wan

et al., 2021). Firstly, the most important source of external radiation that must

be considered is the sun, which significantly affects the collection of thermal im-

ages. Solar radiation provides not only a source of radiant flux that will change the

thermal equilibrium of the subject, but result in thermal shock to the TIR cam-

era, generating inaccurate and unstable TIR image sequences (Elfarkh et al., 2023;

Vollmer & Möllmann, 2018). Similarly, prior weather conditions (i.e., rain, snow,

humidity, surface moisture) will impact a building and may not be representative

of its normal conditions.

Critically for UAV research, the influence of ambient air temperature, wind speed,

atmospheric attenuation and flight duration on accurate IR radiation measurements

requires careful determination (Kusnierek & Korsaeth, 2014; Malbéteau et al., 2021;

Wan et al., 2024). Kelly et al. (2019) and Wan et al. (2021) demonstrate that in

controlled laboratory conditions, increases in ambient temperature and wind speed

resulted in pronounced shifts from true temperature values obtained from different

aerial and terrestrial TIR cameras. In addition, an ‘attenuation coefficient’ rep-

resenting the absorptivity of molecules within the atmosphere (i.e., water vapour)

requires inclusion for reliable temperature measurements (Acorsi et al., 2020; Dug-

dale et al., 2019). Conceptualised in the Beer-Lambert law (Lambert, 1760), this is

commonly achieved through an indirect calculation utilising the distance from the

subject, ambient temperature and relative humidity (Lagüela et al., 2016). With

most UAV cameras capable of introducing these parameters pre- and post- TIR

image capture, the need for sensors capable of collecting known values for distance,

air temperature and relative humidity are vital for effective IRT-3DDF (Aubrecht

et al., 2016).

To mitigate environmental conditions, procedures were undertaken at Lenton Lodge

Gatehouse before, during and after the TIR data capture. Firstly, to determine an
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Figure 3.13: SunCalc online sun-phase tool, showing environmental conditions
(sun’s position, direction, azimuth and shadows) at Lenton Lodge Gatehouse on
11th February 2024 (Hoffman, 2024).

optimal time for TIR image capture, SunCalc, an online sunlight-phase tracker,

was used to assess solar radiation in relation to the building’s orientation, includ-

ing: sunrise, culmination, sunset and shadows (Hoffman, 2024). For Lenton Lodge

Gatehouse, facing East-South-East, data acquisition between 09:30-12:00 provided

optimal conditions to maximise morning ‘baking’ of the structure and to minimise

shadows on the façade (Figure 3.13). Secondly, weather was checked 24-, 4- and 1-

hour before each survey to determine any previous weather conditions that might af-

fect the IR radiation being detected. Thirdly, an anemometer (Protmex PT6252A)

was used upon arrival at the site to determine accurate wind speed measurements

for the site, including wind direction. Lastly, ambient air temperature was recorded

using a hygrometer (RS PRO RS-91), with the air temperature and relative hu-

midity used as initial input for the WWP (Figure 3.14) (Mesas-Carrascosa et al.,

2018).
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(a) (b) (c) (d)

Figure 3.14: (a) Protmex PT6252A anemometer, (b) RS PRO RS-91 hygrometer,
(c) RS PRO RS-8876 thermometer and (d) TESTO Emission Tape.

Emissivity Determination

Emissivity represents a critical value for IRT, defined as the single-biggest influ-

ence on accurate temperature measurements (Aubrecht et al., 2016). Therefore,

the determination of accurate emissivity values (ε) for materials within a scene are

fundamental if quantitative temperature measurements are required for IRT-3DDF.

Both Adán et al. (2021) and Previtali et al. (2012) included emissivity values within

their IRT-3DDF pipelines, the latter undertaking laboratory experiments to deter-

mine the emissivity of both angular and linear tiles. On the other hand, Costanzo et

al. (2014), looking for qualitative temperature differences of thermal anomalies, set

a mean emissivity value based on suspected material values. However, as observed

by Fryskowska-Skibniewska et al. (2022), the emissivity of an object is dependent

on a range of factors, including the observation angle, temperature, wavelength, and

the material’s inherent properties (i.e., surface roughness, oxidisation); meaning a-

priori emissivity values are not sufficient and should be confirmed in-situ (Lagüela

et al., 2016).

To determine emissivity values (ε) for the predominant building materials at Lenton

Lodge Gatehouse, the ASTM standard ‘Practice for Measuring and Compensating
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for Emissivity Using Infrared Imaging Radiometers’ (ASTM E1933-14) was used

(ASTM International, 2022). Modifying ASTM E1933-14’s non-contact thermome-

ter method (NTM), TIR images of the desired specimen and a material with a known

emissivity, termed a surface-modifying material (such as TESTO SE & Co. emis-

sion tape, where ε=0.95) are acquired (Figure 3.14)(Mineo & Pappalardo, 2021).

Subsequently, ThermoLab, Workswell’s freely available post-processing software,

was used to retroactively alter emissivity values until the temperature of the de-

sired specimens (sandstone, wood and metal) matched that of the values noted for

the surface-modifying tape. The emissivity value for the predominant material at

Lenton Lodge Gatehouse was then set within the WWP. Results of the emissivity

calculations at Lenton Lodge Gatehouse can be seen in Table 3.3, with sample TIR

and VIS images showing the adherence of the TESTO emission tape seen in Figure

3.15.

(a) VIS (b) TIR

(c) VIS (d) TIR

Figure 3.15: Sample (a,c) visible and (b,d) thermal images showing the adhered
TESTO emission tape (ε = 0.95) for emissivity calculation of (a,b) Mansfield Sand-
stone and thermal targets, and for (c,d) wood and iron secondary materials.
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Material ε σ ∆ε

TESTO emission tape 0.95 – 0.25
Mansfield Sandstone 0.70 0.03 –

Wood 0.90 0.14 0.20
Cast-Iron 0.83 0.08 0.15

Marker (Rubber) 0.91 0.03 0.21
Marker (Aluminium) 0.37 0.04 0.53

Table 3.3: Calculation of material emissivity (ε), standard deviation (σ) and differ-
ence in emissivity (∆ε) between the predominant material (Mansfield Sandstone)
and secondary materials at Lenton Lodge Gatehouse.

3.5.2 Photogrammetry: GSD, Image Overlap & Incident

Angles

The fundamental practices for effective SfM (Luhmann et al., 2006; Stylianidis &

Remondino, 2016) are not reserved solely for visible spectrum imagery, with consid-

erations for ground sampling distance (GSD), image overlap and incidence angles

critical for IRT-3DDF. Firstly, the GSD of TIR images, the real-world distance

represented by an individual pixel within an image (e.g., mm/pix), plays a central

role in the accuracy of orientation (Dlesk et al., 2021), the extraction of reliable fea-

tures (Döpper et al., 2020; Lewińska & Maciuk, 2020), the deviation of temperature

values (Wan et al., 2021), and degree of atmospheric attenuation (Dugdale et al.,

2019) (Figure 3.16). By understand the required accuracy of derived 3D models,

appropriate GSDs (and by extension, capture distances) can be determined for each

modality within IRT-3DDF.

Secondly, image overlap and incidence angles represent critical values for IRT-

3DDF, increasing the opportunities for feature matching (Lin et al., 2019b) and

effective thermal texturing (Kelly et al., 2019). Whilst largely case dependent, re-

search has suggested horizontal and vertical image overlap of 50% (Lagüela et al.,

2011b) – 90% (Patrucco et al., 2022b) for IRT-3DDF. Adamopoulos et al. (2021)

shows 90% horizontal overlap and 70% vertical overlap of imaging strips perpen-

70



3.5. THERMAL DATA CAPTURE

(a) 6.5mm/pix (b) 13.1mm/pix (c) 19.6mm/pix

Figure 3.16: A comparison of TIR images at (a) 5m, (b) 10m and (c) 15m from
Lenton Lodge Gatehouse, including their GSDs (mm/pix) for the Workswell WIRIS
Pro.

dicular to the building facade is desirable for TIR image sequences, with additional

oblique images beneficial for successful orientation. Dabetwar et al. (2022), compar-

ing image overlap and orientation angles for UAV thermal modelling determined:

(1) a high accuracy against a reference cloud when 90% horizontal overlap is used

compared to 80% and 70%, (2) greater tie point multiplicity (ratio of project 2D

image points to 3D tie points) across different incidence angles, and (3) that overlap

plays a more significant role than incidence angle for model accuracy. In similar

vein, Hou et al. (2022) finds a 30◦ incidence angle, the angle between the normal ray

of the camera and the normal ray of the object, superior to 45◦ not only for recon-

struction, but critical for accurate temperature projection (Vollmer & Möllmann,

2018, p. 35-39).

Finally, the number of TIR images captured, the integration of additional surveys

and the time taken for each to be undertaken will have substantial effects on the

results for IRT-3DDF. To meet the requirements of the scene, acknowledging the

need for sufficient overlap, IRT-3DDF research shows the collection of hundreds

of TIR images to be a common practice (e.g., 581 for a two-storey building (10

mm/pix GSD)(Dlesk & Vach, 2019), 568 for a complex parabolic arch (36 mm/pix

avg. GSD)(Patrucco et al., 2022b), 308 for acute-angle imaging of restricted façades

(15-53 mm/pix GSD)(Patrucco et al., 2022a)). However, this comes with a likely
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increase in sensor temperature and the introduction of radiometric errors for longer

acquisitions (Mesas-Carrascosa et al., 2018). In summary, all photogrammetric

practices optimising geometric accuracy must be viewed in relation to the IRT

practices ensuring radiometric consistency, with the former having considerable

effect on the latter.

For Lenton Lodge Gatehouse, the following practices were implemented to maximise

the use of TIR images geometrically and radiometrically. TIR images were captured

from known distances for the comparison of different GSDs, with each acquisition

strip being entered into the Workswell WIRIS Pro prior to image capture. Addi-

tionally, 90% horizontal and 70% vertical overlap were prioritised for TIR image

sequences, with Equation 3.14 determining the required spacing between consecu-

tive images:

z = 2x tan(v

2)(1 − y

100 ) (3.14)

where: v is the horizontal FOV of the camera (◦); y the desired overlap of sequential

images (%); x is the distance away from target (m); and z is the resulting distance

between concurrent camera positions (m). Furthermore, images were taken perpen-

dicular to the façade to minimise temperature discrepancies and provide suitable

images for texturing. The Workswell WIRIS Pro, configured on a tripod and set to

take images automatically every 12 seconds, allowed for the reduction of movement

from the user.

3.5.3 Thermography Approach

The exploitation of different thermography approaches, the use of passive or active

thermography during image capture, provides an additional variable for the anal-

ysis of architectural heritage, enabling IRT-3DDF to observe changes in historic

buildings and gain additional insights for CRM practices. Passive thermography is

72



3.5. THERMAL DATA CAPTURE

defined as the measurement of radiation without any artificial heat stimulus, cap-

turing the natural thermal behaviour of a structure (Usamentiaga et al., 2014). The

influence of solar radiation, considered a source of passive thermography due to its

variability (Lagüela et al., 2016), has allowed passive IRT-3DDF research to use

the sun as a means of generating thermal contrast either by: investigating historic

buildings during sunrise or sunset (Patrucco et al., 2022a); undertaking assessments

on cloudy days to minimise shadows (Barbieri et al., 2023; Lagüela et al., 2013);

or repeated surveys seasonally to determine change under different solar conditions

(Grechi et al., 2021), all acknowledging that this comes at the risk of changing TIR

images over time (Scaioni et al., 2017).

In contrast, active thermography involves the artificial heating (or cooling) of an

object to stimulate materials and excite thermal signatures (Lagüela et al., 2016).

For IRT-3DDF, Brumana et al. (2018a) pre-heat an entire room within the Magio

Grasselli Palace to help identify the structural geometry of brick vault intrados,

with active thermography helping generate discernible thermal signatures. Simi-

larly, Maierhofer et al. (2011) heat a stone column with two 500W halogen lamps,

fusing TIR images with a TLS mesh to correlate temperature and delamination.

In contrast, Barbieri et al. (2023) captured TIR images of water treatment perfor-

mance on historic brickwork, subject to targeted wetting (cooling) over a 75-minute

period. Importantly, approaches incorporating active thermography must consider

how heating/cooling may affect the fabric of a historic building and whether such

interventions remain non-destructive (Sutherland et al., 2023).

Notably, the choice of thermography approach will impact the availability of meth-

ods within IRT-3DDF. For example, to undertake TIR capture at night, common

for energy audit surveys (Lucchi, 2018), the capture of accompanying VIS imagery

will be redundant (Borrmann et al., 2014). For Lenton Lodge Gatehouse, passive

thermography was used, with no additional heating of the structures utilised to

generate a discernible thermal signature (apart from solar radiation). However, for
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both case studies in Chapter 5, different timings were chosen to compare and con-

trast approaches for IRT-3DDF, with Lenton Lodge Gatehouse captured during the

day and Dunrobin House captured at night. This allows for different fusion meth-

ods to be applied and for the extraction of meaningful conclusions to be assessed

at different times.

3.5.4 Survey Control & Thermal Targets

Metric Survey Control

Establishing control for geospatial surveys is central for effective scaling, position-

ing and evaluation of derived 3D products (Historic England, 2024). Whilst tra-

ditional geodetic surveys measure reflective, black-and-white or ‘natural feature’

targets using a theodolite or total station, IRT-3DDF has required the construc-

tion of thermal-specific markers: observable across different imaging modalities;

identifiable in inherently low resolution TIR images; and extractable in different

perspectives, conditions and locations. This has led to approaches that construct

targets using materials with contrasting emissivity values that can generate clear

markers; which, after determining their 2D image coordinates across all domains,

can be used to assign control and validate the metric quality of resulting models

(Figure 3.17). The importance of geodetic surveys undertaken with thermal-specific

markers is critical not only for estimating the overall geometric accuracy of 3D

modelling approaches, but central to IRT-3DDF methods implementing projective

(Adamopoulos et al., 2020b), Helmert (Patrucco et al., 2022b) or datum (Dahaghin

et al., 2021) transformations.

Whilst current approaches for IRT-3DDF survey markers have been wholly accept-

able, several considerations have yet to be addressed in their entirety, notably: (1)

the durability of markers for long-term IRT-3DDF research; (2) the performance
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Figure 3.17: Examples of thermal-specific markers constructed for IRT-3DDF, in-
cluding: (1) aluminium foil- (Dlesk et al., 2021), (2) hand-warmer- (Paziewska &
Rzonca, 2022), (3) thermal/natural- (Patrucco et al., 2022b), and (4) reflective alu-
minium (Grechi et al., 2021) checkerboard markers.

of targets under different environmental conditions and observation angles, and (3)

the relationship between target size and GSD. Therefore, to generate a thermal-

specific marker capable of withstanding various prolonged changing environmental

conditions, selective laser sintering (SLS), a high-precision 3D printing technique

fusing powdered nylon resin by a guided laser, was employed for the creation of

thermal target baseplates. In addition, milled aluminium and rubber squares were

used to generate a crosshair identifiable in both thermal and visible spectrums.

Thermal-specific markers were constructed with dimensions of 60×60 mm, in line

with suggested dimensions (Historic England, 2024) and importantly a GSD ∼2.5×

(23.5 mm GSD at 18 m) to ∼7.5× (7.6 mm GSD at 6 m) greater than that of the

WWP. For Lenton Lodge Gatehouse, eight markers were adhered to the façade of

Lenton Lodge using Rothbucher Systeme RMSK FIX, a survey-grade and heritage-
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suitable adhesive that leaves no trace once removed and does no damage to building

fabric. Targets were positioned maximising coverage, visibility and access for in-

stallation, whilst minimising obstructions, survey data voids and possible damage

to historic fabric (Figure 3.18).

(a) (b) (c) (d)

Figure 3.18: Design and production of the 3D-printed thermal-specific survey mark-
ers.

For the derived geodetic survey, a Leica TS10 total station theodolite (TST)(angular

precision: 0.1 mgon; non-prism distance accuracy (0 m-500 m): 2 mm + 2 ppm)

was used to measure markers following the specifications outlined in (Figure 3.19)

(Historic England, 2024). Of the eight thermal-specific markers and additional ten

natural points measured, half of each were used as GCPs and CPs. Measurement

performance was determined by the repeated observation of markers and natural

points from three primary control locations, with the derived coordinates being the

mean of the easting (X), northing (Y) and height (Z) of the three observations.

Table 3.4 presents the results of the control network for all points captured at

Lenton Lodge Gatehouse, with Figure 3.20 demonstrating the extraction of the

thermal-specific markers across GSDs.

76



3.5. THERMAL DATA CAPTURE

(a) (b) (c)

Figure 3.19: (a, b) Geodetic survey of Lenton Lodge Gatehouse, including (c) the
Leica TS10 total station.

Markers
No.

Control
Points

µσ
(mm)

MSE
(mm)

Thermal-specific 8 0.48 0.27
Natural 10 1.07 0.62
Overall 18 0.77 0.44

Table 3.4: Metrics of the geodetic survey at Lenton Lodge Gatehouse using the
Leica TS10 Total Station. Here, the number of measured control points, the mean
standard deviation (µσ) for repeated marker measurements and the mean standard
error (MSE) across all markers is provided.

(a) (b) (c)

Figure 3.20: Example WWP images showing the designed thermal-specific targets
at various GSDs (and distances): (a) 9.8 mm (7.5 m), (b) 12.4 mm (9.5 m) and (c)
15.0 mm (11.5 m).
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Radiometric Survey Control

An established network of known temperature measurements is critical for valida-

tion within IRT-3DDF, allowing 2D pixel- (T2D), 3D model- (T3D) and real-world

(Tobs) temperature values to be compared during thermal modelling. As previously

stated, the barrier to effective TIR radiometric calibration, correction and valida-

tion is in the access to accurate and precise temperature measurements (Kelly et al.,

2019); which, when not present, have resulted in methods that often ignore radio-

metric accuracy of derived thermal models. For IRT-3DDF, temperature validation

has commonly been achieved using temperature loggers (Dugdale, 2016) or ther-

mometers, with Lagüela et al. (2011b) & Lagüela et al. (2013) and Lin et al. (2019b)

& Paziewska and Rzonca (2022) correlating 3D models with known temperature

measurements from contact (TESTO 720) and infrared (non-contact)(RAYNGER

MX4 & Sonel KT-165) thermometers, respectively. Similarly, Adán et al. (2021)

orchestrated a network of environmental sensors to provide the requisite data for

environmental monitoring, ground truthing and comfort assessments.

The novelty and originality of the thermal-specific markers outlined in Section 3.5.4,

designed to be low-cost, easy-to-manufacture and highly configurable, is that their

presence allows for several open challenges within IRT-3DDF to be solved, notably:

(1) their use as configurable calibration markers for lab- and field-based geometric

calibration procedures, (2) their use as survey markers for photogrammetric scaling,

referencing and validation, and (3) their use as ground truth for radiometric cali-

bration, correction and verification. To determine radiometric ground truth (and

reflected temperature for Section 3.4.1), temperature measurements were under-

taken on the thermal-specific markers at Lenton Lodge Gatehouse using the RS

PRO RS-8876 thermometer (temp. res.: 0.1 ◦C; temp. acc.: ± 1 ◦C)(Figure 3.14),

with a distance to spot ratio of 1:20 and the ability for emissivity to be set during

measurement. Due to their visibility and consistent temperature throughout TIR
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image sequences, temperature readings were taken on the rubber elements of the

thermal survey targets. In addition, two temperature readings, one on each side of

the building, were taken on the predominant building material, perpendicular and

∼1 m from the façade.

3.6 Conclusion

A foundational understanding of IRT and photogrammetric principles is central to

IRT-3DDF, without which superficial 3D products are derived with little geomet-

ric or radiometric accuracy. The novelty of this chapter has been to demonstrate

the acquisition and application of such knowledge, outlining the critical decisions

that have be made for successful IRT-3DDF in subsequent chapters. Critically for

IRT-3DDF, a balance must be sought between maximising radiometric consistency

whilst implementing the necessary procedures central to structure-from-motion pho-

togrammetry, with methodological choices for one discipline often having consid-

erable impact on the effectiveness of the other. In addition, the IRT ‘Cheatsheet’

provided in Appendix B shares a useful framework for those looking to undertake

IRT-3DDF surveys, building on the established use and sharing of guidance within

DCH. The justification and results of the decisions in this chapter will be discussed

in subsequent methods, highlighting the benefits and limitations that come from

implementing each fundamental practice.

79



Chapter 4

Calibration for IRT-3DDF
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4.1 Introduction

The determination of precise and reliable interior orientation (IO) parameters for

TIR cameras is critical for their subsequent use in photogrammetric processes.

Whilst geometric calibration represents a largely routine procedure for cameras

sensing in the visible spectrum (Remondino & Fraser, 2006), where 2D boards or

3D coded test fields are commonly used, the process presents several challenges

when undertaken for TIR cameras. Notably, these comprise: (1) the inherent low

resolution of commercial TIR sensors, (2) the construction of accurate calibration

targets with sufficient difference between material emissivities (ε), and (3) the imag-

ing of control points with high contrast and low noise (Usamentiaga et al., 2017).

In parallel, the estimation of the relative orientation (RO) between sensors has

played a crucial role in the development of IRT-3DDF methods using TIR cam-

eras (Section 2). By establishing a fixed RO between independent cameras (Alba

et al., 2011), or exploiting tandem sensors within the same camera housing (Ham

& Golparvar-Fard, 2013a), the mapping of TIR-RGB/VIS image pairs can be re-

alised through effective calibration. Importantly, whilst the standard error of image

coordinate residuals (ElSheikh et al., 2023) and individual calibration parameters

(Luhmann et al., 2016) have become established precision metrics for estimating the

performance of geometric camera calibration, these cannot be used as a proxy for

accuracy within subsequent photogrammetric applications (Fraser, 2013). There-

fore, the appraisal of calibration methods requires emphasis to be placed on the

use of IO and RO parameters (Hastedt & Luhmann, 2015; Luhmann et al., 2013),

particularly when specific challenges and novel applications within IRT-3DDF rely

on accurate geometric calibration (Dlesk et al., 2021).
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4.1.1 Calibration: Aims & Objectives

Adapted from the metrological study presented by Sutherland et al. (2025a), this

chapter addresses Objective 2 of the thesis, determining robust and rigorous meth-

ods for the geometric calibration of TIR cameras employed within photogrammetric

data fusion. Notably, the performance of different calibration approaches applied to

two IRT-3DDF methods is assessed to determine the importance of pre-calibration

for thermal modelling of architectural and cultural heritage. The methods em-

ployed within this chapter not only demonstrate the origins of a novel IRT-3DDF

method expanded in Chapter 5, but demonstrate the mitigation of several chal-

lenges well-established within IRT-3DDF. Finally, as a wealth of photogrammetric

CV software capable of performing geometric calibration now exists, a first-of-its-

kind comparative analysis of popular commercial software benchmarked against

dedicated metrology software will indicate the level of precision, control and infor-

mation being sacrificed in order to achieve greater procedural automation (Duran

& Atik, 2021; Remondino & Fraser, 2006). Therefore, the research reported in this

chapter will:

1. Compare 2D board and 3D field calibration processes, detailing production,

observation and calculation of IO and RO parameters using three commer-

cial software packages: MathWorks’ MATLAB, Agisoft Metashape and Pho-

tometrix’s Australis;

2. Assess the accuracy of derived IO parameters applied to IRT-3DDF using a

combined TIR-RGB bundle block adjustment for a historic building façade

(2D-2D fusion);

3. Assess the accuracy of derived RO parameters applied to IRT-3DDF using a

relative pose implementation on medieval frescoes (2D-3D fusion).
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4.1.2 Chapter Structure

The chapter is structured as follows: Section 4.2 provides a brief state-of-the-art of

TIR geometric calibration and its applications for IRT-3DDF; Section 4.3 under-

takes a comparative analysis of TIR geometric calibration using different calibration

targets, software and distortion parameters; Section 4.4.1 applies IO parameters to

a novel 2D-2D fusion method, combining TIR-RGB bundle block adjustment; Sec-

tion 4.4.2 applies RO parameters to a 2D-3D fusion relative pose implementation;

and Section 4.5 reviews the performance of both 2D board and 3D field calibration

processes, providing suggestions for future adoption, refinement and applications.

