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Abstract

We present a novel approach for registration of multimodal technical images associated with painted
artworks. We developed both an automated method for area-based registration and mosaicking
based on mutual information, and a graphical user interface (GUI) that allows heritage end-users
to implement our method from the browser of any computer, without the need of interfacing with
the code directly.

Our method was initially developed for registering element distribution maps resulting from
macro X-ray fluorescence (MA-XRF) scanning of painted artworks, which take the form of a layered
image stack. This stack is treated as the moving image for registration to the target fixed image
- which is usually, but not limited to, the visible image of the same artwork. Our method can
register multiple moving images simultaneously (each one arranged as a layered image stack, and
each covering part of the fixed image), as well as it can be applied for registering various other
image modalities.

Operating in consecutive stages, the method registers one moving image at a time, progressively
evaluating a range of transformations that are applied to each image in the stack. Finally, a unique,
optimised transformation that provides the highest average mutual information across all images
in the stack is identified with consensus. This transformation is then applied to the entire moving
image to obtain the best alignment between the moving and fixed images when overlapped.

Our browser-based GUI facilitates setting up the images to align, as well as storing the initial
settings assigned by the user to each set of moving images. The user can then execute, automatedly,
the registration of multiple moving images in the same interface - immediately after setting up
initial parameters or at a later session. The results are accessible from the GUI and can be saved

in the computer of the user.
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Chapter 1

Introduction

In the fields of heritage science and art investigation, the study of materials and techniques of
artworks is commonly supported by the acquisition of technical images and their comparison to
the visible image of the same artwork. In order to ensure a like-for-like comparison, it is com-
mon practice to align these technical images (here considered to be the moving image ') to the
visible image of the artwork (here serving as the target fired image 2). This is done by apply-
ing a geometrical transformation to the moving image so as to align it to the target fixed image,

which remains unaltered throughout the process of alignment. This process is known as image

i

registration [1, 3, 4, 5, 6].

Figure 1.1: Image registration is the process of finding a spatial transformation to determine
pixel-to-pixel correspondence from one image to another [1]. This image shows a user "deforming"
a greyscale image (representative of the technical moving image) so as to align it to the visible
image of the artwork (here representing the target fized image). Images after “Doria Isabel de
Porcel” (NG1473, The National Gallery, London) after Spring et al. [7].

For the purpose of studying different aspects of an artwork, a range of so-called "technical
images" may be obtained by scanning the artwork with a variety of wavelengths of electromagnetic
radiation including visible light, infrared radiation and X-rays [8]. These images are categorised by

the method and type of sensor utilised for their generation, and the resulting categories are referred

1 Also referred to as sensed image [1, 2].
2 Also referred to as source image or reference [1, 2].
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to as image modalities [9] (see Section 1.1.1). Thus, we refer to the registration of technical images
to the visible image of the same artwork as a multimodal image registration, since it entails the
registration of images produced by different image modalities. Multimodal image registration is
broadly implemented across multiple disciplines in various fields, such as remote sensing, computer
vision and medical imaging [1, 2, 10].

As we will discuss in Chapter 2, there is a wide variety of automated approaches for conducting
image registration. In particular, automated approaches for multimodal image registration are
typically conducted with area-based methods (see Section 2.4). However, while there is a variety
of automated registration techniques being used in art investigation, these commonly rely on
methods based on feature detection [11, 12, 13] and are therefore are not ideal for multimodal
image registration, since a feature point in one modality may not be present in another modality

(feature-based methods, see Section 2.3).

In the case that the user decides to conduct registration in a manual or semi-automated manner,
it is customary that corresponding feature points are identified manually across the images to align,
in software packages like Photoshop [14], GIMP [15] or VIPS-NIP2 [16]. Based on the findings, a
geometrical transformation is then applied to the moving image for its registration to the visible
image of the artwork. This approach to registration may yield good results when the images to
register contain common features - in example, matching cracks shown in high-resolution images.
However, selecting features by hand can be time-consuming (especially in high-resolution images,
as in this case the user may need to inspect the images to align at pixel-level in a visual manner)
and the results may depend on the skill of each user. Additionally, some image modalities (such
as macro X-ray fluorescence (MA-XRF) scanning) tend to show features that may be different to
those apparent in the visible image, as they may relate to different properties of the artwork (see
Section 2.2.4). Finally, images of moderate or low resolution (as it is usually the case with images
obtained from MA-XRF scanning) may only show fine details such as craquelure with a "blocky"
or coarse appearance, resulting in the fact that details as fine as craquelure are usually beyond the
working resolution of this type of images (see Section 2.1 and Section 4.1.1 for typical resolution
of MA-XRF images). Thus, corresponding feature points may be challenging to identify, posing
a problem to conducting multimodal image registration in a manual manner. All these aspects
contribute to the importance of having access to automated methods for registration of multimodal

technical images within the field of art investigation.

We also note that digital spectroscopic imaging methods have become more accessible within
the field of art investigation in recent years. Spectroscopic methods may produce large volumes
of data with spatial and spectral domains. This type of data is often referred to as datacube 3,
which can be considered as a stack of images (of size set by the spatial dimensions of the datacube)

at different wavelengths (as is the case for hyperspectral imaging) or energies (as is the case for

3 Also referred to as image-cube [17].
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MA-XRF scanning).

The imaging equipment incorporates a spectrometer that separates up the broad band signal
into smaller wavelength ranges [18]. For example, infrared reflectrography works over a similar
range to that of hyperspectral imaging in the Short-Wave Infrared Range (SWIR), but one captures
the full range of radiation in one image, and the other separates it up into multiple individual
images [19].

As we discuss in Section 2.2, it is customary to consider the images of each stack to be aligned
by construction 4, since they are all generated from the same scanning of the optical device.

The conventional approach to address registration of a stack of images is to take one image
that may present significant information of the scanned area of the object (such as salient features
or well-defined shapes), and register that image to the visible image of the artwork. Once this
representative image is successfully registered, it is customary to apply the same transformation
to all the images belonging to the same stack. In this case, it is important to note that the
choice of the representative image to register in the first place might have a strong impact on the
quality of the registration of the full image stack, as different images of the same stack may allow
different best transformations to be identified (this is due to the fact that each individual image
may present exclusive features relative to different motifs or pictorial patterns of the visible image
- see Section 2.1). For this reason, when addressing the registration of image stacks, it is desirable
to consider all the images in the stack so as to identify one unique best transformation to apply to

the entire stack with consensus among all these images.

1.1 Background and motivation

In this thesis, we present a novel approach to address automated registration of multimodal tech-
nical images of artworks. In particular, we present an area-based method developed for addressing,
automatedly, the registration of technical images obtained from macro X-ray flourescence (MA-
XRF) scanning of artworks to the visible image of the same artwork.

With the images obtained from the processing of this type of scanning data arranged into an
image stack, our method assigns a unique best geometrical transformation that is applied to the
entire stack (here the moving image) for its alignment to the visible image of the artwork (here
the fized image). Using the mutual information of these images as a metric of alignment, this
unique best transformation is selected with consensus among all the images of the stack. Mutual
information (MI) is frequently used as a metric for registration of images obtained with different
modalities, particularly in the medical imaging sector [23, 24, 25], since it overcomes challenges
that are common in multimodal registration such as the presence of different features across the

images to align (see Section 2.4.2).

4 Extensive work on filter-based multi-spectral imaging was conducted by David Saunders, John Cupitt and Haida,
Liang during their time at the National Gallery, since the original images produced were not absolutely aligned by
construction [20, 21, 22]. Note that this work lead to the development of the software package NIP2 [16].

16



In order to identify a unique best transformation with consensus among all images in the stack,
all transformations within a range of parameter values are assessed for the registration of each
individual image against the target fixed image. The geometrical transformation that yields the
highest average MI across all images in the stack is selected as the best transformation to apply
to the entire stack. This process is iterated four times. At the beginning, coarse transformations
(with big step sizes and a moderate number of parameters to optimise) are evaluated, and they are
progressively refined (reducing the step size and increasing the number of parameters to optimise)
as the method proceeds (see Section 3.2 for illustrative diagrams and a more detailed overview
of this method). Note that this approach is designed to work with artworks that are nearly flat
objects, such as panel and easel paintings. For this reason, similarity and affine transformations
allowing only moderate distortions are evaluated in the first three stages (see Section 3.4), and is
only in the last stage that a non-rigid registration is evaluated (see Section 3.5). In this way, the
moving image (i.e. the image stack) is progressively better aligned to the target fixed image. This
hierarchical approach allows the computational time to be reduced whilst gradually improving the

registration of the images to align.

It is important to note that the image stack can be composed of one single image, or of multiple
images. Our method returns a unique best transformation that can be applied to the entire image
stack for its registration to the target fixed image (which is usually -but not limited to- the visible
image of the same artwork). This is due to the fact that all images in the stack are assumed to be

aligned by construction, since they are all generated from the same capture of the scanning device.

Since our method identifies the best transformation to apply to the moving image from a range
of candidate transformations, it is important to have images in the stack that show information
that can be related to the target fixed image. For this reason, when the image stack is composed
of multiple images, it might occur that individual images contain different information from one
another. In this case, the moving image can be enhanced by adding to it a new synthetic image
resulting from the combination of images of the original stack, where each of the images to combine
show dissimilar information (i.e. different motifs) of the artwork (see Section 4.1.3). Conversely,
the target fixed image can be enhanced by combining its information with that of a technical image
which has already been registered (see Section 4.2.2). This can be particularly helpful to register
neighbouring scanned areas and obtain a mosaic image from various partial technical images of

the artwork to study (see Section 1.1.2).

The area-based method presented in this thesis was developed with a particular application in
mind, that is the automated registration of technical images obtained from MA-XRF scanning of
painted artworks to the visible image of the same artwork. The research leading to its development
was conducted under the Arts and Humanities Research Council’s Collaborative Doctoral Partner-
ship consortium scheme (AHRC - CDP, see https://www.ahrc-cdp.org/) as a joint collaboration

between the Scientific Department of The National Gallery in London and the Communications
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and Signal Processing Group of the Electrical and Electronic Engineering department (CSP - EEE)
of Imperial College London. This aspect made it possible for the research to be targeted to clear
end users ® who supplied the data and the associated challenges. The team at the Scientific De-
partment of The National Gallery provided a variety of technical images acquired with different
modalities, with a particular interest in addressing the registration of images obtained from MA-
XRF scanning. For this purpose, they provided raw data resulting from MA-XRF scanning of
several painted artworks. As described in Section 2.2.2, this data was processed with the decon-
volution methods developed by Yan et al. [26, 27] to obtain the corresponding technical images
for their registration to a photographic, high-resolution visible image of the same artwork. The
team at the Scientific Department of The National Gallery also provided feedback regarding the
development of the algorithms supporting the registration method and the output images, in such
ways that the research was conceived as an end-user application from an early stage.

It is also worth noting that the algorithms supporting this area-based method and the reg-
istration experiments conducted throughout this research were extensively discussed with the
team of the ARTICT | Art Through the ICT Lens: Big Data Processing Tools to Support the
Technical Study, Preservation and Conservation of Old Master Paintings project - a collabo-
ration between The National Gallery, University College London and Imperial College London,
funded by the Engineering and Physical Sciences Research Council (EPSRC - EP/R032785/1,
see https://art-ict.github.io/artict/home.html). Thus, this thesis is targeted to a dual
readership from the field of signal processing within Electrical and Electronic Engineering, and the
field of cultural heritage within the Arts and Humanities, aiming to address both sets of audiences
in a clear and effective manner.

Lastly, it is important to note that, similarly to other automated methods for image registration,
our method needs to be initialised with an initial location of the moving image so that is located
as close as possible to its target position within the visible fixed image. This step may require
the user to use a different software platform to that of the software producing the registration to
prepare the images. With the motivation of creating a streamed-line workflow that allows to unify
the assignment of the initial location and the registration of the images to align, we have developed
a graphical user interface (GUI) that brings together these two tasks (see Sections 4.4 and 5.1).

Throughout the experiments presented in this work, we show the implementation of our method
for registration of images derived from MA-XRF scanning of painted artworks to the visible image
of the same object. Nonetheless, it is important to note that our method is broadly applicable to
the registration of images obtained with other modalities, either serving as moving and/or fixed

images.

5 We target end users within the cultural heritage sector to benefit from our easily accessible graphical user interface
(GUI) for automation of image alignment and inspection of results. At the time of submitting this thesis, it is
customary that this type of users may not have access to advanced image processing PCs, or have coding expertise
to interface with image processing platforms to automate tasks of this kind. In this way, users from the National
Gallery London and other heritage users who may have data but may not have the technical skills or infrastructure
to examine this data, can benefit from the GUI to aid their work.
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1.1.1 Image modalities

In the fields of heritage science and art investigation, technical images of artworks may be obtained
by exposing the object to study to a variety of wavelengths of electromagnetic radiation including
visible light, infrared radiation and X-rays [9, 11]. In some cases, the wavelength of electromagnetic
radiation of choice may lay outside the visible spectrum and thus permit to collect information of
the sub-surface layers of the artwork [8], such as underdrawings or pentimenti - which may not
appear in the visible image of the artwork. Each type of exposure defines the modality of the images
obtained, which document features created with materials to which each modality is sensitive [28].
For example, X-ray images will enhance features with high radio-opacity such as lead white, and
infrared reflectography will highlight contrast between features with different infrared-absorbing
properties [11]. In the case of scanning an artwork with MA-XRF, the signal at each pixel location
can be processed [26] to obtain the distribution maps of the chemical elements detected at that
area 5 (see Section 2.2.1). The output is a stack of images, where each layer is a 2D matrix
representing the quantity map of the corresponding chemical element. An example of the maps is

shown in Fig. 1.2.

(a) Ag-La map (b) As-K8 Pb map (¢) Au-La map (d) Ba-La map

(f) Cu-Ka map (g) Fe-Ka Cr map (h) Hg-La map (i) K-Ka Ag map () Mn-Ka Cr map

(k) Pb-Loe map (1) Pb-Ma map (m) P-Ko Cr map (n) Sn-La Ca map (o) Si-Ka map

Figure 1.2: Element distribution maps: selection of 15 images derived from the MA-XRF scanning
of the Portrait of Jane Boughton, née Coningsby(AGOID.29371, The Thomson Collection at the
Art Gallery of Ontario). Note that some of these images are subject to pixel averaging (a, b, d, i,
j, m, 1, 0), or are processed by having another element subtracted (g, j, m).

6 This is only one very specific way to process MA-XRF data, please refer to Yan et Al. [26] for a review of methods.

19



The method described in this thesis has been applied for registration of element map images
obtained with MA-XRF scanning, as well as for registration of images obtained by illuminating an
artwork with ultraviolet light, visible light at a raking angle, infrared reflectrograms and images

obtained with X-radiography.

1.1.2 Image mosaicking

Image mosaicking (also referred to as mosaicing) is the process of forming a composite image of an
object by means of registering a set of smaller images that capture partial, contiguous details of the
same object [29]. This may be the situation for large objects that cannot be portrayed in a single
capture of an optical device, and in turn, the object may be portrayed by multiple consecutive
partial images that need to be combined to recreate the full extent of the original entire object.
Note that it is common practice to allow for overlapping between these consecutive individual
images, so as to provide some guidance for inferring the exact location of one partial image relative

to the next one 7. There are essentially two approaches to address image mosaicking:

e The user can align any two consecutive partial images by selecting feature points within
the corresponding overlapping regions. By progressively aligning one partial image to the
consecutive one, an overall composite image of the entire object can be created. The resulting
composite image is then registered to the visible image of the object. The challenge with this
approach is the potential propagation of errors - since distortions may be introduced into the
partial images that do not relate to the visible image of the object, making registration to
the visible image (which is normally the aim of creating a composite technical image of the

object to study) challenging.

e The user can register, individually, each partial image to its relevant location within the
target image. Once all partial images have been registered, they may be merged together to

create a composite image of the full extent of the object.

Note that the first approach entails the user to select the feature points within the overlapping
areas of the partial images to align. This is one of the main uses of the semi-automated method
NIP2 [16], especially for joining consecutive images obtained with infrared reflectograms together.
Note that with early infrared reflectography, the infrared reflectogram of a painting would be
created by repeated image capture (photographic) of the image from a vidicon system displayed
on a video screen [30, 17]. In an analogous manner, X-ray images were assembled by printing out
the individual X-ray film plates and combining them together on a board in an overlapping manner

- or by mosaicking the individual digital scans of these X-ray film plates.

7 For the MA-XRF scanning of large areas of artworks, it is a common practice at the National Gallery to allow for
an overlap of circa 50 mm between any two consecutive areas to scan. Note this is a fixed overlap rather than a
percentage of the total area of the artwork.

20



d03 = 1289 x 391

d10=710x 832
d02 =941 x 959
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(a) (b) ()

Figure 1.3: Mosaicking of element maps obtained from datacube derived from MA-XRF scanning
of “The Death of Actaeon” (NG6420, The National Gallery, London). Part (a) shows the visible
image of the artwork (here serving as the target-fixed image). Part (b) shows the images of lead
maps (Pb-L lines) of scanned areas d02, d03, d08, d09, d10 and d13 (here serving as moving
images for registration to the target image, and mosaic), with indication of their approximate
location within the visible image. Part (c) shows the resulting mosaic image. This case study is
described in detail in Section 4.2.

Our method enables registration and mosaicking of multiple image stacks, where each stack is
treated as an individual moving image for its registration to its corresponding region within the
same target fixed image. This is achieved through a sequence of progressively refined registrations
assessed by the corresponding increase of the mutual information of the images to align. This
approach is described in detail in Section 4.2. Note that, although our method was originally
developed for the registration of technical images obtained from MA-XRF scanning to the visible
image of the same artwork, it can be broadly implemented for the registration of other image
modalities, such as infrared reflectography, ultraviolet-induced visible fluorescence imaging and

raking light photography, and thus also for image mosaicking and creation of image composites.

1.2 Conferences and publications
The work in this thesis has led to the following publications:

e Computational approaches for technical imaging in cultural heritage - 7th Image Process-
ing for Art Investigation (IP4AI) meeting (Online, 27-04-2022). Peer-reviewed conference
(online), poster: Multimodal Image Registration of Old Masters Paintings.
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e TECHNART 2023 - International conference on analytical techniques in art and cultural
heritage (Lisbon, 08-05-2023). Peer-reviewed conference (in person), presentation no. 1082 :

Registration of multimodal images of artworks: an approach based on mutual information.

e SPIE Optical Metrology 103: Optics for Arts, Architecture, and Archaeology (O3A) IX
(Munich, 26-06-2023). Peer-reviewed conference (in person), presentation and publication in
proceedings: Paper 12620-8. Multimodal image registration and mosaicking of artworks: an

approach based on mutual information.

e X-Ray Fluorescence imaging (MA-XRF) and Reflectance Imaging Spectroscopy (RIS) 2024
meeting (Washington DC, 04-06-2024). Peer-reviewed conference (in person), presentation:

GUI - Graphical user interface for area-based registration of MA-XRF images.

1.3 Outline of this thesis

The contents of this thesis are organised as follows:

e Chapter 2. This chapter starts by presenting an overview of the current methods utilised
for processing the data that is obtained from Macro X-ray fluorescence scanning of artworks,
which is the modality we focus on throughout the work presented in this thesis: from the
acquisition of the raw data, to the estimation of the images that are representative of the
corresponding elemental distribution maps. This is followed by a general review of the field
of image registration and a closer look into the state-of-the-art techniques of the registration
methods that are at the basis of our work. We conclude this chapter by presenting experi-
ments conducted with these methods and the insights that informed our technical decisions

and helped shaping our method, which is presented in the following three chapters.

e Chapter 3. In this chapter we describe in detail our automated, area-based image registration

method.

e Chapter 4. In this chapter we present experimental results using the area-based method
presented in Chapter 3 on registration and mosaicking of images obtained from MA-XRF
scanning of painted artworks, as well as a comparison of results obtained with the implemen-

tation of other image registration methods developed for the cultural heritage sector.

e Chapter 5. In this chapter we present the graphical user interface (GUI) that allows the
user to implement our image registration method by means of an intuitive interface that is
accessible from the browser of any computer connected to the internet, without the need of

interfacing with the code directly. A user guide to our GUI is presented in the Appendix A.

e Chapter 6. In this chapter we present a summary of the contributions of the work presented

throughout this thesis, and propose potential avenues of further work.
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Chapter 2

Background and State of the Art

This chapter covers the core topics that are at the basis of the automated area-based method for
image registration of multimodal technical images of artworks - the main subject of this thesis.
In particular, this chapter addresses the process of retrieving images from the datacube derived
from the MA-XRF scanning of an artwork, which is the type of images we have focused on along
the development of our image registration algorithm. Here, we present the challenges associated
with the registration of such images to the visible image of the same artwork. This is followed
by a review of feature-based and area-based image registration methods, and their use in the field
of heritage science and art investigation, as well as in the medical imaging sector. Within the
latter group of methods, this chapter covers the basic principles of our metric of choice, that is
the mutual information of the images to align. Finally, a brief review of state-of-the-arts learning-
based methods is presented, together with a few experiments conducted with this type of approach
for the registration of technical images of artworks. The chapter concludes with the insights that,
gained from this implementation, helped shaping the area-based image registration method that

is presented in Chapter 3.

2.1 Introduction

As mentioned in Chapter 1, image registration is widely used in various fields, and often constitutes
the initial step prior to the study of images obtained with different sensing techniques.

Two images are involved in the registration process. One image, the moving image In;(x),
is deformed to fit the other image, the fized image Ir(x). Both fixed and moving image are
of dimension d and are each defined on their own spatial domain: Qp C Ry and Q) C Ry,
respectively. Registration is the problem of finding a displacement u(x) that makes I (x + u(x))
spatially aligned to Ip(x) [31]. This is equivalent to say that registration is the problem of finding
a transformation T(z)=x + u(x) that makes I, T(x) spatially aligned to Ir(x) (Fig 2.1).

To ensure that all the pixels of the moving image will be mapped to the fixed image domain in
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Figure 2.1: Image registration is the process of finding a spatial transformation to determine
point-to-point correspondence from one image to another [1]. To the left is the fixed image, and
to the right the moving image, where the transformation T is defined as a mapping from the fixed
image to the moving image. This function maps pixel p in the fixed image domain to pixel ¢ in
the moving image domain. Image modified from Klein and Staring [31].

a satisfactory manner, the transformation T is defined as a mapping from the fixed image to the
moving image, i.e T: Qr € R? — Q€ R We refer to this as resampling (see 10). Once the
geometric transformation has been applied and in order to evaluate the quality of the alignment,
a similarity metric S can be implemented. Examples of similarity metrics are normalised cross-

correlation and the mutual information of the images to align (see 2.4.2).

The methods to perform image registration are mainly divided into two groups: methods that
rely on identifying and matching corresponding features across the images to register (feature-based
methods, see Section 2.3), and methods that rely on matching regions of equivalent intensities
within the images to register [2] (area-based methods, see Section 2.4). More recently, methods
based on deep learning have started to emerge [32, 33]. Following the above-mentioned "strat-
egy" of either being feature-based or area-based, learning-based methods focus on learning either
corresponding matching features across the images to align, including a deep learning component
as part of a larger algorithm [32, 34| or directly learning, from the intensities of both fixed and
moving images, the deformation vector field to be applied to the latter for its registration to the

fixed target image [35, 36, 37, 38| (see Section 2.5).

Feature-based methods offer a variety of techniques to undertake the tasks of detecting salient
details, extracting them as feature points and creating corresponding matches across the images
to align, so as to identify a transformation to apply to the moving images for registration to the
target fixed image. Feature-based methods are used in images that contain distinctive objects,
such as is the case of applications in remote sensing and computer vision. Most generally, these
techniques yield good registration results when seeking registration of images of similar level of
intensity values that are obtained with the same type of detector but may have been captured at
different times or from different viewpoints, resulting in these images to be obtained at different
resolutions or lighting conditions. However, in the medical imaging sector, technical images tend to
lack such defined details [2]. Moreover, it is common to require registration of images obtained from

different modalities (i.e. images obtained with different detectors or optical techniques), posing
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the challenge of dissimilar pixel intensities across the images to align. Thus in this field, image
registration is usually conducted with area-based methods.

This is also the case in the field of art investigation: multimodal image registration is funda-
mental for the study of technical images (that may serve as the moving image) against the visible
image of the same artwork (usually a single-capture, high resolution photographic image of the
full-visible artwork that serves as the fized image). However in the heritage science field, while it is
possible in some cases to find feature points to guide the registration of multimodal images (either
manually, as it is customary in this field, by using software like photoshop or semi-automated
methods like NIP2 [16], or by means of automated approaches [39, 11, 12]) it is also common that
technical images tend to lack defined details that may be consistently visible across the various
modalities - such is the case of images derived from modalities such as Macro X-ray fluorescence
(MA-XRF).

In some circumstances, the lack of distinctive features in medical images can be overcome by
making use of minute markers to act as features that may be apparent throughout the modalities
of the images to align. An example of this may be introducing fiducial markers in the region to
register, or the interactive selection done by an expert, so as to conduct image registration by
matching these "bespoke" features. Some image registration methods in the art investigation field
implement a process for selecting intrinsic features of the artwork like craqueleure, which may
appear across the different image modalities to align when images are captured at a resolution
that is high enough to portray this type of fine details [11, 40, 41]. However, this is not always the
case for images obtained with MA-XRF, where the images obtained may be of a lower resolution’
than that of the photographic, visible image of the artwork, and thus may not be able to resolve
fine cracks that may be apparent in the visible image. Moreover, images from different modalities
may show different sub-surface features than those apparent in the target visible, creating another

challenge of implementation of feature-based methods for image registration of multimodal images.