4.2 TIR Geometric Calibration: State-of-the-Art

The introduction of error in geometric calibration for TIR cameras is largely at-

tributed to two components: the construction of accurate calibration targets and

the extraction of control points in the derived thermal images (Usamentiaga et

al., 2018). Originating from the CV community, the adoption of 2D calibration

boards have become the predominant approaches for TIR geometric calibration,

made using low emissivity materials (ε<0.5; e.g., aluminium foil, copper, stain-

less steel) contrasted with high emissivity materials (ε>0.8; e.g., rubber, wood,

velvet)(Fryskowska-Skibniewska et al., 2022). 2D calibration boards have been

utilised to calibrate infrared sensors across different spectral wavelengths (Kubota

et al., 2021; St-Laurent et al., 2016; Swamidoss et al., 2021), for passive and ac-

tive thermography (Luhmann et al., 2016; Rankin et al., 2013; Sun et al., 2022),

and for indoor and outdoor applications (Bison et al., 2012; Harguess & Strange,

2014; Motayyeb et al., 2023). However, the overall accuracy of existing 2D calibra-

tion boards, often manually constructed to generate suitable calibration patterns,

requires new methods for geometric calibration tailored to TIR cameras.
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In a bid to improve the quality of calibration boards, several works have looked to

reduce human intervention by employing superior manufacturing processes for ac-

curate board construction. Usamentiaga et al. (2017)’s critical study demonstrates

the use of DiBond®, an aluminium composite material, and UV-printing to produce

a cost-efficient, easy-to-manufacture and accurate 2D calibration board. Similarly,

ElSheikh et al. (2023)’s comprehensive literature review analysed the best materials,

heating techniques and associated errors of existing geometric calibration methods

for TIR cameras, using a stainless steel (SS304) base plate with UV-printing and

laser-engraving for calibration boards. Zhang et al. (2023a) demonstrated the suit-

ability of high-tolerance 3D-printing to improve accuracy, constructing 3D-printed

elements (PLA and aluminium plate) configurable into a 2D checker-board pat-

tern. Roshan et al. (2024) introduced high-tolerance aluminium ArUco (Garrido-

Jurado et al., 2014) components into a traditional checker-board, mitigating the

established issues of partial pattern observation and extraction for 2D calibration

boards.

Although these approaches provide considerable improvements in target construc-

tion, 2D calibration boards remain prone to the projective coupling of interior (IO)

and exterior (EO) orientation parameters (Luhmann et al., 2016), with higher corre-

lations between parameters a likely bi-product of poorer network geometry imposed

by low resolution TIR cameras. Conversely, effective 3D calibration approaches re-

duce the propensity for correlations between IO and EO parameters, leading to

greater overall accuracy for subsequent photogrammetric applications (Remondino

& Fraser, 2006). Much like 2D boards, 3D calibration fields have been constructed

using various materials and pattern configurations for TIR geometric calibration,

with Westfeld et al. (2015) creating a 3D test field using velour and silver foil and

Yastikli and Guler (2013) using an iron calibration rig with 77 plastic markers of

contrasting depths. In a bid to calibrate thermal stereo set-ups, Rangel and Soldan

(2014) and Adán et al. (2017) used reflective markers for the calibration of thermal
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cameras fixed with a depth camera and laser scanner, respectively. Both Luhmann

et al. (2013) (2D board and 3D field) and Dlesk et al. (2021) (2D board, 2-level- and

3-level 3D fields) compared multiple calibration approaches, determining 3D fields

as superior for subsequent 3D thermal modelling. However, opportunities are still

present to determine the performance of new 3D test fields for: the calculation of

IO parameters, their comparison against existing 2D board approaches, and their

application for IRT-3DDF.

Finally, the exploitation of fixed stereo systems within IRT-3DDF has enabled cal-

ibration approaches to determine the RO between sensors and cameras for data

fusion applications. By assuming a fixed RO between multiple cameras or sensors,

such information can be used as an a-priori constraint for sensor fusion (Patrucco et

al., 2020), to determine a universal transformation key between image pairs (Dlesk

et al., 2021), or as a means of additional sensor integration (Adamopoulos et al.,

2020b). For sensors in fixed relative orientation within the same camera housing,

Lecomte et al. (2022) and Macher and Landes (2022) used MATLAB’s Stereo Cam-

era Calibrator tool to estimate the relative pose of TIR and RGB cameras, the latter

comparing results to known camera dimensions. Fixing several cameras on a stereo

rig, Lerma et al. (2010) present a distance-constrained self-calibration approach,

obtaining more precise IO and EO parameters for a FLIR B4 thermal camera when

integrating known baseline constraints. Ursine et al. (2012) assessed the accuracy

of RO parameters using a 2D board, determining on-site calibration as a suitable

approach under favourable conditions. Notably, the development of reliable RO

calibration methods and the application of derived parameters for novel IRT-3DDF

methods remains overlooked and warrants further investigation.
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4.3 Methodology

The following section outlines the processes involved in the geometric calibration

of all cameras used in subsequent IRT-3DDF methods. This includes: (1) the

construction of both 2D board and 3D field calibration targets; (2) the calculation

of IO parameters for a combined TIR-RGB bundle block adjustment; and (3) the

determination of RO parameters for a relative pose implementation. Importantly,

TIR and RGB cameras are not fixed in RO in Section 4.4.1, meaning imagery for

the calibration processes and IRT-3DDF method were acquired asynchronously. For

Section 4.4.2, independent cameras were fixed on a stereo rig to determine the IO

and RO parameters for eventual IRT-3DDF methods.

4.3.1 Cameras

For the capture of TIR images, the Workswell® WIRIS Pro (Section 3.4.1), fea-

turing both thermal (640×512 pix) and visible (1920×1080 pix) spectrum sensors

within the same camera housing, was employed (Figure 4.1). Although the Work-

swell WIRIS Pro features both an infrared and visible sensor, WWP is used as the

designation for the infrared sensor within the camera. To differentiate between vis-

ible spectrum images derived from the sensor housed within the Workswell WIRIS

Pro, as opposed to images captured from independent digital cameras; the term

VIS is adopted for the visible spectrum sensor housed within the Workswell WIRIS

Pro thermal camera, whilst the term RGB is used to denote separate digital cam-

eras. For RGB images, two different digital cameras were used for each data fusion

method listed in Section 4.1.1, including a Sony α 7RII (7952×5304 pix)(RGB1) and

Nikon D750 (6016×4016 pix)(RGB2). Geometric specifications for each camera are

listed in Table 4.1.
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(a) WWP & VIS (b) RGB1 (c) RGB2

Figure 4.1: Cameras used for TIR geometric calibration and IRT-3DDF methods,
comprising: (a) Workswell WIRIS Pro (WWP & VIS), (b) Sony α 7RII (RGB1),
and (c) Nikon D750 (RGB2).

4.3.2 Calibration Set-Up

The design of effective TIR geometric calibration targets reduce human error in

construction, generate high-contrast images through different material emissivity

values, and maintain contrast throughout the calibration imaging. Although 2D

calibration boards have become the established standard for IRT-3DDF, forming

the comparative basis within this section, this work aims to introduce a novel, low-

cost and multi-purpose 3D field that is: precise in manufacturing and construction,

easy to assemble and configure, and provides clear markers in both image modali-

ties. Where calibration methods for IRT-3DDF differ from other TIR approaches is

that targets must be observable in both infrared and visible spectral ranges, thereby

allowing homologous points to be identified across image modalities for the estima-

tion of RO parameters. Therefore, construction and observation processes must

appreciate the duality of the required calibration target, creating targets capable of

calibrating multiple sensors precisely and simultaneously.

For all calibration targets, ASTM E1933-14 was used to determine emissivity values

of each target material (Section 3.5.1)(ASTM International, 2022). For each cali-

bration target, eight perpendicular images were captured at varying temperatures,

with each image constituting four points where a surface-modifying material was
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Workswell WIRIS Pro infrared sensor (WWP)
Resolution 640×512 pix

Sensor Size (FPA) 10.88×8.71 mm
Pixel Size 17.00 µm

Nominal Focal Length 13.00 mm
Workswell WIRIS Pro visible sensor (VIS)

Resolution 1920×1080 pix
Sensor Size (CMOS) 5.23×2.94 mm

Pixel Size 2.72 µm
Nominal Focal Length 3.50 mm

Sony α 7RII (RGB1)
Resolution 7952×5304 pix

Sensor Size (CMOS) 35.90×24.00 mm
Pixel Size 4.50 µm

Nominal Focal Length 35.00 mm
Nikon D750 (RGB2)

Resolution 6016×4016 pix
Sensor Size (CMOS) 35.90×24.00 mm

Pixel Size 5.95 µm
Nominal Focal Length 50.00 mm

Table 4.1: Camera specifications for the Workswell WIRIS Pro (WWP & VIS),
Sony α 7RII (RGB1) and Nikon D750 (RGB2) cameras.

adhered (TESTO emission tape)(ε= 0.95). The determination of emissivity values

for both 2D board and 3D field targets can be seen in Figure 4.2 and Table 4.2.

For all 2D and 3D approaches, a temperature-controlled water bath was utilised to

submerge the 2D board and 3D field markers to excite thermal contrast. Compo-

nents were submerged in the water bath for 90 secs at 40 ◦C prior to positioning,

constituting a passive thermography approach once image capture was undertaken

(ElSheikh et al., 2023; Usamentiaga et al., 2017).

2D Board

For the 2D calibration target, a checker-board was designed using DiBond®, an alu-

minium composite material, and an industrial signage UV-printer (Figure 4.3)(Us-
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(a) VIS (b) TIR

Figure 4.2: Emissivity determination for the 3D test field markers, utilising TESTO
emission tape (ε= 0.95). Here, the emissivity tape is visualised in both (a) VIS and
(b) TIR image domains.

Material ε σ ∆ε

2D Board DiBond® 0.62 0.04 0.20UV-printing 0.82 0.04

3D Field Aluminium 0.20 0.03 0.65Rubber 0.85 0.05

Table 4.2: Calculation of material emissivity (ε), standard deviation (σ) and differ-
ence in emissivity of materials (ε∆) used for both 2D board and 3D field calibration
targets.

amentiaga et al., 2017). DiBond, comprising two aluminium sheets sandwiching

a polymer core, provides several benefits over previously listed materials as it is:

(1) perfectly planar, (2) a good heat conductor, (3) inexpensive, (4) available in

several material finishes, (5) able to be cut to any size, and (6) appropriate for

high-resolution UV-printing (i.e., <600 dpi). An A3 piece of silver, brushed-finish

DiBond was used, printed on with black ink using two passes of a SwissQ Nyala 4

UV-printer (1350 dpi, 53.1 dots/mm). As both checker-board (ElSheikh et al., 2023)

and circle-board (Usamentiaga et al., 2017) patterns have been deemed suitable for

high-precision calibration targets, a 5×8 (35×35 mm) checker-board pattern was

printed.
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(a) VIS (b) TIR

Figure 4.3: 2D checker-board imaged in both (a) VIS and (b) TIR domains.

3D Field

For the 3D calibration targets, two separate multi-level test fields were configured

using thermal-specific markers (Section 3.5.4). Importantly, these multi-level 3D

test fields were designed to be low-cost, easy-to-manufacture and highly configurable

to encourage future adoption. These provide a crosshair generated by materials with

different colours and emissivity values (Table 4.2), clearly identifiable in both image

modalities. 16 markers provided a suitable configuration that covered both image

formats and could be positioned after active heating. Figure 4.4 shows the two 3D

calibration targets developed for the determination of IO and RO parameters in

Section 4.4.1 & 4.4.2, respectively. For the metric evaluation of the IO values in

Section 4.4.1, each marker was measured using a Leica TS10 total station tehodolite

(angular accuracy: 0.1 mgon; distance accuracy (non-prism): 2 mm + 2 ppm),

although 3D world coordinates were not included within the self-calibrating bundle

adjustment. For Section 4.4.2, a series of scale bars were measured between markers

to provide scaling and reference for the relative pose estimation.
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(a) VIS (b) TIR

(c) VIS (d) TIR

Figure 4.4: 3D fields imaged in both VIS and TIR image domains for the (a,b) IO
and (c,d) RO calibration procedures.

4.3.3 Interior Orientation

For TIR geometric calibration, the WWP can be defined as a standard photogram-

metric camera following the Brown model (Brown, 1971), merely observing a dif-

ferent spectral range (7-14 µm). However, as the configuration of the WWP’s

germanium lens and FPA sensor is optimised for radiometry as opposed to geome-

try (Luhmann et al., 2016), the determination of accurate distortion parameters is

paramount. Therefore, to test the importance of the distortion coefficients, param-

eters were determined for each calibration target with either two- or three radial

distortion coefficients (k1, k2, k3), in addition to tangential distortion coefficients (p1,

p2). After initial investigations, the FPA sensor was deemed perpendicular, meaning

no differential scaling (b1) or non-orthogonality (b2) values were included as required
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calibration parameters (Fraser, 2013). Finally, the optics of the WWP were fixed

during manufacturing, with the camera focussed at infinity and unchanged dur-

ing each calibration procedure (Workswell s.r.o, 2021). As an appropriate camera

network geometry is fundamental for effective calibration using both 2D and 3D cal-

ibration targets (Luhmann et al., 2006), images were taken with: high convergence,

orthogonal roll (± 90◦), varying depths along the principal axis, and the entirety of

the target within the image format (Figure 4.5)(Remondino & Fraser, 2006).

For the calculation of IO parameters, three separate commercial software packages

were employed for geometric calibration. Firstly, MathWorks’ MATLAB, a popular

software for CV camera calibration, was used for the geometric calibration using

the 2D board. Secondly, for the 3D field calibration target, Agisoft Metashape, an

industry-standard software widely adopted for SfM and MVS workflows, was used

to assess the feasibility of proposed methods to work with commonly-employed pho-

togrammetric software. Finally, to assess the validity of proposed 3D field methods

for high-precision metrological applications, Photometrix’s Australis was also used

to undertake calibration processes. Although both 3D field software are capable of

undertaking calibration using marker-less feature-based self-calibration (Perda et

al., 2024), only 2D marker coordinates were used within the calibration pipelines.

For both software, the same 2D image coordinates, 3D world coordinates and ac-

companying constraints were used for implementation. 2D image coordinates of the

test field markers were user-defined in Agisoft Metashape and weighted at 0.33 pix.

Similarly, 3D marker coordinates, used solely for metric evaluation, were measured

with a Leica TS10 total station, with a weight of 2 mm applied to account for

propagated error values.
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(a) 2D Board (MAT) (b) 3D Field (AM) (c) 3D Field (AUST)

Figure 4.5: IO camera networks obtained for the (a) 2D board using MATLAB, (b)
3D field using Agisoft Metashape and (c) 3D field using Australis.

2D Board (MATLAB)

For the 2D board, MATLAB’s Camera Calibrator app (2024b) was used for the cali-

bration of the WWP, using Zhang’s algorithm (Zhang, 2000). This method involves

the capture of a 2D planar target from which detected points can be compared to

known metric pattern dimensions. Geometric calibration is achieved through a

closed-form solution, followed by a non-linear refinement based on the maximum

likelihood criterion. Of the 42 images captured for calibration, two were discarded

due to partial pattern recognition not meeting a nominal minimum threshold (Min-

CornerMetric=0.3), with the remaining 40 being used to calculate IO parameters

and accompanying errors. The 2D board distortion profiles (Figure 4.6) and dis-

tortion models (Figure 4.7) can be seen below, with the resulting IO parameters

compared in Table 4.3.

3D Field (Agisoft Metashape)

As the Metashape GUI does not allow for purely marker-based image orientation,

several procedures were implemented to undertake a self-calibrating bundle adjust-

ment prioritising marker 2D coordinates for the 3D field. Firstly, nominal values

for the focal length and pixel size were provided, with redundant calibration pa-

94



4.3. METHODOLOGY

rameters fixed at zero (i.e., b1, b2, extraneous k coefficients). Secondly, images were

oriented in a standard photogrammetric workflow, including weighted 2D marker

coordinates as part of the initial bundle adjustment. Once all images had been

oriented, all tie points were removed (apart from one to allow for optimisation) and

cameras were optimised in an additional self-calibrating bundle adjustment. This

allowed for the markers to be the predominant information for the bundle adjust-

ment as opposed to ambiguous tie points generated from local features. The 3D

field distortion profiles (Figure 4.6) and distortion models (Figure 4.7) can be seen

below, with the resulting IO parameters compared in Table 4.3.

3D Field (Australis)

Finally, Photometrix’s Australis was included to provide a robust metrological so-

lution for calculating the IO parameters of the WWP. Australis’ workflow was

implemented with a series of spatial resections and bundle adjustments undertaken

to orient all images using the weighted 2D marker coordinates. Once completed,

an additional free network self-calibrating bundle adjustment was undertaken to

refine the initial IO parameters. Of the 37 images used for calibration, all featured

a minimum of eight intersecting rays per marker, with the convergence limit and

number of bundle adjustment iterations set at 0.005 and 12, respectively. The re-

sults generated by Australis for the 3D field, including distortion profiles (Figure

4.6), distortion models (Figure 4.7) and IO values (Table 4.3) can be seen below.
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Figure 4.6: Gaussian radial and tangential distortion profiles generated from the
obtained IO parameters with the 2D board using MATLAB (MAT), 3D field using
Agisoft Metashape (AM), and 3D field using Australis (AUST). Here, the graphs
represent the distortion originating at the image centre (uo, vo) and finishing at
the maximum radial distance when using either two- (K2) or three- (K3) radial
distortion coefficients are used as part of the geometric calibration.
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Coefficient Intrinsics
2D Board

(MATLAB)
3D Field

(Agisoft Metashape)
3D Field

(Australis)

Value σ Value σ Value σ

k2

f (mm) 13.021 0.032 13.038 0.015 13.034 0.014
cx (pix) 311.219 1.821 312.585 0.626 312.926 0.740
cy (pix) 255.558 1.928 257.755 0.614 257.921 0.721

k1 0.044 0.009 -0.043 0.004 -0.039 0.003
k2 0.005 0.054 0.368 0.014 0.347 0.013
p1 -0.000 0.001 -0.001 0.000 0.000 0.000
p2 0.001 0.001 0.000 0.000 -0.000 0.000

MRE (pix) 0.50 0.16 0.12
SO (mm) 3.20 3.25 2.06

k3

f (mm) 13.017 0.032 13.033 0.015 13.030 0.014
cx (pix) 311.232 1.823 312.541 0.623 312.908 0.730
cy (pix) 255.482 1.926 257.741 0.612 257.940 0.711

k1 0.055 0.017 -0.031 0.008 -0.031 0.008
k2 -0.177 0.247 0.247 0.078 0.270 0.073
k3 0.791 1.047 0.350 0.221 0.214 0.204
p1 -0.000 0.001 -0.001 0.000 0.000 0.000
p2 0.001 0.001 0.000 0.000 -0.000 0.000

MRE (pix) 0.50 0.16 0.12
SO (mm) 3.65 3.25 2.08

Table 4.3: IO parameters for WWP obtained with the 2D board using MATLAB, 3D Field using Agisoft Metashape, and 3D Field
using Australis.
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(a) 2D Board k2 (MATLAB) (b) 3D Field k2 (Agisoft Metashape) (c) 3D Field k2 (Australis)

(d) 2D Board k3 (MATLAB) (e) 3D Field k3 (Agisoft Metashape) (f) 3D Field k3 (Australis)

Figure 4.7: Distortion models for the (a,b) 2D board using MATLAB, (c,d) 3D field using Agisoft Metashape and (e,f) 3D field using
Australis, showing distortion magnitude (pix), distortion normals (↗), principal point (•) and image centre (320,256)(×).
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To assess the performance of each calibration approach, the standard error of

IO parameters (σ), Mean Reprojection Error (MRE)(pix) in 2D image space and

standard error (SO)(mm) of camera poses in 3D object space are used (Luhmann

et al., 2016). The results in Table 4.3 show notable differences between the 2D

board and 3D field calibration approaches. Firstly, it must be noted that the scale

of the 2D board (A3-sized) and resulting camera networks are significantly smaller

then the 3D calibration targets (∼4×), with the derived MRE and SO heavily scale-

dependent. MATLAB calculates a focal length ∼13 µm smaller than the 3D field

approaches, which show comparable focal lengths across all four distortion coeffi-

cient tests (all within 8 µm). This is likely a product of insufficient camera-to-object

distance variation in the 2D board network geometry, with the planar target pro-

viding less depth in feature points and individual camera positions (Fraser, 2013).

In addition, the higher intrinsic standard errors are largely due to the ambiguous

extraction of checker-board corners (MRE=0.50 pix) propagating into greater IO

imprecision. Most significantly, the results generated by the 2D board show sig-

nificantly different distortion models from that of the 3D field calibrations (Figure

4.7), the culmination of higher IO standard errors, poor feature point extraction

and the difficulty filling the image format effectively whilst maintaining preferable

network geometry.

In contrast, the observable similarities in the IO values, distortion models and MRE

from both Agisoft Metashape and Australis are expected, utilising the same 2D im-

age coordinates for their respective bundle adjustments and obtaining marginally

different radial and tangential profiles (Figure 4.6). Both software packages deter-

mined similar IO values across calibration tests, capturing the convex germanium

lens geometry equating for a distortion of ∼0.25 pix on the right of the image format.

Australis obtains the best MRE and SO results across both k2 and k3 coefficients.

Notably, Australis provides greater control over the self-calibrating bundle adjust-

ment (inc., iterations, convergence limit, minimum number of rays per marker);
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which, when coupled with native access to the covariance matrix, allowed for re-

sults to be refined for greater IO precision and metric accuracy. However, the

validity of these metrics must not be viewed in isolation for the assessment of cali-

bration processes, but taken into account when intrinsics are applied independently

in subsequent photogrammetric applications.

4.3.4 Relative Orientation

The estimation of the relative pose between fixed stereo cameras determines the

translation and rotation vectors necessary for mapping one image onto another.

For IRT-3DDF, this relationship is of particular importance when there are no

means of determining the poses of TIR images independently, often due to low

contrast or noisy images providing few discernible features for photogrammetric

image matching. Furthermore, if TIR and RGB images are to be captured con-

currently, this fixed relationship can help mitigate sub-optimal conditions for each

image modality during image acquisition. For the comparison of 2D board and 3D

field calibration targets, two separate baselines were assessed. Firstly, as the Work-

swell WIRIS Pro features both an infrared sensor and a visible sensor within the

same camera housing, the baseline between both internal sensors was determined.

However, as the resolution of the VIS sensor is sub-optimal for detailed modelling

(1920×1080 pix)(Section 2.3.3), a stereo rig fixing the WWP and RGB2 was as-

sembled to acquire additional data for Section 4.4.2. For each calibration set-up, as

with the calculation of the IO parameters, baselines were determined with two- or

three radial distortion coefficients to assess their importance in determining precise

and reliable RO parameters for IRT-3DDF.
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(a) 2D Board (MAT) (b) 3D Field (AM) (c) 3D Field (AUST)

Figure 4.8: RO camera networks obtained for the RGB2-WWP with (a) 2D board
using MATLAB, (b) 3D field using Agisoft Metashape and (c) 3D field using Aus-
tralis.

2D Board (MATLAB)

MATLAB’s Stereo Camera Calibrator App (2024a) was used to compute the 2D

board calibration. Firstly, IO values for the Workswell WIRIS Pro sensors (WWP

& VIS) and RGB2 were re-generated using the same processes outlined in Section

4.3.3. These values are subsequently used as fixed values for the relative pose

estimation. MATLAB’s Stereo Camera Calibrator is limited by its inability to

calibrate two cameras of different resolution, meaning that imagery and associated

IO values (i.e., fx, fy, cx, cy) for VIS and RGB2 had to be resampled to that of the

WWP to accommodate stereo calibration (ultimately rescaled upon completion).

For the VIS-WWP camera and RGB2-WWP stereo rig, 37 and 20 image pairs were

processed, respectively. The estimated relative translation and rotation values for

each stereo pair can be seen in Table 4.4, showing the pose of the Workswell WIRIS

Pro thermal sensor with respect to the VIS/RGB2 sensor.

3D Field (Agisoft Metashape)

For the relative pose estimation using Agisoft Metashape, using a different 3D field

than that used for the calculation of the initial camera parameters (Figure 4.4), IO

values for all sensors and cameras were re-calculated using the approach outlined
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in Section 4.3.3. Derived IO parameters were subsequently used as fixed values for

Agisoft Metashape’s Multi-Camera System for the VIS-WWP sensors and RGB2-

WWP stereo rig. Much like the IO method, ambiguous tie points were removed after

initial orientation, with an additional self-calibrating bundle adjustment undertaken

to refine RO values. Results were then scaled using a collection of scale bars allowing

error metrics to be derived. For the VIS-WWP camera and RGB2-WWP stereo

rig, 37 and 31 image pairs were processed, respectively. Results for both baseline

tests can be seen in Table 4.4, similarly showing the mapping of the WWP onto

VIS/RGB2.

3D Field (Australis)

For the calculation of RO parameters in Australis, the initial IO values for all sensors

were obtained through the processes outlined in Section 4.3.3. Subsequently, image

pairs were imported into Australis for stereo calibration with the same 2D marker

coordinates and constraints as those used in Agisoft Metashape. A self-calibrating

bundle adjustment was then undertaken to obtain the extrinsic parameters of the

cameras, with scale bars used to scale the scene, derive the RO parameters and

calculate error metrics. Results for both baseline tests in Australis can be seen in

Table 4.4.
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Coefficient Baseline Parameters
2D Board

(MATLAB)
3D Field

(Agisoft Metashape)
3D Field

(Australis)
Value σ Value σ Value σ

k2

VIS–WWP

X (mm) -41.530 0.191 -39.738 0.396 -40.271 2.691
Y (mm) -1.992 0.149 0.409 0.363 -0.148 2.845
Z (mm) 0.309 0.114 1.142 0.219 6.124 1.456

ω (◦) -0.080 0.013 -0.092 0.008 -0.175 0.073
ϕ (◦) 0.579 0.016 0.717 0.009 0.701 0.071
κ (◦) -0.080 0.010 0.001 0.005 0.000 0.021

MRE (pix) 0.76 0.55 0.22
SO (mm) 4.48 3.20 2.32

RGB2–WWP

X (mm) -184.464 0.331 -183.659 0.629 -183.084 1.493
Y (mm) -0.216 0.241 1.501 0.578 1.242 2.023
Z (mm) 6.925 0.252 9.737 0.501 11.154 1.276

ω (◦) 0.917 0.015 0.586 0.015 0.424 0.080
ϕ (◦) 3.644 0.020 3.243 0.015 3.208 0.066
κ (◦) -0.046 0.015 -0.147 0.014 -0.175 0.296

MRE (pix) 0.87 1.10 0.14
SO (mm) 5.26 2.17 0.77

k3

VIS–WWP

X (mm) -41.503 0.191 -39.721 0.395 -40.540 2.889
Y (mm) -1.990 0.149 0.406 0.362 -0.614 2.895
Z (mm) 0.371 0.114 1.272 0.219 -1.338 1.094

ω (◦) -0.080 0.013 -0.092 0.008 0.025 0.075
ϕ (◦) 0.579 0.016 0.713 0.009 0.715 0.072
κ (◦) -0.080 0.010 0.001 0.005 -0.007 0.019

MRE (pix) 0.76 0.55 0.29
SO (mm) 4.48 3.20 3.54

RGB2–WWP

X (mm) -184.446 0.331 -183.644 0.629 -183.143 1.495
Y (mm) -0.215 0.241 1.490 0.578 1.064 2.143
Z (mm) 7.017 0.252 9.340 0.502 11.132 1.263

ω (◦) 0.917 0.014 0.565 0.015 0.418 0.085
ϕ (◦) 3.644 0.020 3.267 0.015 3.213 0.068
κ (◦) -0.046 0.015 -0.146 0.014 -0.154 0.311

MRE (pix) 0.87 1.10 0.14
SO (mm) 5.26 2.11 0.76

Table 4.4: RO parameters for WWP, VIS and RGB2 using the 2D board and 3D field calibration targets.
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From the results in Table 4.4, an indication of the overall performance of the

derived RO parameters can be determined, with the translation (X, Y , Z) and

rotation (ω, ϕ, κ) of the TIR sensor with respect to the reference sensor (VIS or

RGB2). Here, XY Z are aligned with the image coordinate system (x, y), where

X is aligned with x pointing right, Y is aligned with y pointing down, and Z

points forwards from the perspective centre. To gain some understanding of the

performance of relative pose estimation, the baselines (horizontal displacement X

in camera space) between the fixed sensors was utilised. According to Workswell

s.r.o., the baseline between the centre of both lenses within the Workswell WIRIS

Pro is 40.7 mm. Similarly, the measured baseline between the lenses of the RGB2

and WWP stereo rig was 184 mm, with a depth offset of 10 mm.

All results achieve a reasonable estimation for the baseline (X) between the VIS-

WWP and RGB2-WWP sensors, with MRE mostly <1 pix and 3D SO <6 mm for

all tests. Expectedly, a greater proportional range is present within the translation

values and SO for the VIS-WWP across each software package and distortion coeffi-

cients than that of the RGB2-WWP. This is largely due to the shorter baseline and

poorer resolution of the VIS sensor with respect to RGB2. However, the RO results

for both 3D field tests show markedly similar results for the stereo rig baseline,

although the σ for the Australis are captured within the RO results are notably

higher than both MATLAB and Agisoft Metashape across all results. Whilst the

derived RO parameters and error metrics suggest adequate performance for all cali-

bration processes, their application for IRT-3DDF is needed to determine the value

of calibration processes for specific data fusion- and heritage-specific applications.
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4.4 Results

The following section outlines the application of the derived IO and RO parame-

ters for the documentation of architectural and cultural heritage using IRT-3DDF.

Section 4.4.1 executes a combined TIR-RGB bundle block adjustment using the IO

parameters obtained in Section 4.3.3 as fixed camera intrinsics. This case study

introduces critical tools expanded in Chapter 5, with results demonstrating initial

experiments and future avenues utilising multi-modal image matching to generate

correspondences across image modalities. Section 4.4.2, a 2D-3D fusion relative

pose implementation, applies the RO parameters from Section 4.3.4 to derive a

textured 3D thermal model of medieval wall paintings. Notably, whilst insights

regarding radiometric calibration, correction, and validation of TIR cameras are in-

tegrated from Chapter 3, the focus of this chapter remains on geometric calibration

and resulting network geometry.

4.4.1 Lenton Lodge Gatehouse

For the evaluation of the IO parameters obtained in Section 4.3.3, Lenton Lodge

Gatehouse, a 19th century Grade II* listed property in Nottingham, UK, was used

as a case study (Appendix A.1). Facing East-South-East, thermal images were

acquired in January 2024 between 10:30-11:00 AM using passive thermography,

maximising the baking of the structure from solar radiation and minimising shad-

ows on the façade. 20 WWP images were captured in a single strip with a GSD

of 9.81 mm, whilst 25 RGB1 images were captured in two strips with GSDs of

1.03 mm and 1.29 mm (Figure 4.9). Importantly, imagery from the WWP and

RGB1 were captured independently with no fixed relative orientation, meaning no

consistent baseline between the cameras can be assumed. Additionally, a network

of thermal-specific survey markers and natural points was acquired for subsequent
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referencing, scaling and quality evaluation (Section 3.5.4). Furthermore, a 45 min

acclimatisation period was undertaken for the WWP’s FPA sensor and CPU to gen-

erate stable temperature readings in accordance with findings from Section 3.4.2.

Finally, NUCs were undertaken at 3 min intervals during the survey to maintain

consistent temperature values over the duration of the TIR sequence (Section 3.4.2).

Figure 4.9: Lenton Lodge Gatehouse, Nottingham, UK.

With the proliferation of deep-learning approaches for both mono- (Jin et al., 2020)

and multi-modal (Velesaca et al., 2024) image matching, the possibility of using

‘out-of-the-box’ neural networks for photogrammetric data fusion is becoming a re-

ality (Elias et al., 2023). Therefore, to explore multi-modal image matching between

TIR and RGB images, Deep-Image-Matching (DIM), an open-source Python library

designed for robust multi-view image matching, was utilised (Section 5.3.3)(Morelli

et al., 2024a). To facilitate effective multi-modal matching, WWP images under-

went a histogram normalisation and UnSharp Masking to enhance detectable fea-

tures. Additionally, RGB images were downsampled from their original resolution

(7952×5304 pix) to 1
8th size (994×663 pix) to more closely mirror the resolution of

the WWP images. For all WWP and RGB images, 8,000 keypoints were detected
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using a SuperPoint (DeTone et al., 2018) feature extractor and LightGlue feature

matcher (Lindenberger et al., 2023) (Sp+Lg)(Figure 4.10). Utilising DIM, all 45

images were matched exhaustively, resulting in a possible 990 image pairs across

the dataset.

Figure 4.10: An example WWP-RGB1 image pair generated from SuperPoint +
LightGlue (Sp+Lg) in Deep-Image-Matching (DIM).

For the combined TIR-RGB bundle block adjustment, the generated database from

DIM was imported into COLMAP for image orientation (Schonberger & Frahm,

2016). Here, each block of WWP and RGB1 images were assigned a distinct cam-

era model, using the IO parameters from the TIR geometric calibration in Section

4.3.3. To keep the focus of the experiments on the performance of the TIR geomet-

ric calibration (independent variable), intrinsics for RGB1 were calculated through

self-calibration using the 25 images of Lenton Lodge Gatehouse and held constant

for each calibration subset. Importantly, IO values for the RGB1 focal length and

principal point were divided by eight to match the resolution of the downsampled

images provided to DIM. For each calibration set-up, an independent bundle adjust-

ment was undertaken, fixing the IO values for both the WWP and RGB1 to assess

the accuracy of the geometric calibration. Finally, to determine the possibility of

providing no initial IO values for a combined TIR-RGB bundle block adjustment,

a self-calibration approach using two radial distortion coefficients was undertaken

whereby camera parameters were refined during the bundle adjustment. For all
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cases, derived sparse 3D tie points and camera poses were imported into Agisoft

Metashape for metric evaluation (Figure 4.11).

Figure 4.11: Combined TIR-RGB bundle block adjustment camera network for
Lenton Lodge Gatehouse, showing the single strip of WWP images and two strips
of RGB1 images.

Results for the combined TIR-RGB bundle block adjustment are listed in Table

4.5, separating RGB1 and WWP image blocks into their respective modalities for

metric evaluation. For the WWP blocks, Root-Mean Squared Error (RMSE) on

the CPs is separated into horizontal (X), depth (Y ), vertical (Z) components,

with the RMSEWWP TOT representing the total RMSE of results in 3D space.

Additionally, the RMSE of the RGB blocks (RMSERGB1) and the MRE of the WWP

blocks (MREWWP) are included for a comprehensive assessment of the combined

TIR-RGB bundle block adjustment and camera intrinsics. Firstly, the results of

the WWP image blocks show notable differences between calibration approaches,

with the RMSEWWP TOT obtained from both 2D board calibration tests roughly

twice that of the 3D field results. Calculating a focal length ranging from 13-
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Parameters RMSERGB1
(mm)

MREWWP
(pix)

RMSEWWP (mm)

X Y Z TOT

Self-
Calibration k2 2.86 0.32 4.02 16.31 9.03 19.07

MATLAB k2 2.59 0.40 3.88 14.11 10.55 18.04
k3 2.60 0.31 3.98 12.39 8.63 15.62

Agisoft
Metashape

k2 2.44 0.27 2.72 5.74 6.12 8.82
k3 2.47 0.28 2.45 6.91 5.69 9.28

Australis k2 2.32 0.29 3.05 5.44 6.35 8.89
k3 2.19 0.29 3.06 5.60 6.28 8.95

Table 4.5: Results of the combined TIR-RGB Bundle Block Adjustment for Lenton
Lodge Gatehouse, separating results based on software and distortion coefficients
utilised.

16 µm less than that obtained from the 3D field methods (Table 4.3), coupled

with an inability to capture the unique distortion of the WWP’s germanium lens

(Figure 4.7), the 2D board shows significant error in the depth (Y ) component of the

RMSEWWP. Consequently, the results obtained from the the 2D board calibration

targets are similar to that of COLMAP where no prior calibration is undertaken

and nominal IO values are corrected via ‘on-the-job’ self-calibration. The poorer

MREWWP and RMSEWWP of the 2D board using MATLAB is likely due to the

scale of the calibration network geometry being insufficient for upscaling to the

3D scene and the projective coupling of IO and EO values rendering IO values

scene-dependent.

In contrast, the results of the 3D fields using both Agisoft Metashape and Australis

show positive results, obtaining similar MREWWP values for the combined TIR-RGB

bundle block adjustment and all RMSEWWP TOT values in line with the GSD of the

WWP block (GSD=9.81 mm). Agisoft Metashape achieved the best RMSEWWP

TOT results with two radial distortion coefficients, with Australis achieving compa-

rable results with the best RMSERBG1 when three radial distortion coefficients were

used. Interestingly, the MREWWP and RMSEWWP results obtained using either

two- or three radial distortion coefficients show little discernible difference; which,
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(a)

(b)

Figure 4.12: Generated 3D models from the combined TIR-RGB bundle block
adjustment of Lenton Lodge Gatehouse, textured with (a) RGB1 and (b) WWP
thermal images.
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when combined with the similar distortion models and profiles (Figures 4.6 and

4.7), suggests that for germanium lenses where no complex distortion is present,

either two- or three distortion coefficients could be used for effective TIR geometric

calibration.

Furthermore, as each combined TIR-RGB bundle block adjustment featured the

same RGB1 IO values and multi-modal correspondence, all RGB blocks present sim-

ilar RMSERGB1 of <3 mm, with mono-modal matches (those between RGB images)

from Sp+Lg allowing for successful orientation of the downsampled RGB block.

However, a strong correlation is also apparent between the WWP (RMSEWWP

TOT) and RGB1 (RMSERGB1) image blocks (r=0.86), suggesting the influence

of the WWP (and be virtue the fixed IO values) on multi-modal image orientation.

Similarly, the MREWWP across all tests shows notable correlation, closely mirroring

the RMSERGB1 and RMSEWWP values. This reiterates the suitability for image- and

object space metrics to be utilised in tandem for the assessment of the combined

TIR-RGB bundle block adjustment and camera intrinsics (Sledz & Heipke, 2022).

The results obtained with COLMAP, undertaking simultaneous IO and EO via

‘on-the-job’ self-calibration, proves the benefit that can be provided by effective

geometric calibration for sensor fusion pipelines (Hastedt & Luhmann, 2015). Given

the nominal focal length and image centre as starting IO values, the results of the

combined TIR-RGB bundle block adjustment perform worse than if successful pre-

calibration is undertaken, suggesting the benefit that can be gained from calibration

using multi-modal correspondence. Notably, RMSEWWP TOT were the same for

when nominal values (fx, fy, uo, vo) or full IO values from the 3D field (fx, fy, cx,

cx, k1, k2, p1, p2) were refined, with the bundle adjustment deriving the same IO

values for both the WWP and RGB1 regardless of the initial starting point. The

resulting 3D models, generated from the RGB1 images and textured with WWP

thermal images, can be seen in Figure 4.12.
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4.4.2 Castello Di Arco

For the evaluation of the RO parameters, Castello Di Arco, located in the Sarca

Valley of Trentino, northern Italy, was chosen as a case study (Appendix A.2). In

a bid to reduce water ingress and plaster delamination caused by the castle’s rock

wall foundations, a space heater has been utilised to actively heat the façades after

heavy rain and reduce the impact of the moisture on the frescoes (Figure 4.13).

Whilst active IRT provides established NDT techniques for cultural heritage wall

paintings (Williams et al., 2022), to determine the extent of the deterioration and

assess the current conservation practices, IRT-3DDF was employed to localise visible

signs of delamination and discolouration with quantitative temperature differences.

Therefore, to assess the impact of current conservation practices, the imaging survey

was undertaken after active thermography, with the space heater removed just prior

to data acquisition. The survey was undertaken in October 2024 after successive

days of dry weather (avg. temp. 13 ◦C). The fresco corner, facing North-East,

was subject to solar radiation from 06:52 (sunrise) until the commencement of the

survey (10:45-11:30 AM).

To utilise the findings generated in Section 4.3.4, stereo results were used from

both the in-built thermal camera and purpose-built stereo rig baselines. For both

baselines (VIS-WWP and RGB2-WWP), 40 stereo pairs were captured of the fresco

corner and adjoining walls (Figure 4.13). Captured at a distance of ∼2.5 m away

from the frescoes, the GSD for the WWP, VIS and RGB2 sensors were 3.3 mm,

2.0 mm and 0.3 mm, respectively (Figure 4.14). As previously stated, the benefit

of utilising known RO parameters is essential in cases where no discernible thermal

contrast can be identified or generated through active thermography. For Castello

Di Arco, presenting a temperature range of ∼3 ◦C, the derived thermal images

presented low contrast and high noise, meaning few suitable correspondence could

be used for feature-based matching (Figure 4.15).
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Figure 4.13: Castello Di Arco’s medieval frescoes, Trentino, Italy.

(a) (b)

Figure 4.14: Castello Di Arco’s medieval frescoes, featuring (a) the stereo rig fea-
turing the WWP and RGB2 cameras, and (b) the stereo rig camera network.

Initial tests proved the inability for WWP images to be oriented mono-modally, ne-

cessitating RO parameters to a reference camera/sensor for effective modelling. To

mitigate these challenges, a network of the thermal-specific markers, actively heated
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and positioned in front of the walls (Figure 4.13), provided manual tie points to

aid orientation of the WWP block and generate multi-modal correspondence (Bison

et al., 2012). To generate control for the resulting models, measured scale bars were

taken between positioned markers, with two used as control and two reserved for

validation. To undertake the modelling, Agisoft Metashape’s Multi-Camera Sys-

tem was utilised, with VIS/RGB2 set as the ‘primary’ camera (geometry) and the

WWP set as the ‘secondary’ camera (texture). IO values were fixed from the initial

calibration process (Section 4.3.4), with the X, Y , Z translations and ω, ϕ, κ rota-

tions input as initial constraints for the bundle adjustment. In addition, 2D image

coordinates (markers and tie points) were both weighted at 1.0 pix and 1.5 pix

for the RGB2-WWP and VIS-WWP baselines, respectively. Using a 2D-3D fusion

approach, a 3D thermal model was generated, using the ‘primary’ image dataset as

the base geometry, subsequently textured using the ‘secondary’ TIR image dataset

(Figure 4.16).

Table 4.6 shows the results from each baseline calibration test specifying the distor-

tion co-efficients used for the WWP during calibration (k2 or k3). The RMSE on

the measured scale bars are separated for each modality to provide an assessment

of the image orientation in each imaging domain. Additionally, as with the results

reported in Section 4.4.1, a self-calibration process has been undertaken where no

initial IO or RO parameters were provided, with IO, RO and EO parameters ob-

tained simultaneously via a self-calibrating bundle adjustment. For the VIS-WWP

baseline, the success of the obtained RO parameters is evident, with all approaches

able to orient the 40 stereo pairs successfully. For the sensors within the Work-

swell WIRIS Pro, calibration results are comparable across all calibration targets,

obtaining similar RMSEVIS-WWP results for the reference VIS sensor ranging from

1.5-2.7 mm. Interestingly, the 2D board obtained the best RMSEVIS-WWP value

amongst VIS blocks, showing the suitability of 2D boards for standard CV geo-

metric calibration. Importantly, all results (apart from MATLAB) provide a better
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(a)

(b)

Figure 4.15: An example of geometrically un-verified SIFT matches obtained in
COLMAP between sequential mono-modal (a) RGB2 and (b) WWP images, re-
sulting in 5,924 and 22 matches, respectively.

RMSEVIS-WWP for the WWP image blocks than that of purely self-calibration, sug-

gesting the superiority of pre-calibration for sensor systems with short baselines.

For the stereo rig (RGB2-WWP), all approaches achieve a similar RMSERGB2-WWP

for the RGB2 image blocks, showing the suitability of each calibration approach

(across different distortion coefficients) to obtain camera intrinsics for traditional

digital cameras. However, notable differences for the 2D board calibration tar-

get using MATLAB are identifiable, with the IO and RO parameters leading to a

markedly higher RMSERGB2-WWP for the WWP block of ∼9 mm. This is likely due

to the different FOV between the fixed cameras during RO calibration, with the

different focal lengths of the sensors (50 mm vs. 13 mm) making it more difficult
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to fill both image formats with the 2D board during simultaneous image capture

(Ursine et al., 2012). However, we see comparable results from both 3D field cal-

ibration approaches, obtaining a RMSERGB2-WWP of <2 mm for the WWP image

block. Significantly, Australis was able to obtain the lowest MRE, SO and RMSE

for the WWP blocks in RO calibration methods across both distortion coefficient

subsets. Much like the findings of Section 4.4.1, the results from both 3D calibration

methods demonstrate the superiority of the 3D field (and accompanying software)

to obtain precise and reliable IO values that are image invariant, scene-independent,

and metrically-accurate for photogrammetric reconstruction.

Parameters
RMSE VIS–WWP (mm) RMSE RGB2–WWP (mm)

VIS WWP RGB2 WWP
Self-

Calibration k2 2.43 4.30 1.46 1.42

MATLAB k2 1.49 5.04 2.20 8.72
k3 1.51 5.01 2.17 8.82

Agisoft
Metashape

k2 2.72 4.12 1.26 1.87
k3 2.74 4.24 1.26 1.89

Australis k2 2.25 3.83 1.26 1.58
k3 2.28 3.95 1.26 1.65

Table 4.6: RO results for Castello Di Arco’s medieval frescoes, with the measured
scale bar RMSE (mm) for each baseline (VIS-WWP or RGB2-WWP) separated
into each image modality.

As self-calibration was used as a benchmark to determine the ability for IO, RO and

EO parameters to be obtained simultaneously in the same bundle adjustment, it is

important to understand the performance of these results when compared to the RO

pre-calibration processes. Firstly, the block RMSE values from the VIS-WWP base-

line were favourable, establishing intrinsics in line with pre-calibrated values and

an estimated baseline (X) of -41.2 mm (∼0.5 mm from the reference value). How-

ever, the results of the RGB2-WWP baseline, obtaining a better RMSERGB2-WWP

for the WWP block than any calibration approach, generates a markedly different

distortion model for the WWP (notably cx, cy and p1, p2) and translation values
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(a)

(b)

Figure 4.16: Generated textured models of Castello Di Arco’s medieval frescoes,
with the (a) RGB results showing the visible signs of deterioration and (b) showing
temperature range visualising the most significant (cold) areas of water ingress.
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(X=-187.8 mm, Z=-0.8 mm). This suggests at the susceptibility for ‘on-the-job’

self-calibration to find any scene-dependent solution for IO and RO parameters that

fit with the extracted tie points and included markers, especially when fewer than

200 tie points exist in the WWP block. This reiterates the importance of known IO

and RO parameters for scenes where self-calibration is more impressionable, with

parameters (and logical constraints) a necessary feature when insufficient correspon-

dence is present or when modelled sensors present unique distortion profiles.

4.5 Discussion

4.5.1 TIR Geometric Calibration

Calibration Targets

As historical methods of TIR geometric calibration have been overly reliant on the

manual construction of 2D boards, the ambition of this chapter was to determine

a novel 3D test field design, preferable for photogrammetric camera calibration,

which could be compared against established contemporary approaches. Critically,

the success of all TIR geometric calibration approaches is in the ability for control

points to be extracted with high contrast and low noise, with the greatest con-

tributing factor being the emissivity of the materials used. As seen in Table 4.2,

the difference in emissivity between the DiBond and UV-printing ink was notably

small (∆ε=0.20). This made it difficult to excite thermal contrast and extract ac-

curate checker-board corners, resulting in uncertainty propagating into imprecise

IO values and larger error values (i.e., IO σ, MRE, SO)(Table 4.3). Although scale,

network geometry and calibration set-up still play a role, material emissivity is

likely the largest contributing factor for the poor calibration and IRT-3DDF results

obtained with the 2D board, demonstrating the importance of material choice and
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emissivity calculation as part of effective TIR geometric calibration.

In contrast, the emissivity difference for the 3D test field provided well-defined

crosshairs with high contrast throughout the entirety of the imaging surveys (∆ε=0.65).

Highly-configurable in terms of quantity, geometry, scale and setting, the novelty of

the proposed custom markers is characterised by their suitability as: (1) crosshair

targets for 3D test fields; (2) additional tie points for photogrammetric multi-modal

image matching; (3) GCPs and CPs for photogrammetric evaluation; and (4) known

points for quantitative temperature verification. However, the proposed method is

still limited by the manual identification of markers within the imaging surveys as

opposed to fully-automatic feature detection. Roshan et al. (2024)’s 2D ChArUco

checker-board provides a logical progression of the current thermal markers, with

milled aluminium coded markers a novel approach for both future calibration and

survey applications.

However, although coded markers (Roshan et al., 2024); distinctive shapes (Zhang

et al., 2022); speckles (Lagüela et al., 2011a); actively heated elements (Sun et al.,

2022) and mono- or multi-modal local features (Perda et al., 2024) may provide

avenues for future exploration, the ability for these to be observed by commercial

thermal cameras with inherent low resolution, common for TTISs incorporating

multiple image- and range-based sensors (Adán et al., 2021), remains an open chal-

lenge. Finally, whilst the use of active thermography provided the necessary contrast

for effective control point identification in both calibration targets, the considerable

limitations of existing and alternate active thermography approaches include: the

difficulty constructing electrical targets, the inaccuracy of control point extraction,

the inability to take devices into the field, and the need for repeated heating cycles

(Lagüela et al., 2011a; Zhang et al., 2023a).
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Interior Orientation

The derived IO parameters, obtained by comparing calibration targets, the number

of distortion coefficients and software packages, point to several considerations for

TIR geometric calibration. As previously highlighted, the quality of the 2D board

drastically affect the derived intrinsics, incapable of capturing the distortion of the

germanium lens and producing significantly larger IO σ, MRE and SO values (Table

4.3). In addition, whilst an initial set of 20 images were captured for interior orien-

tation using MATLAB, an additional 20 (totalling 40 images) were needed to refine

IO values within expected limits. Although MRE and SO errors obtained during

calibration would indicate agreeable performance of the 2D board, these metrics

cannot be viewed in isolation, with the comparison and application of IO values in

Section 4.4.1 demonstrating the inability for the 2D board to achieve precise TIR

camera intrinsics for scene-independent photogrammetric use. As a result, even

though 2D boards are established as a method for TIR geometric calibration, the

susceptibility of projective coupling from suboptimal calibration network geometry,

the tendency for derived IO values to be image-variant, and the observed scene-

dependency of calibration processes means that the use of 2D boards should be

limited for metrically-accurate IRT-3DDF.