2.2 Images retrieved from the M A-XRF scanning of artworks

As mentioned in Chapter 1, we focus on the development of an image registration method that
could operate with a stack of technical images so as to align the entire stack to a target fixed
image of the same art work, simultaneously and with consensus among the images of the stack
- where it is assumed that the constituent images of the stack are aligned by construction. In
particular, we focus on the registration of the element distribution maps obtained from MA-XRF
scanning of artworks to a visible image of the same art work. This scanning technique can be

used for non-invasive elemental analysis of paintings. Since different pigments used in the painting

1 images obtained with MA-XRF tend to be of a much lower resolution than images obtained with other modalities,

due to the long time of capture needed to retrieve the signal at each pixel of the image. Typical resolution of
MA-XRF scanning of standard size paintings is about 500 - 1000 um per pixel. Note that the technical images
obtained at this resolution would not show craquelure, however with high resolution and prominent cracks it is
possible to see these type of fine details.
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may contain different elements, producing the distribution maps of the elements can give further
information about an artist’s palette, improve the understanding of their painting techniques, for
example by revealing how paint layers have been built up, and even reveal sub-surface features
of the painting [42, 43, 44]. These elemental distribution maps are the technical images that we
endeavor to align to the visible image of the artwork.

In order to understand the characteristics of working with this type of technical images, this
section is structured as follows: a description of MA-XRF data and its collection is presented,
followed by a description of the challenges around the processing of this data and current processing
methods. Finally, we present the details of the data used in the experiments of image registration

presented in this research (see. Section 4).

2.2.1 Collection of MA-XRF data

A diagram of the acquisition of a MA-XRF dataset from an easel painting is shown in Fig. 2.2(a).
Here, each spot of the area of the artwork to scan is illuminated by an X-ray source with a primary
X-ray beam. This may lead to electronic transitions and emission of X-ray photons from the
atoms of the chemical elements that may form part of the pigments used in the painting [26].
Each chemical element has a unique atomic structure and atomic energy levels. For each element,
transitions between different electronic shells (or sub-shells) release photons with a unique set of
energies, called characteristic X-rays [45]. The characteristic X-rays of an element are generated in
series (e.g. K-series, L-series, M-series, etc.) and 11 dominant characteristic X-rays are considered,
which are then combined into groups for more insightful visualisation results when showing their

distribution maps. These groups are called emission line groups.

Primary
X-ray

N X-ray
S, fluorescence  Amplifier and

beam S, radiation multi-channel Primary ] ®
analyser Ejected
X-ray beam N electron
\
X-ray Source Detector M E=E-E
X-ray fluorescence
(@) (b)  radiation

Figure 2.2: Part (a): Diagram of the acquisition of a MA-XRF dataset from an easel painting.
Part (b): X-ray fluorescence radiation caused by atom ionisation. Image (a) after When de Prony
Met Leonardo: An Automatic Algorithm for Chemical Element Extraction From Macro X-Ray
Fluorescence Data [26], and image (b) modified from Su Yan’s PhD Thesis, Imperial College,
2022.

Yan et al. [26] efficiently summarise the working principles of the sensor and the structure of

the collected data: "The energy of the released photons (E.) is equal to the energy difference
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between the two shells where the electronic transition occurs (Fig. 2.2(b)), which is characteristic
of the atom of a chemical element. The detector, with its amplifier and multi-channel analyser,
then collects and counts the released X-ray photons with respect to their energy levels, resulting
in a pixel of data in the form of a spectrum [46, 47]". Thus, the data collected describes the
presence of chemical elements distributed along their corresponding emission line groups. For
each point of the area of the artwork that is scanned, a pixel of spectral data is collected in this
manner. The resulting MA-XRF dataset is a three-dimensional datacube, with two spatial and
one energy dimensions, as shown in Fig. 2.4(a). The range of the energy dimension is from 0 to 40

kilo-electron-volts (keV) and is divided into 4096 energy channels.

2.2.2 Challenges and current methods for the processing of MA-XRF
data

With this modality, the data collected at each pixel is the spectral response for each characteristic
element X-ray (also called an element line). Due to the effect of the detector, this spectral response
is in the form of a narrow Gaussian-shaped peak, covering a range of energies. Yan et al. [26]
state that the data collected at each scan (the observed XRF spectrum) "can be regarded as
a combination of several Gaussian peaks", as shown in Fig. 2.3. However, a problem occurs
when multiple peaks of characteristic X-rays are within close proximity, since they may overlap
with one another. The process of identifying the individual peaks and the elements that may
correspond to the presence of these signals within the XRF spectrum is referred to as XRF spectrum
deconvolution. Since pigments in artworks can be used in complex mixtures and applied in layers,
multiple elements may be excited and thus detected at a single spot (pixel) of the scanning. For
these reasons, the data collected (i.e. the spectrum) may be challenging to deconvolve [26].

Yan et al. [26] succinctly present the methods developed in recent years for the processing of
MA-XRF data: "Many approaches have been proposed for XRF spectrum deconvolution, based
on the use of linear or nonlinear regressions or Bayesian methods to fit the XRF spectrum with
Gaussian functions [46], of which those most relevant to MA-XRF scanning are described here.
Van Espen et al. [48, 49, 50] created ‘AXIL’ (Analysis of X-ray spectra by Iterative least Squares),
which fits the element peaks with Gaussian functions and the background with a polynomial us-
ing iterative least-squares. Developing from this, Solé et al. [51] created an open source software
named ‘PyMca’, which similarly fits the XRF spectrum with Gaussian functions using non-linear
least-squares but also takes specific characteristic lines as well as layered samples into considera-
tion. Alfeld and Janssens [52| developed ‘Datamuncher’ in Interactive Data Language (IDL) for
fast processing of the huge datasets typically produced with MA-XRF scanning and to produce
elemental distribution maps (from one or more datasets), by making use of the fitting with AXIL
or PyMca and Dynamic Analysis (DA) [53, 54]. These tools were used by the original develop-
ers of the now commercially available M6 JETSTREAM MA-XRF scanning instrument produced
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Figure 2.3: Construction of the signals to analyse: (a) Characteristic X-Rays denoting the position
of the energy of each element and Gaussian peak. (b) The observed XRF spectrum of a single pixel
of the MA-XRF datacube (here collected using a Bruker M6 JETSTREAM instrument) consists
of a series of overlapping and broadened characteristic element X-ray lines. Images after When
de Prony Met Leonardo: An Automatic Algorithm for Chemical Element Extraction From Macro
X-Ray Fluorescence Data [26].

by Bruker Corporation, the instrument most widely adopted for use by the heritage sector [55].
Conover proposed a method that uses non-linear regression to fit the XRF spectrum with Gaussian
functions centred at the element characteristic energies [56]. However, this method relies on XRF
spectra with high signal-to-noise ratios and achieving this requires long acquisition time. Most in-
strument producers also provide proprietary deconvolution and quantification tools in the software
for their instruments, including Bruker Corporation for their M6 JETSTREAM, although these

packages have not necessarily been developed specifically for MA-XRF scanning."

Yan et al. [26] also make mention of the main challenges of processing this type of data: "Fitting
XRF spectra with Gaussian functions requires knowledge of the number, widths and locations of the
Gaussian functions. The widths can be obtained by measurement [56] or existing models [52, 48].
However, the number and locations of the Gaussian functions are unknown parameters related to
the chemical elements present in the painting, where the number should be the total number of
characteristic X-rays for these elements and the locations should be the energies of the characteristic
X-rays. As aresult, all existing approaches require user input to determine which elements are likely
to be present in the dataset. These approaches then fit the spectra based on the specified elements
and indicate their distributions in the painting. However, the element distribution maps that may
be obtained from a given dataset can vary greatly, depending on the deconvolution approach that

is used. For example, if the selection of elements that may be present in the dataset is incorrect
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(e.g. elements missed or added in error), it might lead to obtaining inconsistent results. Thus, the

selection of elements by the user has a significant effect on the accuracy of the final results." [26].

In an attempt to overcome some of these challenges, Su Yan et al. [26] proposed a novel approach
to automatically produce the element distribution maps from MA-XRF datasets, without the need
for the users to build a complex model or to input any predictions of elements present in the
painting. Their approach allows for the detection of very weak element signals and can be divided
into the following parts: firstly, pre-processing steps are implemented on the raw data so as to
estimate the shapes of the characteristic X-ray peaks in the XRF spectra, which Yan refers to as
pulses (Fig. 2.4(b), Pre-processing). Then, the elemental pulses in the XRF spectra are localised
and detected using variations of Finite Rate of Innovation (FRI) theory [57, 58], and Prony’s
method [59] (Fig. 2.4(b), FRI-based pulse detection). The detected pulses are then assigned to the
appropriate characteristic element X-rays to identify which chemical elements are present in each
pixel of the painting (Fig. 2.4(b), chemical element estimation) [26]. This approach results in two
sets of distribution maps for each emission line group: a confidence map and a quantity map are

produced for each line group of each detected element [26].

Confidence maps

! Chemical S cn
Pre- FREGSSE emica Output: Element
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Figure 2.4: This sequence illustrates the processing of the dataset obtained by MA-XRF scanning
of “The Virgin of the Rocks” (NG1093, The National Gallery, London) [60], area d10. Part (a) shows
the MA-XRF dataset, which we call datacube, of width, height and energy dimensions, obtained
with a Bruker M6 JETSTREAM instrument. Part (b) shows the steps involved in the method
developed by Yan et al. [26] for deconvolving the MA-XRF datacube, and obtaining the images
of the confidence and quantity maps - each of these groups of images is arranged into an image
stack. Note that for image registration, we work with the image stack of quantity maps. Image
after When de Prony Met Leonardo: An Automatic Algorithm for Chemical Element Extraction
From Macro X-Ray Fluorescence Data [26].

These elemental maps are the technical images obtained from the spectral deconvolution of the
raw data obtained by MA-XRF scanning. Note that subjecting the raw data to a process of spectral
deconvolution is a necessary step, since the element signals in their original format (i.e. if accessing
them from the raw data, straight after being obtained by MA-XRF scanning) are normally too
weak to detect. Thus, since the elemental maps are the produce of the spectral deconvolution of
a series of X-ray lines for the elements detected in the scanned artwork, these elemental maps are
arranged as an image stack, where each image is representative of one element of those detected
in the artwork. The elemental maps are presented as grey-scale images, with white representing

high quantity, and black representing low quantity of the chemical element detected at each pixel
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of the scanned area. Due to the fact that they are generated simultaneously from the same raw
data, all elemental maps in the same stack are considered to be aligned by construction.

Note that the elemental distribution maps are indicative of the presence of chemical elements
that are associated with the pigments used by the artist at or below the surface of the artwork.
Element distribution maps may relate, pictorially, to the features that are apparent in the visible
image of the artwork. However, they may also show distributions related to features hidden below
the surface of the artwork. Thus, implementing feature detection methods for the registration of
this type of images may not always lead to satisfactory results.

The elemental distribution maps resulting from spectral deconvolution of the MA-XRF scanning
are the images that we work with, composing a stack of images that is treated as the moving image,

for its registration to the visible image of the artwork (Fig. 2.4(b), quantity maps).

2.2.3 Experimental details

The MA-XRF datasets included in this research were acquired using the Bruker M6 JETSTREAM
equipment: at The Fitzwilliam Museum / Hamilton Kerr Institute for the acquisition of the dataset
of Portrait of Jane Boughton, née Coningsby (AGOID.29371, The Thomson Collection at the Art
Gallery of Ontario, see Fig. 1.2), and at The National Gallery London for datasets of “The Virgin
of the Rocks” (NG1093, The National Gallery, London, see Fig. 2.5), and “The Death of Actaeon”
(NG6420, The National Gallery, London, see Fig. 4.9). The equipment operates in a continuous
scanning mode and has a 30 W rhodium (Rh) anode X-ray tube with polycapillary optics operated
at 50 kV and 600 pA. The National Gallery equipment has a single 60 mm? silicon (Si) drift detector
with a threshold of 275 keps while the Fitzwilliam Museum/Hamilton Kerr Institute equipment
has a dual detector system.

The process of deconvolution of Portrait of Jane Boughton, née Coningsby (AGOID.29371,
The Thomson Collection at the Art Gallery of Ontario) was conducted with proprietary software
of Bruker M6. In the case of the datasets from a series of regions of “The Virgin of the Rocks”
(NG1093, The National Gallery, London), the spectral deconvolution was conducted with the
method proposed by Yan et al. [26] described above. The images resulting from this deconvolution,
namely the confidence and quantity elemental maps, are the images produced by this method. The
method developed by Yan et al. [26] is designed to detect a total of 34 elements considered likely
to be present in easel paintings and detectable using the instrumentation described above [55]. A
total of 7 emission line groups are considered based on combinations of the dominant characteristic
X-ray lines. These groups are K., Kg, L;, Lo, Lg, L, and M,. For the data included in this
research, only 31 elements were considered, resulting in a total of 93 element maps (Fig. 2.6). Note
that only the quantity maps (elemental distribution maps) are considered for subsequent image
registration, since they relate pictorially to the artwork under investigation.

Lastly, the dataset of “The Death of Actaeon” (NG6420, The National Gallery, London) was
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Figure 2.5: Bruker’s M6 JETSTREAM in action at the National Gallery in London. Image after
the National Gallery in London https://www.nationalgallery.org.uk/.

processed with another method proposed by Yan et al. [27], where the spectral deconvolution
process generates only chemical elemental quantity maps.

Note that for registration, the automated area-based method for registration of multimodal
images of artworks that is presented in Chapter 3 (the main topic of this thesis) allows to use the
entire stack of element distribution maps or a just a selection of those, where the elements are
present in significant amount. It is important to note that, conceptually, this method forms part
of a pipeline of methods optimised for MA-XRF data that started with the methods proposed by
Yan et al. [26, 27] under the direction of Professor Dragotti and Doctor Catherine Higgitt, driven

by the necessity to register and mosaic the resulting elemental maps.

2.2.4 Challenges to overcome for the registration of images obtained

from MA-XRF scanning of artworks

The main characteristics of images obtained with MA-XRF scanning have been presented through-
out this section. These characteristics can pose challenges for the registration of technical images
of artworks that are obtained with this modality, especially when pursuing their registration to the

visible image of the same artwork. These are as follows:

e images obtained with MA-XRF scanning may often show different sub-surface features than

those apparent in the target visible image (see Section 2.1).

e while it is possible in some cases to find feature points to guide the registration of multimodal
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MA-XRF scanning of “The Virgin of the Rocks” (NG1093, The National Gallery,

London). Part (a) shows a diagram of scanned areas d10, d11 and d12, and a representation of the
stack of images corresponding to the 93 element quantity maps obtained by the deconvolution of
data acquired with MA-XRF scanning of area d10, using the method by Yan et al. [26]. Part(b)
shows a diagram representative of the 93 images retrieved from 31 elements selected taking account
of the 7 emission line groups Ko, K3, L;, Lo, Lg, L, and M,. With this technique, 2 datacubes
are obtained at each scanning: one datacube of 93 for the quantity maps, and one datacube of 93
for the confidence maps. Note that for registration, we use the datacube of quantity maps. These
93 slices (or a selection of them) may constitute the image stack that is treated as the moving

image, for its registration to the visible image of the artwork.
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images, it is also common that technical images tend to lack defined details that may be
consistently visible across the various modalities - such is the case of images derived from

modalities such as Macro X-ray fluorescence (MA-XRF) (see Section 2.1).

e pixel intensities can vary greatly between element distribution maps obtained from MA-XRF
scanning of the same artwork, and they might not necessarily maintain a linear relationship
with the intensities at the target fixed image. However, the full set of maps need to be
registered together to the same visible area of the painting, as all maps that are obtained

from the same scanning are aligned by construction (see Section 2.2.2).

These challenges are addressed along the topics that follow in this chapter, making clear the
choices of tools that are at the basis of our image registration algorithm that is presented in depth

in Chapter 3.

2.3 Feature-based image registration

As mentioned at the beginning of this chapter, feature-based methods rely on identifying and
matching corresponding features across the images to register, and thus are structured in the

following manner [1]:

o Feature detection: To register two images, a number of features are selected from the images
and correspondence is established between them. These features are pixels that may be
representative of a corner of an object, or another salient detail of the object depicted in the

image.

e Feature matching: In this step, the correspondence between the features detected in the
moving image and those detected in the fixed image is established. For this purpose, vari-
ous feature descriptors and similarity measures along with spatial relationships among the

features are used [2].

o Computation of the transformation function: Once features are identified within the images
to align, and their correspondence across the images is established, a transformation function
can be found to resample the moving image to the geometry of the fixed image. This can be
done once the coordinates of the set of corresponding feature points in the images are known.
Different types of transformations require different amounts of pairs of corresponding points
within the images to align [1]. The higher degree of freedom (DoF) required to register
the images, the more corresponding pairs of points will be needed to compute the desired
transformation. For instance, affine transformations, with a DoF = 6, require 3 pairs of
points across the images to align, whereas homographic transformations, with a DoF = &,

require 4 pairs of points across the images to align.
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Each of these three steps -feature detection, feature matching and computation of the trans-
formation function- are addressed separately within the image registration methods that will be
presented in this section. Note that whilst some methods allow for the feature detection step to
be addressed manually (i.e. NIP2 [16]), the next sections make focus on methods that resolve
this step in an automated manner. What follows is a brief introduction to each of these steps,
where different yet relevant techniques are presented. These constitute the basis of a selection of

feature-based image registrations, to be presented towards the end of this section.

2.3.1 Feature detection methods

Here we present a selection of automated methods to identify features within the images to align.

FAST (Features from Accelerated and Segments Test)

Features from Accelerated and Segments Test (FAST [61, 62, 63]) is a feature detection method,
specialising in features that are representative of corners within an image. This algorithm works
in the following way: it builds a circle of S pixels to assess whether a candidate point p is actually
a corner. FEach pixel in the circle is labeled with an integer number 1 to S in a clockwise manner.
It is common to use S = 16 (thus building a Bresenham circle of radius 3 [64], see Fig. 2.7). The
conditions for p to be classified as a corner are as follows:

For a set of N contiguous pixels @ € S,

Ve e Q, 1o <Ip+t (2.1)

OR
Ve e Q, Iy > 1, —t (2.2)

where I, is the intensity of the pixel x, I, is the intensity of the pixel p, and ¢ is a threshold
value. These conditions mean that, if a set of N contiguous pixels in the circle are all brighter
than the intensity of candidate pixel p plus a threshold value ¢, or are all darker than the intensity
of candidate pixel p minus threshold value ¢, then p is classified as corner.

There is a tradeoff of choosing N, the number of contiguous pixels and the threshold value t.
On one hand the number of detected corner points should not be too many, on the other hand,
the high performance should not be achieved by sacrificing computational efficiency. For S = 16,

N is usually chosen as 12 [64].

Difference-of-Gaussians (DoG) / SIFT

In imaging science, difference of Gaussians (DoG) is a feature enhancement algorithm that involves
the subtraction of one Gaussian blurred version of an original image from another, less blurred

version of the original (Fig. 2.8). This method is commonly used to support the performance of
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Figure 2.7: FAST corner detector is shown here, using a circle of 16 pixels (a Bresenham circle of
radius 3) to classify whether a candidate point p is actually a corner. In this circle, 13 contiguous
pixels are darker than pixel p (namely, pixels index 9 to 16, followed by pixels index 1 to 4,
with amount of pixels = 13, this being larger than N =12), thus satisfying the condition set in
eq 2.1. Then, p is classified as corner. Image from https://commons.wikimedia.org/wiki/File:
FAST_Corner_Detector. jpg.

feature detection methods, such as SIFT. In the simple case of grayscale images, the blurred images
are obtained by convolving the original grayscale images with Gaussian kernels having differing
width (standard deviations). Blurring an image using a Gaussian kernel suppresses only high-
frequency spatial information. Subtracting one image from the other preserves spatial information
that lies between the range of frequencies that are preserved in the two blurred images. Thus, the
DoG is a spatial band-pass filter that attenuates frequencies in the original grayscale image that
are far from the band center. [65] Conducting this process at various blurred levels, and then at

various image scales constitutes the basis of the feature detection algorithm called SIFT.

Difference of Gaussians
Operator in One Dimension

&= Sigma = 0.3
Figure 1 e Sigma = 1.0
1 «== Difference
£
H
205
=
0
0.5 1 1 1 1
i, ~ 4 o 2
Position
(a) Kernel size = 1.00 (b) Kernel size = 2.50 (c) Difference image (a)- (d)

(b)

Figure 2.8: Difference-of-Gaussian (DoG). Fig(a) shows the original image, (b) shows the blurred
version of the original image with a Gaussian kernel of 2.50, and (c¢) shows the difference of (a)
minus (b), being noticeable the enhancement of the details of the original image. Fig (d) shows
the difference of the operators, in one-dimension. Images from Davidson et al. [66].
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2.3.2 Feature matching algorithms

Once features have been identified, it is necessary to establish their correspondence across the
images to align to define the transformation that will be applied to the moving image. While
the matching of features is clear when these are manually selected, automated methods rely on
assessing these matches in an algorithmic manner. For this purpose, descriptors are applied to each
feature. Descriptors are vectors containing information about the pixels surrounding each feature,
becoming a compact representation that can be used to distinguish one feature from another [3].
This information can be the intensity of the neighbouring pixels, the changes in intensity values or
the gradients in the local area. By assessing the similarity of any two descriptors across the images
of interest, corresponding pairs of features can be determined. Thus, the goal of feature matching
algorithms is to ensure that each pair of keypoints is indicative of the same feature within these

images.

Binary Robust Independent Elementary Features (BRIEF)

Binary Robust Independent Elementary Features (BRIEF [67]) is a feature point descriptor. It
implements a binary feature vector to represent the similarity or discrepancy of the neighbouring
pixels around a keypoint (pixel coordinates corresponding to a feature within the images). By
creating one vector per keypoint, the similarity of these vectors is assessed by computing their
Hamming distance, which is more efficient to compute than the L? norm? [67].

This method works in the following way: it starts by smoothing the images using a Gaussian
kernel in order to prevent the descriptor from being sensitive to high-frequency noise. Then it
selects, at random, pairs of pixels in a defined neighborhood around the keypoint. The defined
neighborhood of pixel-pairs around the keypoint is known as a patch, which is normally set to be
a square of 32 x 32 pixels [69]. For each patch p, a vector of length n, is created by evaluating ngy

pairs of pixels (x,y) within that patch. The following test 7 is conducted on p:

1 if p(x) < ,
T(p;x,y) = PLx) = ply) (2.3)

0 otherwise
where x and y are two points (i.e pixel-pairs) within the observed patch p, P(x) is the pixel
intensity at x = (u,v)?. Patterns to conduct the binary tests (Fig. 2.9) are uniquely defined by
choosing a set of ng (x,y)-location pairs [67]. Thus, the BRIEF descriptor is taken to be:

Tpixy) = Y 277 (pxiy,) (24)

1<i<ng
Note that this descriptor is an ng4-dimensional bitstring, where it is customary that ng = 128,

256 or 512. For each pair, the following assessment is made: If the first pixel is brighter than the

2 The L? norm computes the Euclidean length of a vector, which is distance from the origin to the point x [68].
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second, it assigns a value of 1 to the corresponding entry in the binary feature vector, otherwise
it assigns a value of 0. Once both vectors for the corresponding patches in the fixed and moving
images are created, the Hamming distance can be computed. The shorter this distance, the more
similar the binary feature vectors are deemed to be. Features are matched with one another based
on how similar their respective binary feature vectors are. One of the main advantages of BRIEF is
the implementation of the Hamming distance for assessing the similarity between features, which

is very efficient to compute, instead of the L? norm [67].

RS
-~ HUN

Figure 2.9: Different patterns of BRIEF descriptor patches (32 x 32 pixels in size, with 128 tests
in every patch). Equal descriptor patches are placed at the candidate keypoints across the fixed
and moving images. Here, each line at each pattern is indicative of the locations of the pixels
to test (following Eq. 2.3) and obtain the binary descriptor vector for each keypoint. Note that
patches GI to GIV are all generated by random sampling, except patch GV which results from a
equivalently-spaced polar distribution. In the paper of Calonder et al. [67], it is noted that patch
GII enjoys a better performance in terms of successful keypoint matching. Images after Calonder
at al. [67].

RANdom SAmple Consensus (RANSAC)

RANdom SAmple Consensus (RANSAC [70]) is a robust parameter estimator. When making use
of descriptors to assess the correspondence between feature points in two images, the presence of
repeated patterns, noise, and geometric and intensity differences between the images can result in
the assignment of a few incorrect correspondences. In such cases, where it may not be known which
correspondences are correct and which ones are not, a robust estimator can be used to identify
some or all of the correct correspondences, and use the coordinates of the corresponding feature
points to determine the parameters of the transformation [3].

Thus, once an initial amount of corresponding pairs of feature points has been computed, it
is necessary to identify the final subset that will yield the most accurate alignment. One way of
doing this is by computing a least squares estimate, or to use a robustified (iteratively re-weighted)
version of least squares [4]. However, in many cases, the best way to initialise this approach is
to identify a set of inlier correspondences, i.e., pairs of feature points that are all consistent with
some particular estimated motion [4].

At the beginning of this method, a subset of k& correspondences is selected at random, which is

then used to compute an estimated motion p. The residuals of the full set of correspondences r;
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are calculated as follows:

ri =T (@p) ~ & (2:5)

where Z, are the estimated (mapped) locations, and Z, are the detected feature points at the
moving image [4].

RANSAC then counts the number of inliers that are within e of their detected location, i.e.,
whose residual ||7;|| < e. Note that the value e depends on the application, but is commonly around
1-3 pixels. Another robust parameter estimator, Least median of squares (LMS, [71]), finds the
median value of the ||r;|| values.

This process, of random selection and calculation of residual values ||r;||, is repeated S times.
The sample set with largest number of inliers (in this case, the selected pairs of feature points)
is kept as the final solution. Note that the value of S increases exponentially with the number
of correspondences k (for example, in the case of looking for the correspondence to validate pairs
of feature points for an affine transformation between two images to align, k = 3, as 3 pairs of
matching points is necessary to determine this transformation).

More generally, the initial parameter guess p and the full set of computed inliers are then passed
on to the next data fitting stage [4].

To ensure a good chance of finding a true set of inliers from a random sampling of k£ corre-
spondences, it is necessary to try a sufficient number of trials S. Let P be the total probability of
success after S trials, and p the probability that any given correspondence is valid. The probability
in one trial that all k¥ random samples are inliers is p*. In this way, the probability that all S trials

will fail is

1-P=(1-ph* (2.6)
and thus the required minimum amount of S trials is

_ log(1—-P)

5= log(1 — p*)’

In example, in order to obtain a 99% probability of success (P = 0.99), Stewart [72] provides

the following examples of the minimum amount of S trials that are required:

kE p S
3 05 35
6 06 97
6 05 293

Table 2.1: RANSAC - number of trials S in relation to correspondences k, so as to attain a 99%
probability of success.
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Thus, the necessary amount of trials S grows quickly with the amount of correspondences
required. This provides a motivation for using the minimum amount of sample points & possible
for any given trial. This is, in practice, how RANSAC is normally used [4].