In contrast, the 3D field, presenting a strong configuration of multi-level points,

was able to capture the unique distortion of the WWP optics with either two-

or three radial distortion coefficients. The acknowledged benefits of a 3D calibra-

tion field, including the ability for the image format to be properly filled, greater

scale and depth information to be present, and the high convergence between point

observations, allowed for more precise and reliable estimates of IO values. The

comparable performance of both Agisoft Metashape and Australis software pack-

ages, both in terms of distortion profiles (Figure 4.6) and distortion models (Figure

4.7), is likely due to the identical camera network geometry, 2D marker coordinates
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and associated constraints. However, for these results to be achieved, the inability

for the Agisoft Metashape GUI to run a purely marker-based bundle adjustment

required the removal of ambiguous tie points in the ‘textureless’ calibration target

after initial alignment and for an additional optimising bundle adjustment to be

undertaken. Therefore, when deciding between software packages, considerations

between automation and accuracy must be made in accordance with the camera

network for TIR geometric calibration, with Australis allowing for greater access to

the self-calibrating bundle adjustment and accompanying parameter correlations.

Finally, regarding choice of distortion coefficients or software package, there is little

in the IO or RO calibration performance metrics or IRT-3DDF results that would

suggest a preference for two- or three radial distortion coefficients; however, this

will largely be TIR camera and calibration dependent.

For the self-calibration results in Table 4.5, it is apparent the influence that impre-

cise intrinsics can have for multi-modal image matching. The obtained principal

point for the self-calibration presented a difference from calibrated IO values in cx

and cy of ∼10 pix and 4 pix, respectively; which, even though capable of determining

a similar distortion profile to the 3D field approaches, resulted in expectedly higher

RMSETIR TOT (Clarke et al., 1998). As discussed in Section 4.4.1, the resulting IO

values from the combined TIR-RGB bundle block adjustment self-calibration were

practically the same when either nominal- (simple pinhole camera model), full-

(OpenCV camera model) or pre-calibrated IO values were refined (Schonberger &

Frahm, 2016). This demonstrates a considerable opportunity to understand the in-

fluence of bundle iterations and initial intrinsics on multi-modal image orientation.

Therefore, the exploration of on-site self-calibration (Senn et al., 2022), utilising

varying initial camera intrinsics and constraints, is a logical progression for Section

4.4.1 (Hastedt & Luhmann, 2015).

Finally, the difference in TIR intrinsics obtained for Sections 4.3.3 and 4.3.4 must

be noted, stressing the need for TIR cameras to be regularly calibrated prior to pho-
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togrammetric use (IO and RO calibration experiments were undertaken six months

apart). For example, an observable offset in the principal point and tangential dis-

tortion coefficients was present for WWP IO values used in the Sections 4.4.1 &

4.4.2. This phenomena could be caused by mechanical stress or component instabil-

ity within the Workswell WIRIS Pro, a possible side effect of rotational movements

during calibration or camera handling and transportation (Luhmann et al., 2016).

Furthermore, the influence of sensor temperature and ambient conditions during

geometric calibration can be seen to have influence on derived TIR images, caus-

ing an observable increase in temperature values within the obtained calibration

datasets (Figure 4.4). As sensor, camera housing and environmental temperatures

have an established impact on resulting camera intrinsics (Daakir et al., 2019) and

radiometric accuracy (Wan et al., 2021), the analysis of this effect on FPA sen-

sors (detecting the very radiation that will be causing instability), warrants future

investigation.

Relative Orientation

The results of the relative pose estimations in Sections 4.3.4 and 4.4.2 demonstrate

the success of the proposed calibration approaches and importance of pre-calibrated

IO and RO parameters for IRT-3DDF. Firstly, the results for the 2D board provided

an agreeable estimation of the relative pose for both baselines, notably for the VIS-

WWP baseline where the focal lengths and FOVs of the VIS-WWP image pairs

made filling the image format more achievable. However, the results from both 3D

field calibration approaches demonstrate the superiority of a strong camera network

and multi-level calibration target for TIR relative pose estimation, with both Agisoft

Metashape and Australis achieving successful results when IO and RO parameters

were applied (notably for the RGB2-WWP stereo rig <2 mm for all image blocks).

Importantly, both Sections 4.3.4 and 4.4.2 show the capability for RO parameters

to be generated across varying baselines and sensors, critical for implementation
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within IRT-3DDF where a vast array of resolutions and TTISs.

The importance of pre-calibration in Section 4.4.2 is evident, where self-calibration

was highly unsuccessful in obtaining simultaneous IO, RO and EO parameters in a

low contrast setting. Even though IO values for VIS and RGB2 were in line with

pre-calibrated values, both VIS-WWP and RGB2-WWP results failed to provide

reliable IO values for the WWP, with VIS-WWP results determining a focal length

∼100 µm from pre-calibrated values and RGB2-WWP results achieving a principal

point (282, 243) significantly off from the image centre (320, 256). Clearly, Agisoft

Metashape’s Multi-Camera System calculates IO values for the ‘primary’ camera as

a priority, fitting the ‘secondary’ camera within the remaining constraints. In ad-

dition, altering the weights given to WWP tie points and user-defined coordinates

of the custom markers, imperative for generating multi-modal correspondence, pro-

vided notable differences in obtained IO and RO parameters, likely due to the ex-

tremely low number of tie points in the WWP image block (No.WWP<200). There-

fore, additional investigations assessing the stability of relative pose estimations for

IRT-3DDF via ‘on-the-job’ self-calibration are needed, notably the inclusion of: (1)

initial estimates and constraints for IO parameters; (2) initial estimates and con-

straints for RO parameters (most likely including horizontal displacement in X)

(Lerma et al., 2010); and (3) greater TIR mono- and TIR-RGB multi-modal tie

points (in a similar vein to Section 4.4.1).

4.5.2 Calibration for IRT-3DDF

Whilst the use of IRT as part of a broader catalogue of NDT techniques has long

been established for architectural heritage (Tejedor et al., 2022), the presented ex-

amples of IRT-3DDF reveal opportunities where 2D imaging techniques can embrace

synergies with 3D modelling practices (Adán et al., 2021). The ability to gener-

ate rapid, real-time and repeatable thermal models creates opportunities for the

123



4.5. DISCUSSION

assessment of architectural heritage through the comparison of 3D thermal models

over time, the localisation of thermal anomalies and the quantification of material

degradation. Similarly, the results from Castello di Arco, with known and observ-

able discrepancies in the temperature of the medieval frescoes, point to possible

interventions and areas for investigation. Firstly, it is evident the use of a space

heater to alleviate the effects of the water seeping through the wall has been insuffi-

cient to address a pressing issue in the upper corner, with a temperature difference

of ∼1.5 ◦C from the fresco average still apparent. The use of IRT-3DDF helps

demonstrate the extent of the temperature difference, the proximity of affected ar-

eas in relation to the space heater and identifies additional areas on the wall where

conservation work should be considered. However, whilst the focus of this work

has been on geometric calibration, for additional insights to be extracted, future

emphasis on radiometric calibration, correction and validation is needed for the

implementation of effective IRT-3DDF (Adán et al., 2023b).

Notably, the results from Section 4.4.1 also demonstrate the success of a novel

deep-learning based multi-modal image matching method for thermal modelling,

representing a real opportunity for the development of IRT-3DDF by exploiting

‘out-of-the-box’ neural networks not trained on TIR images. This section confirmed:

(1) the ability for feature correspondence to be determined across image modali-

ties, (2) the strength of these points for simultaneous image orientation as part of a

combined TIR-RGB bundle block adjustment, and (3) the increased automation of

IRT-3DDF without a reliance on known survey points or manual registration. Sim-

ilarly, the results in Section 4.4.2 represent a critical method for IRT-3DDF where

insufficient temperature differences means little thermal contrast is visible within

a given scene. The ability for scenes to exploit proximal sensors and reliable cali-

bration procedures represents a critical opportunity for indoor thermal modelling,

where the generation of contrast is a likely obstacle. However, the manoeuvrability

and construction of the RGB2-WWP stereo rig provides considerable limitations
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in terms of data capture and synchronisation, likely exacerbated when the scene

increases in scale and complexity. The findings from Section 4.4 demonstrate the

benefit of using a high-resolution digital camera to generate the ‘base’ geometry for

IRT-3DDF, with most commercial thermal cameras (and accompanying visible sen-

sors) developed for building inspection as opposed to photogrammetry. Therefore,

the logical evolution of this research should focus on combining the complemen-

tary methods of Section 4.4 for the establishment of TIR geometric calibration as

a fundamental component of IRT-3DDF. This would further develop the novelty

of multi-modal correspondence for orienting TIR and RGB images whilst utilising

the proximal sensors within thermal cameras, helping mitigate environments where

both mono- and multi-modal TIR correspondence may not be determined.

4.6 Conclusion

The determination of reliable IO and RO parameters for TIR cameras is critical for

their subsequent use in photogrammetric processes. The performance of calibration

procedures cannot be used as a proxy for their success in eventual 3D reconstruction,

notably for data fusion methods utilising sensors of varying resolutions and modal-

ity. Addressing Objective 2, this chapter has comparatively evaluated existing 2D-

and novel 3D calibration targets, detailing construction, calibration and applica-

tions for IRT-3DDF. Results suggest the superiority of a 3D field for the estimation

of TIR intrinsics and provide insights regarding appropriate camera parameters,

software packages and and future refinements. In addition, the estimation of the

relative pose between two baselines was determined to assess the accuracy of image

orientation utilising in-built sensors from a singular thermal camera or a constructed

stereo rig. The application of IO and RO parameters to two IRT-3DDF methods

demonstrates the opportunities to be gained for NDT within architectural heritage

exploiting thermal modelling. The first method, proposing a novel combined TIR-
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RGB bundle block adjustment utilising deep-learning multi-modal correspondence,

presenting an automatic data fusion method where simultaneous image orientation

can be achieved without a reliance on GCPs or manual registration. This demon-

strates the capability of using neural networks generalised outside of their training

domain, a facet that can be investigated further to determine it’s durability across

varying sensors, settings and scenarios (Chapter 5). The second method, utilising a

fixed stereo rig for the generation of a textured 3D thermal model, provides a work-

flow demonstrating the importance of proximal sensors and effective RO parameters

when low thermal contrast and few TIR correspondences can be determined. Fu-

ture work will look to combine developed methods to exploit the higher resolution

and flexibility of commercial digital cameras whilst utilising fixed sensors within

a thermal camera for instances when TIR images require additional support for

successful image orientation.
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Generation of IRT-3DDF
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5.1 Introduction

Whilst IRT-3DDF research has grown over the past decade, marked by the ever-

increasing availability, affordability and functionality of TIR cameras, critical bot-

tlenecks have endured from its conception. Firstly, the inherent low spatial resolu-

tion and small imaging format of commercial TIR cameras, comparatively to mod-

ern DSLR or mirrorless cameras, means the determination of correspondences for

photogrammetric processes remains challenging between different sensors. Secondly,

as most TIR cameras do not provide any direct positioning data, the orientation

of resultant imagery is not provided for incorporation into subsequent modelling

methods. As seen in Chapter 2, IRT-3DDF research has relied on several broad ap-

proaches: the co-registration of independently oriented TIR and RGB image blocks

using GCPs (Dahaghin et al., 2021; Scaioni et al., 2017) or iterative closest point

(ICP) algorithms (Maset et al., 2017; Truong et al., 2017); the use of sensors in

fixed relative orientation to determine TIR poses (Dlesk et al., 2021); or the fusion

of TIR images with additional geometric (Adán et al., 2021) or parametric (Hoeg-

ner & Stilla, 2016) 3D models. However, the effectiveness of these methods is often

restricted by: the manual collection of topographic measurements and identifica-

tion of GCP projections in the imagery; a manual rough co-registration between

the RGB and TIR blocks before ICP; the inability for surveys to be undertaken

independently to optimise image capture for IRT (e.g., RGB acquisition during the

day and TIR acquisition during the night); or, not benefiting from complementary

observations from the geometric data in both TIR and RGB image blocks (e.g.,

multi-modal tie points that can improve the final orientation accuracy).

To overcome these limitations, fully automatic methods for IRT-3DDF must be

developed to co-register TIR and RGB images that can benefit from the radio-

metric information of the former and the the geometric quality of the latter. Im-

portantly, IRT-3DDF methods exploiting combined TIR-RGB bundle block ad-
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justments, where automatic correspondences between TIR and RGB images are

required, have been under-researched and remain limited (Previtali et al., 2013).

Multi-modal image matching, the process of establishing these correspondences be-

tween images acquired with different types of sensors, allow the direct and simulta-

neous orientation of both TIR and RGB imagery. 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 image resolutions be-

tween image sources. Whilst challenging, the benefits of determining significant

quantities of automatic multi-modal features presents a considerable benefit over

current, manual or semi-automatic processes, allowing for thermal models to be

generated with greater ease, automation and application.

5.1.1 Generation: Aims and Objectives

Expanding the results of Section 4.4.1, and the collaborative paper of Morelli et al.

(2025b), this chapter presents a novel 2D-2D fusion approach for IRT-3DDF, simul-

taneously orienting TIR and RGB images in a combined TIR-RGB bundle block

adjustment. The suitability of deep-learning (DL) multi-modal image matching

for photogrammetric IRT-3DDF is assessed by comparing the performance of: (1)

state-of-the-art deep-learning multi-modal matchers; (2) traditional, termed ‘hand-

crafted’, feature matchers; and (3) an existing, popular, IRT-3DDF approach. Sig-

nificantly, the proposed 2D-2D fusion pipeline offers an automatic and efficient

workflow that eliminates the need for GCP-based co-registration and supports the

use of thermal imaging for: daily and seasonally conditions, terrestrial and aerial

use cases, and civil and heritage applications. This chapter will:

• Develop a novel 2D-2D fusion pipeline that enables the automatic co-registration

of TIR and RGB image blocks within a combined bundle block adjustment,

eliminating the need for GCPs, fixed relative sensor orientation or simultane-
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ous data capture for IRT-3DDF;

• Evaluate the performance of the pre-trained DL neural networks for robust

multi-modal image matching between TIR and RGB images, demonstrating

that DL-based matchers, trained to be invariant to significant radiometric and

geometric distortions not associated with multi-modal sensors, can generalise

beyond their original mono-modal training domain;

• Provide an adaptable and scalable IRT-3DDF pipeline suitable for varying

sensor formats, subjects and applications.

5.1.2 Chapter Structure

This chapter is structured as follows: Section 5.2 outlines the state-of-the-art in

hand-crafted and deep-learning multi-modal image matching, including approaches

specific to IRT-3DDF; Section 5.3 outlines the implemented methodology including

multi-modal image matching, photogrammetric processing and thermal modelling;

Section 5.4 compares the resulting camera poses and generated 3D models from

two case studies on contemporary and historical building façades; and Section 5.5

discusses the development of the proposed workflow, its merits over existing ap-

proaches and future improvements.

5.2 Multi-Modal Image Matching: State-of-the-

Art

Image matching is a fundamental component of photogrammetry and computer

vision, with traditional, termed ‘hand-crafted’, methods providing well-established

algorithms for image registration, 3D reconstruction, object detection and local-
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isation (Remondino et al., 2014). Notably, SIFT (Scale Invariant Feature Trans-

form)(Lowe, 1999), despite its limited invariance to illumination and affine transfor-

mations, marked a significant milestone as the first detector and descriptor demon-

strating sufficient invariance for a broad spectrum of applications (Lowe, 2004).

Even today, SIFT remains the benchmark feature matcher among non-DL-based

approaches (Jin et al., 2020), together with subsequent hand-crafted feature-based

approaches such as SURF (Speeded-Up Robust Features)(Bay et al., 2006), ORB

(Oriented FAST and rotated BRIEF)(Rublee et al., 2011) and FAST (Features from

Accelerated Segment Test)(Rosten & Drummond, 2006).

However, whilst these algorithms are adequate for matching RGB-RGB or TIR-

TIR image pairs (e.g., SIFT (Dahaghin et al., 2019), ASIFT (González-Aguilera

et al., 2013) or FAST (Lagüela et al., 2012)), both intensity (detection) and gradi-

ent (description) information are sensitive to non-linear radiation distortion (NRD)

between TIR and RGB images (Figure 5.1)(Saleem et al., 2017). 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 modali-

ties. Among these, RIFT (Radiation Invariant Feature Transform)(Li et al., 2020)

provides a SIFT-like multi-modal image matcher using frequency-domain informa-

tion (phase congruency)(PC) and maximum index mapping (MIM) to detect and

describe keypoints. Similarly, SRIF (Scale and Rotation Invariant Feature Trans-

form)(Li et al., 2023a) integrates: (1) a pyramid scale space strategy to project key

points within scale space, enabling scale invariance for each image, and (2) a local

intensity binary transform (LIBT) to provide greater structural information for fea-

ture description. Whilst these hand-crafted multi-modal image matchers provide

suitable thermal-specific methods for IRT-3DDF (Lin et al., 2019b), their ability

to provide robust multi-view matches across challenging scales, poses and baselines

requires assessment (Sledz & Heipke, 2022).

In recent years, the proliferation of DL approaches for image matching has sought
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(a) RGB-RGB (724)

(b) TIR-TIR (192)

(c) TIR-RGB (13)

Figure 5.1: Comparing a hand-crafted image matching approach (SIFT feature
detector (Lowe, 1999), nearest neighbour matching (Riba et al., 2019) and Py-
DEGENSAC geometric verification (Mishkin et al., 2015)) for (a) RGB-RGB, (b)
TIR-TIR, and (c) TIR-RGB image pairs, with the number of matched features be-
ing 724, 192, and 13, respectively.

to overcome the limitations of hand-crafted algorithms by using CNNs to build

new detectors and descriptors, commencing with the seminal work of LIFT (Yi

et al., 2016), followed by other end-to-end DL approaches such as LF-Net (Ono

et al., 2018), SuperPoint (DeTone et al., 2018), and ASLFeat (Luo et al., 2020). In

addition, feature matching, after local feature detection, can be trained in isolation
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using graph neural networks as a substitute to nearest neighbour matching and

epipolar geometry verification, with SuperGlue (Sarlin et al., 2019) and LightGlue

(Lindenberger et al., 2023) presenting robust and versatile matching solutions for

RGB images. Conceptually, any combination of hand-crafted and learning-based

components (i.e., detector, descriptor, matcher) is feasible for the determination

of correspondences (Jin et al., 2020). However, these networks are pre-trained on

extensive mono-modal datasets with varying illumination, perspective changes and

wide baselines (Barroso-Laguna et al., 2019; Mishchuk et al., 2017; Verdie et al.,

2014); which, when used for multi-modal image matching, comprising images with

inherent geometric, radiometric and spectral differences, are applied beyond their

original mono-modal training domain.

For multi-modal image matching, the ability to overcome these challenges has jus-

tified their exploration for thermal-visible image matching (Velesaca et al., 2024).

PhotoMatch (Ruiz De Oña et al., 2023), a multi-modal image matching software,

demonstrates the application of ‘out-of-the-box’ DL image matching methods with

‘detect-and-describe’ approaches like D2-Net (Dusmanu et al., 2019) and R2D2

(Revaud et al., 2019), both superior to hand-crafted methods in six multi-modal

scenarios (inc., scanning electron microscopy, infrared, LiDAR, aerial, and magnetic

resonance images). Similarly, Chang et al. (2024) presents a novel lightweight net-

work built to exploit local and global feature information for infrared-visible image

matching, achieving competitive results with RIFT, R2D2, SuperPoint+LightGlue

(Sp+Lg) and LoFTR (Sun et al., 2021). These cases demonstrate the success of

‘out-of-the-box’ DL feature detectors and matchers for 2D scenarios; however, the

adaptability of DL neural networks for 2D-2D fusion remains open for investigation.

The use of 2D-2D fusion approaches, previously discussed in Section 2.3.2, point

to several conclusions for multi-modal image matching: (1) hand-crafted features,

although successful mono-modally (Maset et al., 2017), are unsuitable for compre-

hensive multi-modal image matching (Ham & Golparvar-Fard, 2013a; Hoegner et
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al., 2018); (2) image orientation through combined bundle block adjustments, util-

ising multi-modal correspondence, are suitable, performed either manually (Scaioni

et al., 2017), semi- (Previtali et al., 2013) or fully-automatically (Elias et al., 2023);

and (3) DL approaches are the logical evolution of 2D-2D fusion. With increasing

access, availability and applications for DL image matchers, the ability for multi-

sensor correspondence to be used within single bundle adjustment has become well-

established, utilised for 2.5D TLS- (Morelli et al., 2024b), historical- (Morelli et

al., 2022) and day-and-night (Morelli et al., 2025a) images. However, the devel-

opment 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.

5.3 Methodology

Figure 5.2: Proposed 2D-2D fusion methodology utilising multi-modal image match-
ing for IRT-3DDF.
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The outlined methodology introduces DL-based multi-modal image matching for

the generation of IRT-3DDF. Importantly, this proposed method co-registers both

image blocks through shared observations of local features in mono-modal (i.e.,

TIR-TIR, RGB-RGB) and multi-modal (i.e., TIR-RGB) image pairs. Whilst tra-

ditional methods rely on the co-registration of independent TIR and RGB blocks

using GCPs/ICP, fixed relative orientation between sensors, or GNSS/IMU data,

the proposed method is fully automatic. In addition, an optimised modelling and

texturing method is presented to exploit the benefits of both individual datasets

for 3D thermal modelling. Importantly, the proposed IRT-3DDF methods enable

asynchronous acquisition of TIR and RGB datasets, particularly advantageous in

settings where optimal conditions for data collection (e.g., lighting, temperature

and desired application) do not coincide, allowing additional TIR surveys to be

collected and compared over time or under different experimental conditions. The

proposed workflow, outlined in Figure 5.2, comprises the following steps:

1. Data Acquisition and Pre-Processing: Asynchronous imaging surveys

using separate TIR and RGB sensors are undertaken, followed by pre-processing

to enhance image features prior to multi-modal image matching.

2. Image Matching and Orientation: Exhaustive matching is performed

between TIR and RGB blocks using a collection of hand-crafted and pre-

trained DL-based approaches, subsequently oriented in a combined bundle

block adjustment.

3. Image Processing: Full-resolution RGB images are used to generate camera

poses and 3D polygonal model through a classical photogrammetric workflow.

In addition, 16-bit TIR images, encoding accurate temperature values, are

prepared for eventual 3D model texturing.

4. Optimised Bundle Adjustment: Full-resolution RGB poses are imported

as reference poses, with an additional bundle adjustment undertaken con-
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straining the hand-crafted and learning-based TIR-RGB blocks on the full-

resolution RGB poses.

5. Modelling: Integration of optimised TIR-RGB blocks, 3D polygonal model

and temperature corrected TIR images for 3D thermal modelling.

6. Evaluation: Evaluation of hand-crafted and DL multi-modal tie points (2D

Metrics), pre- and post- optimisation TIR-RGB blocks in object space (3D

Metrics) and derived 3D thermal model temperature values (Temp. Metrics).

5.3.1 Case Studies

To evaluate DL-based methods for multi-modal image matching, two contrasting

architectural case studies were utilised. Firstly, to assess the implementation of

IRT-3DDF for energy efficiency and retrofitting applications, a 21st Century con-

temporary dwelling in Warwickshire, UK, named Dunrobin House (DUNR) was

selected (Appendix A.3). Secondly, Lenton Lodge Gatehouse (GATE) was used as

a heritage case study in Nottingham, UK (Appendix A.1). This provides two case

studies of contrasting scale, materials and age for the assessment of the proposed

IRT-3DDF workflow. Both buildings can be seen in Figure 5.3.

(a) DUNR (b) GATE

Figure 5.3: (a) Dunrobin House, Warwickshire, UK; (b) Lenton Lodge Gatehouse,
Nottinghamshire, UK.
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5.3.2 Step 1: Image Acquisition and Pre-Processing

Cameras

For the execution of the proposed method, the same cameras from Chapter 4 were

employed: the Workswell WIRIS Pro (WWP) and Sony α 7R II (RGB1) (Section

4.3.1). Although the WWP features both TIR and VIS sensors, the limited res-

olution of the VIS sensor (1920×1080 pix) required an alternative camera for the

effective generation of the base geometry. Therefore, RGB1, with a full-frame sensor

and a resolution of 7952×5304 pix, was used to capture higher quality RGB images.

As with Section 4.4.1, the WWP and RGB1 were not fixed in relative orientation,

meaning the proposed method cannot assume a constant baseline between the two

cameras. Prior to image capture, both the WWP and RGB1 were geometrically

calibrated utilising the method in Section 4.3.3), obtaining the following IO values:

f , cx, cy, k1, k2, p1, p2. In addition, implementing the findings of Section 3.4.2,

the WWP underwent 75-minute sensor acclimatisation period to generate stable

temperature readings (increased from 52 minutes to account for colder environmen-

tal conditions), with NUCs set at 3-minute intervals and periodic image capture

undertaken every 12 seconds.

Data Acquisition

In line with the recommendations of Section 3.5, as well as protocols for effective

multi-modal image matching, the following considerations were made for both ther-

mal and visible data capture. For both WWP datasets, passive thermography was

used, with ambient air temperature and reflected temperature recorded using the

RS PRO RS-91 hygrometer and RS PRO RS-8876 infrared thermometer, input

into the WWP prior to image capture. In addition, emissivity values (ε) for the

predominant building material in each case study were determined and set within
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the WWP. For Lenton Lodge Gatehouse, facing East-South-East, data acquisition

between 09:30-12:00 presented conditions that would maximise morning ‘baking’ of

the structure and excite a thermal signature. In contrast, TIR images of Dunrobin

House were acquired at night (22:18-22:25) to determine a thermal signature of the

building when no internal or external stimuli were present (representing preferable

conditions for building energy audits)(Sadhukhan et al., 2020). To mitigate the low

resolution of the TIR images, strips were captured with 90% horizontal and 70%

vertical overlap (Figure 5.4). For both structures, a network of thermal-specific

markers (GCPs and CPs) was acquired to validate the accuracy of the proposed

pipeline (Section 3.5.4). For Dunrobin house, a fixed TIR GSD of 9.8 mm was used

for all images, whilst for Lenton Lodge Gatehouse strips at different distance were

captured, with GSD ranging between 9.8 mm and 26.2 mm. Details of both surveys

can be seen in Table 5.1, with the resulting camera networks visualised in Figure

5.5.

(a) TIR

(b) RGB

Figure 5.4: Example image sequences for (a) TIR and (b) RGB images of Lenton
Lodge Gatehouse.

Image Enhancement

The ‘appearance’ of TIR images differs significantly from images in the visible spec-

trum, with TIR images often characterised by low contrast, high noise and blurred

details. The dynamic range of thermal images is often determined by areas of
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Statistics
Case Study

Dunrobin
House

Lenton Lodge
Gatehouse

No. TIR Images 45 90
TIR res. (pix) 640×512 640×512
Min. TIR GSD (mm) 9.8 9.8
Max. TIR GSD (mm) 26.2
No. RGB Images 50 55
Full RGB res. (pix) 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. (pix) 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) 4,465 10,440
No. GCPs 3 4
No. CPs 3 4

Table 5.1: Data Acquisition statistics for both TIR and RGB data sets.

significant temperature change (i.e., sea, sky), reducing the visibility of a subject

presenting relatively smaller temperature changes. Therefore, thermal image en-

hancement has become an fundamental pre-processing step for image registration,

object detection and 3D reconstruction (Akcay & Avsar, 2017; Conte et al., 2018;

Ribeiro-Gomes et al., 2017; Zhang et al., 2023b). Unlike Section 4.4.2, the underly-

ing assumption of the proposed method, given its reliance on multi-modal matches,

is the presence of sufficient texture in both the TIR and RGB datasets, successfully

determining local features in the images that are repeatable, unique and distinctive.

To improve the number of detectable features between TIR and RGB images prior

to image matching, the WWP’s 16-bit TIFF images were imported into FIJI (FIJI

Is Just ImageJ)(Schindelin et al., 2012), independently contrast stretched and en-

hanced with an UnSharp Masking filter, significantly increasing the number of

matches extracted by both hand-crafted and DL-based matching strategies (Fig-

ure 5.6). Subsequently, TIR images were converted from 16-bit to 8-bit files for

compatibility with subsequent image matching processes. To facilitate effective
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(a) TIR (b) RGB

Figure 5.5: TIR (red) and RGB (blue) camera networks for (a) Dunrobin House
and (b) Lenton Lodge Gatehouse.

multi-modal matching, RGB images were downsampled from their original resolu-

tion (7952×5304 pix) to 1
8 of their original size (994×663 pix) (Adamopoulos et al.,

2021) (notably, none of the tested DL approaches found sufficient key points by

directly matching TIR and full-resolution RGB images before resampling, showing

a limited scale invariance of the DL local features tested)(Marelli et al., 2023). Im-

portantly, the original 16-bit TIFF images, encoding temperature values as DNs,

were re-introduced in subsequent texturing steps to include accurate temperature

measurements for the 3D thermal models.

5.3.3 Step 2: Image Matching and Orientation

Deep-Image-Matching

Deep-Image-Matching (DIM), a flexible, open-source Python library designed for

robust multi-view image matching, was used for the implementation of the multi-

modal image matching (Morelli et al., 2024a). DIM enables front-end access to
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(a) Before (b) After

Figure 5.6: 16-bit TIFF thermal images (a) before and (b) after image enhancement
(histogram normalization and UnSharp Masking)

a wide range of state-of-the-art computer vision algorithms, providing the essen-

tial foundation for bundle adjustments and accurate photogrammetric reconstruc-

tion. DIM employs a modular workflow designed for effective multi-view matching,

including pipeline selection, image pair selection (matching strategy) and image

pre-processing (Figure 5.7). Importantly, DIM does not perform either the bun-

dle adjustment or 3D scene reconstruction itself, but exports matches in formats

compatible with various photogrammetric software. DIM supports various combina-

tions of local features and matching algorithms, spanning traditional hand-crafted-

to recent state-of-the-art learning-based approaches, including: SIFT (Lowe, 1999),

ORB (Rublee et al., 2011), ALIKE (Zhao et al., 2021), ALIKED (Zhao et al.,

2023), DeDoDe (Edstedt et al., 2023a), DISK (Tyszkiewicz et al., 2020), Key.Net

(Barroso-Laguna et al., 2019)+HardNet8 (Pultar, 2020), XFeat (Potje et al., 2024),

LightGlue (Lindenberger et al., 2023), LoFTR (Sun et al., 2021), SE2-LoFTR (Bök-

man & Kahl, 2022), RoMA (Edstedt et al., 2023b), SuperPoint (DeTone et al., 2018)

and SuperGlue (Sarlin et al., 2019).

For the comprehensive assessment of pre-trained ‘out-of-the-box’ image matchers

for IRT-3DDF, various hand-crafted and DL-based matchers were tested to compare

their respective performances. The following DL features and matchers were con-
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Figure 5.7: Deep-Image-Matching (DIM) modules and workflow.

sidered: (1)SuperPoint (Sp) features combined with SuperGlue (Sg) matcher; (2)

SuperPoint, ALIKED and DISK features combined with LightGlue (Lg) matcher;

(3) DeDoDe features and KeyNet detector with HardNet descriptor, combined with

nearest neighbour (NN) matching. In addition, the comparison was extended to in-

clude the use of LoFTR, a semi-dense method with a featureless approach designed

to operate on image pairs. As a hand-crafted method for mono-modal matching,

SIFT+NN matching was tested, which is considered the benchmark among tra-

ditional matching algorithms (Jin et al., 2020). The DIM ‘bruteforce’ matching

strategy was used to exhaustively match all images in the combined TIR-RGB im-

age blocks. This resulted in 4,465 and 10,440 pairs for Dunrobin House and Lenton

Lodge Gatehouse, respectively (Table 5.1). For each pipeline, a maximum of 8,000

keypoints was extracted from each image, a quantity commonly used in local fea-

tures and matchers accuracy assessment (Jin et al., 2020). Additionally, DIM set-

tings remained consistent across each pipeline, including: no tiling, highest quality

image sampling, local features and matchers parameters, and DEGENSAC (Chum

et al., 2005) geometric verification error threshold (4 pix). The mono-modal and

multi-modal tie points extracted in DIM are directly written to an SQLite database,

ready for running through COLMAP’s (Schonberger & Frahm, 2016) incremental

reconstruction pipeline.
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(a) ALIKED (b) DeDoDe (c) DISK

(d) KeyNet (e) LoFTR (f) SRIF

(g) Sp+Lg (h) Sp+Sg (i) RIFT

Figure 5.8: Multi-modal image matching results for a TIR-RGB pair of Dunrobin House using both DL and hand-crafted matchers.
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(a) ALIKED (b) DeDoDe (c) DISK

(d) KeyNet (e) LoFTR (f) SRIF

(g) Sp+Lg (h) Sp+Sg (i) RIFT

Figure 5.9: Multi-modal image matching results for a TIR-RGB pair of Lenton Lodge Gatehouse using both DL and hand-crafted
matchers.
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Hand-Crafted Multi-Modal Processing (RIFT)

To provide a benchmark for comparison of DL matching algorithms, two hand-

crafted matchers specifically designed for multi-modal images were chosen: RIFT2

and SRIF. RIFT2 (Li et al., 2023b) reduces the cost of the RIFT’s (Li et al.,

2020) original MIM convolution sequence rings for rotation invariance by intro-

ducing a dominant index into MIM, reducing processing time. Initial experiments

were undertaken on RIFT’s three main parameters: (1) the number of convolution

orientations of the log-Gabor filter (NO); (2) the number of scales at which the

log-Gabor filter is generated (NS); and (3) the patch size of the feature descriptor

(J). As iterations of these values produced similar results across several TIR-RGB

pairs, and as no values within any DL approaches were pre-tuned, initial values of 6

(NO), 4 (NS) and 96 (J) were used. All features and geometrically-verified matches

were exported from MATLAB and subsequently imported into COLMAP.

In addition, SRIF refines previous multi-modal image matchers like RIFT and

LNIFT (Locally Normalized Image Feature Transform)(Li et al., 2022) by pro-

viding scale and orientation invariance across images. Specifically, SRIF introduces

two components: (1) a pyramid scale space strategy to project key points across

images in scale space; and (2) LIBT for feature description to provide greater struc-

tural information across and within images. Feature descriptor, much like RIFT,

is subsequently completed in a SIFT-like vector fashion. For SRIF, stock configu-

rations settings were implemented for the patch size (J=128), grid size (Ngrid=8)

and histogram bins (Nbin=4) with geometric verification set at 4 pix. Similarly,

RIFT features, generated in DIM, were exported in a database compatible with

COLMAP.
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Combined TIR-RGB Bundle Block Adjustment

The geometrically verified mono-modal and multi-modal tie points were imported

into COLMAP for the combined TIR-RGB bundle block adjustment (CBBA). For

each subset of TIR and RGB images, a distinct camera model was assigned, using

initial values for self-calibration (Section 5.3.2). Images were incrementally oriented

using the resection-intersection approach to generate sparse 3D point clouds for each

matching procedure. At this stage, KeyNet and RIFT were deemed to have too few

suitable multi-modal matches for image orientation, with TIR and RGB images

unable to be oriented conjointly. Resulting tie points with their camera poses, 2D

and 3D coordinates were then exported using the Bundler format (Snavely et al.,

2006) to Agisoft Metashape (Agisoft Metashape, 2024) for: referencing using GCPs,

the optimised bundle adjustment process, thermal texturing and metric evaluation

against CPs.

5.3.4 Step 3 and 4: Image Processing and Optimised Bun-

dle Adjustment

Currently, the proposed method as seen in Section 4.4.1, orienting TIR and RGB

images primed for multi-modal image matching (Section 5.3.2), does not exploit

the full-resolution RGB1 images for the extraction of highest quality tie points

(7953×5304 vs. 994×663 pix). Therefore, to implement a data fusion method that

maximises the potential of both datasets, RGB camera poses were estimated us-

ing the original full-resolution RGB images in a separate bundle adjustment. For

each multi-modal matching method, full resolution RGB poses were introduced as

‘known reference’, constrained (σxyz=1 mm; σωϕκ=0.1 deg) and optimised in an ad-

ditional TIR-RGB bundle block adjustment in Agisoft Metashape. This refines the

position and orientation of the TIR-RGB blocks, allowing the TIR image blocks

147



5.3. METHODOLOGY

to benefit from the information of the full-resolution RGB images. The benefits

of re-introducing the high-resolution images back into the proposed optimisation

include: (1) generating features with greater information, distinction and quantity;

(2) providing high-quality matches for both TIR and RGB pose refinement; and

(3) using higher-resolution imagery for the generation of an accurate 3D polygo-

nal model through MVS. Similarly, ‘enhanced’ thermal images, utilised to improve

multi-modal image matching, have lost the encoded temperature values during con-

trast stretching (Section 5.3.2). Therefore, the original 16-bit TIFF files, encoding

the accurate temperature information of both datasets, were re-introduced for tex-

turing (Adán et al., 2021; Patrucco et al., 2020; Previtali et al., 2012).

5.3.5 Step 5: Thermal Modelling

Thermal Texturing

Once the poses of the TIR-RGB blocks have been optimised using the full resolu-

tion RGB images, the process of thermal texturing can begin. The refined camera

poses, polygonal model generated from full resolution RGB images and corrected

TIR images were combined to create a 3D textured thermal model. To build the

thermal textures, Agisoft Metashape’s ‘mosaic’ texturing approach was used, com-

monly employed for thermal 3D modelling and orthomosaicking (Grechi et al., 2021;

Malbéteau et al., 2021; Zhao et al., 2018). Here, greater statistical weight is given to

central image pixel values (deemed ‘low frequency’ information) and images aligned

with façade normals (‘high frequency’ information), meaning pixels perpendicular

to the facades, representing the angle of incidence of emitted infrared radiation,

assign their temperature values (Agisoft Metashape, 2024). The final product is a

geometrically- and radiometrically-accurate 3D thermal model.
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5.3.6 Step 6: Evaluation

As highlighted in Jin et al. (2020) (and that of Chapter 4), evaluation of SfM

applications, be it mono- or multi-modal, should occur downstream of the entire

SfM pipeline, not relying solely on image-specific metrics (e.g., no. features, no.

matches, no. tie points). Therefore, whilst Morelli et al. (2025b) expands the per-

formance of each learning-based image matcher through specific image metrics, the

efficacy of multi-modal image matching for IRT-3DDF is evaluated through two

approaches: (1) camera pose- and (2) temperature metrics. This allows for focus

to remain on the two critical components for IRT-3DDF: (1) determining accurate

camera poses for orientation, modelling and texturing; and (2) deriving accurate

temperature measurements for quantitative analysis, respectively. Additionally, as

the comparison of IRT-3DDF methods has proven helpful in demonstrating the

strengths and weaknesses of individual methods (Adamopoulos et al., 2020b; Hoeg-

ner et al., 2016; Javadnejad et al., 2020; Patrucco et al., 2022b), a common 3D-3D

fusion method, co-orienting individual TIR and RGB image blocks utilising GCPs

manually-identified in both image modalities, was undertaken for comparison with

the proposed 2D-2D fusion method.

Camera Pose Metrics

For the evaluation of both case studies, the oriented TIR-RGB blocks and 3D tie

points were imported into Agisoft Metashape to triangulate GCPs and CPs (Figure

5.10). This includes the assessments of the original combined TIR-RGB bundle

block adjustment (Section 5.3.3) and the block optimised with the full resolution

RGB images (Section 5.3.4). As highlighted in Table 5.1, GCPs and CPs were

split for both datasets, with an even distribution of targets across both building

façades. To guarantee the best accuracy in positioning, the projections of the

targets in RGB images were marked using the full resolution images, subsequently
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downscaled to match the 1
8

th resolution of the images processed in Section 5.3.3.

The RMSE on the CPs was employed to find the error of each individual modality

(i.e., RMSETIR, RMSERGB) and determine the orientation performance of both

modalities separately. Finally, the inlier match ratio, representing the ratio between

successfully triangulated tie points and the number of raw matches exported from

COLMAP, was included to provide a proven image-specific metric for multi-modal

image matching (Morelli et al., 2022).

(a) DUNR (b) GATE

Figure 5.10: Distribution of GCPs (red) and CPs (yellow) on the 3D polygonal
models of (a) Dunrobin House and (b) Lenton Lodge Gatehouse.

Temperature Metrics

As the validation of derived temperature values within 3D thermal models remains

a critical metric for IRT-3DDF (Adán et al., 2023b; Lin et al., 2019b), a com-

parison between obtained infrared thermometer- (Tobs), 2D pixel- (T2D) and 3D

texel (T3D) temperature values was undertaken (Sections 3.3.3). For each dataset,

multiple temperature readings were observed using the RS PRO RS-8876 infrared

thermometer (Section 3.5.4). Temperature readings were taken at the beginning of

both surveys adjacent to visible survey markers (GCPs/CPs), enabling the temper-

ature of the predominant building material to be assessed. In addition, 2D pixel
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values were extracted from the first instance of the thermal-specific marker in the

imaging surveys where the marker is perpendicular with the WWP’s optical axis.

This enables the comparison of singular pixel values in 2D images to those blended

during the texturing process in the derived 3D model (Lin et al., 2019b).

5.4 Results

The following section assess the accuracy of the proposed methodology 2D-2D fusion

method with different hand-crafted and DL-based matchers across the two datasets.

This evaluation is undertaken using both camera pose and temperature metrics,

with the former used to characterise image matching and orientation performance,

and the latter comparing the accuracy of derived temperature measurements. The

obtained results are compared with an additional thermal modelling method, a

3D-3D fusion method co-registering independently-generated TIR and RGB point

clouds using GCPs, to assess the performance of the proposed pipeline against a

common IRT-3DDF approach. Firstly, it must be noted that not all approaches

were able to orient the TIR-RGB blocks for both datasets, meaning they were

excluded from the evaluation using the camera poses and temperature metrics. This

included KeyNet+HardNet and SIFT and SRIF, which failed due to insufficient

matches across modalities (Figure 5.8 and 5.9). Notably, although SRIF detects a

good number of matches on Dunrobin House (in contrast, the matches extracted for

Lenton Lodge Gatehouse are very limited), they are not triangulated successfully

in COLMAP, preventing the resection of TIR images on the RGB block.
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(a) ALIKED (63,915) (b) DeDoDe (9,416) (c) DISK (47,887) (d) LoFTR (282,458)

(e) Sp+Lg (17,267) (f) Sp+Sg (17,013) (g) RIFT (97,285) (h) Agisoft Metashape (29,558)

Figure 5.11: Generated 3D tie points for Dunrobin House, featuring the number of tie points generated for each multi-modal image
matching approach. Results of the Agisoft Metashape 3D-3D fusion method have also been included for comparison.
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(a) ALIKED (47,479) (b) DeDoDe (26,449) (c) DISK (51,557) (d) LoFTR (1,190,496)

(e) Sp+Lg (13,966) (f) Sp+Sg (14,391) (g) RIFT (118,424) (h) Agisoft Metashape (32,916)

Figure 5.12: Generated 3D tie points for Lenton Lodge Gatehouse, featuring the number of tie points generated for each multi-modal
image matching approach. Results of the Agisoft Metashape 3D-3D fusion method have also been included for comparison.
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5.4.1 Camera Pose Metrics

The results of the camera pose metrics are separated into two sub-sections, ad-

dressing: (1) the original combined TIR-RGB bundle block adjustments (Section

5.3.3), and (2) the optimised bundle adjustment re-introducing full resolution RGB

poses (Section 5.3.4). For both buildings, the RMSE on CPs is split into the in-

dividual image modalities: RMSETIR and RMSERGB. Furthermore, the number of

3D tie points, the inlier match ratio, and MRE for the entire block are provided

as additional image-specific metrics. The results of the camera pose metrics are

summarised in Tables 5.2, 5.3 5.4 & 5.5. The 3D tie points of each matching vari-

ant, triangulated during the incremental orientation of the multi-modal blocks, are

shown in Figures 5.11 and 5.12.

Combined TIR-RGB Bundle Block Adjustment

For Dunrobin House, the results of the camera pose metrics for the multi-modal

image matchers and CBBA show favourable results, both in terms of orientation and

accuracy measures. All DL matchers achieve an inlier match ratio >72%, meaning

∼7/10 matched 2D features result in 3D tie points. Across the learning-based

approaches, RMSERGB ranges from 1.6-3.2 mm, 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 BA (Jin et al., 2020; Ma et al., 2021;

Morelli et al., 2024a; Ruiz De Oña et al., 2023). Expectedly, RMSETIR, with a

GSD for TIR images of 9.8 mm, is an order of magnitude higher, ranging from

5.7-14.1 mm. LoFTR, as a semi dense matcher, expectedly produced more tie

points than any other approach (∼4×) and an adequate RMSETIR of 13 mm. The

results from Dunrobin House demonstrate that with a favourable camera network

and appropriate GSD, DL feature matching algorithms can handle multi-modal
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image matching for close-range building façades. The best of the DL approaches,

SuperPoint with both SuperGlue or 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 5.7).

Similarly, the results of the CBBA for Lenton Lodge Gatehouse show the success

of the 2D-2D fusion pipeline. Importantly, Lenton Lodge Gatehouse’s camera net-

work captured images over increasing distances, with resulting GSDs ranging for

both TIR and downsampled RGB images from 9.8-26.2 mm and 8.0-20.8 mm, re-

spectively. For all DL approaches, combined TIR-RGB bundle block adjustments

achieve RMSERGB between 6.3-34.2 mm, and RMSETIR ∼<20 mm. ALIKED, DISK

and Sp+Lg performed favourably, with a RMSETIR of 10.8, 15.5 and 15.2 mm, re-

spectively. Interestingly, ALIKED and DISK produce comparatively more tie points

than other DL approaches, a pattern observable across both datasets and supported

by their remarkable high match ratio (91% and 92% for Lenton Lodge Gatehouse).

This measure, as well as the density of matched features across individual images,

points to the strength of these approaches as multi-modal image matchers, even

without being trained on such data (Morelli et al., 2025b). For Lenton Lodge Gate-

house, LoFTR exhibits a behaviour distinct from the previous dataset, producing a

particularly noisy semi-dense point cloud and high RMSERGB (34.2 mm). This drop

in 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.
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CBBA Local Feature Matcher No. 3D
Tie Points

Inlier
Match Ratio

MRE
(pix)

RMSETIR
(mm)

RMSERGB
(mm)

COLMAP

ALIKED LightGlue 64,296 0.83 1.0 14.1 1.9
DeDoDe Nearest Neighbour 9,524 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

Table 5.2: Combined TIR-RGB bundle block adjustment for Dunrobin House.

CBBA Local Feature Matcher No. 3D
Tie Points

Inlier
Match Ratio

MRE
(pix)

RMSETIR
(mm)

RMSERGB
(mm)

COLMAP

ALIKED LightGlue 47,882 0.91 0.4 10.8 6.3
DeDoDe Nearest Neighbour 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 5.3: Combined TIR-RGB bundle block adjustment for Lenton Lodge Gatehouse.
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RIFT2, the only reference hand-crafted matcher to successfully oriented the TIR-

RGB blocks, presents markedly different results to the learning-based matching

approaches. For Dunrobin House, whilst RIFT2 exhibits a 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 the

geometrically verified matches are not successful within traditional SfM workflows.

In addition, its RMSERGB is 10× higher than that of other methods, an image block

likely richer in features with respect the TIR block. This is mirrored in Lenton Lodge

Gatehouse, similar achieving the worst RMSERGB (36.6 mm) and RMSETIR (22.3

mm). Upon inspection, RIFT2 presents a markedly uneven tie points distribution

on RGB pairs; which, when combined with the need for initialisation using the RGB

images for a successful BA, may have led to a poor block orientation. Interestingly,

RIFT2 required specific conditions for initialisation 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 initialised first during the combined TIR-RGB bundle block adjustment,

mitigating its complete automation. Overall, TIR-RGB image orientation results

are preferable for the learning-based methods. However, the performance of 2D-2D

fusion methods must be assessed through the optimised BA processes, determining

their effectiveness utilising all the value present with each modality.