In this case, RANSAC looks for a best-fit model, by exploring the possible transformations that
can result from the combination of a restricted number of candidate pairs (k correspondences) of
feature points across the images to align. All transformations resulting from the matching of these
pairs are evaluated, and the ones that keep the highest number of inliers is selected as the set of

pairs to calculate - in the next step - the transformation to apply.

2.3.3 Computing transformations

Algorithms for creating seamless mosaic images by aligning consecutive individual images to one
another are among the oldest and most popularly used in computer vision [4]. When working
towards image alignment with feature-based methods, once the correspondence between pairs of
feature points have been established across the images to align, a transformation function can be
determined so as to apply it to the moving image for its registration to the target fixed image.
The transformation is a geometric operation, based on the coordinates of corresponding pairs of
feature points at both fixed and moving images, and it is used to spatially align the images by
transforming the geometry of one image to that of the other [3].

Thus for image alignment, the coordinates of a pixel in one image need to be related to the
coordinates of the corresponding pixel in another image. For this purpose, an appropriate math-
ematical model may be determined to establish this relation. Thus, in this section, basic motion
models [4] are reviewed. Building up from translation, rotation and scaling; similarity, affine and
homography (also known as projective) transformations are described (see Fig. 2.10). They are
reviewed because they are fundamental to the development of the image registration method pre-
sented in Chapter 3. These are well-known transformation functions that have a fixed number of
parameters, and describe the global geometric relations between the images to align [3]. These
transformations require progressively more corresponding pairs of feature points to compute the
desired transformation, in turn allowing for more degrees of freedom to register the images.

In principle, a geometric operation modifies the coordinates of image pixels, thus transforming

an image I to a new image I’ [5],

I'(z',y) « I(z,y), (2.8)

by this operation, the value of image I at pixel with original location (z,y), moves to the new
location (2’,4’) in the newly transformed image I’. In this way, the values of the pixels that are
subject to this operation do not change, but only their locations change [5]. This process can be

modelled in the following way:
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Figure 2.10: Basic motion transformations. Building up from translation, rotation and scaling;
similarity, affine and homography (also known as projective) transformations are described in
this section. Note that Euclidean transformations result from the combination of translation and
rotation only. Image from Paragios at al. [4].

T:R? > R?, (2.9)

where T is a 2D transformation function, or geometric mapping, that assigns to each 2D
coordinate point & = (z,y) a new location at a corresponding target point ’ = (z/,y’) in the

newly transformed image I,

(2", y') = T(x,y) (2.10)

It is important to note that the coordinates (z,y) and (2’,y’) specify point locations in the
continuous image plane R x R. However, when transforming digital images, the main problem is
that the pixels I(u,v) are defined on a discrete grid Z x Z, and not on a continuous plane [5]. Thus,
it is highly possible that a transformed coordinate (v’,v") = T'(u, v) produced by the transformation
function T'() does not correspond to a discrete point location on the grid Z x Z. The solution to
this problem is to compute the transformation (that is applied to the moving image) in the fixed
image domain (process known as resampling), and to compute the intermediate pixel values for

the transformed image by interpolation.

Basic motion models

The mapping function T'() in Eq. 2.10 is an arbitrary continuous function for 2D coordinate trans-
formations. It is commonly presented as two separate functions, for the x and y components [5],
respectively:

¢ =Ty(z,y) and y =Ty(z,vy) (2.11)
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Translation (shift) is defined by a vector (t.,t,) [5]:

TIZ,CC/:SU-Ftw x’ x te
or = + (2.12)

T,y =y+t, Yy y ty
Scaling (stretching or contracting) along the x or y axis by the factor s, or s, respectively [5].
To apply scaling in only one direction, the other factor may be set to one. This is defined as:

T,:2' =5;.2 T sy 0 x
or = . (2.13)

Ty:y =sy.9 y 0 sy Y
Shearing along the z and y axis by the factor m, or m, respectively [5]. To apply shear in
only one direction, the other factor may be set to zero. This is defined as follows:
T,:2' =x+myg.y x 1 my x

or = . (2.14)
Ty:y =y+my.x Y my 1 Yy

Rotation by an angle 6, with centre of rotation at the coordinate origin [5]:

T,:2' =x.cosf —y.sinf x cosf —sinf x
or = . (2.15)
T, :y =z.sinf +y.cosf y sinf  cosf Yy

In order to rotate the image around an arbitrary centre point . = (., y.) (i.e placing the centre
of rotation at the top left corner of the image), the image needs to be translated, by (—z., —y.),
to that point x.. Then, the image needs to be rotated (as per Eq. 2.15), and then translated back

again to its original position, by (., y.) [5]. Therefore:

T, : 2/ =x.+ (x —x.).cos0 — (y — y.).sin 0 ' T N cosf) —sinf T — X
or = .
Ty:y =ye+ (x —x.).sinf + (y — y.). cos O y Ye sinf  cosf Y — Ye
(2.16)

Similarity transformation

Similarity transformations are the result of combining translation, rotation and isotropic scaling.
This type of transformation is also known as the transformation of the Cartesian coordinate sys-

tem[3]. This is defined by:

T,:x' =x.5.cos —y.s.sinf + ¢,
Y (2.17)

Ty:y =xs.sin0+y.s.cos +1,

where s is the isotropic scaling factor (with s = s, = s,), 0 is the rotation angle, and (¢5,¢,) is
the translation (i.e. new location of the coordinate system origin of the moving image with respect

to that of the fixed image). Note that similarity transformations allows for four degrees of freedom,
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where the amount of degrees of freedom corresponds to the amount of independent variables (here
the above-mentioned parameters) that can be modified in the transformation that is applied to the
moving image. In matrix form, this can be written as the multiplication of the matrices of each

one of the four transformations described above, as follows:

z/ 1 0 t, cosf —sinf 0 s 0 0 x
y|1=10 1 ¢ sinf cosf 0 0 s O y (2.18)
0 0 1 0 0 1 0 0 1 1

Note that parameters s, 0, t;, and t, can be determined by establishing a minimum of two
pairs of corresponding points in the images. In this type of transformation, the angle between
corresponding lines in the original image will remain unchanged in the newly transformed image.
By calculating the length ratio of the line segment obtained from the two points in the moving
image over the same line segment in the fixed image, the scaling factor that is applied to the

moving image with respect to the fixed image can be determined [3].

Affine transformation

Affine transformations are the result of the combination of translation, scaling, shearing and ro-
tation - namely the transformations presented in Equations 2.12, 2.13, 2.14, 2.15. This type of
transformation allows to map an image into another with six degrees of freedom and using three
pairs of corresponding points (Fig. 2.11(a)). By means of an affine transformation, parallel lines in
the original image will remain parallel in the newly transformed image. In matrix form, this can

be written as:

z se O cosf) —siné 1 my T te
Y 0 sy sinf  cosf my 1 Y ty

where s;, s, are the scaling parameters along x and y axis respectively, mg, m, are the shear
parameters along x and y axis respectively, 0 is the angle of rotation and ¢, ¢, are the translations
along x and y axis respectively. This can be represented in homogeneous coordinates as a matrix

multiplication [73], as follows:

x 1 0 t, s, 0 0 1 my O cos@ —sinf O T
yl=10 1 ¢, 0 s, 0] |my 1 Of]sind cos§ 0|y (2.20)
0 0 1 0 0 1 0 0 1 0 0 1 1

which, expanding brackets [73], gives:
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T Sz COSO + symgsinf  spmgcost — s, sinf  t, x
y | = | symycosf+s,sind s,cos0 —symysind t, | |y|- (2.21)

1 0 0 1 1

This is the longer, more explicit version of the most common way of writing the matrix for affine
transformations, where the six degrees of freedom (in particular, parameters a11, @12, ts, @21, G2, ty)

become more evident:

x! aix a2 tg T
Yy | =an ax t, y |- (2.22)
1 0 0 1

1 r 1 r

(a) Affine mapping (b) Mapping with homography

Figure 2.11: Mapping with affine transformation and homography. Part (a) shows mapping
with three pairs of corresponding points (xg, %), (1, "), (22, ). This is sufficient to specify
a unique affine 2D transformation. Note that when a shape undergoes an affine transformation,
parallel lines remain parallel. Part (b) shows mapping with four pairs of corresponding 2D points,
(xo0, %), (21, x"), (X2, %), (3, x’3). This is sufficient to specify a unique projective transforma-
tion. In this type of mapping, straight lines may remain straight. However in general, neither
parallelism between lines nor length ratios may be preserved, causing a rectangle in the moving
image to be mapped to a quadrilateral of different proportions in the transformed moving image.
Images from Burger and Burge [5].

Homography

Whilst affine transformations allow for mapping between images with three pairs of corresponding
feature points, homography (also referred to as projective or homographic transformations) allows
for mapping between images with four pairs of corresponding feature points. Thus, mapping a
set of points (xp, @1, T2, ®3) to their corresponding locations (), @, 2, @) requires eight degrees
of freedom - two more than the six degrees of freedom needed for affine transformations. Note
that, whilst lines that are parallel remain parallel after an affine transformation, in the case of a

homography, straight lines remain straight after being mapped with this type of transformation.
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Adding two more degrees of freedom to the affine transformation (Eq. 2.22), a homography

(Fig. 2.11(b)) can be expressed in homogeneous coordinates [5] as follows:

z apo ao1  Go2 X

/ —
Yy |l —1a0 a1 a2 |-|Y (2-23)
S asn Q21 1 1

with agg and ao; as the two additional parameters, and a scalar s = agg.x+as;.y+1. Expressing

this in Cartesian coordinates [5] this is:

T

' _ 1 . apo ap1 o2 Ay (2.24)
" a0.¢ + az1.y + 1 aip a1 a2

Thus, homographic transformations allow for preserving straight lines in the newly transformed
image. Homography is the most general transformation that allows for mapping straight lines
(from the original moving image) to straight lines (in the transformed moving image) [5], as well
as it allows for mapping any Nth-order algebraic curve onto another Nth-order algebraic curve.
For example, a circle may be mapped onto another second-order curve, such as an ellipse or
another conic section. Note that distances between points on a line may not be proportionally
preserved, and parallel lines do not necessarily remain parallel after a homography mapping. Thus,

homographic transformations are also known as "perspective" or "pseudo-perspective" [5].

Homographic transformation parameters from four pairs of points

Let us have four pairs of corresponding 2D points (xy, @}, (€1, 7)), (22, @), (x5, @), with one point

z; = (z:,9:;)7 in the moving image and one point #, = (z},y.)” in the fixed image. In this way,
we have eight unknown transformation parameters agg, ao1, a2, @10, @11, @12, @20, @21, which can be
found by solving a system of linear equations. Multiplying Eq. 2.24 by the common denominator

on the right hand side [5] gives:

x’.(ago.x + a91.y + 1) = apop-T + ap1.y + ap2 (2 25)

y/.(azo.ili + a21.Y + 1) = a10.T —+ ail.y —+ a2

and thus

a0.2.7" + az1.y.2’ + 2’ = agp.x + ap1.y + ao2 (2.26)

azo-r.y +az.y.y +y = a0 +any+as

for any pair of corresponding points z = (z,y)T and # = (2/,y)7.
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By rearranging Eq. 2.26 and respectively inserting the known moving and fixed point coordi-

nates (z;,y;) and (z},y}), the following pair of linear equations can be obtained:

!
i — a21.Yi-T;

! /
Y; = 010-T; + G11.Y; + @12 — A20-%4.Y;

SO

Ty = ago.Ti + Go1.Yi + Go2 — G20.T4.T (2.27)

~

— a21.Y:-Y;
for each point pair ¢ = 0, ...3 and the eight unknowns aqg, ..., a21. This results in eight equations.

Then, we can proceed to combine these equations in the usual matrix notation form. This yields:

xg 2o Yo 1 0 0 0 —mox) —yoxp aoo
Y0 0 0 0 20 yo 1 —Zo¥y —Yo¥o ao1
) x1 y1 1 0 0 0 —mz) —wpa) ao2
Vil _ |0 0 0 @ oy 1 —myn | @0 (2.28)
xh o y2 1 0 0 0 —xzozwh —youh all
Ya 0 0 0 z2 yo 1 —aayy —yous [ |an
xh 23 y3 1 0 0 0 —mgzh —ysah aso
Ys 0 0 0 x5 ys 1 —wsys —ysys az1
or
b=M x a. (2.29)
Note that all elements of the vector b = (,...y5)7 and the matrix M are derived from

the coordinates of the four pairs of corresponding points, and are thus known. By solving the
system of linear equations in Eq.2.29 with standard numerical methods 3, the unknown parameters

T can be found [5].

a = (agp, -..as1)

If more than four pairs of corresponding points are used for recovering the eight parameters of a
homography, the system of linear equations in Eq. 2.28 may have more equations than unknowns.
Thus, the system may become overdetermined. Normally, n corresponding pairs of points result
in having 2n equations. In this way, the vector b in Eq. 2.28 is of length 2n and the matrix M
is of size 2n x 8, whilst vector a remains the same. This type of overdetermined systems can be

solved using a least-squares method (minimising ||Ma — b||), for example, using the singular-value

(SVD) [3].

Implementing transformations: Resampling and Interpolation

Throughout this section we have introduced a selection of geometric transformations that can be
applied to a moving image for its registration to a target fixed image. An aspect that needs to be
considered is that, although transformations are presented as applicable in a continuous domain,

digital images are composed of discrete elements (pixels) at integer-valued coordinates [5]. Thus,

3 for solving linear systems, such as the Gauss algorithm.
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when applying a transformation to a digital image, we are effectively transferring information from

a discrete domain (that of the moving image) into another discrete domain (that of the fixed

image).

One way this can be done is by mapping the moving image directly onto the fixed image

(Fig. 2.12 (a)). This approach is commonly known as source-to-target [5]:

(:L‘/, yl) = T(“ﬂ U)

(2.30)

Where (z,y") are continuous coordinates in the fixed image I’, and T is the transformation to

map each pixel (u,v) in the moving image I onto a location within I’. However, one problem that

can arise from this approach is that some elements (z’,y’) in the fixed image I’ may not be assigned

a value from the moving image I. This may be the case if T is a transformation where I is enlarged,

potentially leading to holes in the resulting image as a consequence of consecutive discrete pixels

in the moving image being mapped too far away each other in the fixed image domain [5]. The

opposite case may also be problematic, as shrinking the moving image can result in one location

in the fixed image domain to be assigned with duplicate information from the moving image and

thus lose image content. In order to avoid the above-mentioned complications, it is customary

to reverse the process of image generation, by mapping the discrete positions (u’,v’) in the fixed

image, to the continuous positions (x,%) in the moving image with the inverse transformation 7-1.

This approach is known as target-to-source [5].

(z,y) =T7(

u',v

)

(2.31)

Again, the position (z,y) may not correspond to a precise discrete pixel (Fig. 2.12 (b)), and so is

necessary to assign a value following interpolation of the corresponding neighbouring pixel values.

This is the standard approach for mapping images that are subject to geometrical transformations.

Fixed Image |’

Moving Image |
T
v /
|
—>
uw
(@)

Moving Image |

Fixed Image I’

N

v

Figure 2.12: Part (a) shows the source-to-target approach [5]. This approach is particularly

problematic for transformations concerning scaling of the moving image.

Part (b) shows the

target-to-source approach [5], which overcomes this challenge by mapping the discrete positions
(u/,v") in the fixed image, to the continuous positions (z,y) in the moving image with the inverse
transformation 7-!. Images after: Images after Burger and Burge [5].



2.3.4 Examples of feature-based image registration methods

Building on the concepts presented so far, we proceed to introduce a selection of feature-based
image registration methods. They all follow the structure of extracting features and evaluating
their correspondence across the images to align, for then identifying a best transformation to apply
to the moving image for its registration to the target fixed image.

Together with the description of the method, we discuss their application for the registration

of technical images associated with art investigation.

Scale invariant feature transform (SIFT)

Scale invariant feature transform (SIFT, [74, 75]) is an algorithm for feature detection and descrip-
tion. This method uses difference-of-Gaussian (DoG, see Fig. 2.8) at various image scales and levels
of Gaussian blur for detecting feature points, acting as a multi-scale corner detector. For matching
the features once identified, it implements a rotation-invariant feature descriptor of, typically, 128
dimensions. The area around the feature point is subdivided into 16 quadrants, and a histogram
of eight bins for gradient directions is obtained for each subdivision. The resulting histograms are
then concatenated, resulting in the 128-dimension descriptor [5]. The main steps involved in the

calculation of SIFT features are as follows:

e Identification of feature points in scale space (across various scales of the same image) by
looking for locations that are maxima or minima of a DoG function, so that features can be

localized under a wide range of viewing conditions and different scales (Fig. 2.13 (a, b, ¢)).

e Key point refinement by fitting a continuous model to determine precise location and scale -
this process ensures the feature point is a salient feature in the adjacent images along the scale
space. This is done by comparison of neighbouring pixel values in relation to the candidate

feature point (see Fig. 2.13 (d)).

e Orientation assignment by the dominant orientation of the feature point from the directions

of the surrounding local image gradients(Fig. 2.13 (e, f, g)).

e Implementation of a feature descriptor by creating a normalised histogram of local gradients

at each feature point (Fig. 2.13 (b, i, j, k, 1)).

Thus, the SIFT detector establishes feature point matches by first estimating the scale and
orientation of a region of interest in the image (detected by the above-mentioned sequence of oper-
ations) and then calculating its centre. From the experimental results obtained by Goshtasby [3],
he concludes that overall, the SIFT detector is the most accurate at a comparison study published
in 2012 against other over 10 other descriptors. Please note in this comparison study, many well-
known descriptors are part of this analysis, but ORB was not available at that stage and so is not

included in the comparison charts.
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Figure 2.13: This sequence describes the steps of the SIFT algorithm. Part (a) shows the input
image (prefiltered with a Gaussian of width 0,=0.50) and the first four levels of Gaussian blur
(GotoGs3 as slices of the Gaussian scale space). From these, the images Dy, ..., D3 (DoG scale-
space) are obtained by calculating the point-wise difference G,,41 - G, (part (b)). Part (¢) shows
the Hierarchical Gaussian scale space. Each octave extends over 3 steps, where the first image at
each octave is obtained by 2:1 sub-sampling of the top level image below. Within each octave, the
same set of Gaussian kernels (o1, 02, 03) are used to calculate the following levels from the octave’s
base level G, . Part (d) shows the diagram of a pixel selected as potential feature (in red), and its
26 neighbouring pixels (in green) for comparison of extrema in the DoG scale space, at lower and
upper consecutive image levels. Part (e) shows selected feature point candidates, after rejecting
edge-like features, by controlling the maximum curvature ratio. Part (f) shows the selected feature
point candidates aligned to their dominant orientation, calculated from the surrounding local image
gradients after a smoothing process of the corresponding orientation histogram (part (g)). Part
(h) shows final feature points with sizes indicating their absolute scale, and colors indicating the
octave at which each feature point was detected, with red = 0, green = 1, blue = 2, magenta =
3. Part (i) and (j) shows geometry of the SIFT descriptor in relation to the discrete sample grid
of the associated octave. Part (k) shows the descriptor structure for collecting 8 angles (bins) at
each quadrant, and the resulting histogram of 8 bins x 16 quadrants = 128 dimensional feature
vector. Images after Burger and Burge [5].
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Note that methods currently in use for heritage science and art investigation such as DataHan-
dlerP [76, 77], ImageCompare [12, 78], ImageJ (using macros developed by NU-ACCESS) [79, 80]
and Fast adaptive multimodal feature registration (FAMFR) [81] all use SIFT for detecting and

matching features across images to align.

Oriented FAST and Rotated BRIEF (ORB)

Oriented FAST and Rotated BRIEF (ORB [82]) is an algorithm for feature detection and descrip-
tion, introduced in 2011 as a computationally efficient replacement to SURF (Speeded-Up Robust
Features [83]) and SIFT [74]. ORB builds on the FAST feature detector (see 2.3.1) and on the
BRIEF descriptor (see 2.3.2), and enhances these methods by introducing the following variations
to the method:

e The addition of a measure of cornerness and an orientation component to FAST. The first
aspect is addressed by employing a Harris Corner measure [84], to avoid identifying features
along edges. The second aspect is addressed by computing the intensity centroid [85] of the
area around the identified feature, which makes it possible to construct a vector (from the

feature to the centroid) thus providing orientation to each feature detected.

e The efficient computation of oriented BRIEF features. This is done by computing the binary
tests of BRIEF together with a rotation matrix Ry, with 6 being discretized at intervals of
27/30 (12 degrees) [82].

e Analysis of variance and correlation of oriented BRIEF features. This validates the impor-
tance of ensuring non-correlation between the pairs of features to compare at every descriptor,

so that every test can contribute to the result (Fig. 2.14(a-b)).

e A learning method for de-correlating BRIEF features under rotational invariance, leading to

better performance in nearest-neighbor applications (Fig. 2.14(c)).

Following the above-mentioned enhancements, the main components of this method are thus
re-named as Oriented FAST and Rotated BRIEF. Tests are conducted by performing homographic
transformations applied to moving images for their registration to their corresponding target fixed

images, in the following manner:
e Pick a reference view V,
e For all V;, find a homographic transformation H;, that maps V; — V.
e Now, use the H;, as ground truth for descriptor matches from SIFT, SURF and ORB.

The development of ORB leads to improvements in the computational burden that is charac-
teristic of SIFT (refer to 2.3.4). ORB performs as well as SIFT (and better than SURF) on tasks

like panorama stitching and patch tracking, whilst being much faster.
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Comparison of SIFT and rBRIEF considering Gaussian Intensity Noise
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Figure 2.14: Part (a) shows a subset of the binary tests generated by considering high-variance
under orientation, whereas Part (b) shows test generated by running the learning algorithm to
reduce correlation. Note the distribution of the tests around the axis of the keypoint orientation,
which is pointing up. The color coding shows the maximum pairwise correlation of each test, with
black and purple being the lowest. The learned tests clearly have a better distribution and lower
correlation.

Part (c) shows performance of feature pair matching of SIFT and rBRIEF, when tested for images
subject to noise. The noise levels are 0, 5, 10, 15, 20, and 25. Note that SIFT performance degrades
rapidly, while rBRIEF is relatively unaffected. Images after Rublee at al. [82].

Thus, ORB is regarded as one of the best performing feature detection and description methods
available at the time of this research, in terms of successful feature matching as well as in regards
to speed of computation.

In the following section, we show experiments done with a modified version of ORB, to specif-
ically address the changes in intensity values that is characteristic of multimodal images, and is

particularly challenging for registration of images obtained with MA-XRF scanning.

Modified ORB - Testing and Results

As mentioned at the beginning of Section 2, feature-based methods may struggle to identify matches
between features when seeking registration of images of different levels of intensity values. This is
due to two main reasons. The descriptor might assign a wrong orientation vector (based on the
gradients of the neighbouring pixels around the feature point to evaluate, see 2.3.4, and Fig. 2.13(f))
or might return an invalid score when computing the Hamming distance between two feature vectors
of the equivalent feature across the moving and fixed images (see 2.3.2). Both of these situations
may lead to the feature descriptor being unable to successfully relate corresponding pairs of feature
points within the images to align, thus resulting in unsuccessful registration results.

Images of artworks obtained with MA-XRF scanning often present this challenge: for a particu-
lar region of the associated pictorial composition within a given dataset, some element distribution
maps may show this region in white if the corresponding chemical elements are present in high
abundance. However, the same region may appear dark grey or black in other element distribution

maps obtained from the same scan area (reflecting the absence of some other corresponding chem-
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ical elements in that same region). Thus, with MA-XRF element maps, pixel intensities can vary
greatly between the images obtained from the same scanning of the artwork. Nonetheless, these
sets of element maps still need to be registered together to the same visible area of the painting.
Thus, it is necessary to consider these challenges if addressing registration of this type of images
with feature-based methods.

Aiming to address the registration of images obtained from MA-XRF scanning, a first attempt
was to implement a modified version of ORB so as to be able to establish correspondences between
feature points even if the images to align have different intensity levels. ORB was selected as
the feature-based method with highest performance among the ones available at the time of this
research.

Here we present experiments done with a modified version of ORB. The main modification
consists in allowing more versatility to its feature matching algorithm (Rotated BRIEF, see 2.3.4)
to specifically address the discrepancies in intensity values that are common across multimodal
images and are particularly challenging for registration of images obtained with MA-XRF scanning.

We also show the reasons why it ultimately failed to provide corresponding matches within
images of this type, and how it was necessary to explore area based methods to successfully
address their registration to the visible image of the artwork.

Firstly, synthetic images were prepared in order to simulate a strong difference of intensity values
across the images to align (Fig. 2.16(a)). Then, building from the feature matching algorithm as
defined in Eq. 2.3 where this was conditioned to account for pixels of either higher or lower intensity
values, the algorithm was changed to accommodate pixels of either similar or different intensity
values. Then, the following test 7 is conducted on each patch p (area of neighbouring pixels around

each feature point) as follows:

1 if |p(x) — <t,
T(px,y) = Pl Pl = (2.32)

0 otherwise

where x and y are two points (i.e pixel-pairs) within the observed patch p, P(x) is the pixel
intensity at x = (u,v)7, and ¢ is a threshold value to consider when comparing the intensities at
each pixel-pair. In the same way, for each patch p, a descriptor is created based on a vector of
binary tests of length ng4, by evaluating n, pairs of pixels within that patch (Fig.2.15).