Optimised TIR-RGB Bundle Block Adjustment

This section evaluates the effectiveness of the proposed optimisation method for

reintroducing the full resolution RGB images as constraints for an additional, con-

strained BA (Section 5.3.4). The results for Dunrobin House and Lenton Lodge

Gatehouse are presented in Tables 5.4 and 5.5, respectively. The original results

with downsampled RGB images (‘Original’) are compared to those obtained with

full-resolution RGB images (‘Optimised’).
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Local Features Matcher Original Optimised
RMSETIR (mm) RMSERGB (mm) RMSETIR (mm) RMSERGB (mm)

ALIKED LightGlue 14.1 1.9 12.5 1.7
DeDoDe Nearest Neighbour 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 (Downsampled Res.) 12.9 1.3 - -
Agisoft Metashape (Full Res.) - - 12.9 1.2

Table 5.4: Comparison of Original and Optimised TIR-RGB bundle block adjustment for Dunrobin House.

Local Features Matcher Original Optimised
RMSETIR (mm) RMSERGB (mm) RMSETIR (mm) RMSERGB (mm)

ALIKED LightGlue 10.8 6.3 11.6 3.7
DeDoDe Nearest Neighbour 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 (Downsampled Res.) 15.3 2.0 – –
Agisoft Metashape (Full Res.) – – 15.3 2.0

Table 5.5: Comparison of Original and Optimised TIR-RGB bundle block adjustment for Lenton Lodge Gatehouse.
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For Dunrobin House, the process of reintroducing the detailed information from

full resolution RGB images has negligible effect on the RMSETIR. Whilst improv-

ing 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 this 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 3D-3D fusion results from Agisoft Metashape processed at full resolution.

Importantly, these results ensure that the maximum geometric accuracy is main-

tained for the RGB block, on which the construction of the 3D model will 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 RMSETIR

remains higher than that of the other methods. Finally, all the results of the feature

+ matcher learning-based algorithms achieve a better RMSETIR than that of the

reference 3D-3D fusion method, suggesting the superiority of the proposed 2D-2D

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 feature + matcher DL-base approaches. Additionally, all approaches im-

prove their RMSETIR (apart from ALIKED), demonstrating the benefit that can

be gained, possibly at greater GSDs, when introducing the high 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 high resolution RGB poses.
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This marks a significant outlier in the results across all constrained BA processes,

likely a results of poor matches as part of both original and optimised BAs. Over-

all, the result from Lenton Lodge Gatehouse show promise for the proposed 2D-2D

fusion method, with the implemented optimisation allowing results to be refined

after initial, low-resolution, multi-modal orientation.

(a) RGB (b) TIR

Figure 5.13: (a) RGB and (b) TIR textured 3D polygonal models for Dunrobin
House.

5.4.2 Temperature Metrics

After the modelling process was undertaken (Section 5.3.5), generating textured 3D

thermal models of both Dunrobin House (Figure 5.13) and Lenton Lodge Gatehouse

(Figure 5.14), temperature results were extracted from both models for analysis.

The following section reports the comparative results between observed ground

truth (Tobs), 2D pixel (T2D) and 3D texel (T3D) temperature values for both

datasets. As stated in Section 5.3.6, 2D pixel values were extracted from the first

instance of the marker in the imaging surveys where the marker is perpendicular

to the optical axis, with meter recordings taken adjacent to the building GCP/CP

markers on the predominant building material.

To compare Dunrobin House temperature values obtained in situ, in 2D TIR images

160



5.4. RESULTS

Dataset GCP
Temperature (◦C)

Ground Truth
(Tobs)

2D Pixel
(T2D)

3D Model
(T3D)

Dunrobin House P4 2.3 2.0 1.9
P5 2.4 1.9 1.9

Lenton Lodge Gatehouse P1 1.3 1.1 2.5
P5 1.9 2.2 3.9

Table 5.6: Ground truth infrared thermometer, corrected 2D TIR pixel (T2D), and
resulting 3D model (T3D) temperature values for Dunrobin House and Lenton Lodge
Gatehouse.

and in 3D models, two separate temperature readings were taken on P4 (bottom

right marker) and P5 (bottom central marker adjacent to bay window)(Figure 5.10).

Results for the 3D model temperature values fall in line with the observed ground

truth and 2D pixel values extracted from the 16-bit TIFF images (Table 5.6), with

a difference of ∼0.5 ◦C across all three measures. As the Dunrobin House case

study presented stable environmental conditions throughout the 9-minute survey,

temperature values between sequential or repeat images remained stable throughout

the TIR strips. Furthermore, similar results are obtained for the T2D and T3D

values, suggesting the texturing methods success in assigning values using images in

line with façade normals. This demonstrates the success of the proposed modelling

and texturing method, pointing towards the suitability of the proposed method for

energy and infrastructure inspection applications (Garrido et al., 2018).

For Lenton Lodge Gatehouse, results in Table 5.6 show differences between ground

truth, 2D pixel and 3D model values. Ground truth values for P1 and P5, both

featured at the bottom of the facades, show differences between 1-2 ◦C. This is

likely due to the increasing temperature of the façade as the sun moved onto the

building (Figure 3.13) and exposed areas previously shadowed to sunlight during

passive thermography. This resulted in temperature values for corresponding points

increasing significantly during the 22-minute survey, meaning the model texture was

built using increasing values within the TIR sequence. This is similarly confirmed by
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extracted T2D values of both the thermal-specific markers and Mansfield sandstone,

increasing in temperature from the first instance. However, T2D values are in line

with ground truth Tobs values for both case studies, demonstrating: the ability for

IR thermometers to be used for in-situ measurements within IRT-3DDF, previously

overlooked and under-utilised; the accuracy of derived temperature measurements

when known environmental and subject-specific values are included within TIR

cameras prior to TIR imaging surveys (i.e., ambient temperature, relative humidity,

material emissivity); and the importance of prioritising perpendicular images within

IRT-3DDF texturing approaches.

(a) RGB (b) TIR

Figure 5.14: (a) RGB and (b) TIR textured 3D polygonal models for Lenton Lodge
Gatehouse

5.4.3 Modelling

The following section outlines the final processes of the proposed IRT-3DDF pipeline

and the application of derived 3D products for building diagnostics. As the suc-

cess of thermal texturing largely depends on the registration between 3D models
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and image texture (Iwaszczuk & Stilla, 2017), the two best performing multi-modal

constrained pipelines from Section 5.4.1 were selected for Dunrobin and Lenton

Lodge Gatehouse, namely SuperPoint+LightGlue and DISK+LightGlue, respec-

tively. These methods were used to generate thermally-textured 3D models (Figures

5.13 & 5.14) and thermal orthomosaics (Figures 5.15 & 5.16) to aid the identifica-

tion of anomalies across both façades. The interpretation of the derived 3D thermal

models demonstrates that the achieved level of accuracy for the proposed IRT-3DDF

pipeline is sufficient for civil and heritage applications.

Figure 5.15: Quantile thermal orthomosaic for Dunrobin House

Upon inspection of the Dunrobin House 3D model and orthomosaic, several ther-

mal phenomena can be observed. As the thermal survey was undertaken at night

(22:18-22:25), visible differences in internal and external building temperature are

apparent, resulting in the thermal bridging beneath the roofline, windows and front

bay window. Additionally, although TIR images of the roof are limited in the TIR

imaging survey, areas of deteriorated loft insulation are identifiable, confirmed in

the 2D images and by an internal build inspection. This justifies TIR as a tool for

identifying ‘invisible’ phenomena in infrastructure inspections, aided by the ability
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to measurements of quantity and location (Kylili et al., 2014). Temperature values

range from -2.5 to 5.5 ◦C, with the main brick façade averaging 1.8 ◦C, in line with

the atmospheric temperature on the night of data acquisition.

Figure 5.16: Quantile thermal orthomosaic for Lenton Lodge Gatehouse

For Lenton Lodge Gatehouse, the RGB texture, TIR texture and TIR orthomo-

saic show visible signs of deterioration of the Mansfield sandstone, evident above

the decorative traceried panels and bronze plaque underneath the parapet of the

façade. Interestingly, this was replaced in the early 2000s due to water damage

and corrosion from the lead roofing, suggesting this problem continues to affect

the structure. For example, the shrubbery visible in the RGB domain (right tur-

ret when facing facade)(Figure 5.14), protruding defaced sandstone visible in the

3D geometry and temperature difference visible in the TIR domain (Figure 5.14)

demonstrate the probable return of previous water ingress atop the parapet, corrob-

orated by internal building surveys and hygrometer readings. Additionally, we are

able to identify additional areas of deteriorating stone, either defacing or suffering

from biological colonisation. Finally, due to the passive thermography employed to

generate thermal contrast during the imaging survey, we see the different emissivity
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and conductivity of materials featured on the façade, with the wood and iron central

gate gaining significant temperature during the course of the survey and presenting

significantly increased temperature values (20-40 ◦C).

5.5 Discussion

5.5.1 Multi-Modal Image Matching for IRT-3DDF

As previously stated, the results of the camera pose metrics, despite varying levels of

accuracy, demonstrate the overwhelming success of DL-based methods to orient TIR

and RGB blocks within a combined bundle block adjustment, marking a significant

junction for IRT-3DDF and the core originality of this thesis. This validates the

continued exploration of 2D-2D fusion methods, a facet of IRT-3DDF (and by

extension other 3D data fusion protocols)(Morelli et al., 2022) which has been

previously under-researched and hampered by the limitations of hand-crafted image

matchers. The results in Tables 5.2 & 5.3 demonstrate the following: (1) the success

of learning-based feature + matchers to translate matched keypoints into viable 3D

tie points (all >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 (Jiang et al., 2021; Morelli et al., 2025b). Additionally, the

computational time required for such processes, seen in Table 5.7, points to the

feasibility of DL approaches at varying scales. However, the necessity for RGB

images to be downsampled for successful matching with TIR images highlights a

limited scale invariance of the DL-based methods. This limitation could potentially

be addressed by automating feature detection across an image pyramid at multiple

scales, similar to the approach employed by SIFT. In summary, continued testing of

DL-based approaches on new multi-modal datasets, development of multi-modal-
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specific evaluation criteria, and comparison with established hand-crafted matchers

is required to cement the success of 2D-2D fusion for learning-based multi-modal

image matching (Bellavia et al., 2022; Chang et al., 2024; Jiang et al., 2021).

BA Detector Descriptor Matcher Matching Time
(min)

Matching

ALIKED LightGlue 9.4
DeDoDe Nearest Neighbour 6.7

DISK LightGlue 52.2
LoFTR LightGlue 134.1

SuperPoint LightGlue 19.3
SuperPoint SuperGlue 152.7

MATLAB RIFT2 >3 days

Table 5.7: Duration of multi-modal image matching using exhaustive (‘bruteforce’)
matching with DIM and RIFT2 for Dunrobin House (4,465 image pairs).

Furthermore, the failures of several of the multi-modal matchers during and after the

combined bundle block adjustments point to several key considerations for future

implementation. It must be noted that SIFT, SRIF and KeyNet+HardNet were un-

able to co-orient both image blocks during the CBBA, only able to orient individual

modalities depending on the initialisation of the bundle adjustment (i.e., starting

with either TIR-TIR or RGB-RGB matches). Upon inspection, the quantity and

quality of multi-modal 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 learning-based methods, heavily dependent on the

subject and available texture (as seen from the drop of inlier match ratio between

Dunrobin House and Lenton Lodge Gatehouse). Future work should assess the ben-

efit of utilising 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-crafter multi-modal matchers, suggests at the re-

quirements for multi-modal matchers tailored towards 3D reconstruction as opposed

to comparatively less complex registrations or transformations. Only available as a
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MATLAB implementation, RIFT2 also lacks any built-in parallelization, resulting

in the matching time being unreasonably long and unsuitable for large datasets

(Chang et al., 2024). Primarily used for aerial and satellite datasets, only used for

superficial pairing operations within IRT-3DDF (Lin et al., 2019b), additional tests

and tuning is required to assess RIFT2 for multi-view terrestrial applications.

5.5.2 2D-2D Fusion for IRT-3DDF

The results of the proposed 2D-2D fusion method successfully achieved the intended

goal: the co-registration of RGB and TIR blocks utilising multi-modal matches. The

proposed workflow demonstrates that co-orienting TIR and RGB images in a com-

bined bundle block adjustment is a fitting approach for IRT-3DDF, mitigating the

long-standing issues presented by hand-crafted multi-modal image matching. Im-

portantly, this is done without the need for: GCPs or a posteriori co-registration;

a fixed baseline between independent sensors (range-, image-based or TTISs); or

simultaneous data capture between TIR images and base geometries. Notably, this

proposed method is fully automatic; which, when compared with the reference 3D-

3D method using Agisoft Metashape, required 200 and 479 manually-annotated 2D

marker coordinates for Dunrobin House and Lenton Lodge Gatehouse, respectively.

Regarding the base geometry, the current method imports the 3D model for tex-

turing from the independent RGB block used to generate the RGB poses for the

constrained optimised BA. As these poses are not exactly the same as those leaving

the BA (constrained σxyz=1 mm; σωϕκ=0.1 deg), additional tests are needed to com-

pare the geometries derived from both sets of poses (independent and ‘optimised’)

to see whether the proposed method can be refined.

The importance of the proposed method 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 (image (Zhu et al., 2021), range- (Biswanath et al.,
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2023) or parametric model (Hoegner & Stilla, 2007) based). Although correct 16-bit

TIFF TIR images were re-introduced solely for texturing (Section 5.3.5), we must

not assume accurate T2D values will translate to accurate T3D values, with temper-

ature changes across images still present within the TIR sequences (Iwaszczuk &

Stilla, 2017; Lin et al., 2019b). For Lenton Lodge Gatehouse, over the course of a

22-minute survey, temperature values for re-visited points show significant changes

which will inadvertently affect the resulting texture. For points in Table 5.6, differ-

ences of 0.7 ◦C and 2.5 ◦C are observed between the first and last observation of P1

(shadowed area) and P5 (illuminated area), respectively. Similarly, inconsistencies

in the quantile orthomosaic for Dunrobin House (see. Fig. 5.15) demonstrates the

shortcomings of the current texturing method to reduce discrepancies between lower

and upper strips, presenting a ∼0.5 ◦C difference between the lower and upper half

of the façade. Currently, the method presents a fully automated texturing procedure

exploiting weighted pixel values and image perpendicularity; however, opportunities

to refine this method are plenty, including: statistical texturing strategies (Lagüela

et al., 2012; Malbéteau et al., 2021), multi-modal texture fusion (Adamopoulos et

al., 2021; Vidas et al., 2013), temperature representation (i.e., point vs. mesh) (Lin

et al., 2018a) and TIR image enhancement (Luhmann et al., 2016; Zhang et al.,

2023b).

5.6 Conclusion

This chapter contributes to the growing field of IRT-3DDF, demonstrating the ap-

plication of pre-trained neural networks for multi-modal image matching methods

generating 3D thermal models. Importantly, these neural networks, trained on vast

datasets of RGB imagery with significant radiometric and geometric variations,

show that they can generalise outside their training domain to accommodate multi-

modal image matching. Although 2D-2D fusion methods remain under-utilised for
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IRT-3DDF, this chapter shows the effective use of multi-modal image matching to

automatically co-register TIR and RGB imagery in a combined bundle adjustment.

This is compared to established hand-crafted methods, demonstrating the supe-

rior performance of DL in managing the significant radiometric differences between

TIR and RGB images. In addition, the effectiveness of the proposed method is

evaluated through both 2D and 3D metrics, whilst assessing the processes ability

to generate accurate temperature measurements within derived models. Notably

for IRT-3DDF, the proposed methodology demonstrates the possibility for asyn-

chronous and repeated surveys to be undertaken, allowing images to be generated

at optimal times for each modality and capturing specific conditions for varying

applications. Finally, this chapter demonstrates a fusion pipeline without a reliance

on GCPs, fixed relative orientation between sensors or positioning information from

GNSS/IMU, drastically increasing its efficiency and applicability. The future de-

velopments of this work should look to expand the 2D-2D fusion procedures by

demonstrating the versatility of the proposed pipeline across new sensors, subjects

and scales.
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Discussion & Future Work
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6.1. INTRODUCTION

6.1 Introduction

The emergence of InfraRed Thermography 3D-Data Fusion, a discipline, at its heart,

dedicated to overcoming the inherent complexity combining datasets of varying

source and scale, reflects the broader trends within photogrammetry, computer vi-

sion and geomatics. With an ever-increasing spectrum of sensors and platforms

capable of representing the real-world, all providing greater functionality, flexibility

and degrees of automation, the ability (and, by extension, the need) to develop

new methods for data fusion will continue to grow. Similarly, the adoption of IRT-

3DDF for architectural heritage mirrors the growth seen in similar fields within

heritage science (e.g., eXtended Reality (XR), Artificial Intelligence (AI), H-BIM),

taking advantage of novel methods from the AECO industry and tailoring solutions

to advance CRM practices (Kennedy et al., 2024). Importantly, the innovative

disciplines that become established tools within digital cultural heritage are those

that refine, diversify and enrich CRM practices, providing value above existing,

time-tested approaches. Therefore, to assess the current value of IRT-3DDF, and

the opportunities it holds as a dedicated discipline, an appraisal of its merits, lim-

itations and future must be undertaken. In a bid to contextualise the previous

research within the broader scope of IRT-3DDF, the following sections expand the

findings from this thesis, pointing to critical observations, opportunities and critical

recommendations for future work within the field.

6.2 IRT-3DDF: A Justification

The classification of IRT-3DDF as a field has looked to answer two fundamental

questions: (1) what value do we achieve through data fusion that TIR images alone

cannot provide; and (2) what benefit does 3D-data provide over traditional 2D

images. Firstly, it could be argued that with the continued increase in sensor res-
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olution within the commercial TIR camera market (Corsi, 2015), the production

of 3D thermal models using solely TIR images may soon become sufficiently ac-

curate and automated (both in terms of geometry and radiometry) to render data

fusion obsolete. However, even if this were to be the case (although unlikely at the

current rate of academic and commercial development), IRT-3DDF stills provides

marked benefits that cannot be achieved utilising TIR images alone (Table 6.1).

Although we previously defined data fusion as a process that uses “the strengths of

individual data sources to complement and supplement the limitations of another”

[p. 3], fusion allows for the combination of datasets regardless of their strengths

or limitations, meaning the value of an integrated output often exceeds the value

coming from an individual input. In the context of IRT-3DDF, we have seen the

benefit of fusing range-, image- and TTIS-based sensors not only to improve geo-

metric accuracy, but to interpret a 3D thermal model from multiple perspectives

and modalities. The value provided by data fusion lies in the coherent representa-

tion of a complex asset; which, when applied to architectural heritage, lends itself

to the inherently multi-disciplinary nature of heritage documentation.

IRT IRT-3DDF

Mono-disciplinary 2D dataset Multi-disciplinary 3D datasets
Analysis on 2D images Analysis on 2D images & 3D models
Selective visualisation
& integration

Enhanced visualisation
& integration

2D area 3D volume
Proximal & Localised Contextual & Globalised
Highly-interpretable Nuanced interpretation
Rapid, real-time data capture Pre- & post-processing required

Table 6.1: Comparisons between IRT and IRT-3DDF.

Secondly, as IRT represents an established and highly-effective NDT technique in

its own right, an appraisal of 3D-data fusion is justifiable. The interpretation of 2D

images is a proven approach for identifying thermal anomalies, detecting invisible

phenomena and visualising temperature (Garrido et al., 2022), requiring little in the

way of post-processing for meaningful insights to be extracted (Brooke, 2018). How-
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ever, it is evident that IRT-3DDF does not seek to be a replacement for IRT, but a

viable alternative or accessory capable of utilising novel technologies when appropri-

ate. Where IRT-3DDF has been successfully applied, past superficial ‘visualisation’,

‘method development’ or ‘data integration’ (Sutherland et al., 2023), data fusion

has enabled: virtual interactions with thermal point clouds within XR (Pérez et al.,

2024); the representation of TIR images using Neural Radiance Fields (NeRF)(Lin

et al., 2024); and, the amendment of TIR images within BIM (Natephra et al.,

2017). The novelty of IRT-3DDF lies in the ability to observe inherently complex

phenomena in three dimensions, allowing components such as proximity, volume

and orientation to become relevant factors in building diagnostics (Figure 6.1). As

a result, to cement the future of IRT-3DDF, greater distinction must be sought

between the individual merits of IRT and 3D-data fusion tailored to specific NDT

use cases and applications.

(a) 2D Image (b) 3D Model

Figure 6.1: A comparison between (a) a 2D image and (b) a 3D model texture
generated for Dunrobin House.

6.3 An Appraisal of 3D-Data Fusion

From its inception, IRT-3DDF has fallen within broad categories, represented by

the formulaic structure of 2D-2D, 2D-3D and 3D-3D data fusion in Chapter 2. Pur-
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posefully, each of the three categories of IRT-3DDF have been undertaken as part

of this thesis, including: 2D-2D fusion (Sections 4.4.1 & 5.3), 2D-3D fusion (Section

4.4.2), and 3D-3D fusion (Section 5.3.6). The benefit of including each approach

as part of this work lies not in their direct comparison, but in the evaluation of

their use in specific cases. Whilst this thesis has focussed on the development of a

novel 2D-2D fusion method, it is important to stress this does not provide a perfect

method, but demonstrates the implementation of a method best suited for the given

data and applications. When IRT-3DDF is successful, achieving purposeful data

fusion to extract meaningful insights, an understanding for the constraints imposed

by the scene, equipment and applications is expressed. Whether this be a fixed ori-

entation between sensors, the requirement for surveys to be undertaken at night or

the need for future H-BIM integration, adapting methods to accommodate specific

conditions is a critical focus for IRT-3DDF. By doing so, the products generated

by IRT-3DDF (not only the resultant 3D thermal models, but the accompanying

camera poses, rectified images and derived temperature values), can be repurposed

and adapted to tackle additional challenges.

6.3.1 Sensor Configurations

In order to evaluate the diversity within IRT-3DDF, Table 6.2, presenting a sum-

mary of our defined data fusion approaches designated by sensors and fusion ‘space’,

points to some of the merits and critical considerations when choosing an appro-

priate 3D-data fusion method. Viewing each sensor configuration (represented by

each row), it is apparent that as the ‘quality’ of the additional data source increases

(from a comparatively low-res. VIS sensor up to an ‘intelligent’ parametric model),

so does the complexity of fusion and texturing. Not only does this progression

require fusion methods to determine correspondences with: images of significantly

greater resolution (i.e., RGB), vastly different sensors (i.e., TLS) and completely
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different digital products (i.e., parametric building models); this comes with sig-

nificant time, expense and experience costs. Although the VIS sensor is unsuited

for detailed base geometry creation, the benefits of TIR-VIS, utilising fixed sensors

coming from a singular TIR camera or TTIS, are not to be understated, allowing for

rapid and simultaneous data capture exploiting fixed baseline constraints. Notably,

the fusion of multi-modal sensors from tandem sensors, be it thermal (Güidi et al.,

2025) or hyperspectral (Altieri et al., 2022), is now accommodated by commercial

SfM software such as Agisoft Metashape and RealityScan (formerly RealityCap-

ture)(Epic Games, 2025), demonstrating the utility of pre-fixed sensors as a means

of 3D-data fusion.

In contrast, what TIR-RGB, TIR-TLS or TIR-Parametric Model approaches lose

in functionality, they gain in flexibility; all capable of providing asynchronous data

capture, ease of repeated surveys and rich geometries for effective modelling. Excit-

ingly, TIR-RGB fusion, combining datasets of comparable source, is being contin-

ually advanced, with the ubiquity of scale invariant learning-based image matching

models providing great promise across all multi-view modelling disciplines (Jiang

et al., 2021; Jin et al., 2020; Ma et al., 2021). In addition, the development of TTISs

integrating TIR sensors within a TLS body (e.g., Leica BLK360, Zoller+Fröhlich

5010C+‘T-Cam’)(Fang et al., 2022) means the assumption of a fixed RO between

sensors can now be employed between sensors of different source. Furthermore,

developments from the AECO industry are now enabling the texturing of (H)BIM

parametric models with photogrammetric results to become a common plug-in to

BIM software (Brumana et al., 2018a; Martín-Lerones et al., 2021), increasing the

automation of some processes which have previously hampered the adoption of

parametric models for conservation practices (Solla et al., 2020). In summary, the

benefits of having highly-accurate and detailed 3D geometries (not solely for ther-

mal modelling, but for holistic asset information management (Historic England,

2018a)) must be the focus for future IRT-3DDF methods, exploiting sensor config-
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urations for the extraction of maximal interpretative and generative value.

6.3.2 Fusion Space

By inspecting the fusion ‘spaces’ of IRT-3DDF (represented by the columns of Table

6.2), we can similarly determine the shared obstacles and opportunities of different

approaches, notably the preparation of data prior to fusion. Opposed to 2D-3D and

3D-3D fusion, where 3D products are generated in advance of the fusion method,

2D-2D fuses images immediately and directly, executing IRT-3DDF pipelines where

images can be readily used and transformed into thermal models (similarly for ther-

mal SLAM)(Ramachandra et al., 2018). The novelty of the proposed method in

Chapter 5 lies in the ability for IRT-3DDF workflows to be orchestrated with com-

plete automation, inputting 2D multi-modal images in one end and generating a

3D thermal model at the other. Whilst the proposed pipeline required the trans-

fer of derived camera networks through multiple software (e.g., DIM, COLMAP,

Metashape), the execution of these processes within a singular program or API rep-

resents a realistic target for future refinement, capable of being tailored to sensor

configurations, matching models and specific applications.