As with the standard ORB, the process for selecting the transformation to apply to the moving
image is as follows: features points are selected across both moving and fixed images. Each feature
descriptor in the moving image is compared to each feature descriptor in the fixed image, and will
be matched to the one returning the lowest Hamming distance. All feature pairs are then sorted
into a list in ascending order (pairs with lowest Hamming distance at the top position). Feature
pairs from this list are grouped into sets of four pairs (so as to determine a homography), in all

possible combinations. The total amount of combinations is Cy, = k,(+ik),, with n = number of
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Figure 2.15: This sequence illustrates the construction of the binary vector at each patch around
each selected feature point. Parts (a) and (b) are the patches around the feature points selected
in the moving image (c) and fixed image (d), correspondingly. Note that in this case, the moving
image is a synthetic image for testing purposes, since it has been generated by inverting the intensity
levels of the visible image (greyscale version). At patch shown in (a) for the moving image, pixel-
pair (ps, q,) is evaluated following Eq. 2.32, as well as in (b), where pixel-pair (p;, q;) is evaluated
at the corresponding patch at the fixed image. Since both pixel-pairs are of similar intensity (and
thus within the threshold t), the value to compute at the binary vector will be the same, helping to
achieve a low Hamming distance between the resulting vectors. Images of “Doria Isabel de Porcel”
(NG1473, The National Gallery, London) after Spring et al. [7].

feature pairs, and k = 4. Thus, each set of four feature pairs allows a homographic transformation
to be constructed to apply to the moving image for its registration to the target fixed image. From
these transformations, a best sample is chosen with the RANSAC algorithm (see 9). This proved
to find successful transformations for registering images of dissimilar levels of intensity. Pairs of
tie points were now successfully matched at the corresponding regions of the painting’s technical
and visible images (Fig. 2.16(a)). However, as mentioned in Section 2.1, another characteristic of
multimodal images is that images may show different sub-surface features than those apparent in
the target visible. In this situation, the modified version of the Rotated BRIEF algorithm failed
to return successful matches of tie points (Fig. 2.16(b)), since it failed at the description of the
neighbouring pixels due to the differences in the layouts of the corresponding patches (Fig. 2.17).

This analysis highlights that rather than looking isolatedly at particular patches within the
images, it is desirable to work with a method that uses area-based metrics involving the full layout
of the images to align. This formed the basis of the decision to pursue an area-based method as

presented in depth in Section 3.
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(a)

Figure 2.16: This sequence illustrates the modified feature matching algorithm in action, matching
feature points across the images with different levels of intensity in a successful manner (visible
image in greyscale, and its intensity-inverted image, shown in part (a)). However, it fails to do so
when implementing this method for registration of real-life multimodal images (colour version of
the visible image, and Pb-Lj element map, shown in part(b)). This is due to the fact that such
technical images may show different sub-surface features than those apparent in the target visible,
making it difficult to ascertain the correspondence between descriptors of the same features across
the images to align. Images of “Dona Isabel de Porcel” (NG1473, The National Gallery, London)
after Spring et al. [7].

Figure 2.17: As in Fig. 2.15, this sequence illustrates the construction of the binary vector at each
patch around each selected feature point. Note that in this case, the moving image (part(c)) is
a real technical image of the artwork, showing different sub-surface features than those apparent
in the target visible. This poses a challenge when building the feature descriptor at the corre-
sponding locations. Since the patch to evaluate at the moving image (part(a)) may include pixels
corresponding to elements that are not apparent in the corresponding patch (part(b)) in the fixed
image (part(d)), the resulting Hamming distance between pixel-pairs (p,,q,) and (p;,q;) will be
high and thus will not be considered by the algorithm as a valid feature match. Images of “Dona
Isabel de Porcel” (NG1473, The National Gallery, London) after Spring et al. [7].

53



NGA-GWU-HSI-registration algorithm (Conover’s wavelet-based method)

Proposed by Conover et al. [11], this is an automated feature-based method that is designed to
address multimodal registration of technical images of artworks. The method has been developed

for use at the National Gallery of Art in Washington in the form of three tools:

1. The first tool is designed for the registration of a technical image to the visible image of the

same artwork.

2. The second tool can be made to work with a stack of images as the moving image but it
bases the transformation on just one image in the stack, and it then applies the resulting

transformation to all of the images (e.g. for registration of hyperspectral images).

3. The third tool can be made to work with multiple, adjacent individual images so as to register
them simultaneously and thus create a mosaic image with reference to a given visible image

(e.g. for the registration of a group of adjacent infrared reflectograms or X-ray images).

Conover acknowledges the challenges presented by discrepancies in pictorial composition that
are characteristic of multimodal technical images of artworks. He and his co-authors mention
pentimenti and underdrawings as elements that may affect the successful matching of corresponding
feature points across images to align [11, 39, 56]. Thus, their work focuses on features that may
be available across all modalities, such as craquelure, bubbles and blisters (which are attainable
when the technical-moving image has a spatial resolution similarly high as that of the visible-fixed
image, and unfortunately this is often not the case with images obtained from MA-XRF scanning).

The main steps involved in Conover’s method are as follows:

e Detection of feature pairs provided by the texture of the artwork: This method starts by
identifying, within the moving image, small regions of the size of the texture features. For
this, it uses the modulus maxima of the wavelet transform. The technical image is filtered
with low-pass and high-pass filters of various scales n (LyH,(n)), providing the size of the
features to identify. It is also filtered with filters in the opposite order (H,L,(n)). In this way,
two versions of the technical image are obtained: one with emphasised horizontal features,
and one with emphasised vertical features. Then, the pixel-by-pixel magnitude of these
two new images is computed, to produce the modulus M,, of the original technical image
(Fig. 2.18(a)). The local maxima of the modulus is used for determining the initial set of
features in the moving image (Fig. 2.18(b)), and neighbourhoods around these maxima are

defined to avoid spatial clumping and incorrect matching of the features (Fig. 2.18(c)).

After this process has taken place in the moving image, regions of feature points are identified
in the fixed image. This is done by using a variant of phase correlation: for both moving
and fixed images, the phase image is created by implementing a 2D-Fourier transform of

the image and then computing the inverse Fourier transform of the result using the phase
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information (particularly, the unit magnitude) [86, 11]. These phase images are then used to
obtain the maximum of the normalised cross-correlation between them: initially at a down-
sampled scale so as to obtain an estimate alignment of the fixed and moving (phase) images.
Small search regions in the fixed (phase) image are identified, corresponding to each one of
the feature point search regions (neighbourhoods) in the moving (phase) image. These small
regions, now at full resolution, are then matched by calculating (again) the maximum of
the normalised cross-correlation between them. The candidate maximum correlation peak
at each search region is selected for identification of the matching feature pairs within both

images. What follows is a second step to filter this initial selection of feature point pairs.

o Filtering the initial set of feature point pairs: The pairs of feature points identified across
the fixed and moving images are filtered based on their distance to a best-fit function plane
(Fig. 2.18(d)). Feature points within a distance smaller than a threshold are retained to
compute the transformation to apply to the moving image for registration to the fixed image.
This threshold is commonly between 0.3 to 1.3 pixels. In Fig. 2.18(e) the best-fit function
plane is represented by black points, and matching feature points are represented in blue and
red. Blue points are removed from the selection (as they are located at a distance that is
higher than the set threshold), despite having good correlation when evaluating the search
regions across the moving (phase) image and fixed (phase) image. Red points (located close
to the best-fit plane represented by black points) are kept for further computation of the

transformation.

e Generating the registered image: After filtering, the selection of the feature pairs is kept
for computing a geometric transformation to apply to the moving image for registration to
the fixed image. For this purpose, a bilinear transformation is used [11, 39]. In the case of
the tool that was developed for the registration of multiple adjacent technical images, each
moving image is subject to the above mentioned process and registered, one at a time, to the
fixed target image. Thus, a mosaic image is formed in an automated piece-wise manner (this
is done in one operation, making it possible to upload all of the images to register and then
let the software run). In the case that there is overlap between areas of any two consecutive
registered images, the pixels in the overlapping region are kept based on their distance to
the centre of the corresponding image - the closer they are, the lesser distortion they may
present and thus are kept within the final image. This is due to the fact that distortion is
greater at the edges, thus these are discarded if redundant information is available due to

the overlap between consecutive registered images.

It is important to note that this method, as with our method that is presented in Chapter 3,

supports the registration of images differing by a moderate distortion only. To initialise the method,
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Figure 2.18: This sequence illustrates the stages of the image registration method proposed by
Conover et al [11]. Part(a) illustrates the filtering of the moving image with low-pass (LP) and
high pass (HP) filters at scale n for the computation of the modulus of the wavelet transform
M, leading to the detection of texture features. Note that the size of the features identified is
in accordance to the scale n, which is n=3 for this case. Part(b) shows a detail of the moving
image (Infrared image) and Part(c) shows the modulus image with feature points regions identified
in red (scale n=3). Part (d) illustrates the matching feature point pairs between the color image
(top) and infrared image (bottom). Note that this illustration is for visualisation purposes only,
as the matching of feature points is done in the phase images of the moving and fixed images.
Part (e) illustrates the plane representative of the best-fit function. The points in blue represent
feature pair points that have been removed as they are far apart from the best-fit plane, although
they have good correlation peaks. The points in red represent feature points that lie at a distance
within the threshold ¢ to the best-fit plane, thus they are kept for determining the transformation
to apply to the moving image for registration to the fixed image [11]. Images after Conover et
al. [11].

Conover indicates that images must be placed at similar orientations [11]. Specifically, before

starting the step of feature point identification, images must be rescaled and rotated manually, to
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within 5-10 % [11]. The versions of this software that have been tried at the National Gallery also
create an output new fixed image that has been scaled to match the moving image. In most cases,
this corresponds to creating a downscaled version of the visible image of the artwork to match the
resolution of the technical images that are being registered to it. It is also of interest to note that

a user interface of the compiled software has also been provided.

2.4 Area-based image registration

Area-based [2] image registration, also referred to as optimisation-based [3] or intensity-based [87]
registration, is commonly used in the field of medical imaging, as such images may visualise soft-
tissue organs that often lack distinctive features [2] and thus it may not be possible to implement
their registration with feature-based methods. For this reason, suitable registration methods may
depend on the relationship between the corresponding intensity values of the images to align, rather
than on the extraction of well-defined feature points across such images. Methods of this type are

structured in the following manner:

o Computation of the transformation function: instead of having dedicated steps for detecting
salient features and for then matching these into corresponding feature pairs across the images
to align, area-based methods look directly into computing a transformation that is applied to
the moving image, and evaluating the resulting overlap of the images. This transformation is
iteratively assessed by means of measuring the quality of the overlap, and is then refined so as
to progressively improve the resulting alignment. Insights into the group of transformations

that are commonly used for this type of approach are covered in 2.4.1.

o Assessment of the transformation with metrics of alignment: Depending on the type of images
to align, a variety of metrics can be used at each iteration to evaluate the progression of their
alignment - where, among others, normalised cross-correlation and mutual information are
commonly used. The alignment is then considered to be optimal if it maximises the metric of
choice. In the case of registration of multimodal images, the intensity values of the images to
align may be statistically dependent [2], and thus it is desirable to implement a metric that
can operate on this basis. In particular, mutual information is commonly used for registration
of multimodal images, since it measures the statistical dependency of intensity values that
is typical of this type of images [87], and it is thus our metric of choice (See 2.4.2 for more

insights on this topic).

e Optimisation of the transformation: At each iteration, an assessment of the overlapping
regions is conducted to progressively modify the transformation that is applied to the moving
image. These modifications are done through an optimisation algorithm, the selection of

which depends on the type of transformation that is applied to the image at each iteration.
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One of the most important factors to consider is the amount of parameters to optimise at
each turn to avoid increasing the time of computation of the overall registration algorithm

(See 2.4.3 for more insights on this topic).

Thus in this work, we focus on using this type of approach for image registration, since the
challenges that are commonly presented by multimodal images within the medical sector are sim-
ilar to those presented by the images derived from MA-XRF scanning of artworks. We compute
the mutual information of the overlapping images at each iteration to use as a metric to progres-
sively assess the transformations that are applied to the moving image, and we use the L-BFGS
optimiser [88, 89] to modify the transformations that are applied at each turn. We introduce the
fundamentals of these steps throughout the sections to follow, and we explain our entire method

in detail in Chapter 3.

2.4.1 Computing transformations: Non-rigid transformations

So far we have introduced geometric transformations that allow for modifying the moving image
with progressively higher degrees of freedom - with similarity transformations allowing 4 degrees
of freedom (see Section 2.3.3), affine transformations allowing 6 degrees of freedom (see 2.3.3), and
homography allowing 8 degrees of freedom (see 2.3.3). As mentioned in 2.3.3, the amount of degrees
of freedom corresponds to the amount of independent variables (parameters) that can be modified in
the transformation that is applied to the image. Ultimately, in all these transformations, straight
lines in the original moving image are mapped to straight lines in the registered version of the
image. However, if a straight line needs to be mapped to a curved line, we will need to use
non-rigid transformations, also known as nonlinear [1] or adaptative transformations [3].

Non-rigid transformations are a group of transformations constituted by various different types
of transformations (e.g. spherical and cylindrical warping transformations [3], thin-plate spline [1,
4], B-splines [90], etc.). We are particularly interested in transformations that involve a regular
subdivision of the moving image (referred to as explicit transformations [3]), as these allow for
localised distortions within the moving image. Note that the degrees of freedom of the overall
distortion that is applied to the image will be consistent with the amount of internal subdivisions
that are set with the transformation to apply.

Two characteristics that are desirable in non-rigid transformations are smoothness and topol-
ogy preservation [4]. This makes it possible to apply piece-wise smooth transitions in between
consecutive regions of the image that would not be possible to achieve with the transformations
presented so far. Within the group of explicit transformations, we briefly look into Thin-Plate
Splines (TPS [3]) and B-splines [90] transformations. Both implement internal subdivision of the
image by means of setting a 2-dimensional grid of control points on top of the image. Each control
point is subject to a distortion, dragging the pixels of the images in accordance to the type and

field of influence that is set by the transformation to apply.
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Thin-Plate splines transformation

Thin-Plate splines (TPS) is a popular transformation used for registration of images with non-
linear geometric differences [1], and is used in applications such as Image Compare [12]. TPS
transformations are part of the radial basis functions [2]|, which can handle local geometric distor-
tions, by means of a mapping function composed of a linear term (an affine transformation) and a

weighted sum of radially symmetric logarithmic functions [1]. This is defined [2] as follows:

N
¥ =ty +anz +awpy+ Y cg(@, ) (2.33)
k=1
and
N
Y =ty + anz + any + Z ckg(x, ) (2.34)
k=1

where (2/,y’) are coordinates of the pixel ’ in the transformed moving image I', t,, t,, a11, a12, a1, aze
are parameters of the affine transformation involved, ¢i are the coefficients corresponding to each

control point xy, and g is the radial term [2, 91], as follows:
glz,2p) = ||z — o[> In (|2 — 2 ])). (2.35)

It is important to note that radial basis functions are symmetric. Thus, one challenge in this
type of transformation is that, when applied to images with asymmetrical local distortions, large
registration errors may occur away from the control points - especially if the control point grid
is very sparse [3]. This can be overcome by increasing the density of the control point grid, but
it may be required to find the parameters of the transformation by solving a large system of
equations, at the cost of slowing down the calculation process [3]. An alternative strategy is to
look at functions with compact support, such as B-splines, which implement local basis functions

keeping deformations (and errors) in the vicinity of each control point [3].

B-splines transformation

B-splines are part of the group of compactly supported radial basis functions [3]. As discussed,
one of the main differences between functions of this group and TPS, is that the latter lacks the
compact support property that is characteristic of B-splines [31]. This allows for the distortions
provided by the latter to be more localised, and thus the modifications assigned to each control
point in the moving image does not necessarily produce an effect in the overall distortion of the
transformed image. This type of transformation is implemented as part of the elastix library [25],

where B-splines are used as parameterisation:

r — Tk
T’ = uwk,PkJ(w) =+ Z pk’BS(T) (236)
TR ENy
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where @, are the control points, 33() is the cubic polynomial B-spline [23, 92, 93] that deter-
mines the area of influence of @, (see Eq. 2.37 and Fig. 2.19), p,, are the B-spline coefficient vectors
(determining the direction of displacement of each control point @), o is the B-spline control point
grid spacing, and NN, is the set of the control points within the compact support of the B-spline at
x [31]. The cubic spline is defined as follows:

2224+ 20 o<pa <
F () = ¢ =lal? 1< 2| <2 (2.37)
0 2 < |z|

Note that the compact support is directly related to the limited influence of a; on its neigh-
bouring pixels. This results in |N,| being small, and thus the transformation of a pixel z is to be
computed from only a few surrounding control points (Fig. 2.20). B-splines transformation proved
to be very efficient in terms of computation time and precision of results, thus becoming the trans-
formation of choice in the final steps of the area-based method that is presented in Section 3. The
implementation of this type of transformation is further explored in Section 3.5, with a detailed
overview of the setting up of the control point grid (see Section 3.5.1) and the parameters resulting

from this setup (see Section 3.5.2).
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Figure 2.19: Area of influence of control points xj;. Their displacements have a dragging effect
in the pixels that are in proximity to each control point, this effect being maximum when the
distance to the neighbouring pixels is 0. This is determined by the function 2.36, with particular
importance of the one illustrated here, the cubic function 2.37.

Due to the high number of parameters to resolve at each iteration, it is customary that regis-
tration with non-rigid transformations is conducted only after the fixed and moving images have
undergone an initial affine alignment. This approach is thus followed in the area-based method

that is presented in detail in Chapter 3.

2.4.2 Metrics of alignment - An overview

Whilst in feature-based methods it is possible to consider the distance between the corresponding
feature pairs as a measure of success of the resulting registration, area-based methods rely on

the statistical assessment of the overlapping images to thus assess the quality of the registration
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Figure 2.20: Control point grid assigned to a 2D image, of resolution 4 rows x 4 columns, at regular
spacings o1 and o9. Note that o; and o9 can differ in pixel length. For this grid resolution, rows
and columns are determined by 5 control points, plus one control point just outside the image at
either end of the grid. Thus, we will have 7 control points for each dimension. At each control point
1, a B-spline coeflicient vector p;, exerts a drag on neighbouring pixels @ that are located within
the area of influence of each control point. For different a and p,, areas of influence are denoted
here with circles of corresponding color. These follow equation 2.37, illustrated in Fig. 2.19. The
closer pixel z is located to control point xy, the greater the effect of p, and so is the drag that
pixel @ is subject to. The resulting displacement for each pixel x follows equation 2.36. In part (a),
pixel x; is further away from control point @; than pixel xy, and thus x; is subject to a lesser drag
than @,. In part (b), pixel z is located within the area of influence of control points xy;, Tx;4+1 and
Tyi+2, but lies outside the area of influence of xy; 3. Thus, pixel x is subject to the drag provoked
by the first three control points only, and these constitute the compact support Nx for pixel .

obtained. Area-based methods are supported by a variety of similarity metrics, such as gradient
difference, gradient correlation, pattern intensity, entropy of the images [87], mean squared differ-
ence [31], etc). Each of these metrics assume different relationships between the intensity of the
images to align, and thus not all of them are suitable for registration of different image modali-
ties. In this section, we briefly look at commonly used metrics for multimodal image registration:

normalised cross-correlation and mutual information.

In the study conducted by Penney et al. [87] for the comparison for similarity metrics in the
context of multimodal registration of medical images, it is observed that mutual information "does
not assume a linear relationship between the intensities of the images" to align [87]. Note that
the images that were tested in their study had been produced in a way that allowed for the
corresponding intensities to maintain a relationship close to linear. In their study, it is observed
that the other metrics tested (among them, normalised cross-correlation) seem to assume such a

linear relationship of the intensities. The relatively poor performance of mutual information that
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was obtained is likely attributable to this assumption of a linear relationship of the intensities of
the images in that study.

However, this is a characteristic that may favour our case: the fact that mutual information does
not assume a linear relationship of the intensities of the images to align allows for the resilience of
this metric when it comes to assessing the registration of images with discrepancies in the features
they may show (such is the case of images obtained with MA-XRF scanning, which may often
show different sub-surface features than those apparent in the target visible image, as mentioned

in Section 2.1).

Normalised cross-correlation as a metric for multimodal image registration

The definition of normalised cross-correlation (NCC) that is most commonly used for area-based

methods [2, 31, 94] is as follows:

Zmieﬁp (Ip(z;) — I_F) (Ing (p(;)) — IB/[)
VZaca, Ur(@) = I T co, (n(u(@)) — Tun)?

NCC(p, Ir, In) = (2.38)

with the average of the grey-values at the fixed image I = é Y wecar 1r(Ti)

and with the average of the grey-values at the moving image Iy = é Y wecar Imp(zi)

where I is the fixed image, I, is the moving image, and p is the transformation that is applied
to each pixel x; of I); mapped in the domain of the fixed image Q.

Note that NCC is also implemented throughout the feature-based method of Conover et al. [11],
particularly in the steps concerning feature matching 2.3.4. NCC is commonly used in area-
based methods for registration of multimodal images, although it is noted that this metric yields
best results for images where their intensity values appear to be in a linear (or close to linear)
dependency [94, 87], making this metric sub-optimal for cases where the intensity values of the

images to align appear to be related in a different manner.

Mutual information as a metric for multimodal image registration

In this work, we focus on using the mutual information (MI) of images obtained with MA-XRF
scanning of artworks as the metric of alignment for their registration with a novel, automated
area-based method that is presented in detail in Chapter 3.

Area-based methods based on MI represent the leading technique in registration of multimodal
images [2]. They are widely used for image registration in the medical imaging sector [24] since their
introduction by Viola and Wells [95, 96] and Collignon et al. [97]. Originating from information
theory, MI is a measure of statistical dependency between two images. An important property of
MI is its generality, since it does not assume any relationship between the image intensities [94].
Following the study conducted by Penney et al. [87], MI "assumes that the co-occurrence of the

most probable pixel values in the two images is maximized at registration", making it most suitable
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for the registration of images obtained with different modalities [87, 94].

The MI between the overlapping areas of images A and B can be calculated in the following

way [98, 2|:

MI(A,B) = H(B) — H(B|A) = H(A) + H(B) — H(A, B) (2.39)

where H(A) = —E4(log(P(A))) represents the entropy of the image A (with images treated as
random variables), and P(A) is the probability distribution of the intensity values corresponding
to the image A. Thus, for the overlapping images A and B, the interpretation of this form is that
their MI corresponds to the sum of their entropy values minus their joint entropy H(A, B), at
their particular relative positions of overlapping. Changing their relative positions (and thus the
quality of their overlapping), will have an impact in the value of their joint entropy H(A, B) and
consequentially, change their resulting value of MI. Note that the MI of the overlapping images
will be highest when their joint entropy H(A, B) is minimised. Area-based methods seek the
maximization of MI as a metric for alignment, assuming that the best alignment of the images is
obtained at the peak value of this metric (Fig. 2.21). Intuitively, a greater value of MI indicates
that A and B are more mutually dependent which in turn indicates a better alignment of these

images.
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only)

Figure 2.21: Mutual Information (MI). Part(a) shows point P as a reference within the moving im-
age, and part(b) shows the points A and B, the latter indicates the false matching position selected
previously by the human operator. Part(c) shows the MI metrics computed in the registration of
the moving and fixed images shown in part(a) and (b) respectively, where maximum of MI shows
the correct matching position (point A, which is the corresponding position for point P). Images
after Zitova and Flusser [2].

In the method presented in Chapter 3, the MI of the images to align is calculated following
the formulation provided by the elastix software [25, 31], an open source library for multimodal
image registration commonly used in the medical industry. This library uses a form of MI that was
introduced by Mattes [23], estimating continuous image distributions using Parzen windows [95].

This metric is known today as MattesMutuallnformation [24]. This form is explained as follows:
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For two images A and B, mutual information M can be defined as:

_ 0 b og P(:0)
MI(A,B) = 2; pla,b)1 8 o @n() (2.40)

This form can be interpreted as the distance between the joint distribution of the pixel intensity
values of the images p(a,b) and the joint distribution in the case of independence of the images,
p(a)p(b) [24].

The probabilities p(a) and p(b) are calculated by creating a count of the pixel intensity values
a and b occurring at each image A and B correspondingly. The probability p(a,b) is calculated
by counting the occurrence of a pair of pixel values at corresponding locations across both images.
Note that our algorithm is designed to work with grayscale images.

Thus, MI becomes a metric of dependence between the two images that are overlapped, and
thus it is assumed that there is maximal dependence between the pixel intensity values of the
images when their alignment is correct [24]. The misalignment of the images corresponds to the
decrease of this metric. Our algorithm is designed to identify the transformation that obtains the
highest absolute value of MI when applied to the moving image for its alignment to the target

fixed image.

2.4.3 Optimisers

As mentioned at the beginning of this section, area-based methods may assess the transformation
that is applied to the moving image at each iteration by means of computing a metric of the resulting
alignment at each turn. The purpose of the method is to converge to an optimal alignment of the
images after a number of iterations. Thus at each turn, the transformation may be progressively
refined to improve the alignment gradually.

These refinements or modifications are done through an optimiser, which is an optimisation
algorithm that takes into consideration the parameters of the transformation to evaluate and the
metric of alignment that is obtained at each turn.

Area-based methods benefit from a great variety of optimisers. Among others, the following
classes of optimisers are commonly used in the medical imaging sector: gradient descend, conjugate
descend, Quasi-Newton, and stochastic gradient descent [94]. From this selection, the Quasi-
Newton methods are designed to collect information from previous iterations and make use of
it to ensure successful convergence. Particularly, methods from this class estimate the inverse
of the Hessian matrix 4 to define the direction of the search. Within this class, our choice of
optimiser is the Limited-memory Broyden—Fletcher—Goldfarb—Shanno algorithm (L-BFGS), since
it is particularly well suited for optimization problems with many variables [88], as well as being

considered to be more efficient than other methods of this class [94]. A study by Kumar [89]

4 Hessian matrix is a square matrix containing the second order derivatives, and it can be used for describing the
local curvature of a function of many variables [99].
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regarding a minimization example for the Rosenbrock function °, shows that the L-BFGS algorithm,
being a second-derivative method, converges much faster (and after significantly lesser amount of
iterations) than the first-derivative based gradient descent method. We review the implementation

of L-BFGS as an optimiser in the presentation of our area-based method in Section 3.5.3.

2.5 Learning Based Methods

As mentioned in the introduction to this chapter (see 2.1), methods for image registration based
on deep learning [32, 33] have started to emerge. Methods of this type either follow the strategy
of feature-based methods, by learning corresponding pairs of feature points across the images to
align [32, 34], or, in the spirit of area-based methods and subject to the type of images in the training
set, they may learn a non-rigid transformation to apply to the moving image [35, 38, 101]. Due to
the challenges involved in attaining registration of images obtained with MA-XRF scanning to the
visible image of the same artwork (see Section 2.2.4), this section focuses on methods based on deep
learning that explore area-based strategies for multimodal image registration. We particularly look
at methods that learn the deformation vector field to be applied to the moving image following
training with a collection of image-pairs of different intensity levels, where each pair is composed
of the fixed image and the moving image [36, 37|]. Note that methods that follow this approach
need images to be segmented to achieve successful learning of the deformation fields [36, 101], and
this is something that may not always be possible with technical images of artworks. Another
challenge that these methods may present is the need to train the models for a specific size of
image pairs, where both fixed and moving images need to be of the same size to train the network.
This aspect might be unpractical as datasets obtained from MA-XRF scanning frequently differ
in size (including those that are consecutively captured from different areas of the same artwork),
resulting in the need for a bespoke network for each image-size, for each image stack to register to
the visible image of the artwork.

In this section, we review two popular methods of this type: Voxelmorph [36] (the one that set
up the standard) and Synthmorph [37] (making improvements to the standard, and bringing the

model closer to what is needed for testing images obtained from MA-XRF scanning of artworks).

2.5.1 Voxelmorph

VoxelMorph [36] is an unsupervised learning-based registration method developed for non-rigid
alignment of medical images. We note that traditional area-based methods (i.e. non-learning
based methods) optimize a non-rigid transformation that is tailored to a particular pair of im-
ages. Conventional area-based methods based on learning models instead rely on ground truth

deformation fields or segmentation maps of the images to align [35, 102, 103].

5 The Rosenbrock function is a non-convex function that is commonly used to assess the performance of optimization
algorithms [100].
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The novel approach presented by Voxelmorph consists on a model that learns a registration
function from a collection of images of a given class, and once the model is trained, it assigns a
non-rigid deformation field to a new input image pair (i.e. an image pair consisting of a moving
and a fixed image). The deformation field is then applied to the moving image for its alignment
to the fixed image. Both fixed and moving images are of the same size as that of the images in
the training and validation datasets. The model consists of a convolutional neural network (CNN)
that learns the function by training on a dataset of images of a given anatomical class (e.g. images
of coronal slices of brains). Once trained, the model can receive a new pair of images of the same
class, and provide a deformation field for their registration in return.

The method assumes two important pre-processing steps that are customary for area-based

methods, as follows:

e Both images that are constituent of the image-pair, moving image m and fixed image f, are

assumed to be single-channel, grayscale images.

e Both images m and f are affinely aligned prior to being submitted as input to the model for

non-rigid registration.
Then, the method works as follows:

e Using a CNN, a function gg(f, m) = u is modelled, where 6 are the parameters of the network

and u is the displacement field, after which the deformation field ¢ is computed (Fig 2.22(a)).

e The moving image m is warped to ¢ using a spatial transformation function. The similarity
between mo ¢ and f is assessed together with the smoothness of the deformation field, using
an unsupervised loss function based on the local cross-correlation of f and m o ¢. Note that
the authors recommend the use of mutual information in the loss function if the model is

intended for registration of multimodal images [36].

e A second loss function is implemented for leveraging anatomical segmentations of the input
image pair (Fig 2.22(b)). This loss function is based on the Dice score, which makes it
possible to assess the overlapping region of two binary images or boundaries [104] (thus the
need to perform this second loss function on segmented images). The authors acknowledge
significant improvements to the registrations obtained by including this second loss function

in the model [36].

The results obtained in the studies by Balakrishnan et al. [36, 105] are very positive for mul-
timodal images, particularly when implementing mutual information as part of the loss functions
involved in this model. It is also important to note that, once the model is trained, the speed of
registration of a new input image pair is remarkable. However, this method is designed to work
with images of the same class (i.e. depicting the same objects) and of a specific size (i.e. the model

needs to be trained with images of the same size that will later receive as input for registration).
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Figure 2.22: Diagram of the Voxelmorph algorithm. Part(a) shows the image pair (m, f) as
input to the CNN model gg(f,m). During training, this model outputs a deformation field ¢
from where a transformation is produced and applied to the moving image m. This results in
obtaining the transformed image m o ¢, that is then assessed against the fixed image f by means
of the loss function L, (f,m o ¢). Part(b) shows the process by which the second loss function
Lseg(Sf, Sm 0 @) contributes to the refinement of the deformation field ¢ by assessing ¢ against the
overlapping segmentations of the segmentation map of the fixed image s; and the segmentation
map of the moving image once transformed s,, o ¢. Note that once trained, the model can output
the transformed image m o ¢, that is then fully registered to the fixed image f. Images after
Balakrishnan et al. [36].

In the example of this study, the model was trained with 3731 brain images obtained with MRI
scanning, after resampling and cropping them to 160 x 192 x 224. This poses a challenge to our
case, as in art investigation, each image pair is unique, and it would not be possible to generate
such a large collection of image pairs of the same object to use as the training dataset for the
registration of a new pair of images of the same pictorial composition. For this reason, in the next
example we look into the learning-based method Synthmorph [37]. Building from Voxelmorph,
this method works with a training dataset composed of synthetic images that resemble random
geometric shapes, and thus presents itself as a more versatile approach for testing different types

of images.
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2.5.2 Synthmorph

Building from the principles of the VoxelMorph algorithm (described in Section 2.5.1), Synth-
morph [37] is an unsupervised learning-based registration method developed for non-rigid align-
ment of images of different levels of intensity. In this case, instead of training with a dataset of
images of the same anatomical shape, the model consists of a convolutional neural network (CNN)
that learns a function after training on a dataset of synthetically produced image pairs. These
images are resemblant of abstract geometric random shapes, and are generated from noise images
sampled from a standard distribution (Fig 2.23(a,b,p)). This novel training approach allows for
the fact that, once the model is trained, it can output successful registration of input image pairs
that do not necessarily belong to any particular class of images.

As with the Voxelmorph approach, both fixed and moving images are of the same size as that
of the images in the training and validation datasets.

This method works as follows:

e Firstly, a dataset of synthetically generated images of random shapes is created for training.
These images are called labels (Fig 2.23(a)), and are created as follows: noise images p;(j €
1,2,..J) are sampled from a standard distribution (Fig 2.23(e,f)). A smooth deformation ¢
is then applied to these images, obtaining images p; = p; o ¢ (Fig 2.23(g;h)). From these
images, a label s is created by mapping onto each location k of s, the highest intensity
value across the images p; (Fig 2.23(i)). Next, each of these labels s are subject to smooth
transformations so as to obtain the segmentation maps s,, and s; (Fig 2.23(k,1)). They
serve as the image pair, constituted by a moving image and a fixed image. By converting
these to grayscale and altering their intensities with a seed Z, the final training images are
obtained (Fig 2.23(m,n)). These images, together with their corresponding labels, compose
the training dataset for the model, that is described next. Note that these steps are the ones

belonging to the Image sampling model connecting parts(a) and (b) at Fig 2.23.

e Using a CNN, a function hg(m, f) = u is modelled, where 6 are the parameters of the network
and u is the displacement field, after which the deformation field ¢ is computed. Note that
the model is trained with the grayscale images only (Fig 2.23(b)).

e The output of the model is the deformation field ¢,, (with v a diffeomorphism®, see Fig 2.23(c)).
Note that this deformation field is then applied to the moving label image s,,, finally obtain-
ing the warped image s,,0¢, (Fig 2.23(d)). Note that due to the fact that the model is trained
with synthesized label images that are segmented by design, the loss function is composed
of a similarity function that measures overlap rather than correlation of image intensities.
Thus, in this model the loss function is made of a "soft" version of the Dice metric [107] Lg;s

and a regulariser £,., to ensure smoothness of the deformation field ¢, [37].

6 diffeomorphism is an invertible, differentiable mapping function that is used for non-rigid image registration[106].
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Figure 2.23: This sequence describes the steps of Synthmorph. Parts(a,b,c,d) show the algorithm
in full, from receiving the image pair (labels sy and s,,, part(a)) as input to the model for generating
the moving and fixed images (m, f, in grayscale, part(b)), from which the deformation field ¢, is
obtained for computing the transformation to apply. Note that this transformation is then applied
to the image label s, (part(c)) thus obtaining the transformed image label s,, o ¢, (part(d)).
This is then assessed against the image label sy by means of the loss functions L., and Lg:s.
Parts(e,f,g,h,i) show the steps involved in generating the synthetic images that are treated next
to create the dataset for training the model, from the original noise images obtained by sampling
(parts (e,f)) to the final segmented map s (part(i)). Parts(j,k,l,m,n,0) show the following steps,
in particular subjecting the images s; (part(j)) to smooth deformations for the generation of
the labels s, and s; (parts(k,l)). In turn, these images are subject to grayscale conversion as
well as to variations in intensity values, thus obtaining the corresponding grayscale images (m, f)
(parts(m,n)). It is from these grayscale images that the transformation to apply to the moving label
image s,, is computed (part(o)). Part(p) shows the variety of image pairs (m, f) that compose a
typical training dataset. Note that each of these are accompanied by its corresponding label map
(as seen in parts (k,1)). Images after Hoffman et al. [37].
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This work expands on the previous method of Voxelmorph, not only by developing a model that
learns a registration function from training with a collection of images, but also by introducing
the option of training with syntethic images that resemble random geometric shapes. This aspect
allows the model to work with images belonging to classes other than that of the images that are
constituent of the dataset with which the model is initially trained. As with Voxelmorph, once
the model of this method is trained, the speed of registration is very fast for every new input
image pair. It is also important to note that, since the synthetic images that compose the training
dataset are treated so that they acquire different levels of intensity (Fig 2.23(b)), this model once
trained is deemed to be modality agnostic [37]. In the study conducted by Hoffmann at al. [37],
this model is trained with the synthetic images as described in this section, and it is then tested
for registration of unseen input image pairs of anatomical shapes with dissimilar levels of intensity,
yielding satisfactory registration results.

Thus, the versatility presented by the algorithm of Synthmorph was the main motivation to
test this method for the registration of technical images of artworks, namely of images obtained

with MA-XRF scanning.

2.5.3 Experiments of image registration using Synthmorph

In this section, results from using the Synthmorph algorithm [37] for registration of technical
images of artworks are presented. In particular, this method was implemented for registration of
technical images obtained by MA-XRF scanning of the Portrait of Jane Boughton, née Coningsby
(AGOID.29371, The Thomson Collection at the Art Gallery of Ontario), to the visible image of the
same artwork (Note that a series of experiments conducted with this dataset, using our area-based
method, is presented in Chapter 4, together with more details about this painting and details about
the data acquisition). For the experiments presented here, a pre-trained version of the Synthmorph
model was used [108, 109], which is publicly available online by the authors of the Synthmorph
algorithm. This model is pre-trained with grayscale image pairs of moving and fixed images of
random geometric shapes as the ones shown in Fig. 2.23(p), following the characteristics of the
standard model described at Section 2.5.2.

In this case, the Synthmorph model is pre-trained with 2D images of 256 x 256 pixels, and
thus designed to operate with images of that size. Thus for this purpose, the technical images of
the artwork (of original size of 474 x 470 pixels) were cropped to this size (as per red outline in
Fig. 2.24(b)), selecting a region close to the bottom left corner of the full image, whilst maintaining
their original resolution (Fig. 2.24(c)). The visible image was converted to grayscale and down-
sampled to match the resolution of the technical images, and cropped to size 256 x 256 pixels in
the same manner (Fig. 2.24(a,b,c)). The steps of implementing registration with the Synthmorph

model are shown in detail in Fig. 2.24.
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Figure 2.24: This sequence illustrates the steps for the experiments conducted with the Syn-
thmorph algorithm. Part(a) shows the grayscale version of visible image of the artwork, at its
original resolution (3098 x 3073 pixels). This image is downsampled to match the native resolution
of the technical image obtained with MA-XRF scanning of the artwork (here the Portrait of Jane
Boughton, née Coningsby), of 474 x 470 pixels (part(b)). These two images, the visible serving as
fixed image, and the technical serving as moving image (here the elemental map of gold), are then
cropped (as per red outline in image) to match the working image size of the pre-trained model,
which is 256 x 256 pixels. These images constitute the input image pair (part(c)). Upon receiving
this image pair, the pre-trained model (part(d)) outputs a deformation field ¢, (part(e)), which is
applied to the technical moving image for its registration to the visible image of the artwork.

Following the setup described in Fig 2.24, we show the registration results of the cropped version
of the MA-XRF elemental distribution map of gold (Fig 2.25(a)) and the registration results of
the image obtained by combining elemental distribution maps of gold and lead (Fig 2.25(e)).
Both served as the technical moving images to be registered to the corresponding visible image
of the artwork (Fig 2.25(b,f)). The first technical moving image belongs to the set of original
elemental distribution maps obtained from MA-XRF scanning of Portrait of Jane Boughton, née
Coningsby, shown in Fig. 3.1. The second image is produced based on this set, by combining two
significant elemental distribution maps for this artwork, with the aim of providing more pictorial
information to the registration model, in the expectation of yielding better registration results.
The transformed moving images are shown in Fig 2.25(c,g). Note that arrows in red show the
areas where the transformations applied fail to ensure a satisfactory registration to the visible
image of the artwork. Fig 2.25(d,h) show the deformation field (x-axis only) that is applied to each

corresponding technical moving image.

Valuable insights were gained by implementing this model to the task of achieving registration
of multimodal technical images of artworks: although the results obtained from these experiments
were not optimal, the differences observed between the deformation fields shown in Fig. 2.25(d,h)

highlight the importance of working with methods that ensure consensus among the images ob-
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Figure 2.25: This sequence illustrates the results of two registrations conducted with the Syn-
thmorph algorithm: the one for the cropped version of the elemental distribution map of gold
(part(a)), and the one for the image of the combined elemental distribution maps of gold and lead
(part(e)). Each of these images, together with the corresponding cropped version of the visible
image of the artwork (parts (b,f)) constitute the input image pair to input the Synthmorph pre-
trained model, which in turn outputs the transformed technical image for each pair (parts (c,g)).
Arrows in blue point to the equivalent areas in the starting image to those marked with red arrows
as a problem in the transformed image (i.e. where the transformations applied fail to ensure a
satisfactory registration to the visible image of the artwork). Parts (d,h) show the deformation
field (x-axis only) that is applied to each corresponding technical moving image. Note that the
difference between these deformation fields is a call-to-action to ensure consensus among the images
that constitute the image stack that is to be registered to the corresponding fixed image.

tained from the same MA-XRF scanning when registering them to the visible image. Note that
the deformation field, from where a transformation is obtained and applied to each corresponding
technical moving image, is supposed to be the same for all the images obtained from the same

MA-XRF scanning, as they are all aligned by construction (see 2.2).
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Based on the registration experiments described above and the insights gained from these, we

envision the following potential improvements to the Synthmorph algorithm:

e Allow the model to operate with different image sizes, so that the model can receive input
image pairs of sizes other than that of the images within its training dataset, as well as

enabling the images constituting the image pair to be of different sizes.

e Allow the model to operate with more than one moving image at a time when registering
to the fixed image (i.e. allowing to simultaneously assess multiple images, in an orderly
arrangement in a stack, so as to register them to the same area of the target fixed image). This
is a desirable solution for our case, where multiple images are obtained from the same MA-
XRF scanning of the artwork. This would allow consensus to be obtained among the images
that constitute the image stack, and to register them with the identified best transformation

resulting from the assessment of the image stack against the target fixed image.

Notwithstanding the discrepancies between the deformation fields obtained in Fig. 2.25, the
results of these simulations show the Synthmorph model to be remarkably versatile. We envision
that, if the above-mentioned short-comings are addressed, it is highly likely that this approach will
yield highly satisfactory results.

2.6 Discussion

At the time of submitting this thesis, we understand that there are currently no automated methods
designed for the registration of a stack of images with consensus among the constituent images of
the same stack. In addition to this, none of the methods currently in use for image registration
in the field of art investigation make use of the mutual information (MI) of the images to align as
a metric of their alignment. We note that the team of the Restoration of the Ghent Altarpiece
uses a method for image registration that takes into consideration the intensity values of the
pixels of the images to align. Their approach, however, differs in the aspect that the metric in
their method looks for the minimisation of an energy functional that incorporates a dissimilarity
measure that is calculated with masks at corresponding pixel neighbourhoods within the images
to align, and a measure associated with the curl and divergence of the deformation field [110].
Their method implements this metric for registering crude crack maps obtained from the technical
images to align (i.e. the X-ray, the visible and the infrared reflectogram images of the artwork to
study) [41], and this result is then used for registering the technical images of interest [40]. We
also note the area-based method developed by the Conservation and Science Department of the
Rijksmuseum [111]. In a similar manner to the method just described above, this approach creates
filters that are representative of the images to align. These filters are overlapped, and offsets along
the x and y axis are evaluated using normalised cross-correlation as a metric of their alignment. The

transformation that yields the best alignment of the filter representative of the moving image is then
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utilised for the registration of the original moving image [111]. Apart from these exceptions, the
broad majority of methods for multimodal image registration developed for art investigation rely
on the presence of salient, well-defined features across the images to align [12, 78, 11, 77, 81, 79, 80].

As mentioned in Section 1.1, MI is commonly used as a metric in area-based methods aimed
to provide registration of multimodal images, especially in the medical imaging sector [23, 24, 25].
We borrow this approach to present a novel, automated registration method for multimodal images
of artworks, initially designed for the registration of images obtained from the datacube derived
from MA-XRF scanning of artworks. These images, considered to be aligned by construction,
are arranged into an layered image stack that is treated as the moving image. Our method is
designed to identify a unique best transformation to apply to the image stack for its registration to
the visible image of the same artwork. The transformation is identified with consensus among all
images in the stack. We note that, whilst all images in the same stack (images that constitute the
layers of a moving image) are assumed to be of the same size, there are no restrictions on image
size of different moving images to register (i.e. one fixed image can act as the target fixed image
for the registration of moving images of different sizes). We present this method in the following

chapter.

2.7 Summary of this chapter

In this chapter we have seen the core topics that are at the basis of the automated area-based
method for image registration of multimodal technical images of artworks - the main subject of this
thesis. We have reviewed the principles of collecting data with MA-XRF scanning, the processes
involved in producing technical images from this data, and the experimental details regarding the
MA-XRF scanning of the artworks that are studied in this work. This was followed by a review
of feature-based methods, together with a presentation of the geometric transformations that
are commonly associated with this type of methods. A review of area-based image registration
methods and an overview of the technical aspects involved in these methods, such as non-rigid
transformations, metrics of alignment, and optimisers was then presented. What followed next is a
brief review of state-of-the-arts learning-based methods, together with a review of the experiments
as part of this study with this type of approach. This chapter concluded with the insights obtained
from these experiments, which in turn helped shape the area-based image registration method that

is presented in the next chapter.
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Chapter 3

An automated, area-based image

registration method

This chapter delves into the workflow behind the automated area-based method for registration of
multimodal technical images of artworks, which is the main subject of this thesis. In particular, this
chapter addresses the implementation details of this method - from setting up the moving image
(that is, the image or images that need to be distorted by means of a geometrical transformation
so as to align to a target fized image), to the steps involved along the process of identifying the
best transformation to apply to the moving image. Consisting of 4 steps that we call searches,
these are explained in detail along with the transformations that are consecutively applied at each
search, and examples of their impact along the method. The registrations produced following this

workflow are presented in Section 4.

3.1 Introduction

In this chapter, an automated area-based method for multimodal registration of technical 2D
images from artworks is presented. This method, originally introduced in [28|, can work with a
stack of images which is treated as the moving image in need of registration to a target image.
The stack can be made of the elemental distribution maps obtained from the same MA-XRF scan
of an artwork (as discussed in Section 2.2), but it can also be made of images obtained with other
imaging techniques'. Regardless of the origin of the images in the stack, it is assumed that they
are all of the same size, as well as that they are all aligned relative to each other, as, in the case of

MA-XRF scans, they are all generated simultaneously during the same instrument data capture.

1 Note that certain imaging techniques generate a single image output (e.g. visible light photography, X-ray, Infared
luminescence - these are part of the broad band imaging techniques, which produce single images from a range
of wavelengths of radiation), whereas spectroscopic imaging techniques (i.e. methods that capture much more
restricted wavelength ranges in a separate manner, e.g. using filters) produce multiple aligned images. Examples
of the latter are MA-XRF and reflectance imaging spectroscopy (RIS). In this case, the images can be assumed to
be arranged into a stack of images that may be registered jointly.

(0]



In particular, this method allows for working with the full stack of images, or with a subset of
the most relevant images in the stack. This selection list is tailored to each artwork, since different
artists worked with different materials and pigments. For example, there will be paintings where
pigments with high content of zinc have a strong presence, and there will be other cases where
calcium will be among the dominant elements of the pigments used in the composition. As seen
in Section 2.2.1, the presence of such chemical elements can be identified by MA-XRF scanning
of the artwork. As an example, MA-XRF scanning of Portrait of Jane Boughton, née Coningsby
(AGOID.29371, The Thomson Collection at the Art Gallery of Ontario)?, one of a group of English
portrait miniatures scanned as part of the Unlocking The English Portrait Miniature project at
the Fitzwilliam Museum [112], resulted in 15 element distribution maps of interest (Fig. 3.1).
These element maps comprise the moving image to be registered to a visible image of the portrait
miniature, and are as follows: silver (Ag - La lines), arsenic (As - K lines), gold (Au - La lines),
barium (Ba - La lines), calcium (Ca - Ka lines), copper (Cu - Ka lines), iron (Fe - Ka lines),
mercury (Hg - Lo lines), potassium (K - Ko lines), manganese (Mn - Ka lines), lead (Pb - Lo
lines), lead (Pb - Ma lines), phosphorus (P - Ka lines), tin (Sn - Lo lines), silicon (Si - Ko lines).

It is important to note that, during the registration process, although each individual image
(within the stack of images that comprise the moving image) is individually assessed to find a best
transformation to register that image to the visible image of the artwork, the final transformation

will be the same for all the images in the stack, since they are assumed to be aligned by construction.

3.2 Overview of the method

The method is initialised with the images to register: a target fixed image and a stack of images,
that is treated as the moving image. By applying a transformation to the latter, it is possible to
“distort” it to obtain the best alignment between the two images. The goal of this method is to
identify the transformation that provides this best alignment.

The method is composed of 4 sequential searches (Fig. 3.2). At each search, all transformations
within a prescribed range of parameter values are evaluated for registration of the images in the
stack to the target fixed image. One transformation at a time is applied to each image in the stack,
and the mutual information (MI) between each individual transformed image and the fixed image is
obtained. An average of the metrics obtained is computed for each transformation that is evaluated.
The transformation with the highest average metric, across all images in the stack, is kept and
serves as the starting point for the following step. This process, illustrated in Fig. 3.3, is repeated
at each search. Each search is more precise than the previous one, looking at parameters that are
progressively more refined: the parameters are either larger in number or they are evaluated at
smaller step sizes. This results in evaluating distortions applied to the moving image, which at

first are coarse, and become more precise at each consecutive search.

2 Images of this artwork are used in diagrams of Figs. 3.2, 3.3, and 3.4.
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(a) Ag-La map (b) As-KB Pb map (c) Au-La map (d) Ba-La map

(f) Cu-Ka map (g) Fe-Ka Cr map

(i) K-Ka Ag map (j) Mn-Ko Cr map

(k) Pb-La map (1) Pb-Ma map (m) P-Ka Cr map (n) Sn-La Ca map (o) Si-Ka map

Figure 3.1: Element distribution maps: selection of 15 images derived from the MA-XRF scanning
of the Portrait of Jane Boughton, née Coningsby(AGOID.29371, The Thomson Collection at the
Art Gallery of Ontario). These compose the image stack which we treat as the moving image. Note
that some of these images are subject to pixel averaging (a, b, d, i, j, m, n, o), or are processed by
having another element subtracted (g, j, m).

Throughout the first three searches, progressively more detailed similarity and affine trans-
formations are evaluated (see 3.4). Finally, non-rigid transformations for subtle distortions are
evaluated at the last stage (see 3.5). As discussed in Section 2.4.1, the process of identifying the
most suitable non-rigid transformation involves the optimisation of a large number of parameters
at each iteration until converging to the right solution. This process is computationally expen-
sive, whilst transformations with low number of parameters are much faster to compute. Thus,
it is customary that registration with non-rigid transformations is conducted only after the fixed
and moving images have undergone an initial affine alignment. This stepped approach allows the
method to speed up the overall registration process whilst obtaining progressively better metrics
at each search.

For visualisation of results, overlays of the target image and the transformed moving image are
created. This is illustrated in Fig. 3.4 where for each stage of the method, the best transformation
identified has been applied to one image of the stack (here the gold map (Au-La element lines))
and the resulting image has been overlaid onto the fixed target image (visible image), so as to

illustrate the progressive refinement of the alignment between the images. The accompanying
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Figure 3.2: This sequence illustrates the initial images to register (fixed and moving image) and
the 4 searches at progressively increased resolution - coarse at first, and progressively more refined.
At each stage, a best transformation is identified and applied to the moving image, and this
becomes the starting point for the next search. Through these searches, the best transformation
for registration is identified with consensus.

metric is indicative of the average mutual information obtained by the transformation across all

images in the stack, that is incrementally optimised at each stage of the method.

3.3 Implementation of the method

The method presented here aims to find one best transformation per moving image (that is here
the stack of images derived from a single MA-XRF scanned area of the artwork at its original
resolution) so as to register it to its corresponding region within the target image. This is usually
the visible image of the artwork: a single-capture, high resolution photographic image of the full-
visible artwork. Note that the resolution of the visible image of the artwork is usually higher than
that of the MA-XRF scan. Thus, at the beginning of the workflow, the visible image is scaled
down, manually, to match approximately the resolution of the moving image.