177



6.3.
A

N
A

PPR
A

ISA
L

O
F

3D
-D

ATA
FU

SIO
N

Fusion ‘Space’
2D-2D 2D-3D 3D-3D

General

✓ (Comparative) ease
matching common formats
✗ Challenge of determining
correspondence
✗ Relies on high contrast,
low noise

✓ Ease of repeated TIR
surveys
✓ Ability to texture existing
models
✗ More challenging 2D-3D
correspondence

✓ Strength of ICP algorithms
✗ Often requires manual
alignment or GCPs
✗ Poorer quality of 3D TIR
data

TIR-VIS

✓ Able to employ fixed RO
constraint
✓ (Comparatively) cheaper
(single camera / UAV)
✓ Simultaneous data capture

✓ Closer res. makes image
matching easier
✓ Similar perspectives of
resulting images
✗ Greater GSD reduces model
detail

✓ Rapid & vast data capture
using UAVs
✗ Lower res. VIS sensor not
preferable for modelling
✗ Requires optimal conditions
for both modalities

✓ Proximal sensors aid initial
co-registration
✓ Ease of initial modelling
using SfM
✗ Fusing two lower-quality
3D models

TIR-RGB

✓ Exploiting highest res.
imaging data
✓ Asynchronous data
capture
✗ Often processing intensive

✓ Proven ability of combined
bundle block adjustments
✗ Different res. makes
image matching challenging
✗ Difficultly calibrating &
manoeuvring stereo rigs

✓ Suitable for aerial &
terrestrial cases
✗ Requires scaling /
referencing information
✗ Invariance of feature
matching approaches

✓ Strong geometry generated
from RGB
✓ Ease of initial modelling
using SfM
✗ Requires scaling / referencing
information

TIR-TLS
✓ High-res. dense point
clouds for ‘base geometry’
✗ Largely terrestrial use
✗ Expensive hardware

✓ Possible using TLS 2.5D
images
✓ Challenge of transforming
TLS from 3D to 2.5D
✗ Range of methods need
expanding

✓ Combines best datasets
in preferred formats
✓ Use of TTISs for vast data
collection
✗ Difficultly determining
common features automatically

✓ Dense cloud from TLS
provides best 3D ‘base’
✗ Uncommon fusing dense TLS
& sparse TIR clouds
✗ TIR GSD makes assigning
temperature inefficient

TIR-
Parametric
Models

✓ (H)BIM Integration
✗ Compromises between
LoD & texture quality
✗ Requires user expertise,
processing time, costly
software

–

✓ Current BIM libraries
capable of texturing models
✓ Beginning for simulation
& diagnostics
✗ Challenging fusion
approaches

✓ Future area of exploration
✓ No research fusing parametric
models and TIR clouds
✗ Would require significant
data manipulation

Table 6.2: Summary of IRT-3DDF methods strengths and shortcomings, seperated by their fusion ‘space’ and datasets.
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However, whilst generating novel 2D-2D methods may aptly address the challenges

posed by processing TIR images photogrammetrically, we must appreciate that the

generation of 3D models within DCH is well-established, and the determination of

methods capable of exploiting this available data is preferable. By achieving sen-

sor fusion using previously-generated base models separate from TIR data capture

(notably 2D-3D fusion), numerous repeated TIR surveys can be undertaken and

subsequently integrated, allowing for temporality (i.e., daily, nightly, seasonally) to

become a component for IRT-3DDF. Additionally, this opens opportunities for the

comparison of individual surveys, the simulation of change and the statistical anal-

ysis of derived temperature measurements. In summary, the appraisal of 3D-data

fusion points to the following conclusions: (1) the future of IRT-3DDF may lie in

tandem fields, adapting tools to handle the inherent complexity of TIR images; (2)

new sensors will continue to dictate new methods, with the capabilities of devices

determining the flexibility of new fusion approaches; and (3) methods must be de-

veloped tailored to specific applications, without which 3D thermal models cannot

be purposefully employed.

6.4 Radiometric Calibration, Correction & Vali-

dation

To reiterate a central mantra of this thesis: a foundational knowledge of infrared

radiation is fundamental to successful IRT-3DDF. The effectiveness of IRT for ar-

chitectural heritage, and by extension IRT-3DDF, is largely determined by the

experience of the professional undertaking TIR imaging surveys, with the planning

of thermal data capture dictating the derived outcomes. Only by understanding

the nature, transmittance and observation of infrared radiation can best practices

be implemented and refined for specific investigations. Importantly, as a plethora
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of camera- (i.e., FPA sensor temp., NUCs, FPN), scene- (i.e., ambient temp., wind,

solar radiation) and subject- (i.e., material emissivity, thermography approach, con-

dition) specific phenomena affect both the radiation emitted by a body and the

radiation received by the TIR camera, the failure to acknowledge and account for

such sources of error limits methods hoping to undertake quantitative thermography

to purely qualitative results. Therefore, for IRT-3DDF to pursue its ambition of

providing more than novel visualisations, extracting meaningful quantitative anal-

ysis of derived temperature measurements, greater transparency around possible

sources of radiometric error and means of validating derived radiometric values is

paramount.

Firstly, an important distinction must be made regarding the term ‘radiometric

calibration’ for IRT-3DDF, with this thesis using three separate terms to address

radiometry, namely: calibration, correction and validation. Whilst the term ‘ra-

diometric calibration’ can represent the rigorous procedure of establishing gain and

offset values against that of a calibration blackbody (Riveiro & Solla, 2016; Vollmer

& Möllmann, 2018)(often undertaken by the camera manufacturer during quality

checks and frequently used as a proxy for the accuracy of derived temperature val-

ues within IRT-3DDF research)(Dlesk et al., 2022; Guilbert et al., 2020), the term

has also been used to include procedures where image sequences are corrected for

sensor dynamics (Ribeiro-Gomes et al., 2017), environmental conditions (Grechi et

al., 2021) or enhanced visualisation (Lewińska & Maciuk, 2020). However, many of

these amendments do not involve the integration of known temperature references,

meaning the use of the term ‘calibration’ is ambiguous and misleading. In addi-

tion, much like calibration seeks to determine the accuracy of recorded Tobs and

T2D measurements, validation must be undertaken to correlate Tobs and derived

T3D model- values, allowing results generated from IRT-3DDF to state their accu-

racy and precision comprehensively. As radiometric accuracy is denoted as a core

component of IRT-3DDF, the purposeful inclusion of these terms is to differenti-
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ate methodological steps where temperature measurements are calibrated to known

values, corrected through intra- or inter-image post-processing, or validated against

known ground truth. Only by differentiating between procedures can we isolate

current shortcomings and demonstrate future opportunities for accurate thermal

modelling.

6.4.1 Radiometric Calibration

At present, the lack of means to calibrate, correct and validate temperature mea-

surements throughout IRT-3DDF workflows presents a critical barrier, one that

has forced research (including the methods proposed here) to find provisional or

pragmatic means of assessing radiometric accuracy (Kraaijenbrink et al., 2018; Pes-

tana et al., 2019). However, although inherently heuristic in nature, these solutions

are not to be dismissed, providing the opportunity to develop methods that can

assess relative consistency and reliability if not capable of determining absolute

accuracy and precision. Whilst access to a blackbody calibrator is necessary for

radiometric calibration, access to proximal FPA sensor temperature dictates sensor

acclimatisation, and access to field radiometers provide the necessary ground truth

for validation, the development of amendable methods capable of integrating such

data when (or if ) it becomes available is an achievable standard for IRT-3DDF.

Furthermore, the evident sequential nature of radiometric calibration, correction

and validation procedures, requiring pre-, during and post-processing steps to miti-

gate radiometric errors, allows conclusions to be carried forward to build an overall

picture of radiometric accuracy within implemented methods. The interconnectiv-

ity of radiometric calibration, correction and validation within IRT-3DDF requires

future methods to document all decisions taken to ensure radiometric accuracy;

which, through transparent and justified methods, including those without the nec-

essary access to hardware, can begin to generate 3D thermal models with greater
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confidence and reliability.

Figure 6.2: Visualisation of WWP vignetting through inter-image pixel-wise met-
rics, featuring inset sample images (comprising the thermos and cooler) from the
TIR sequence throughout the ∼105 min ‘dynamic’ scene experiment.

Assessing the proposed methods, whilst the pseudo calibration set-up provided the

necessary environment to evaluate the radiometric consistency of temperature mea-

surements, FPA sensor acclimatisation and NUCs (all of which did not require

absolute temperature for assessment), the inability to observe multiple known tem-

perature measurements within controlled conditions prevented: (1) the calculation

of camera-specific gain and offset values for image correction; (2) the simulation of

changing environmental conditions (inc., wind, atmospheric temperature, relative

humidity)(Figure 6.2)(Wan et al., 2021); (3) the evaluation of trade-offs between

NUC increments and image consistency (Cao & Tisse, 2013; Lagüela et al., 2016);

and (4) the assessment of TIR FPN including vignetting (Hardie et al., 2000),

striping (Lin et al., 2018b) or dead pixels (Budzier & Gerlach, 2015)(Figure 6.3).

In addition, the inability to observe and extract FPA sensor temperatures during
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image capture significantly reduces the methods from which resulting TIR can be

corrected and verified (Wan et al., 2021). Therefore, as access to such equipment

is evidently lacking throughout IRT-3DDF (Adán et al., 2023b; Lin et al., 2017;

Malmivirta et al., 2019), greater transparency on the confidence of derived temper-

ature measurements needs to be brought forward (Treier et al., 2024, p. 723); not

to criticise methods for ignoring radiometric accuracy, but so results can be viewed

as either relative or absolute (Döpper et al., 2020).

(a) (b)

Figure 6.3: An example of the difference in FPN between sequential, stationary
images at Castello di Arco.

6.4.2 Radiometric Correction & Validation

However, even if radiometric calibration was to be undertaken with all the preferred

hardware, a critical fact must still be acknowledged: environmental conditions dur-

ing an IRT survey cannot be wholly accounted for or mitigated. Whilst several

laboratory experiments have looked to simulate ‘live’ surveys using controlled cli-

matic chambers, fans and external camera shields (Kelly et al., 2019; Lin et al.,

2018b; Wan et al., 2021) (including this work, where a ‘dynamic’ scene of varying

temperatures was used to determine radiometric calibration accuracy, FPA sensor

acclimatisation, NUC periodicity)(Figure 6.2), these results do not translate to TIR

surveys undertaking real data capture. For Lenton Lodge Gatehouse, where TIR
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surveys were undertaken with ambient temperature just above freezing, a 75 min

acclimatisation period was needed to bring the FPA sensor to a stable tempera-

ture, ∼40 mins longer than that calculated during pre-calibration. In addition,

whilst incremental NUCs were set at 3 min intervals, the WWP undertook several

additional automatic NUCs in response to the camera’s internal thermometers and

environmental conditions (Figure 6.4). Therefore, even though pre-calibration plays

a significant role in determining the stability of each individual TIR camera, greater

focus must be placed on correction methods capable of integrating known scene- and

subject-specific environmental data in the post-processing of derived TIR sequences

(Dugdale et al., 2019; Wan et al., 2024).

To this end, the need for proximal environmental and subject sensors, recording the

critical information for correcting and validating derived TIR images, represents

the greatest opportunity for IRT-3DDF, with TIR image sequences requiring accu-

rate data representative of the atmospheric attenuation within the scene (Section

3.3.3)(Dugdale, 2016). At present, such data is collected (and has been collected

for the proposed work) using hygrometers, anemometers, barometer and infrared

thermometers (Mesas-Carrascosa et al., 2018), ultimately limited in their scope,

frequency and accuracy for IRT-3DDF. However, the ability to automatically gen-

erate and integrate this information for the correction of TIR images, in line with

the changes present within dynamic environmental conditions, represents a logical

progression of current practices (Lin et al., 2017). DJI’s Dock 3, with integrated

wind speed, ambient temp. and humidity sensors, demonstrates one of the first

commercial solutions to this issue, beginning the process of including site-specific

values within TIR image generation (DJI, 2025). Furthermore, the ability to orches-

trate a extensive network of known subject temperatures, across the exterior and

interior of a building requires further investigation, with the correlation of multiple

derived Tobs, T2D and T3D values fundamental for comprehensive assessments of

radiometric accuracy (Adán et al., 2021). In summary, if scene-specific calibration,
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(a)

(b)

Figure 6.4: Example WWP screenshots from Lenton Lodge Gatehouse, showing the
execution of an automatic NUC outside of the programmed 3 min intervals (at the
bottom of each figure, the duration between NUCs is apparent, here changing at
∼2 min 30 secs as opposed to 3 mins).
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correction and validation procedures are to be implemented into future IRT-3DDF

methods, this has to be initiated with the integration of known temperature mea-

surements, including FPA sensor temperature-, environmental- and subject-specific

sensors (Abolt et al., 2018; Mesas-Carrascosa et al., 2018; Szostak et al., 2023;

Wang et al., 2023; Wang et al., 2025).

6.4.3 Radiometry vs. Photogrammetry: A Balancing Act

Finally, for IRT-3DDF data capture to be cohesive, including specific IRT, pho-

togrammetry, geospatial engineering and building surveying practices, we must ac-

cept that a ‘balancing act’ will always be required to undertake these disciplines

simultaneously. This balancing act is evident in the duration required to undertake

surveys, with the need for sufficient image overlap for photogrammetric processing

increasing the possibilities of thermal drift between TIR images. It is apparent in

the need for stable building conditions for building energy audits, even though this

comes at the cost of reducing contrast in TIR images. It is seen in the geomet-

ric calibration of TIR cameras, requiring novel test fields that serve multi-modal

calibration but reduce the automation of control point detection. The purpose of

identifying this problem is not to deem it unsolvable, but to stress the need for

decisions to be justified within IRT-3DDF, demonstrating the considerations taken

to achieve specific goals. By doing so, new methods can be developed informed

on the rationale presented by preceding research, critical for the advancement of

IRT-3DDF as an academic discipline and tool for CRM practices.

In this context, the difficulty balancing radiometric and photogrammetric principles

within the presented work identifies several areas for future IRT-3DDF research to

investigate. Firstly, whilst the use of passive thermography for all TIR surveys was

chosen as a means of generating stable TIR sequences (although this was undoubt-

edly complicated by the emerging solar radiation at Lenton Lodge Gatehouse), the

186



6.5. THERMAL INFRARED CAMERAS: RESOLUTIONS, SPECIFICATIONS
& FUTURE DEVELOPMENTS

need for contrast within TIR images may be aided by the appropriate use of ac-

tive, pulsed, or lock-in thermography (Ibarra-Castanedo et al., 2013). For example,

the thermal contrast at Castello di Arco rendered multi-modal image matching

redundant, even though apparent temperature differences were present across the

frescoes. Exciting thermal contrast may not only improve the number of extractable

features (<200 tie points within the TIR block), but may point to new areas of de-

terioration. In addition, although the proposed work used Agisoft Metashape’s own

‘mosaic’ texturing approach, the ability to control texturing strategy (Biswanath

et al., 2023; Hoegner et al., 2007), enhancement (Zhang et al., 2023b) and visualisa-

tion (Luhmann et al., 2013; Vidas et al., 2013) is a critical venture for IRT-3DDF,

with the temperature metrics in Table 5.4.2 pointing to the ambiguity of proce-

dures unsuited to TIR images. To conclude, the novelty of IRT-3DDF, residing in

the transformation of temperature into observable, quantifiable products, must be

placed at the heart of future methods, acknowledging the challenges, compromises

and opportunities that come from handling temperature photogrammetrically.

6.5 Thermal InfraRed Cameras: Resolutions, Spec-

ifications & Future Developments

The development of commercial TIR cameras (and by extension FPA sensors) has

been central to the advancement of IRT-3DDF, enabling TIR images to be used pho-

togrammetrically in processes common for visible spectrum imagery. Critically, the

use of vanadium oxide (VOx) for thermal detectors, the predominant material for

commercial microbolometers in FPA sensors, is enabling: greater sensitivity to noise

equivalent temperature differences (0.039 K for VOx); reductions in sensor material

and production costs; greater applicability for ambient temperature environments

(<350 ◦C); fewer demands on system cooling; and (most importantly) the continued
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reduction in pixel size (Lagüela et al., 2016; Rogalski, 2012; Vollmer & Möllmann,

2018). Although the likes of quantum detectors and silicon microbolometers are reg-

ularly discussed as replacements for VOx (Corsi, 2015; Gade & Moeslund, 2014), the

central features of new TIR cameras for IRT-3DDF will be threefold: (1) improve-

ments in image resolution (both spatial and thermal), (2) reductions in overall cost,

and (3) improvements in internal cooling (i.e., the miniturisation of liquid nitrogen

cyro-cooling)(Khodayar et al., 2016). However, in practice, the greater accessibility

of features within TIR cameras, including native access to: FPA sensor and CPU

temperature; NUCs and their associated correction images; and amendable raw

temperature files are desired features that could have considerable impact on the

speed at which IRT-3DDF methods can progress.

Importantly, the ever-increasing resolution of TIR cameras remains the biggest

enabler of successful data fusion methods, allowing greater information to be used

for feature matching, thermal modelling and quantitative analysis. For detailed

thermographic surveys of buildings, the UK Thermography Association (UKTA)

recommends a thermal camera with a sensor >640×480 pix (Colyer & Arnolds,

2019; Fox et al., 2014). For IRT-3DDF, Adamopoulos et al. (2020b) demonstrate the

effectiveness of ‘mid-range’ TIR cameras by validating their SfM pipeline, developed

with a FLIR T1030c (1024×768 pix), with a FLIR SC660 (640×480 pix) thermal

camera, resulting in similar projection errors to their higher resolution TIR camera

(2-3 cm as opposed to 1 cm). Although thermal models have been generated with

remarkably low-resolution TIR cameras (Borrmann et al., 2013; Javadnejad et al.,

2020; Jones, 2001), mid-range thermal cameras, those with a pixel count in excess

of 300,000 pixels, provide the greatest cost-benefit for data-fusion methodologies.

However, as with the trade-offs seen in Section 3.5, the choice of TIR camera must be

made acknowledging the desired: IRT-3DDF method, additional integrated sensors,

geometric and radiometric accuracy, coverage and mobility, and camera budget.

Finally, the growth of the commercial TIR camera market has been shared by the
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emergence of Three-dimensional Thermal Imagining Systems (TTISs), previously

defined as “platforms comprising multiple sensors on fixed or ‘dynamic’ units” [p.

32]. The introduction of this term as part of this thesis has looked to highlight the

possibilities exploiting hardware where multiple sensors are housed on a single plat-

form, providing constraints that historically had to be configured manually (Alba

et al., 2011). As the availability of terrestrial laser scanners with integrated TIR

sensors becomes more common for IRT-3DDF (inc., Leica’s BLK360 G1 160×120

pix 71◦×56◦ panoramic TIR camera (Adán et al., 2023a) and Zoller+Fröhlich’s

382×288 pix modular T-Cam (Fang et al., 2022)), it is apparent that the integra-

tion of low-resolution TIR sensors within commercial platforms may lead to greater

automation and application in the coming years. In addition, the prevalence of

UAVs with in-built thermal cameras (i.e., FLIR SIRAS, Autel Evo MAX T4 and

DJI’s T series) or those capable of taking thermal payloads (i.e., Workswell’s cat-

alogue or DJI’s Zenmuse series) is allowing for vast and complete data capture of

both buildings (Paziewska & Rzonca, 2022) and landscapes (Wakeford et al., 2019).

Therefore, attention must be paid to the future of TTISs, assessing their utility as

a single hardware choice and their complete automation for IRT-3DDF.

6.6 Multi-Modal Image Matching for IRT-3DDF

Regardless of their classification, two central issues have hampered the development

of fusion methods across IRT-3DDF: the inherent low resolution of TIR sensors

and the inability to extract correspondences suitable for multi-modal data fusion.

Excitingly, instead of finding ways around these issues, either by reducing the au-

tomation of derived methods or reducing the extractable value from acquired data,

the proposed method breaks this trend by confronting both challenges openly. The

exploration of multi-modal image matching, using DL-based models far from their

intended domain, operation or application, points not only to the success of its

189



6.6. MULTI-MODAL IMAGE MATCHING FOR IRT-3DDF

adoption for IRT-3DDF, but the merits of looking to tandem fields to solve es-

tablished challenges. Notably, this adoption is done in the absence of preferential

implementation for learning-based approaches, in a space where training and tuning

have become ubiquitous. Much like the proposed methods, demonstrating the initial

exploration of a tool that overcomes the central challenges faced by all IRT-3DDF

research, future methods need to investigate solutions irrespective of initial or ideal

implementation, with tandem fields offering opportunities to adopt procedures that

can be subsequently refined and improved. As a result, the derived method can

be readily-applied to varying multi-modal, multi-temporal and multi-sensor fusion

methods, whether it be for visible, thermal or other multi-spectral dataset.

6.6.1 IRT-3DDF: Training, Tuning & Testing

However, whilst the success of the proposed method is in the application of neural

networks without any training or tuning, this is not to dismiss the future opportuni-

ties that could be presented by preparing thermal-specific DL-based image matchers,

a practice that has facilitated considerable advances in remote sensing, medical or

computer vision fields (Jiang et al., 2021). For training and tuning of multi-modal

neural networks to become a reality, vast and diverse datasets of thermal images are

required, representative of a wealth of subjects and scenes. For example, Superpoint

was a pre-trained on MagicPoint’s synthetic shape dataset to teach it to detect ge-

ometric features such as corners and edges (∼100,000 greyscale shapes)(DeTone et

al., 2018), subsequently fine-tuned using Microsoft’s comprehensive ‘Common Ob-

jects in Context’ (COCO) dataset of ∼300,000 images (∼200,000 segmented and

labelled)(Lin et al., 2014). However, even though the collection of such data would

require extensive curation and annotation, and the ability to compile the necessary

number of images for training may not be achieved (even with data augmenta-

tion)((Velesaca et al., 2024)), bringing thermal datasets of architectural heritage
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together represents a sensible endeavour for IRT-3DDF nonetheless.

(a) ARCO (b) GATE

(c) DUNR (d) WIND

Figure 6.5: Thermitage’s datasets, including: (a) Arco Castle, Italy (ARCO); (b)
Lenton Lodge Gatehouse, UK (GATE); (c) Dunrobin House, UK (DUNR); and (d)
Chesterton Windmill, UK (WIND).

To this end, in order to begin the progress of building such a collection, this PhD

has introduced Thermitage, a curated repository of multi-modal, multi-temporal

and multi-sensor thermal images tailored towards architectural heritage (Sutherland

et al., 2025b). The ambition for Thermitage, sharing an initial collection of IRT-

3DDF datasets collected during this PhD, is to provide a collaborative repository

for the generation of training and validation data for learning-based benchmarking

(Figure 6.5 & Table 6.3). In addition, the applications of Thermitage include: (1)

the development of new fusion methods utilising Thermitage’s datasets; (2) the use

of Thermitage to validate or compare derived methods across different case studies;

and (3) the re-purposing of derived Thermitage’s 3D thermal products for additional

191



6.6. MULTI-MODAL IMAGE MATCHING FOR IRT-3DDF

investigations. Although the quantity of images needed for deep learning-based

training and tuning is not currently facilitated by Thermitage, the ability to develop

machine learning applications is more than achievable with the presented datasets,

including the likes of image segmentation (Lin et al., 2019a), subject detection

(Motayyeb et al., 2023) and NeRF (Lin et al., 2024). In summary, as learning-

based tools have been critical for the development of the proposed novel IRT-3DDF

method, the facilitation of additional methods using common approaches is an

exciting venture for the future of thermal modelling.

Datasets Sensors Surveys
TIR VIS RGB UAV TLS SLAM

ARCO ✓ ✓ ✓ – – ✓
GATE ✓✓ ✓✓ ✓✓ – ✓ –
DUNR ✓✓ ✓✓ ✓✓ ✓ – –
WIND ✓ ✓ ✓✓ ✓✓ – –

Table 6.3: Thermitage’s datasets, sensors, and surveys.