It is assumed that the user knows the approximate initial location of the moving image. Fol-
lowing this, an initial location may be assigned to the moving image, so that it is positioned as
close as possible to what is believed to be the correct location of the moving image with respect
to the target fixed image. Next, a distance of 20 pixels is set from this location (in each direction
top, bottom, left, right) thus defining a search area of 41 x 41 pixels. Note that this distance of 20
pixels is consistent with the parameters of the first search - in particular, the translation step sizes
along the x and y axis. These parameters, together with the amount of steps to evaluate in the
first search, constitute the "search-space", that is the region that will be progressively analysed

to identify the best transformation to apply to the moving image for its registration to the target
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Figure 3.3: This sequence illustrates the process of identifying the best transformation at each
search, with consensus among all images in the stack. From a list of transformations (here, Trans-
forms A to N), one transformation at a time is applied to all images in the stack. The transformed
images are then evaluated for registration to the target fixed image, and the corresponding metrics
are obtained (here, metrics A; to A;). The transformation that yields the highest average metric
across all images in the stack is the one that will be selected as the starting point for the follow-
ing search. Note that the number of transformations to evaluate ("N") depends on the number
of parameters at each search, and on the range of parameter values to assess!. Note that from
the list of metrics that is obtained (in example, A; to A;, By to B;, .. N;j to N;), only a few of
them will bear a significant value, as some transformations will displace the images into further
misalignment and return low metrics when evaluated at any image in the stack?. Thus, the list
of transformations for which to obtain an average metric of significance can be shortened to those
transformations that return a high metric when evaluated at an individual image in the first place.
In our method, this list is composed of the top 40 transformations® that return the highest mutual
information when evaluated at each individual image in the stack.

L in example, following the characteristics of the first search in Fig.3.2, 4 parameters are assessed (tz, ty,
rotation and scaling), at a range of 5 values for t,, 5 values for t,, 3 values of rotation and 3 values of
scaling, thus N = 5x5x3x3 = 225.

2 in example, any transformation that rotates an image of the stack in the opposite direction than that of
the intended final alignment, may result in a very low metric. Thus there is no need of further computing
the average metric that this transformation would yield across all images in the stack.

3 we take the 40 top transformations as this has proven to be a good compromise between accuracy and
speed of computation.

fixed image (see Fig. 3.5 - note that a different painting, “The Virgin of the Rocks” (NG1093,
The National Gallery, London), is used in the diagrams of this figure illustrating two possible

"search-spaces").

Once the initial location is assigned to the moving image (a pixel-location within the target

fixed image), the search-space is constructed around that location. Note that our convention refers
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'mi_average': 0.2518} 'mi_average': 0.2685} 'mi_average’: 0.2723} 'mi_average’: 0.2882}

Figure 3.4: Overlays of target (visible) image and transformed moving image (gold (Au-La element
lines) maps with the corresponding applied transformations that are obtained at each stage of the
method). This sequence illustrates the metrics obtained at each step, reflecting the incremental
maximisation of mutual information. The top row shows the full extent of the images overlaid,
and the middle and bottom row show progressively more highly magnified details from the regions
indicated with red boxes on the row above.

to the position assigned to the top-left corner of the moving image?.

In the case that both the fixed image and the moving image capture the full extent of the
artwork (e.g. as for Portrait of Jane Boughton, née Coningsby, shown in Figs. 3.2, 3.3, and 3.4),
the top-left corner of the moving image may be positioned at the top-left corner of the fixed target
image. Thus, the search-space is constructed around this location (0,0) and the method is ready
to start. However, it might be the case that the moving image captures only a partial area of the
entire artwork (e.g. as for the case study of “The Virgin of the Rocks”, shown in Fig. 3.5). In this
case, once the initial location of the moving image is assigned, the full-visible image is cropped to
the smaller corresponding region only ("Region of interest", see Fig. 3.5). Namely, it is cropped
to match the size of the moving image, plus 41 pixels along the x and the y axis respectively. For
example, if the moving image is 100 pixels by 150 pixels in size, the visible image of the painting
will be cropped to a region of 141 pixels by 191 pixels in size. Then, at initialisation, the moving
image is placed at the centre of the region of interest. The search space is then set at the top-left
corner of the moving image, for allowing the displacement of the moving image up to 20 pixels in all

directions (top, bottom, right, left, corresponding to positive and negative directions along x and

3 in example, the moving image is translated by positioning its top left corner at the pixel-location within the target

fixed image. The search-space is thus constructed around this pixel-location, with its centre at the top-left corner
of the moving image.
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Figure 3.5: Registration of element maps resulting from MA-XRF scanning of area above the head
of the angel of the painting “The Virgin of the Rocks” (NG1093, The National Gallery, London) [60].
In part(a) the moving image is evaluated across the entire visible image, resulting in a large search-
space (the box in blue indicates the initial position of the moving image, and boxes in red indicate
the extreme positions of the moving image, relative to the fixed image - same as in part (c)). This
is computationally expensive and introduces the risk of asserting the registration at a misleading
local maxima. In part(b) the search-space is depicted as a plot where regions of bright values
are indicative of transformations with high metric values, and dark regions indicate where poor
registration metric values are obtained (with blue box indicating the expected final position of the
moving image - same as in part (d)).

In part(c) the moving image is evaluated across a region of interest within the visible image,
resulting in a restricted search-space and allowing for faster computations at each step of the
method. Part(d) shows the restricted search space where 5 values of t,, 5 values of t,, 3 values
of rotation and 3 values of scaling are parameters of the N transformations to evaluate, with N =
225. In all figures, the elemental map of lead (Pb-L lines) is representative of the moving image.
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y axis) whilst containing the moving image within the region of interest (i.e. the corresponding,
cropped area of the target fixed image). Once the moving image is assigned an initial location in

relation to the fixed target image, the searches may begin.

3.4 Similarity and affine transformations

The first search consists in evaluating similarity transformations across 25 locations (i.e. grey
locations at search 1 in Fig. 3.2), within a region of 41 x 41 pixels of the fixed image, to determine
at which of these locations the best transformation for all images in the stack can be found. The

transformations to evaluate in the first and second searches are defined [31] as:
Y = ls,0,t,.t,(T) =sR(x—c)+t+c (3.1)

with s a scalar, R a rotation matrix of size 2 x 2, ¢ the centre of rotation, and ¢ the vector for
translation. Here, x is the initial position of a pixel in the input image, and y is the final position
of the same pixel after the transformation is applied.

The parameters for the function p consist of the angle of rotation 6, the isotropic scaling
factor s, and the vector ¢ for translation along x and y axis [31]. This means that the image is
treated as an object, which can translate, rotate, and scale isotropically. The rotation matrix is
parameterised by the angle 6 in 2D. Please refer to Equations 2.12 to 2.18 for the relationship
between these parameters and the matrix from of the similarity transformation function.

The list of the transformations to evaluate at each image in the stack results from the combina-
tion of these 4 parameters (scaling of the image, rotation, translation along x axis, and translation
along y axis), each of them restricted to a discrete range of values (namely: 3 values for rotation,
3 values for scaling, 5 values for translation along the x-axis, and 5 values for translation along the
y-axis). Note that the ranges of parameter values were chosen to balance speed of computation and
precision of the results obtained. The first search allows for relatively large displacements (step
size for translations in both the x-axis and y-axis is 10 pixels); whereas the step size for rotation
and scaling is restricted to 0.5 degrees and 0.05 respectively. These step size values are added
and subtracted from the “default” set-up values for the moving image (initial location along x and
y axis, and initial values for rotation angle and scaling factor - typically 0.0 and 1.0), resulting
in the discrete range of parameter values of the transformations to evaluate. Thus, the search is
“coarse” in the sense that it evaluates transformations at positions that are 10 pixels apart each
time. Nonetheless, all parameter values within the above-mentioned discrete range are evaluated,
making this search “exhaustive” in that aspect. Subsequent searches have smaller step sizes for
translations, reducing the sparsity of the search at each turn - which can be also considered as
“increasing the resolution” of the search for the best transformation at each turn.

Each transformation in the list is applied to each image in the stack and evaluated for regis-
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tration to the fixed image. The metric used for registration is the mutual information between
the fixed image and the transformed moving image when overlapped. A higher value of the metric
indicates a better registration of the images (see 2.4.2). This “coarse-exhaustive” search is done for
each image in the stack. The list of all the transformations evaluated on all images is generated,
and then sorted by descending value of metric obtained for each transformation. A shortlist of the
top 40 transformations is kept as candidate for further evaluation - namely, the 40 transformations
that yield the highest values of mutual information at the registration of any individual image
in the stack to the fixed image. For each candidate transformation in this shortlist, the average
mutual information is calculated. This is obtained by applying the candidate transformation to
each image in the stack for its registration to the fixed image. The transformation with the highest
average mutual information is kept as the best transformation resulting from this search, and will
serve as the starting point for the following search (Fig. 3.3).

The second search investigates the neighbouring area that follows from the best transformation
obtained at search 1. Starting from the parameters of this transformation, the above-mentioned
process is repeated for each image of the stack, evaluating similarity transformations at a higher
number of locations within a smaller region of the fixed image (namely, 49 locations within a
region of 19 x 19 pixels, i.e. grey locations at search 2 in Fig. 3.2 and Fig. 3.3). Thus, as step
sizes decrease in relation to the previous search (3 pixels for translations in x-axis and y-axis),
the transformation of the moving image is now evaluated more precisely, allowing for the second
search to be of a higher resolution than the previous one. As in search 1, the transformation that
returns the highest average mutual information is the one selected as the best transformation, and
thus informs the starting point for the following (third) search. Note that this second search will
either yield a better transformation than the one obtained so far, or will keep the existing one as
the best transformation resulting from these first two searches. Consequently, after a new search
is concluded, the value of the average mutual information will increase or remain the same.

The third search investigates the neighbouring area that follows from the best transformation
obtained at search 2. Starting from the parameters of this result, affine transformations are eval-
uated across 49 locations within a region of 7 x 7 pixels of the fixed image (i.e. all locations at

search 3 in Fig. 3.2). These transformations are defined [31] as follows:

Y = Hsysy 0mimotet, (8) = Al® —c) +E+c (3-2)

where the matrix A allows for translation, rotation, scaling along x and y axis, and shear along
x and y axis. A is a 2x3 matrix composed of the elements (a11, @12,tz, @21, a22,ty). The parameters
of the transformation 4 consist of the scaling factor s, along x-axis and s, along y-axis; the angle
of rotation 6, the shear factor m; along x-axis and my along y-axis, and the translation ¢, along
x-axis and ¢, along y-axis [31]. Please refer to Equations 2.21 and 2.22 for the relationship between

these parameters and the elements of matrix A. This type of transformation allows for the image
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to be treated as an object, which can translate, rotate, and be subject to anisotropic scaling and
to anisotropic shear.

For each image of the stack, the number of transformations to evaluate results from the com-
bination of these 6-parameters, each of them restricted to a discrete range of values. This search
not only takes in smaller step sizes than search 2, but also explores more versatile transformations
with 6 degrees of freedom, allowing for more subtle distortions than those evaluated in the first
two searches. Step size for translations along x and y axis is 1 pixel whilst the step values for its
remaining parameters allow for a rotation step size of 0.05 degrees, and for a scaling factor step
size of 0.005. These step size values are added and subtracted from the transformation parameters
obtained at search 2, resulting in the new discrete range of parameter values of the transformations
to evaluate. As in search 1 and search 2, a list of all the transformations evaluated on each image
of the stack is generated, and then sorted by obtained metric value. A shortlist of the 40 trans-
formations with highest mutual information at any given image in the stack is kept as candidates
for further evaluation. Each candidate transformation is then evaluated on all images, and the
average mutual information is computed for each transformation. The transformation that obtains
the highest average mutual information is kept as the best transformation from this search, and

will serve as a starting point for the following (fourth) search.

3.5 Non-rigid transformations

This fourth search consists in evaluating non-rigid (B-spline) transformations (see Section 2.4.1).
The objective of this search is to find a best transformation to be added as a final “adjustment”
to the moving image, on top of the best affine transformation obtained at search 3. Note that
this follows the assumption that the artworks we work with are nearly flat objects, only needing
a small non-rigid transformation to help adjust the final alignment. This type of transformation,
unlike the ones implemented in the previous searches, entails a parameterised control-point grid
that allows for smooth, continuous, piece-wise distortions to the moving image. These non-rigid
adjustments may be necessary due to non-flat support for paintings (e.g. warped panel, twisted
canvas strainer, buckled paper) or effects linked to the capture devices such as lens distortions,
and it would not be possible to achieve them with the similarity or affine transformations applied
so far.

The implementation of a parameterised control-point grid is built from the notion that the
moving image could be subdivided and treated as a series of regular tiles. Each tile could then be
individually registered to its corresponding location within the target fixed image, where each tile
would benefit from a distinctive affine transformation. Composing each of these affine transfor-
mations, at the location of each tile, would correspond to the effect of a non-rigid transformation
applied to the entire moving image (Fig 3.6). This type of transformation is implemented as

part of the elastix library [25], where B-splines [90] are used as parameterisation as described in
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Figure 3.6: This sequence shows the moving image subdivided into regular tiles, where each
tile benefits from a distinctive affine transformation. Part(a) shows the vectors (at each corner
of the subdivisions) representative of the displacement that would result from applying affine
transformations to each tile. Part(b) shows the vector field resulting from the displacements
intended at each node of the image, corresponding to the effect of a non-rigid transformation
applied to the entire moving image.

3.5.1 B-splines transformations: control-grid point

The control-point grid starts as a regular grid. The number of subdivisions is set in the algorithm,
and is consistent with the spacing of the control-point grid. During the optimisation process, the
positions of these control points can be changed. Each control point has a region of influence

within the image, and can be displaced individually, affecting their neighbouring pixels only.

In the experiments shown here, the control-point grid is set to a resolution of 4 rows x 4 columns.
We have found this grid resolution to be a good compromise between performance (i.e. the degrees
of freedom explored with this grid resolution) and speed of computation. Note that the number
of parameters M increases quadratically with the resolution of the control point grid. Therefore,
increasing the resolution may quickly result in a very high number of parameters that can be
computationally expensive to optimise. In our case, since the artworks we work with are considered
to be almost planar and with very small non-rigid distortions, working with a low-resolution control-

point grid has allowed us to obtain good registration results.
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3.5.2 B-splines transformations: number of parameters

In this type of transformation, the number of parameters to optimise at each iteration is calculated
as M = (P, x ... x P;) x d, with d the image dimension (in this case, d = 2) and with P the
number of control points at each dimension, P = (P, ..., P;). In the experiments presented here,
we assign a grid of 4 rows x 4 columns to a 2D image. For each dimension we will then have 5
control points to denote the grid, plus one control point just outside the image at either end of
the grid. Thus, we will have 7 control points for each dimension, and the number of parameters
M = (7 x 7) x 2 = 98 parameters, which is the amount of B-spline coefficient vectors p;, (for its
components in x and y axis, see Fig. 2.20). Note that these are the parameters that are optimised
in each iteration of this fourth search.

As mentioned in Section 2.4.1, the number of parameters (independent variables) of the trans-
formation corresponds to the amount of degrees of freedom that can be modified in the moving
image. The higher the number of parameters, the more computationally expensive it is to optimise

the transformation to apply.

3.5.3 B-splines transformations: L-BFGS optimiser

It is important to note that this type of transformations involves the optimisation of a much higher
number of parameters than in the previous searches. Whilst similarity and affine transformations
look at optimising 4 and 6 parameters respectively, using the above mentioned settings we now
look at optimising 98 parameters at each turn. In this scenario, working with an exhaustive search
is no longer feasible, as it would take too much computing memory. Instead, for this search, the
optimiser Limited-memory BFGS (L-BFGS) is used [94, 88], see Section 2.4.3. This optimisation
algorithm approximates the Broyden—Fletcher—Goldfarb—Shanno algorithm (BFGS) using a limited
amount of computer memory, and is a popular algorithm for parameter estimation. Storing only a
few vectors that represent an approximation of the inverse Hessian matrix implicitly, the L-BFGS
method is particularly well suited for optimization problems with many variables. In this way,
this fourth search entails over 50% of the overall computation time. The improvements to the
registration due to the implementation of this type of transformation is shown in Fig 3.7. Note
that a different painting, “The Death of Actaeon” (NG6420, The National Gallery, London), is used
in the diagrams of this figure. This artwork was chosen to validate the implementation of this type
of transformations, as it is considered particularly problematic in terms of registration. This is
due to the fact that the technical images were acquired non-consecutively, over an extended length
of time, allowing for changes in position of the optical device, and leading to different distortions
even in adjacent images.

Note that non-rigid registration is known to be the most computationally-expensive step in
any registration method [2, 36, 31], and efforts in reducing the computation time of this type of

registration have resulted in exploring not only the implementation of faster optimisers to handle
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Area above head of Actaeon = size 1289 x 391

initial position (xy) = (1891, 1107)

Titian, “The Death of Actaeon’, NG6420

(a) “The Death of Actaeon” (NG6420, The National Gallery, London), and lead map (Pb-L
lines) representative of scanned area of wooden region above Actaeon’s head of the painting.

d Lo
(c) NG6420, Scanned Area - registration obtained after search 4 (affine plus non-rigid transform applied).

Figure 3.7: Registration of element maps resulting from MA-XRF scanning of area of wooden
region above Actaeon’s head of the painting “The Death of Actaeon” (NG6420, The National
Gallery, London): overlays of target visible image with lead map (Pb-L lines). Part(a) shows the
registration to visible image only. Part(b) shows the registration obtained after 3 searches, with
final affine transformation only, and part(c) shows the registration obtained after 4 searches, with
final composite transformation of affine plus non-rigid transformation. Blue arrows indicate details
where improvement of the registration is most noticeable.

large numbers of parameters [113, 114, 94|, but they have also led to the development of learning-

based methods [36, 37, 35, 38| (see Section 2.5). This step, intended as a final refinement to the
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registration of the moving image, is not always required, as the method can achieve satisfactory
results at the end of search 3. As mentioned at the beginning of this section, this area-based method
follows the assumption that the artworks we work with are nearly flat objects, only needing a small
non-rigid transformation to help adjust the final alignment. However, there have been cases where
the registration provided by this last search did not help enhancing the alignment obtained in
search 3, making inefficient use of computation time or even degrading the alignment obtained
until that point.

Thus, this last search allows for investigation of a final non-rigid best transformation, starting
with an initial transformation as per the one obtained from search 3. Each non-rigid transforma-
tion to evaluate is applied as a composite transformation, together with the best transformation
resulting from search 3. For each composite transformation that is evaluated, the mutual informa-
tion between the fixed image and the transformed image is obtained. This is done for each image
of the stack. Following the procedure for searches 1-2-3, a list of all the composite transformations
evaluated on all images is generated, and then sorted by descending value of metric obtained. A
shortlist of the first 40 composite transformations (those with highest metric at any given image) is
kept as candidates. Each of these composite transformations is then evaluated on all images, and
the average mutual information is computed for each composite transformation. The composite
transformation that provides the highest average mutual information across all images is kept as
the best resulting one from this last search, and will serve as the final transformation to apply to

the full image stack for registration to the target image.

3.6 Discussion

Throughout the implementation of this automated area-based method, the individual images that
constitute the image stack are crucial to identify good candidate transformations. The more
pictorial, relatable information to the target image they may contain, the more suitable candidate
transformations may be identified, since they will obtain a higher value of mutual information when
applied to the individual image. In the case of MA-XRF scans (and other technical images/image
modalities that reveal non-surface features), the images derived may show different information
from one another as well as from that of the visible image, since each of them represents the
quantity map of each chemical element detected by the MA-XRF scan.

If the artwork was created in a way such that the materials and pigments being used were
relatively homogeneously distributed across the painting, it would be likely that a number of
images within the stack contained pictorial information that is well relatable to the visible image
of the painting (Fig. 4.9). On the other hand, if the artwork was created with different materials
for distinctive features or regions of the artwork (such is the case with manuscripts and portrait
miniatures), different materials may be clustered ounly locally throughout the artwork (Fig. 3.1).

Thus, the information in each image may only be relatable to localised, clustered areas of the
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artwork. In Section 4.1.2 we show results of our method when applied to this type of artworks.
Additionally, in Section 4.1.3 we show how, in these cases, it is possible to enhance the image stack
by adding synthetic images resulting from merging two or more individual, distinctive images from
the same stack. By combining the individual images, the information presented by the newly
merged image can facilitate the identification of transformations to register various distinctive
features at once. Another strategy to identify suitable transformations is addressed in Section 4.2.2.
Here, instead of enhancing the information provided by the moving image, an enhanced version of
the target fixed image is created by taking the full-visible image of the painting, and adding the
pixel values of an initially registered technical image with well-defined features. Thus, this new
composed image may now serve as the fixed target image for the registration of the image stacks
corresponding to the scanned areas surrounding the initially registered technical image (Fig. 4.12).

It is important to note that in a painting there are more paint layers and pigments than what
is typical in manuscripts or portrait miniatures. For this reason, technical images of paintings may
have features that cannot be seen in the visible image as they may be covered by other layers.
Moreover, paintings may have features that, although expected to be seen in the corresponding
MA-XRF elemental maps, do not appear because of shielding effects - for example, a heavy atomic
element such as lead may shield the presence of other lighter elements that may be present, simul-
taneously, in the same pixel location*. Another reason why features may not be shown in technical
images can be that the pigment used for these features may be based on materials that contain
elements that cannot be detected by MA-XRF (this may be the case for some pigments based
on organic colorants, for example, red or yellow lake pigments, and most black pigments). As a
consequence, there may be passages that are a clear colour in the visible image, but that colour is
from elements that the MA-XRF does not detect for what they will not appear in the MA-XRF
element maps.

In such cases, the image stacks may contain images with potentially misleading information
for either feature-based or standard area-based methods. The strength of the method presented in
this section relies on the consensus that is achieved among all the images in the stack, allowing to
overcome the presence of images of this kind yet ensuring that these images are correctly registered

to their corresponding area within the visible image of the artwork.

3.7 Summary of this chapter

In this chapter we reviewed the workflow behind the automated area-based method for image
registration of multimodal technical images of artworks, which is the main subject of this thesis.
Building from Chapter 2, this chapter addresses the details involved in the automated registration

of images obtained from MA-XRF scanning of artworks - from setting up the moving image (in

4 The occurrence of shielding effect may result in the signal recovered at that location by the MA-XRF scanning to
identify the presence of lead and miss the signal of the elements that are shielded by the heavier element
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this case, the obtained technical images arranged into an aligned image stack), to the steps used
along the process to identify a unique best transformation to apply to all the images comprising
the stack. This was followed by a detailed explanation of the four searches comprised along the
method, together with the transformations that are consecutively applied at each search. This
section concluded with a discussion of the insights that were gained during the development of this

method. Examples of its application are presented in the next chapter.
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Chapter 4

Experiments

In this chapter we present the experimental setup and results of our automated area-based method
for the registration of element maps resulting from MA-XRF scanning of 2D artworks. We divide
these experiments into two groups: registration of images that capture the entire 2D artwork (this
may be the case for small-sized artworks that can be captured at a reasonable resolution in one
scanning), versus registration of images obtained from multiple scanned areas (this may be the
case for medium-sized and large artworks ). In the second case, it may be necessary to combine
the technical images resulting from the multiple scanned areas to create a single composite image
of the entire artwork. The combination of these images can be guided by the visible image and it
is referred to as mosaicking. Note that it can happen that only the scanning of a detailed small
area may be needed from a large artwork. In this case, it might still be necessary to register that

area in relation to the visible image to show it in its correct position in space.

4.1 Registration of images that capture an entire 2D artwork

In this first set of experiments, we show results for Portrait of Jane Boughton, née Coningsby
(AGOID.29371, The Thomson Collection at the Art Gallery of Ontario) [112]. We apply our
method for the registration of the element maps obtained from a single MA-XRF scanning to the
visible image of the same artwork.

Firstly in this section, we show registration results of a moving image that is composed of the
original images obtained from MA-XRF scanning. Secondly, we show registration results using a
moving image that is composed of the original images obtained from MA-XRF scanning of the entire

artwork, plus an additional synthetic image. This additional image is obtained as a combination of

1 In example, the painting of the case study presented in Chapter 3, “The Virgin of the Rocks” (NG1093, The
National Gallery, London) is 120 cm x 189.5 cm in size, and it was scanned in areas of about 48.7 cm x 44.3 cm
(such as the scanning area above the head of the angel, shown in Figs. 3.5, 2.6). Note that, although the maximum
scanning area of this instrument (MA-XRF scanner M6 JETSTREAM, Bruker Corp.) is 60 cm x 80 cm, the
scanning of the artwork may be conducted in areas of smaller dimensions as these may depend on the resolution
required, the resulting duration of the scan and the overall dimensions of the painting.
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two or more of the original images of the stack, enhancing the quality of the registration obtained.
Finally, for the purpose of comparing results, we conduct the registration of these images with the

automated feature-based method developed by Conover et al. [11], presented in Section 2.3.4.

4.1.1 Experimental details

We work with a selection of 15 of these element maps (see Fig. 3.1), which were obtained by the
teams at The Hamilton Kerr Institute and The Fitzwilliam Museum [112], as follows: a MA-XRF
scanner (M6 JETSTREAM, Bruker Corp.) equipped with a 30 W Rh tube with polycapillary
optics operated at 50 kV and 600 A and dual 60 mm? SDD detectors set to a 275 keps threshold
was used to scan the object. The scan was completed with the instrument head at a distance of
approximately 12 mm from the surface of the painting, resulting in an X-ray spot size of 100 pm.
The pixel size was also set to 100 pm (setting the spatial resolution of the element maps obtained)
and a pixel dwell time of 10 ms was used. Note that, using these settings, it took about 60-80
minutes to scan each of these artworks of size circa 5 cm x 5 cm. The data was processed using the
Bruker ESPRIT software, using the in-built deconvolution function. The resulting images are 8-bit
2

colourised tiffs that have in some cases undergone further manipulations involving subtractions <,

intensity adjustments and/or pixel averaging.

4.1.2 Image stack composed of element maps obtained from MA-XRF

scanning only

For the registration of Portrait of Jane Boughton, née Coningsby with our area-based method,
the image stack is composed of the above-mentioned selection of 15 element maps (Fig. 3.1).
These images are 470 x 470 pixels in size. The output of this method is an optimised unique
transformation, obtained with consensus among all images in the stack, that can be applied to the
entire image stack. See Fig. 4.1 for the image setup that applies to this first experiment.

The method is started by assigning an initial location to the moving image, so that it is
positioned as close as possible to the target fixed image. Note that the initial location of the
moving image is provided as an input by the user. At this stage, the misalignment of these images
may be highly noticeable when visualising their overlay (Fig. 4.2(b)).

As described in Section 3.2, the method is composed of four stages called searches (Fig. 4.3).
At each of these stages, a series of transformations are evaluated across all the images in the
stack, and a unique best transformation is selected with consensus among these images. Thus at
each stage, the moving image is progressively better aligned to the target fixed image. Initially,
the moving image is subject to transformations that provide coarse approximations. These are
followed by more detailed alignments, as more suitable transformations are identified after each

search. The final non-rigid transformation allows for the more subtle, overall alignment of the

2 Please refer to details in Fig. 3.1, in particular maps corresponding to parts(g, j, m).
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OUTPUT of registration

Target image (visible) Overlay of target image and
size = (470, 470) transformed moving image
size = (470, 470)

Moving image /
Stack of images, size = (470, 470)
As per original MA-XRF scan

Figure 4.1: Initial setup of working images. The moving image consists of a stack of images that
are selected from the MA-XRF scanning. These are registered, one at a time, to the target (visible)
image of the artwork. The output is a unique best transformation, that is identified with consensus
and can be applied to the full image stack. Overlays are created for inspection of results - here,
the element map of gold is shown for reference.

images of the artwork. Please refer to Sections 3.4 and 3.5 for further information of these stages
of the method. Overlays showing the initial alignment and final alignment obtained in this case

are shown in Fig. 4.2(b,c).

(c)

Figure 4.2: Registration of MA-XRF scanning of Portrait of Jane Boughton, née Coningsby: (a)
Au-La map and (b) Overlay of target visible image with Au-La map, shown at the commencement
of the registration method as the initial alignment; and (c¢) Overlay of target visible image with
transformed image of Au-La map, shown as reference of the final alignment.

In the case of these Portrait miniatures, where the artwork and its technical images are relatively
small in size, the improvement of the registration offered by the last step is only barely noticeable,
and thus the first 3 searches are normally sufficient. However, the final non-rigid transformation
provides noticeable enhancement to the registration of the images of larger artworks (i.e. Fig. 4.7).

This type of transformation is especially useful when the artwork is set on a non-flat or undulating
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Result of search 2 Result of search 3 Result of search 4

Initial Alignment Result of search 1 Result of search 2 Result of search 3 Result of search 4

's1', {'scale": 1.005, rot": -0.00872, ‘s2', {'scale”: 1.01, 'rot : -0.0174, ‘s3',{'a11:1.01, ..., 'a22": 1.01, ‘sd', params_transform = {"tr_0..,
"tx': 5.0, "ty": 10.0, "tx': -3.0, 'ty’: 7.0, "tx": -2.0, "ty": 8. D "tr_97": 0.000157,
'mi_average': 0.2518} 'mi_average': 0.2685} 'mi_average’: 0.2723} 'mi_average’: 0.2882}

Figure 4.3: Overlays of target (visible) image and transformed moving image (gold (Au-La element
lines) maps with the corresponding applied transformations that are obtained at each stage of the
method). This sequence illustrates the metrics obtained at each step, reflecting the incremental
maximisation of mutual information. The top row shows the full images overlaid, and the middle
and bottom row show progressively more highly magnified details from the regions indicated with
red boxes on the row above.

support (see Section 3.5). Thus, it is a choice of the user to implement this fourth search, as it is

also the most time consuming stage (involving about 50% of the total computation time).

As discussed in Section 2.2.1, the images obtained from MA-XRF scanning show the different
chemical elements present in the artwork, and thus these images may show different features of the
pictorial composition. In the case of Portrait miniatures, the pigments and other materials (such
as gold leaf) utilised for the different regions of the artwork are quite different from one another,
resulting in limited overlap between different element maps. As a consequence, each element
map may highlight areas of the artwork that may be ezclusive to that map (for example, notice
the difference between the elemental maps of gold and lead in Fig. 4.4). Thus, some candidate
transformations identified by the method may be efficient for the registration of the element maps
showing, e.g., features of the clothing shown in the artwork only, whereas other candidates may be
effective at the registration of the inscriptions - while not accounting for the features in the clothing
at all. In the following experiment, we show that including an additional image resulting from
combining individual images containing distinctive information of the artwork can help enhance

the final registration.
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4.1.3 Image stack composed of images obtained from MA-XRF scanning

plus additional synthetic images

In the case of the second experiment, the image stack is composed of the 15 images used in
the previous experiment plus an additional synthetic image. This synthetic image is created by
combining two or more images from the same stack that have distinctive information from different
elements of the pictorial composition. Here we combine the element maps of lead (Pb-Ma lines)
and gold (Au-La lines). See Fig. 4.4 for the image setup that applies to this approach, and Fig. 4.5

for registration results.

OUTPUT of registration

Au-LA element map Pb-MA element map Composite image Stack of images, size = (470, 470)

(Au-LA + Pb-MA) As per original MA-XRF scan
f Overlay of
size = (470, 470) !
o Target image
Regist‘ration and

Transformed moving image
size = (470, 470)

(One image at a time for
inspection of results,
here Au-LA map is shown)

Target image (visible)
size = (470, 470)

Figure 4.4: This sequence shows the creation of the synthetic image, created by combining the
lead and gold element maps. This composite image is added to the stack of images obtained from
MA-XRF scanning. This augmented image stack constitutes the moving image, that is registered
to the visible fixed image. The output is a unique best transformation, that is identified with
consensus and can be applied to the full image stack.

Belonging to the same image stack, the selection of which images to combine is based on the
features they show. The more distinctive they are, the better candidate transformations will be
identified by the method. In this case, the image of the element map of lead shows features of the
clothing and facial features of the subject shown in the artwork, whereas the element map of gold
shows details of the inscriptions in the artwork. The selection and number of images to combine
is a choice of the user, as multiple combinations are possible.

Again in the case of the Portrait miniatures, where the artwork and its technical images (470
x 470 pixels at original resolution) are relatively small in size, the improvement of the registration
offered by adding a synthetic image is only barely noticeable, and thus the results obtained for
the registration of the standard moving image composed of only the original images obtained from

MA-XRF scanning might suffice. However, this technique has shown noticeable improvements
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Figure 4.5: Registration of MA-XRF scanning of the Portrait of Jane Boughton, née Coningsby:
overlays of target visible image with Au-La map. Final alignment obtained with the original stack
of 15 images ounly (a), and final alignment obtained with the enhanced stack of 15 images plus
additional synthetic image (b). In red is shown a close-up detail of the S inscription, showing
slight improvement of the registration by the addition of the synthetic image to the image stack.

to the registration of images of higher resolution. Thus, we proceed to show results for a case
where, instead of reducing the resolution of the visible image of the artwork to match the original
resolution of the MA-XRF scanning (see Section 3.3), the resolution of the technical images is
increased to match the resolution of the visible image of the artwork (see Fig 4.6).

In the following experiment, the images for registration are the upscaled (i.e. enhanced res-
olution) version 3 of the element maps obtained from MA-XRF scanning of the Unknown Man,
formerly called Edward, Baron Herbert of Cherbury (AGOID.29377, The Thomson Collection at
the Art Gallery of Ontario) [112]. Note that the resolution of these element maps is increased so
as to match the resolution of the visible image of the artwork, from 470 x 470 pixels to 2991 x
3660 pixels. Fig. 4.6 shows the setup of the resulting images for registration. Part(a,b,c) show
the enhanced resolution version of the element maps of lead, copper and gold respectively. These

images are combined to produce the synthetic image * (part(d)) that is added to the image stack

3 technical images were enlarged using the "Preserve Details" method in Photoshop 2021 to match dimensions of
the visible image of the artwork - from their original size of 470 x 470 pixels to 2991 x 3660 pixels.

41In this case, technical images are combined after being set to 1/3 of their intensity value, so that the image resulting
from the combination of the three technical images does not surpass the limit pixel value of 255 for 8-bit images,
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(part(e)) for registration to the target fixed image, which is the greyscale version of the visible
image, at its original resolution of 2991 x 3679 pixels (part(f)). Thus, the moving image consists
of the selected images obtained from the MA-XRF scanning, plus the additional synthetic image.
The output is a unique best transformation, that is identified with consensus and can be applied to
the full image stack. Part (g) shows the overlay of the visible image and the registered elemental
map of gold.

A comparison of the results of the registration conducted with the standard moving image (i.e.
composed of the image stack of 15 images obtained from MA-XRF scanning), versus registration
conducted with the augmented moving image (i.e. composed of the image stack of 15 images plus

the synthetic combined image) is shown in Fig. 4.7.

Stack of images as per
MA-XRF scanning
size = 2991 x 3660 pixels
Images to combine (from stack of images as per
MA-XRF scanning, size = 2991 x 3660 pixels

( (a) (b) N\ Combined image

OUTPUT
of registration

Registration

Wi

i (f)

Target fixed image
(visible image)

size = 2991 x 3679 pixels

Figure 4.6: Registration of MA-XRF scanning of the Unknown Man, formerly called Edward,
Baron Herbert of Cherbury (AGOID.29377, The Thomson Collection at the Art Gallery of Oun-
tario) [112]: setup of the images for registration. Parts (a,b,c) show the enhanced resolution version
of the element maps of lead (Pb-Ma), copper (Cu-Ka) and gold (Au-La) respectively. These im-
ages are combined to produce the synthetic image (part (d)) that is added to the image stack
(part (e)) for registration to the target fixed image, which is the greyscale version of the visible
image, at its original resolution (part (f)). Note that here the elemental maps obtained from the
MA-XRF scanning of the artwork have been altered by increasing their original resolution to match
the resolution of the visible image of the artwork. Thus, the moving image consists of the selected
images obtained from the MA-XRF scanning, plus the additional synthetic image. The output is a
unique best transformation, that is identified with consensus and can be applied to the full image
stack. Part (g) shows the overlay of the visible image and the registered elemental map of gold.
Images after The Hamilton Kerr Institute and The Fitzwilliam Museum [112].

while maintaining the individual details of each elemental map in the combination.
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Figure 4.7: Registration of MA-XRF scanning of the Unknown Man, formerly called Edward,
Baron Herbert of Cherbury (AGOID.29377, The Thomson Collection at the Art Gallery of On-
tario) [112]: overlays of target image (visible image at its original resolution of 2991 x 3660 pix-
els) with element map of gold (enhanced resolution version). Parts(a, d) show the overall initial
alignment of these images and a detail, respectively. Parts(b, e) show registration results (final
alignment, after the fourth search of our method) obtained with the standard moving image of 15
images only, and parts(c, f) show corresponding registration results obtained with the augmented
moving image composed of 15 images plus the synthetic additional image, resulting from the com-
bination of the elemental maps of gold, lead and copper. Arrows in red show the misalignments
that are overcomed at the registration of the augmented moving image, shown here with blue
arrows. Images after The Hamilton Kerr Institute and The Fitzwilliam Museum [112].

4.1.4 Comparison of results: registration with feature-based methods

Following the previous two experiments, in this section we show results for the registration of
the images obtained with MA-XRF scanning of the Portrait of Jane Boughton, née Coningsby
using feature-based methods. In particular, we show results after conducting registration of these
images with the method proposed by Conover et al. [11], which follows the procedure presented in
Section 2.3.4.

Since this method is designed to register only one image at a time (e.g. does not cater for
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obtaining consensus among multiple images in a stack), we proceeded to test three element maps
that show patterns and shapes that bear significant resemblance with the visible image of the

artwork (Fig. 4.8 (a), and images to register, element maps of gold (Au-La), lead (Pb-Ma) and

copper (Cu-Ka), Figs. 4.8 (b, d, ) respectively).

Xeray Registration Tool

(f) ()

Figure 4.8: Registration of MA-XRF scanning of the Portrait of Jane Boughton, née Coningsby:
Registration of element maps of gold (Au-La), lead (Pb-Ma) and copper (Cu-Ka), to the visible
image of the artwork, shown in part (a). Parts (b, ¢) show the elemental map of gold and the
resulting registration with the selection of feature pairs from the image (indicated with green
arrow), where the registration was successful. However, Parts (d, e) and (f, g) show the elemental
maps of lead and copper together with their "Results" message box where the registration fails to
identify feature point pairs within the maximum disparity threshold (indicated with blue arrows).

This registration method gave good results for the element map of gold. In this case, the
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algorithm was able to successfully identify matching feature points within the threshold required
(set to 2 pixels for the case of this exercise, see Mazx disparity in Fig. 4.8 (c)). However, in the
case of the elemental maps of lead and copper, the algorithm failed to identify matching points
within this threshold ° (Fig. 4.8 (e, g)). Our belief is that these elemental maps show large areas
of similar intensities with no distinctive or salient features that could be identified in the same
way that a minute detail such as craquelure would be (see Section 2.3.4). Whereas, in the case
of the element map of gold, there is an abundance of point-like features that can be relatable to
corresponding salient features in the visible image of the artwork 6. Thus, if addressing registration
of technical images obtained from MA-XRF scanning, the success of this method would depend on
the registration obtained for specific images within the stack that constitutes the moving image,
and would not be able to establish a consensus among the images as proposed here, as not all the

images would be able to identify valid transformation candidates.

4.2 Registration and mosaicking of images that capture par-

tial areas of a 2D artwork

In this second set of experiments, we focus on the case study presented by the painting “The Death
of Actaeon” (NG6420, The National Gallery, London) [115]. We consider the images obtained from
a series of MA-XRF scanning of neighbouring areas of the artwork 7, for their registration to the
visible image of the same artwork. The goal is to create technical images resembling the full extent
of the scanned areas of the painting, by combining the corresponding element distribution maps
of each scanned area that is registered to the visible image. This process is called mosaicking (see
Section 1.1.2).

For the case of this artwork, the selected images are 12 element maps, namely: potassium (K
- K lines), calcium (Ca - K lines), titanium (Ti - K lines), manganese (Mn - K lines), iron (Fe
- K lines), cobalt (Co - K lines), copper (Cu - K lines), arsenic (As - K lines), barium (Ba - L
lines), mercury (Hg - L lines), lead (Pb - L lines) and lead (Pb - M lines), (Fig. 4.9). Using the
area-based method presented in Section 3, we show registration results for six scanned areas (Fig.
4.10). The resulting image stacks for each scanned area are of different sizes, ranging from about
150 x 950 pixels, to about 950 x 950 pixels. Here the pixel size was set to 580 um, setting thus a
lower spatial resolution of the element maps obtained than that of the Portrait miniatures (where

pixel size was set to 100 pm), as well as than that of the visible image of the artwork.

5 A threshold of 2 pixels is a commonly used value to work with. Especially in this case, where the size of the
technical images is 470 x 470 pixels, the threshold should not be higher than this value.

61t is important to note that these technical images, of 470 x 470 pixels, are of a much lower resolution than
other image modalities such as X-radiographs, hyperspectral images or infrared reflectograms, which are normally
registered successfully with this method.

7 The MA-XRF scanning of this painting follow the areas as described in Fig. 4.10, allowing for an overlap of circa
5 cm of the margins of any two consecutive areas. Note that this is a fixed overlap rather than a percentage of the
scanned area.

100



It is also important to note that the scanning of this painting was done in two campaigns, and
this resulted in two different scanning setups leading possibly to a different alignment of the MA-
XRF scanner relative to the painting. For this reason, the registration of these technical images
was considered a particularly challenging case.

The resulting MA-XRF datacubes were processed to create the element maps (i.e. the moving
image) using the "fast" automatic deconvolution algorithm developed by Su Yan et al. [27]. Note
that this algorithm produces element distribution maps for a set of line-groups of each detected
element (i.e. groups La and Lf are combined into a single group L for the elements detected

along the corresponding energy line (L)). The resulting images compose the image stacks that are

treated as the moving images.

(a) K-K map (b) Ca-K map (c) Ti-K map (d) Mn-K map

(f) Co-K map

(h) As-K map

(i) Ba-L map (j) Hg-L map (k) Pb-L map (1) Pb-M map

Figure 4.9: Element distribution maps: selection of 12 images derived from the MA-XRF scanning
(area d02, see Fig. 4.10) of the “The Death of Actaeon” (NG6420, The National Gallery, London).
These compose the image stack which we treat as the moving image.

A possible approach is to independently register each scanned area to its corresponding region

of the visible image of the painting. In this case, for each scanned area of the painting, an image
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AREAS SCANNED . Technical Images (MA-XRF Image-stacks)

d02 = (941, 959)

d03 = (1289, 391)

Titian, “The Death ofA“agon", NGE420 d09 = (596, 967) d08 = (411, 966) d10=(710, 832) d13 =(148, 963)

Figure 4.10: Full-visible image of the painting, scaled down to match approximately the original
resolution of the scans (with white boxes indicating the positions of the scanned areas), and
technical images (covering different regions of the artwork) derived from MA-XRF scanned areas
d02, d03, dos, d09, d10, d13 (moving images, with element maps of lead (Pb-L lines) shown as
representative top image of each image stack). Note that the numbering of the datacubes serves
as an indicator that these areas were scanned in a non-consecutive manner.

stack is composed of the above-mentioned selection of element maps and thus treated as the moving
image for its registration to the visible image of the painting only.

However, when collecting technical images from different areas of the same artwork, it may occur
that some element maps contain more pictorial information than others. Some areas may cover
regions of the painting where the composition might feature sharper edges, or contain well-defined,
recognizable pictorial structures. If these well-defined structures are apparent in both moving and
fixed images, a higher value of mutual information can be obtained during the registration process,
thus helping to identify candidate transformations that may lead to a satisfactory alignment of
the images. On the other hand, there might be cases where element maps derived from scanned
areas contain features that might not be present in the visible image of the painting. In such
cases, the features that may be apparent in the MA-XRF elemental maps of a given scanned
area might relate more successfully to the features shown in the corresponding elemental maps
of a contiguous scan (namely, in the overlapping regions of these scanned areas), rather than to
the features of the corresponding region of the visible image. Thus, the registration results can
be leveraged by using the information of neighbouring scanned areas. This is done by initially
registering the images derived from scanned areas that are larger in size and with well-defined
features, and then producing a combined image that will serve as the target fixed image to register
the remaining, surrounding scanned areas. Thus in this experiment we enhance the target fixed

image (by combining the visible image of the artwork with the information of a selected elemental
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map), which contrasts with the approach of enhancing the image stack with a synthetic image as

implemented in the previous experiment (described in Section 4.1.3).

4.2.1 Registration of image stacks to the visible image of artwork

In this example, the first image stacks to be registered to the visible image are the ones corre-
sponding to areas d02 and d09, as shown in Fig. 4.11. Using the area-based method presented in
Section 3, a best transformation was found and applied to these image stacks. In the case of this
painting, not only image stacks d02 and d09 contain images with well-defined features that are
apparent in the visible image of the artwork, but also they are surrounded by other scanned areas,
as they are located at the centre of the visible image of the painting. Thus, their initial registration
may help to inform the registration process of the remaining, neighbouring image stacks. Note
that this is a painting with several changes in the composition, resulting in the elemental maps

showing information that is not visible at the surface of the final artwork [115].

d02 =941 x 959

d09 =596 x 967

Titian, “The Death of Actacon”, NG6420

Figure 4.11: Initial registration of image stacks d02 and d09 to the visible image. This can be used
to inform the registration process of the remaining, neighbouring image stacks. Element maps of
lead (Pb-L lines) are shown.

4.2.2 Registration of image stacks to the visible image of artwork with
additional information of neighbouring image stacks

Once the initial image stacks are registered to the visible image of the painting, a new target fixed

image based on the original visible image of the painting is produced. This is done by combining

the visible image of the painting with additional information from the registered image stacks d02

and d09. For the case of this painting, we select the element map of lead (L-lines) since it has
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recognizable pictorial structures 8. We combine these images by taking the pixel values of this
element map at the locations of the “transformed” image stacks d02 and d09, and add these to the
pixel values at the corresponding locations within the visible image of the painting. In this way, a
new combined image of the painting is produced.

This combined image may now be used to register the image stacks corresponding to the scanned
areas surrounding d02 and d09 (Fig. 4.12). Using the area-based method presented in Section 3,

image stacks of areas d03, d08, d10, and d13 are registered to this combined image.

d10=710x 832

d03 = 1289 x391

d08 =411 x 966

Titian, “The Death of Actacon”, NG6420

Figure 4.12: Registration of image stacks d03, d08, d10 and d13, to their corresponding regions
of the visible image plus additional information of image stacks d02 and d09. The element maps
of lead (Pb-L lines) are shown for reference as the first image of the neighbouring image stacks.

The method is applied to all remaining neighbouring image stacks, one at a time, so that they
become registered to the full visible image of the painting. For each of these image stacks, the
target image is created as follows: firstly, the full visible image of the artwork is combined with
the initially registered elemental maps of choice as described above. Then, from this combined
image representative of the entire artwork, a series of regions corresponding to each individual
scanned area are selected to serve as the individual target fixed images, respectively. For this
purpose, the combined image becomes an “enhanced” version of the visible image of the painting,
by combining the latter with additional information from the images of interest (in this case, the

elemental distribution map of lead of the initially registered scanned areas d02 and d09).

Once the remaining image stacks are registered to the target fixed image, it possible to create

8 Note that the distribution map of lead is also a good one to see the pentimenti as lots of the changes done by the
artist are to do with positioning, for example, of the figures or limbs of characters.
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Figure 4.13: Registration of MA-XRF scanning of “The Death of Actaeon” mosaic images of lead
maps (Pb-L lines) of scanned areas d02, d03, d08, d09, d10 and d13 registered to visible image
plus additional information of registered scanned areas d02 and d09. The mosaic image is shown
overlayed to greyscale version of visible fixed image.

a mosaic image of the technical images belonging to all six scanned areas (Fig. 4.13), and assess
not only their individual registration to the visible image of the painting, but also the overlapping
areas between any two consecutive technical images. The benefits of using the information of
neighbouring image stacks can be seen in the comparisons presented in Fig. 4.14 and Fig. 4.15.
By initially registering the image stacks d02 and d09, the continuity between any two consecutive

registered technical images is noticeably improved.

4.3 Runtime performance

The experiments presented in this chapter were conducted with an Intel core i7-7700 CPU @
2.80GHz, and 32GB RAM. Registration with our area-based method requires under 5 minutes
using this CPU, for a stack of 15 images of about 500 x 500 pixels in size (as it is in the case of
the experiments conducted with the Portrait miniature of Portrait of Jane Boughton, née Con-

ingsby (AGOID.29371, The Thomson Collection at the Art Gallery of Ontario) [112], shown in
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Figure 4.14: Registration of MA-XRF scanning of “The Death of Actaeon™ mosaic images of iron
maps (Fe-K lines, inverted for clarity at visual inspection) of scanned areas d02, d03, d08, d09, d10
and d13 registered to visible image. Comparison of registration to target image with information of
visible image only (a), and registration to target image with information of the visible image plus
additional information of registered scanned areas d02 and d09 (b). Note that these mosaicked
images were obtained by simply layering the registered moving images one on top of another. See
Section 5.4 for a detailed description of visualisation of results.

(a)

Figure 4.15: Detail of registration of MA-XRF scanning of “The Death of Actaeon™ mosaic
images of iron maps (Fe-K lines, inverted for clarity at visual inspection) of scanned areas d02 and
d13 registered to visible image. Comparison of registration to target image with information of
visible image only (a), and registration to target image with information of the visible image plus
additional information of registered scanned areas d02 and d09 (b). Blue arrows indicate details
where improvement of the registration is particularly noticeable.
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Section 4.1). This is a guideline only, since the time required for registration is naturally subject

to the size of the image stack and resolution of the working images.

4.4 Discussion

Throughout the experiments shown in this section we note that this area-based method is highly
sensitive to the initial location that is assigned to the moving image at the beginning of the process.
The task of finding this best initial location (assigning a translation along x and y axis respectively,
an initial angle of rotation and an initial scaling factor so that the moving image is positioned as
close as possible to its best alignment to the visible fixed image) may require a lot of the user’s
attention. The outcome of the method depends much on this aspect: the better the initial location
of the moving image, the more accurate the registration to the visible image will be. Thus, setting
a good initial position is key to the success of the registration °.

Whether using an automated method, or conducting the registration manually, is it customary

that an initial location '©

would be found by means of inspecting the images to align in an image
processing software package such as GIMP [15] or Photoshop [14]; and evaluating their overlap by
manually arranging the images until an initial location, that the user is satisfied with, is found.
This can be time-consuming and entail extra steps in the registration workflow. Thus, providing
the user with an integrated and effective way to identify a good initial position was one important

factor to consider in the process of developing the Graphical User Interface that is presented in

detail in the next chapter.

4.5 Summary of this chapter

In this chapter we reviewed the practical application of the workflow presented in Section 3 for
registration of technical images of artworks obtained from MA-XRF scanning to the visible image
of the same artwork. This chapter started by addressing the registration of technical images that
capture the entire artwork in one MA-XRF scanning. Within this case, we reviewed results of
registration using a standard image stack composed of the element distribution maps obtained
from MA-XRF scanning only, as well as results of registration using an augmented image stack
composed of the same images plus an additional synthetic image resulting from the combination

of two or more images from the original, standard image stack.

9 Note that, whilst the user needs to assign the parameters for an best initial location, the final outcome of the method
is a composite transformation. This is composed of an affine transformation (resulting from the method’s third
search, see Section 3.4) plus a non-rigid transformation (resulting from the method’s fourth search, see Section 3.5)
that is applied to the moving image for its registration to the visible image. This composite transformation is
"built" on top of these initial parameters assigned by the user for the best initial location.

10 Note that this requirement stands for most methods, especially the ones used in Heritage Science, such as the

method developed by Conover et al. [11], ImageCompare [12], or the registration method developed by the
Conservation and Science Department of the Rijksmuseum [111].

107



This was followed by addressing the case where the artwork is captured in more than one MA-
XRF scan. Here, the resulting image stacks need to be registered individually to the visible image
of the artwork, for the purpose of generating a mosaic technical image (here a set of MA-XRF
element distribution maps) showing the full extent of the scanned areas of the artwork. Within
this second case, we reviewed results of registration using the standard visible image as the target
fixed image, as well as results of registration using an augmented visible image resulting from the
combination of the original visible image plus the information from MA-XRF element distribution
maps that are initially registered to it.