6.6.2 Multi-Modal & Multi-Sensor Calibration

The importance of accurate intrinsics for IRT-3DDF, emphasised by the inclu-

sion of Objective 2 dedicated to calculating the interior- and relative orientation

of IRT-3DDF sensors, has been placed at the forefront of the proposed research,

understanding the significant role of camera calibration in a range of data fusion

methods. When achieved through self-calibration, we have observed the failure for

accurate camera parameters to be obtained (Section 4.4.1 & 4.4.2), reinforcing the

necessity for TIR cameras (featuring highly unique germanium lenses) to be cali-

brated prior to photogrammetric data fusion. In addition, we have found that even

when pre-calibrated IO values are assigned at the initialisation of a bundle adjust-

ment, values are refined to absorb resulting error rather than account for it. Whilst

the prospects of on-site self-calibration are appealing, and were deemed successful

in Chapter 5, this thesis reiterates the opportunities that can come from precise
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IO and RO calibration, notably the inclusion of tandem sensors within IRT-3DDF

pipelines. The intersection between geometric camera calibration and IRT-3DDF

must be expanded in future work, notably: (1) the execution of bundle adjustments

with constrained IO and RO parameters (not possible in COLMAP or Metashape,

but achievable in Australis); (2) the processing of TIR, VIS and RGB images in a

singular bundle adjustment with / without RO constraints; and (3) the inclusion

of multi-modal correspondence within geometric camera calibration set-ups.

(a) (b)

Figure 6.6: Examples TIR images of the thermal-specific markers, featuring the (a)
3D test-field from Section 4.3.3 and (b) Dunrobin House.

To facilitate the geometric calibration for TIR cameras, this work designed con-

figurable thermal-specific markers, a significant achievement of the proposed work

over existing superficial and cursory solutions (Section 3.5.4). As previously noted,

the novelty of the proposed markers, designed to be low-cost, easy-to-manufacture

and highly configurable, is in: (1) their use as configurable calibration markers for

lab- and field-based geometric calibration procedures, (2) their use as survey mark-

ers for photogrammetric scaling, referencing and validation, and (3) their use as

ground truth for radiometric calibration, correction and verification (Figure 6.6).

To demonstrate this value, Figure 6.7 & Table 6.4 show the geometric accuracy of

a TIR-only bundle adjustment of DUnrobin House checked against either the pro-

posed thermal-specific markers and ‘natural’ markers, showing the variance in 2D-
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(MRE) and 3D- (RMSE) space. Both the accuracy of geodetic survey (µσ) and the

accuracy of image orientation (RMSE) highlight the ambiguity that can come from

the use of natural markers within IRT-3DDF, typically where materials of different

emissivities meet, such as windows, doors or corners. Whilst future iterations will

look to improve: the automation of marker extraction, the performance of mark-

ers in low contrast settings, and the robustness of design and manufacturing, this

product represents an innovative solution that can be readily-adopted for thermal

surveying.

(a) Natural (b) Thermal-specific

Figure 6.7: An example TIR image of Dunrobin House with annotated (a) ‘natural’
and (b) thermal-specific markers.

Markers No.
CPs

TST
µσ

(mm)

MRE
(pix)

RMSE
(mm)

Thermal-specific 12 0.50 0.28 5.60
Natural 11 1.02 0.39 34.26

Table 6.4: Comparison between TIR-only image orientation checked against ‘natu-
ral’ or thermal-specific markers on Dunrobin House. Here, the standard deviation
of Leica TS10 total station measurements (TST), MRE and RMSE of the oriented
image block are given.

194



6.6. MULTI-MODAL IMAGE MATCHING FOR IRT-3DDF

6.6.3 Thermal Modelling: Poses, Geometries & Textures

Finally, it is important to stress that the proposed 2D-2D fusion workflow provides

considerable opportunities for future refinement, with the derived thermal models

representing the introduction of a novel IRT-3DDF pipeline rather a definitive con-

clusion. As the proposed method combines several sequential processing steps, the

siloing of each procedure in Section 5.3 can enable individual amendments to be

identified for the improvement of the workflow in its entirety. Firstly, the central

novelty, achievement and priority of the proposed IRT-3DDF pipeline was in the

determination of highly-accurate multi-modal camera poses, without which subse-

quent thermal modelling steps could not be undertaken successfully. For the best-

performing image matchers across Lenton Lodge Gatehouse and Dunrobin House,

TIR blocks achieved a RMSE of ∼10 mm (Table 5.5), exploiting the full value of

both TIR and RGB images in the optimised bundle adjustments. Whilst future

evolutions of the proposed method will look to refine base geometry modelling and

thermal texturing (and even re-purpose derived camera poses in supplementary

IRT-3DDF methods)(Figure 6.8), these cannot be undertaken without the utmost

confidence in the derived TIR camera poses. As the starting point for the numerous

procedures involved in thermal modelling, considerable focus should be placed on

the calculation of accurate camera poses within an IRT-3DDF pipeline, including

methods to inspect, refine and validate resulting camera networks (Iwaszczuk &

Stilla, 2017; Lin et al., 2019b).

By extension, the use of these cameras poses for dense reconstruction highlights

several nuisances, with the ‘base’ geometry not only providing the means for 3D

modelling, but a gateway to further analysis. Firstly, it must be noted the pre-

sented works, all undertaken terrestrially, were limited to façade modelling only,

with upscaling to full buildings an exciting and necessary test for the proposed

method (Sutherland et al., 2025b). Currently, the base geometry is obtained in
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(a) Parametric Model (b) Reprojected Thermal Point Cloud

(c) Textured Parametric Model

Figure 6.8: An example of thermally-textured parametric models, providing the
means for thermal images to be integrated into (H)BIM and asset management
processes (Biswanath et al., 2023).

a separate SfM and MVS pipeline, imported into the same 3D space as the de-

rived camera poses. Although several methods have looked to compare derived

data fusion geometries to determine their deviation from known ground truth (typ-

ically high-resolution RGB- or TLS models)(Adamopoulos et al., 2020b; Patrucco

et al., 2022b), this would have been redundant for the proposed method as the

derived base geometry did not encapsulate any information from the TIR image

blocks. Therefore, to optimise the proposed pipeline, the use of the derived RGB

poses for the base geometry (those obtained in tandem with the TIR image block)

and the comparison of derived 3D models against a reference geometry warrants

investigation, removing a tangential operation and progressing towards complete

automation.

It seems appropriate to conclude the critique of the proposed pipeline by evalu-

ating texturing, which perfectly epitomises the complexity of 3D thermal models
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and the interconnectivity of radiometric and photogrammetric practices. Whether

used for simple visualisations or the transformation of ortho-rectified images into

additional IRT-3DDF products, a coherent texture not only represents the observed

asset precisely, but provides accurate quantitative temperature measurements of the

scene. Champions of texturing approaches across IRT-3DDF, Technical University

of Munich (TUM) have demonstrated (through exhaustive case studies) the need

for texturing methods to be placed at the forefront of data fusion pipelines, custom-

built to facilitate particular sensors and scenes (Hoegner et al., 2007; Hoegner &

Stilla, 2016; Zhu et al., 2021). At present, automatic texturing approaches, those

found in commercial SfM software, are unsuited for highly-accurate thermal mod-

elling, regardless of texturing / mosaicking approach (Lin et al., 2018a; Malbéteau

et al., 2021). Furthermore, if (as previously suggested) scene-specific drift correc-

tion methods are to be implemented for IRT-3DDF, the effect these will have on

resulting textures needs to be comprehensively tested against known ground truth

(Mesas-Carrascosa et al., 2018).

However, even though the development of quantitative thermal textures is prefer-

able, the generation of thermal textures capable of aiding qualitative interpretation

must also be appreciated. Specifically, considerable opportunities reside in the fash-

ioning of textures primed for novel visualisations, including the use of: enhanced

(Zhang et al., 2023b), augmented (Lagüela et al., 2012), hybrid (Vidas et al., 2013),

segmented (Scaioni et al., 2012), thresholded (Weinmann et al., 2014), stacked (Solla

et al., 2020) and simulated (Natephra et al., 2017) thermal textures. In addition,

the use of qualitative thermal textures for the production of 2D orthomosaics or

rectified thermograms, often preferred as a means of visualisation by heritage con-

servators (Historic England, 2025b), suggest the suitability of IRT-3DDF products

amended for more practical purposes. Whilst this thesis has stopped short of de-

veloping a fully-tailored texturing procedure, the evolution of this work must look

to calculate and validate radiometric texturing approaches against known in-situ
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temperature measurements, with the accurate amalgamation of 2D pixel- into 3D

texel values a considerable ongoing challenge (Biswanath et al., 2023).

6.7 IRT-3DDF for Architectural Heritage

The purpose of CRM practices within architectural heritage has long been to pri-

oritise proactive maintenance over reactive repairs (Forster & Kayan, 2009). This

philosophy, central to NDT techniques such as IRT, has enabled new technologies

to become established tools for heritage documentation (i.e., H-BIM), demonstrat-

ing their inherent value when employed for specific challenges (i.e., interoperability,

lifecycle management, simulation). To understand how IRT-3DDF might emu-

late this trend, it is pivotal to understand not only the value it provides in line

with this stated philosophy, but how it can provide value addressing the pressing

challenges facing architectural heritage. Whilst the ambition for IRT-3DDF is to

inform energy efficiency, retrofitting and thermal comfort, having been openly dis-

cussed both in this thesis and among those championing the field (Adán et al.,

2020), it is only through purposeful case studies that assessments of its value can

be undertaken. Furthermore, it is evident that a critical barrier for novel tech-

nologies such as H-BIM has been their effective demonstration and operation, with

modern technologies cautiously adopted and remaining secondary to established

traditional techniques. Therefore, the ability for IRT-3DDF to generate products

capable of being used by (and tailored towards) conservators, heritage professionals

and decision-makers needed to be investigated. If IRT-3DDF is to become more

than an academic discipline, instilling meaningful insights as a critical tool in the

arsenal of conservators, the value of IRT-3DDF should feature at the centre of future

methods, demonstrating and evaluating its benefit aiding architectural heritage.

The differentiation between IRT-3DDF in the AECO industry and in architectural
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heritage rests on one essential factor: the importance of significance within her-

itage. At the heart of architectural heritage lies the significance that a building

holds and the need for both its tangible and intangible heritage to be preserved.

This significance is not just encapsulated within an asset’s history, but the influ-

ence this history has had on a building’s current fabric and function. The proposed

work affirms that a detailed knowledge of a historic building and its significance are

fundamental for successful IRT-3DDF, emphasising the importance of scale, style,

setting on available methods (as shown by the inclusion of Appendix A as a means of

providing such knowledge). When studies have exploited IRT-3DDF with a deeper

understanding of the architectural heritage at hand, data fusion methods are devel-

oped that maximise the benefits of individual datasets and enhance CRM practices

(Sutherland et al., 2023). Whilst the challenge of this work is in the development of

a generalisable method of IRT-3DDF, we must acknowledge that significance must

be held central to each case of architectural heritage. By developing and applying

methods with significance in mind, IRT-3DDF can become an innovative approach

for monitoring architectural heritage.
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Chapter 7

Conclusion

As the challenges facing architectural heritage mount, the combination of multi-

disciplinary surveys will continue to be the bedrock of effective conservation, repair

and maintenance practices. In a bid to develop a novel tool in the arsenal of

heritage conservators, this thesis has introduced InfraRed Thermography 3D-Data

Fusion (IRT-3DDF), a field generating geometrically and radiometrically accurate

3D thermal models representative of historic buildings. The aim of this thesis, to

develop a fully-automatic IRT-3DDF method for 3D thermal modelling, has been

achieved through the introduction of learning-based multi-modal image matching

for sensor fusion, applying pre-trained neural networks outside of their intended

training domain. By determining multi-modal correspondences across image modal-

ities, subsequently included as part of a combined bundle block adjustment, TIR

images were co-oriented in fully-automatic processes across varying scales, settings,

sensors and subjects. Importantly, this is realised without: sensor pre-calibration or

fixed RO constraints; manual alignment, co-registration or ICP; known positioning,

orientation or reference data; or simultaneous data capture. As a result, the de-

rived method can be readily-applied to different multi-modal, multi-temporal and

multi-sensor use cases, expanding the value that can be extracted from these novel
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3D products.

7.1 Thesis Aims & Objectives: Revisited

Whilst the core originality of this thesis is in the development of a novel 2D-2D

fusion method; critically, this work addresses several under-represented and under-

researched facets for effective IRT-3DDF. Revisiting the central objectives of this

research (Section 1.1), this thesis set out to achieve the following objectives:

• Objective 1: Define the essential theoretical and practical requirements for

the successful implementation of IRT-3DDF.

• Objective 2: Determine robust and rigorous methods for the geometric and

radiometric calibration of TIR cameras employed within photogrammetric

data fusion

• Objective 3: Establish a novel, cost-effective and highly-flexible data fusion

method obviating sensor pre-calibration, manual co-registration or auxiliary

georeferencing information.

7.1.1 Objective 1

Firstly, through the conceptualisation of IRT-3DDF as a discipline, denoting the

various synergies between configured sensors and fusion ‘spaces’, this thesis has

outlined the decisions that need to be made regarding methodological assumptions,

shortcomings and mitigations. This has allowed several data fusion pipelines within

the thesis to maximise the inherent quality of individual sensors, implementing fu-

sion methods that strategically combine datasets in accordance with know limita-

tions and constraints. In addition, an appreciation for IRT as a science has been
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placed at the centre of all proposed experiments, surveys and methods, fundamental

to understanding the detection of infrared radiation, the functions of TIR cameras

and the extraction of reliable temperature measurements. Finally, by providing a

‘cheatsheet’ for those ready to adopt IRT-3DDF, this thesis outlines critical areas

that need to be considered for the implementation of successful data fusion, notably

the trade-offs between radiometric and photogrammetric processes.

7.1.2 Objective 2

Secondly, in a bid to evaluate the importance of interior- (IO) and relative- (RO)

orientation parameters for successful sensor fusion, this thesis has presented a first-

of-its-kind comparative analysis of geometric calibration approaches for TIR cam-

eras. To undertake this comprehensive evaluation, this work presented a novel

3D test field composed of custom thermal-specific markers, capable of providing:

(1) crosshair targets for geometric calibration; (2) additional tie points for pho-

togrammetric multi-modal image matching; (3) GCPs and CPs for photogrammet-

ric evaluation; and (4) known points for quantitative temperature verification. In

addition, this work has developed a procedural workflow for calibrating, correcting

and validating temperature information from commercial TIR cameras, a process

that can be readily improved with greater access to calibration blackbodies, FPA

sensor temperature and field radiometers.

7.1.3 Objective 3

Finally, to develop a novel, cost-effective and highly-flexible method for IRT-3DDF,

this thesis presented the first example of 2D-2D fusion using learning-based multi-

modal image matching within IRT-3DDF, overcoming the long-standing issues of

low spatial resolution and poor correspondences when matching thermal and visible
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spectrum images. Importantly, this was done using ‘out-of-the-box’ neural networks

without training or tuning, significantly reducing the preparation and complexity of

fusion processes. The derived methods are not only fully-automatic, but provide a

workflow that can be readily-applied for various sensor configurations, architectural

styles and environmental constraints. As a result, 3D thermal models encapsulating

both a detailed base geometry and quantitative temperature values are generated,

providing a novel product for the analysis of a building’s overall performance.

7.2 Future Work

With ever-increasing resolutions of commercial TIR cameras, and the growing mar-

ket for mobile and aerial TTISs, the continued development of IRT-3DDF must

look to determine new fusion methods tailored towards specific sensors and sce-

narios. For the evolution of the proposed work, the generalisability of the novel

IRT-3DDF method must tested across different datasets, with a seamless inter-

face representing a realistic development for future adoption and automation. In

addition, the integration of known temperature measurements within radiomet-

ric calibration, correction and validation procedures will add critical rigour to the

quantitative analysis of derived 3D thermal models, increasing the confidence and

reliability with which derived products can be applied. Finally, an evaluation of

the inherent value of current 3D thermal models for CRM practices, as well as

an understanding of the additional resources that can be extracted from resulting

models, represents a necessary progression for future research.
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Appendix A

Buildings

A.1 Lenton Lodge Gatehouse, Nottinghamshire,

UK

Designed by Sir Jeffry Wyatville between 1820-1825, Lenton Lodge Gatehouse, the

historical entrance to Wollaton Hall, represents one of the finest examples of Eliz-

abethan Revival in Britain (Figure A.1)(Pevsner & Williamson, 1979). After ac-

quiring additional pastures South-East of Wollaton Hall, expanding the boundary

walls of the 500-acre parkland out to Derby Road and Nottingham Canal (Figure

A.8), Henry Willoughby, 6th Lord Middleton sought to commission a grand en-

trance to the park mimicking the style of the main house (Lenton Times, 1983).

Built from ‘white’ Mansfield sandstone, a medium-grained sandy dolomitic stone

quarried locally since the Medieval period (also used for Nottingham Castle and

Newark Town Hall), the structure features a central carriage arch built from thick

ashlar blocks surrounded by two domed corner turrets (Ashurst & Dimes, 1998; Uni-

versity of Southampton Archaeology, 2025). Flanked by two screen walls, moulded

plinths and extended by cast-iron bollards, the central gatehouse features a three-
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Figure A.1: Lenton Lodge Gatehouse, also called ‘Lenton Lodge’ or simply Wollaton
Park ‘Gateway’, photographed by J. Spree (data unknown). Here, the gatehouse
can be seen open with Nottingham canal beneath the foreground (Lenton Times,
2006).

storey structure with framed wooden gates and internal coffered ashlar barrel vault

(Pevsner & Williamson, 1979). Importantly, the original central gate, featuring an

underground iron opening mechanism, survives as a one-of-a-kind design (Figure

A.2). A copper coat of arms plaque, located under the central parapet, shows the

original seal of the Middleton family and remains a central feature on the building’s

façade (Figure A.3)(Historic England, 2025a).

After being sold by Michael Willoughby, 11th Lord Middleton for £200,000 in 1924,

along with large portions of parkland and Wollaton Hall itself, Lenton Lodge Gate-

house was acquired by several owners through long-term leases and purchase agree-

ments. Throughout the early 20th Century, the building fell into a state of disrepair,

separated from Wollaton Hall by large areas of housing development in the 1920s

and the closure of the canal in 1937. To protect the structure (with suggestions

that the building be demolished or filled with concrete to preserve the deteriorating
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(a) (b)

Figure A.2: Lenton Lodge Gatehouse’s mechanical locking system, featuring (a)
the underground ‘winding box’ and (b) central gate’s ornate pins (Lenton Times,
1983).

frame), the building was listed by English Heritage in 1952, receiving a Grade II*

status which remains today (ref. 1270829)(Historic England, 2025a; Lenton Times,

1983). In the 1981, the property was purchased by Lawrie Williamson on a 99-year

lease, renovating one of the gatehouse apartments into a family dwelling and de-

sign studio, subsequently taken over by several private owners for residential and

commercial purposes into the 21st Century. In 2016, after several decades of repair

and eventual decay (Clark, 2006), including the ‘award winning’ restoration work

undertaken by Chek Whyte (Figure A.3), the property was sold to the University of

Nottingham who currently maintain and operate within the property (Commercial

News Media, 2016).

Currently, Lenton Lodge Gatehouse shows visible signs of material degradation, no
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(a)

(b)

Figure A.3: Comparison between the façade of Lenton Lodge Gatehouse in (a) 2007,
after extensive restoration works by Check Whyte Industries, and (b) 2024, in its
current state. Noticeably, the central parapet shows significant difference between
the (a) recently restored and (b) heavily deteriorated stone above the traceried
panels and central plague, likely due to leaking from the roof. (This is Nottingham,
2009; Wood, 2009).
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longer in regular use by the university or maintained within a broader conservation

plan. On the exterior of the building, extensive areas of stone spalling are appar-

ent under the parapet cornice and turrets, resulting is discolouration, biological

colonisation and areas of exposed sub-stone. This is likely a product of leaking

from the lead roof, a problem that has plagued the structure for several decades

(the presence of shrubbery growing out of the parapet also indicates a substantial

drain issue)(Figure A.3)(Lenton Times, 1983). Worryingly, this issue has become

exponentially worse during the four years of this research, meaning essential work

is needed to stabilise the material loss of historic fabric and large-scale interven-

tions. In addition, the same issues seem to be affecting the traceried panels and

bronze plaque at the top of the façade, identifiable from both external and internal

inspections (Figure A.4).

(a) (b) (c)

Figure A.4: Images from the internal building survey of Lenton Lodge Gatehouse.
Here, the rooms behind the (a) north turret, (b) central traceried panels (the other
side of the circular windows) and (c) bronze plaque (behind the brick wallpaper) are
shown, with visible signs of water ingress, material decay and damage identifiable.

A.2 Castello Di Arco, Trentino, Italy

Castello di Arco, a historic fortified castle that has its roots atop a rocky cliff of Sarca

Valley since ∼1000 AD, bears a rich history of occupation and conflict. Overlooking

the Sarca river terminating at Riva del Garda, within the broader region of Trentino-
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Figure A.5: Castello di Arco and its ‘Torre Renghera’ (bell tower), overlooking the
Sarca Valley down to Riva del Garda (Trentino.com, 2025).

Alto Adige in northern Italy (Figure A.9), the first known structures were built

atop the mountainous landscape in the Roman era, with the name ‘Arco’ likely

originating from the Latin (‘Arx’) or Occitan (‘Arc-’) terms meaning ‘fortress’ or

‘rock tower’, respectively (Italy This Way, 2025) (the ‘Torre Renghera’ is considered

the first structure to have been built around 500 AD)(GardaSee, 2025). The greater

fortress is believed to have been built by the Arco commune themselves as a strategic

defensive fortress, later granted to the Arco family in 1124 AD. The Counts of Arco,

holding the castle as a fortification from the 10th to 17th Centuries, withstanding

several military expulsions and re-acquisitions, held the castle until its seizure by

Emperor Leopold I in 1680. In 1703, after decades of deterioration and occupation

by local bandits, Castello di Arco was sieged by French troops under the command

of General Vendôme during the War of the Spanish Succession, later ordered for

demolition (GardaSee, 2025).

Bought by the Servizio Beni Culturali of the Provincia Autonoma di Trento (Au-
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(a) (b)

Figure A.6: Castello di Arco depicted by (a) Matthias Burglechner (date unknown)
and (b) Albrecht Dürer (1494), the latter of which now resides in the Louvre mu-
seum, Paris, France. The paintings are characterised by the large rocky ridge on
top of which Castello di Arco resides, surrounded by cypresses, holm oaks, olive
groves and cultivated vines (Storia dell’Arte, 2025).

tonomous Province of Trento) in 1982, extensive restoration works were undertaken

between 1986-2003 to repair the 23,000 m2 site and open Castello di Arco to the

public, including the stabilisation of the central tower, the transformation of sur-

viving rooms and greens into exhibition spaces, and the discovery of the famed Sala

Degli Fresco in a previously rubble-filled room. The painted frescoes, covering four

walls of a small salon, mark the most significant part of Castello di Arco, depicting

various scenes of court life and chivalry in the 14th Century. This includes: scenes

depicting ladies and gentlemen playing chess and dice games; St. George defeating

the dragon, a knight accompanying two dames picking roses from a garden for gar-

lands; and a gentlemen assisting a lady on horseback (Figure A.7)(Storia dell’Arte,

2025; Trentino.com, 2025). However, the passage of time has caused severe deterio-

ration of the frescoes, with the majority of the paintings now faded and flaking from

the stone wall. This decay has been accelerated by the water ingress and moisture

from the North-West rock wall of the Sala, with few strategies able to reduce the

influence of impeding moisture. At present, the museum utilises a space heater in
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a bid to reduce the humidity within the room; however, as evident in the results in

Section 4.4.2, this only benefits a very small area the frescoes.

(a) (b) (c)

Figure A.7: Castello di Arco’s famed frescoes, depicting court life include: (a) ladies
gesticulating whilst playing dice, (b) court ladies and gentlemen playing chess, and
(c) a gentlemen and two ladies collecting roses for garlands (Storia dell’Arte, 2025).

A.3 Dunrobin House, Warwickshire, UK

Dunrobin House, a 25-year-old contemporary dwelling in Warwickshire , provides an

example of common 21st Century housing in the UK, featuring building materials,

architectural features and building conditions commensurate with large portions of

domestic properties (Figure A.10). Whilst the house does not represent ‘architec-

tural heritage’, the building provides a suitable case study for the investigation of

IRT-3DDF for energy efficiency, thermal comfort and energy retrofitting strategies.

Upon initial TIR imaging surveys, corroborated by internal building inspections,

areas of deteriorated loft insulation were identified at on the front of the roof, likely

due to nesting of birds during the winter. This was later confirmed in both 2D TIR

images and 3D thermal models in Section 5.4.3.
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Figure A.8: Map of Lenton Lodge Gatehouse, Lenton, Nottingham, Nottinghamshire, UK.
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Figure A.9: Map of Castello di Arco, Trentino, Italy.
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Figure A.10: Map of Dunrobin House, Warwickshire, UK.
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Figure B.1: IRT-3DDF ‘Cheatsheet’
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