This chapter concluded with a discussion of the runtime performance, and the insight that
finding a good initial location of the moving image within the visible fixed image is a determining
factor for a successful registration. Yet this can be a time-consuming task, and this being a manual
step, it may depend much on the skill of the user. With the aim of simplifying this process of
setting up the initial locations, as well as unifying all of the steps involved in using this automated
area-based method, a Graphical User Interface (GUT) has been developed to provide a user-friendly
browser-based tool. This GUI is presented next in Chapter 5.
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Chapter 5

Graphical User Interface (GUI)

This chapter showcases the graphical user interface (GUI) developed for the area-based registration
method presented in Chapter 3. It starts by describing the steps of the workflow required to perform
the registration of a set of images: from the selection and alignment of the input images, to the
creation of a settings file containing all the corresponding information (i.e. images to align and
their assigned initial positions) that is required to perform the registration with our automated
method. The chapter then discusses the requirements and constraints that motivated the technical
decisions that are at the basis of this application to ensure it best meets end-user needs. The
overarching goal was to develop an application that could run in the browser of any computer,
e.g. a browser-based application. We then conclude this chapter by discussing further work that
would be ideal to address within the application such as the inclusion of image processing tools for
more detailed image analysis (e.g. histograms to help with the visualization of individual images)
or manipulation (e.g. Gaussian filters, pixel averaging) to obtain smoother transitions between
overlapping consecutive images of potentially different intensity values in mosaicked or composite

images.

5.1 Introduction

The purpose of developing this GUI is to simplify the use of the area-based registration method
described in Chapter 3 by making the functionality accessible to the user through the browser
(thus removing the need for the user to interface with the code directly), as well as to facilitate the
process of setting up the initial locations of multiple image stacks relative to a target fixed image
in a streamlined workflow. Thus, developing the GUI as a browser-based application allows any
user to perform a registration, without prior training in coding or image processing techniques.
Additionally, it allows the user to access the application from any computer, without the need to
install it on a personal computer. An overview of the steps implemented by our GUI is presented

in Fig. 5.1.
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Figure 5.1: Graphical user interface (GUI): Overview of the steps involved in our GUI Part(a)
illustrates the user uploading the target and moving images; part(b) illustrates the user setting the
initial parameters of the images to align. Once data is then passed to the registration algorithm
(part (c)), the user may instruct the execution of the registration (part(d)). Finally, the user can
view and download the results and registered images.

As mentioned previously in Section 4.4, the initial locations of the images of interest would
be normally set up manually in an image processing software package such as GIMP, Photoshop
or Inkscape. Once the user is satisfied with the position of the moving image relative to the
fixed image, the parameters would be noted down manually and passed as input to the automated
registration method of choice. Alternatively, the user would proceed with the registration in the

same software in a manual manner.

To execute our automated area-based method (see Section 3.4), an initial one-off input contain-
ing the parameters of the initial locations assigned by the user for each moving image as well as
for the fixed image is required. In order to facilitate this vital initial alignment step and pass the
starting information to the algorithm (and thus avoid having to manually transfer this information

and editing the underlying code of the algorithm), the GUI is designed so as to allow the user to
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select the images to align and designate the initial parameters to apply to them - such as trans-
lation along x and y axis, rotation and scaling. These parameters constitute the initial locations
of the images to align. Once these parameters are defined for all the images of interest, they are

saved into a settings file, which is then used as the input to start the registration process.

The development of the GUI has been undertaken in two stages. A first GUI was developed
that undertook the above-mentioned setting-up steps (i.e. creation of the settings file) only and

this is described in Section 5.2 and Appendix A.

A more sophisticated, second GUI that is able to undertake the full workflow was subsequently
developed, into which all of the functionality of the initial first GUI has been incorporated (see
Fig. 5.6). This is described in section 5.3. The technical reasons for this approach to the develop-
ment of the GUI are described in Section 5.1.1.

5.1.1 Software and accessibility constraints: client-server architecture

As we wanted to develop a GUI that would allow any user to perform a registration (i.e. without
prior training in coding or image processing techniques), and to be able to access the application
from any computer (i.e. without the need to install it on a personal computer), we focused on
the development of a browser-based application, with an intuitive interface that would be freely

accessible from any computer connected to the internet.

However, our area-based method is written in python, leveraging SimpleITK, which is an image
processing library developed for the medical imaging sector and is written in C++. This imposes
some difficulties to directly run the registration algorithm in a browser, due to the fact that python
and C++ do not run in a browser environment. This issue motivated us to build an intermediary
that executes the registration algorithm on behalf of the browser-based application. This, in turn,
implies the need for a client-server architecture!. Please refer to Fig. 5.2 for an overview of this

setup.

The browser-based application constitutes the client, and the intermediary (the piece of software
executing the area-based method) constitutes the server application. This is a flexible architecture
that allows the server to be installed on any computer: it can be installed on the user’s local
computer, or on a remote computer (i.e. in the cloud or on another on-premise computer). Note
that this type of architecture allows the user to instruct registrations as a queue of work to be
executed by the server in series or in parallel, independently to the activity of the user in the

browser-based client part of the GUI.

11In this case, a client refers to a piece of computer software that interacts with a server (which is another piece
of software which can reside in another computer system, and may liaise with the client by means of a network).
These are the fundamentals of the client—server model of computer networks. [116]
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Figure 5.2: Graphical user interface (GUI): client-server architecture. This sequence shows the
interaction of the user with the client (browser-based application), which in turn establishes com-
munications with the server application for executing the registration and saving results in the
corresponding file system. In this setup, the user instructs the client to run the registration. The
client, in turn, instructs the server to do this on its behalf. Once the registration is completed, the
server notifies the client, which in turn notifies the user. The user can then proceed to request and
download the results from the client.

5.2 Browser-based client application: interface for selecting

images in the browser and setup of initial locations

Initially, the GUI developed consisted of a browser-based application that allowed the users to select
the images to align and designate the initial parameters to apply to them - such as translation along
x and y axis, rotation and scaling. Once these parameters are defined for all the images opened
in the GUI, they can be saved into a settings file that can then be used as an input to start the
registration process. Please refer to Fig. 5.3 for an overview of the first GUI, and to Appendix A
for a detailed user guide on how to navigate this first version of the GUI client application.

Our GUI facilitates the process of setting up the initial locations of multiple image stacks
relative to a target fixed image by enabling the possibility of setting the initial location of multiple
moving images in the same interface. The user can thus visually inspect all the images jointly
and automatically export these parameters, together with the information of all images selected,
to a single settings file. This, in turn, facilitates the process of potentially evaluating alternative
configurations (such as different initial locations of the moving images) as the settings file can also
be saved as work-in-progress and continued later at another session.

Please refer to Appendix A.1 for a detailed overview on how to assign the initial parameters to
the images to align and create the settings file. As mentioned earlier, the purpose of developing

this first GUI is to simplify the process by which the images to register are set up with their
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Figure 5.3: Initial graphical user interface (first GUI). This image shows the interface of the
browser-based application. Here, this interface shows the setup of the initial locations that are
assigned by the user to each moving image in relation to the target fixed image (here the visible
image of the painting “The Battle of San Romano”, NG583, The National Gallery, London [117]).
Part(a) shows the dimensions (set by the user, in this case 1000 x 650 pixels) of the canvas, shown
in (b), which is the window with red edges for visualising the workspace with the images that are
selected for alignment. Part(c) shows the uploading working images button, which enables the
user to select, firstly, the fixed image, and after that at each consecutive time, the images that
constitute each moving image. Part (d) shows the fixed image and its settings, and parts (e,f)
show the moving images (represented in the canvas by the element maps of lead (Pb-L), on top
of the visible image) and its settings. Note that each moving image is an image stack (resulting
from each individual scan area), composed of individual images. For visualisation, these individual
images are displayed in a row in the GUI (parts (e,f)). However, when registered they are placed
one on top of the other, since they all belong to the same image stack. All images belonging to the
same stack have to be of the same size, and are assumed aligned by construction. Note that the
fixed image (which is the first one to be selected) remains in the background, and each consecutive
moving image is placed on top of it. Part(h) shows the dialog boxes where the user can input
the parameters for the image that is selected in the workspace (in this case, the fixed image is
selected and this is noted by the blue-edge around its representative thumbnail). Part(i) shows the
save settings button which collates all the information pertinent to the images as displayed in the
canvas (i.e. it collates the actual images and the parameters assigned to each of them by the user)
and downloads this information into a settings file, which is a JavaScript Object Notation (JSON)
format file used by the server to then execute the registration of these images following the method
described in Section 3. Part(j) shows the save canvas button which allows the user to save the
image currently visible in the canvas window, in a similar manner to that of creating a screenshot
of the current configuration of the workspace (showing, in particular, the fixed and moving images
following the parameters assigned). Part(g) shows the upload known settings button, by which the
user can open a settings file and continue the initialisation or change the locations of a previously
saved configuration.

initial locations prior to commencing the registration method. The GUI thus becomes a platform
for visual inspection of these parameters, which inform the first search of the area-based method
and thus are key to the success of the registration (as discussed in Section 4.4). Following the

description provided at Fig. 5.3, the user can operate in the GUI in the following way:
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Define the working space, called canvas. This is a window shown with red edges on the left

side of the web application (Fig. 5.3 parts(a,b)).

Select fixed image (Fig. 5.3 part(c)). The GUI is designed to treat the first image received
as the target fixed image. This is treated as a single image in the background and this is

usually the visible image of the artwork (Fig. 5.3 part(d)).

Select moving images (Fig. 5.3 part(c)). The GUI is designed to compute multiple moving
images, where each individual moving image is, in fact, an image stack composed of one or
multiple images (Fig. 5.3 parts(e, f)). It is considered that all images in the same stack are

aligned by construction.

Set up initial locations for the fixed image and for each moving image (Fig. 5.3 part(h)).
The initial location is set up by defining the translation along x and y coordinates, an angle
of rotation (around the top left corner of the image) and a scaling factor. Note that these
parameters are the same for all the individual images in the stack that compose the moving
image. Any individual image of the stack can be made translucent upon selection (clicking
on eye icon underneath the corresponding thumbnail) to help with the positioning of the

image stack, relative to the target fixed image in the background.

Once the initial locations are assigned, the user can save this information into a settings
file (Fig. 5.3 part(i)). This file serves as the single input to the registration method, as it
contains the information of each image opened in the session, with their corresponding initial
locations (i.e. the parameters to inform the first search of the area-based method as described
in Section 3.4). Note that this file can also be saved as work-in-progress and continued later

at another session. See Fig. 5.4 for a detailed overview of this file.

Once the method concludes the registration, the results can be accessed from the browser or

alternatively saved in local folders determined by the server.

5.2.1 Format of images for registration and limitations on image size

Throughout the development of this GUI we have focused on TIFF (8-bit and 16-bit) and PNG
image formats, since these are commonly used in art investigation due to the fact that these are
lossless compression formats. Note that the method also supports other image formats such as

BitMap and JPG since they are supported by the browser.

Note that, in principle, there is no limit on how many images a user can open in the GUI.

However, due to the memory-limit in current browsers such as Chrome or Safari which is about 2
Gb (on the 64 bit browser version), the total amount of images selected may need to be restricted.
In our experiments, working with images totaling 500 MB has provided good performance in terms

of display refresh rate and incorporating changes to the GUI settings.
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settings.json

{
fixed_image : {
fixed_image.tiff,
parameters : {
translation(x), translation(y), scaling factor s, angle of rotation r
}
12
moving_images : [
{name: moving_image_1,
image_stack : {
elemental_map_14.tiff, elemental_map_24.1iff, ..., elemental_map_n4.tiff
2
parameters : {
translation(x)4, translation(y)4, scaling factor s4, angle of rotation r4

}
|3
{name: moving_image_2,
image_stack : {
elemental_map_1,.tiff, elemental_map_2,.iff, ..., elemental_map_n,.tiff
13
parameters : {
translation(x),, translation(y),, scaling factor s,, angle of rotation r,

}

Figure 5.4: This image represents the structure of the settings file that is created by the GUI
application following the parameters assigned by the user to the moving and fixed images. This file
can be saved at any point of the assignment and accessed for modifications at a later instance, or
can be used to perform a registration with the area-based method in an automated manner. Note
that the fixed image entails only one image and its corresponding parameters, whereas the moving
images consist of an image stack and the corresponding parameters affecting all images in the stack.
For the purpose of simplicity, only two moving images (moving _image_ 1 and moving_image_2)
are shown in this example. Importantly, this file, read by the registration algorithm, is both
machine and human readable - the user can inspect its content via any standard free text editor
such as Geany (https://www.geany.org/) or NotePad++ (https://notepad-plus-plus.org/).

5.3 Execution of the area-based registration method

Once the parameters of the initial locations are defined and saved into a settings file, the registration

with our area-based method can start with this file as the only input.

The registration method can be executed by a server application (following the client-server
architecture described in Fig. 5.2 and corresponds to the second version of the GUI, see Fig. 5.6),

or alternatively, it can be executed directly by the user in the same local computer (following the
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workflow illustrated in Fig. 5.5), corresponding to the initial first GUI as illustrated in Fig. 5.3).
In any of these cases, the intermediary (either the server or the user) instructs the method with
the settings file, and the method runs in an automated manner. Once the registration is completed,
the method notifies the intermediary. The method then saves the results in a designated folder in
the local file system for future retrieval. The user can then retrieve these results by downloading

them from the browser or by accessing them from the above-mentioned file system folder directly.

1 1
1 1
1 1
1 1
1 1
1 1
H brg\g;l?(;:t):;ed registration.py File system H
1 1
'| (web-application) (python code) (Local PC) :
User g PP g g B g e
Upload images,

H to align

H Set initial location -

E of images ‘)[j

—Save settings file—>

E Receive file

E (settings.json)

b Run registration Execute

: area-based

H registration —save file

:{ "Done" method Results

; Open results >

Figure 5.5: Graphical user interface (GUI). This block diagram shows the interaction of the user
with the browser-based application to create a settings file, that can then be used to perform a
registration with the area-based method in an automated manner. In this setup, the user instructs
the method to run the registration. The method, in turn, runs the registration and saves the results
in the corresponding local file system. Once the registration is completed, the method notifies the
user. The user can then proceed to fetch the results from the corresponding local folder.
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Figure 5.6: Graphical user interface (second GUI). This more sophisticated version is able to
undertake the full registration workflow, incorporating all of the functionality of the initial first
GUIL. Here, the user can set up the initial locations of the images to align (here the technical
and visible images of the painting “The Battle of San Romano”, NG583, The National Gallery,
London [117]), run the registration and access the results. Part(a) shows the parameters of the
image selected (edged in orange) as they are set by the user by assigning values into these dialog
boxes, or by dragging the image in the canvas, shown in (b), which is the area for visualising the
workspace with the images that are selected for alignment. Part(c) shows the uploading working
images button. Part (d) shows the fixed image and its settings, and parts (e,f) show the moving
images (represented in the canvas by the element maps of lead (Pb-L), on top of the visible image)
and its settings. Note that each moving image is an image stack (resulting from each individual
scan area), composed of individual images. For visualisation, these individual images are displayed
in a row in the GUI (parts (e,f)). However, when registered they are placed one on top of the
other, since they all belong to the same image stack. All images belonging to the same stack have
to be of the same size, and are assumed aligned by construction. Note that the fixed image (which
is the first one to be selected) remains in the background, and each consecutive moving image is
placed on top of it. Part(g) shows the main commands of the application, in particular, the save
settings button, the save canvas button and the wupload known settings button. These buttons
have the same functionalities as in the first version of the GUI (see Fig 5.3). This second GUI
includes a RunRegistration functionality, supported by buttons that show all the registration jobs
that are currently in progress and those that have completed registration succesfully (i.e. the All
button and the Done button). Finally, this version of the GUI features a small mini-map (part i),
showing a small-size image of the overall image layout, giving the user a sense of orientation when
inspecting the images in this interface.

5.4 Visualisation of results

The results produced by our area-based method consist of the transformations applied to the mov-
ing images (i.e. text-files indicating the values utilised for each parameter of the transformations
applied in the final search of our area-based method - see Section 3.5), and the corresponding
registered images (i.e. image files that are representative of the transformed moving images). The
transformed moving images are saved in PNG format (as a stack of individual element distribution

maps with transparent "padding" to match the size of the visible fixed image, see Fig.5.7 (a,b)),
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so that they can be overlapped to the visible image of the artwork in a layered manner (see Fig.5.7
(c,d)). In this way, the user can select an element map from each transformed moving image (i.e.
the same image across all registered image stacks) and combine them to create a mosaic technical
image of the element distribution map for the desired element (see Section 1.1.2). Due to the
layered nature of the resulting mosaic image, the user has the choice to toggle on and off and/or
alter the transparency of each layer to inspect the quality of the registration obtained. The user
can also combine the transformed moving images without the fixed visible image, thus obtaining

a mosaic technical image with plain background (see Fig.5.7(e)).

Please refer to Appendix A for a detailed overview on how to access these results, and in par-
ticular, to Fig. A.19 for an illustration of the layout of the layered mosaic image. In Fig.5.3 and
Appendix A, the GUI that was developed initially is presented and discussed but the same func-

tionality also exists within the subsequent GUI that also calls and runs the registration algorithm.

Figure 5.7: Graphical user interface (GUI): Visualisation of results. Part(a) shows the transformed
moving images (element maps of lead (Pb-L) with additional transparent padding to match the
size of the visible fixed image (visible image of the painting “The Battle of San Romano”, NG583,
The National Gallery, London [117]) in correspondence to their relative location with regards to
the visible fixed image. Part(b) shows the individual transformed moving images with additional
transparent padding. These can be used as layers to overlay on top of the visible fixed image
(shown in (c)). Part(d) shows the resulting mosaic technical image overlaid on top of the visible
fixed image. Part(e) shows the transformed moving images without the fixed visible image, thus
obtaining a mosaic technical image with transparent background.
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5.5 Discussion

Throughout the development of the area-based method presented in Chapter 3 and the experi-
ments conducted in Chapter 4, we noted that image registration (especially of images produced by
different modalities) entails a series of steps that are traditionally conducted in different interfaces.
This can be cumbersome and time consuming. Thus, throughout the development of the two ver-
sions of the GUI, we focused on creating a unified interface to allow the user to perform as many
tasks as possible in a streamlined manner. For this purpose, we note that including a selection
of image processing tools in the GUI would allow the user to investigate the results obtained in a
more thorough manner, without the need of moving the images to other interfaces to obtain fur-
ther insights. Thus, it would be ideal to incorporate tools for analysis (e.g. histograms to help the
visualisation of individual images) or manipulation of the images obtained (e.g. Gaussian filters,
pixel averaging) to help obtaining smoother transitions between overlapping consecutive images
of potentially different intensity values in mosaicked or composite images. This would enable the
user to further inspect the images in a single interface as well as assisting with the assessment of

the registration obtained.

5.6 Summary of this chapter

In this chapter we discuss two graphical user interfaces (GUT) developed to simplify the use of the
automated area-based method that was previously introduced in Chapter 3. This chapter presents
the requirements and constraints behind the implementation of our area-based method, which in
turn motivated the client-server architecture that constitutes the basis of this browser-based, user-
facing applications. It also details the workflow required to perform the registration of a set of
images using the GUI: from selecting the images to align, to the creation of a settings file containing
all the corresponding information (i.e. images to align and their assigned initial positions). Finally,
this chapter presented an overview of the possible workflows associated to executing our area-based
method for the registration of the images selected in the GUI, either by the user (first GUI) or by
means of a server application (second GUI). In both cases, the settings file serves as the only input
for this purpose. This chapter concluded by discussing potential additional tools for processing

the images displayed in the GUI.
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Chapter 6

Conclusion

In this thesis, we have presented a novel, automated registration and mosaicking method for use
in heritage applications. Rather than implementing a feature-based approach, our area-based
method works with the incremental maximisation of the average mutual information of the images
to align. This method is optimised for analytical imaging spectroscopy applications (where the
corresponding data may be processed and arranged into image stacks), supporting the registration
of a stack of images that, treated as the moving image, can be aligned to a target fixed image by
identifying a unique best transformation to apply to the moving image with consensus amongst all
images in the stack.

To facilitate use of this registration method, we have developed a graphical user interface (GUI)
to enable the user to easily set up the initial parameters of the images to be aligned, based on
simple visual alignment using a browser-based tool that can be accessed from any computer.

This GUI was developed with the aim of streamlining the processes related to setting up the
initial parameters of the images to align and then running their registration via the same interface.
In the first version of the GUI (initial alignment application, see Fig. 5.3), the user can save the
settings assigned to the images to align and conveniently compare different configurations prior to
executing the registration process (as illustrated in workflow in Fig. 5.5). The full version of the
GUTI allows the user to perform these tasks, and additionally, execute the registration process and
access and download the results (i.e. the transformed moving images) from the same browser-based
platform (as illustrated in Fig. 5.6 and workflow in Fig. 5.2).

Originally developed for registration of images obtained from MA-XRF scanning to the visible
image of the same artwork, this area-based method can be broadly implemented for registration
of images obtained with various different modalities, such as infrared reflectography, ultraviolet-
induced visible fluorescence imaging, raking light photography, and X-radiography - with these
various image modalities either serving as the moving or fixed images.

Our image registration method provides satisfactory results, in particular for the registration

of the technical images obtained with MA-XRF scanning of “The Death of Actaeon” (NG6420,
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The National Gallery, London), as presented in Section 4.2. In this case, considered particularly
problematic, the technical images were acquired in a non-consecutive manner over an extended
length of time, resulting in different distortions even in adjacent images due to the changes in

position of the optical device.

6.1 Summary of thesis achievements
Key aspects of our automated area-based method include:

e The use of mutual information as a metric for registration of multimodal images for use in
the cultural heritage sector - with emphasis on the alignment of technical images obtained

from MA-XRF scanning of painted artworks to the visible image of the same artwork.

e The implementation of sequential, progressively refined alignments of the moving image,
finalising with a non-rigid transformation so as to provide a detailed registration of the

moving image, leading in this way to a fast and reliable method.

e The identification of a unique best transformation to apply to a stack of images with consensus
among all the images in the stack - that, in turn, constitutes the moving image. This is done
by evaluating all candidate transformations across all images in the stack so as to keep the
one that returns the highest average value of mutual information as the best transformation

for that image stack.

e Mosaicking of technical images by sequentially registering multiple neighbouring moving im-
ages. This is achieved by implementing the initial registration of the scanned areas that are
in the centre of the final mosaicked image, and then making use of the results to inform the

registration of the remaining neighbouring scanned areas.

e The introduction of a graphical user interface (GUI) to help simplifying the use of our area-
based registration method, by making it possible for the user to access the application from
the browser and set up the initial parameters of the images to align in a visual manner prior

to commencing the registration method.

e The automated nature of the registration method, permitting the user to run the registration
immediately after setting the initial locations of the moving images relative to the target
fixed image. The latest version of the GUI allows the user to perform all these tasks and,
additionally, execute the registration process and access and download the results (i.e. the

transformed moving images) from the same browser-based platform.
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6.2 Future work

The area-based method presented in this thesis may be further expanded to address the registration
of other image types, in particular of images obtained with hyperspectral imaging, also known as
reflectance imaging spectroscopy (RIS) [18, 19, 17]. By scanning an artwork with this modality,
the standard approach makes it possible to obtain reflectance images by sampling points along
each of the two corresponding spectra: the visible and near-infrared (VNIR) spectrum of typically
400-1000nm, and the short-wave infrared (SWIR) spectrum of typically 1000-2500nm. Scanning
with this modality results in obtaining a datacube ! of two spatial dimensions (which set the size of
the reflectance images) and one spectral dimension. It is considered that these reflectance images
are aligned by construction 2. The amount of images collected at each of these spectra depends on
the sampling to which the instrument may be set, typically collecting one narrow-band image for
every few nanometers of the wavelength range 3. This modality may thus yield image stacks that
are constituted by a high number of images, and applying our registration method with consensus
among all images in any such stack would take prohibitively long to complete, more so as we
envision our method as an agile implementation to identify a unique best transformation to apply
to the entire datacube.

Thus, in order to speed up the registration of image stacks obtained with this modality, one
possible approach to explore in future work is to reduce the amount of images in the stack, by
taking images at, for example, 50 nm intervals throughout the spectrum (instead of using all of
the images that could be created based on the full spectral resolution of the instrument). Another
possibility would be to combine the default images that are obtained at the spectral resolution
of the instrument into a reduced number of synthetically produced images. For example, the full
set of images that would be created -based on the full spectral resolution of the instrument- could
be organised into consecutive groups of 20 neighbouring images each. Then, these image could
be combined together into one single image per group (i.e. binning the images after the capture
stage). These operations would make it possible to reduce the amount of images in the original
stack (effectively binning the spectrum at a "coarse" rate and thus reducing its resolution).

However, due to the characteristics of the images obtained with this modality, it would be
necessary to evaluate the performance of these operations and the potential necessity of applying

further distortions so as to ensure that the registration is achieved correctly. In particular, for the

L Also referred to as image-cube [17].

2 Extensive work on filter-based multi-spectral imaging was conducted by David Saunders, John Cupitt and Haida
Liang during their time at the National Gallery, since the original images produced were not absolutely aligned by
construction [20, 21, 22]. Note that this work led to the development of the software package NIP2 [16]. However,
reflectance images obtained along a wide spectrum may present optical effects and other complications due to
capture settings of the instrument, such as barrel and keystone distortions associated with "push-broom" scanning
mode [118]. As a consequence of this, the reflectance images might not be perfectly aligned throughout the full
extent of the spectrum. We note that this situation needs further study to ensure alignment across the reflectance
images in the stack prior to conducting image registration of datacubes of this type.

31In the case of the setup implemented at the National Gallery, the equipment has high spectral resolution and
provides an average spectral sampling of circa 3 nm. This results in obtaining 516 narrow-band images over the
SWIR spectra of range 1000-2500 nm [19].
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registration of images proceeding from the VNIR range, it might be necessary to apply geometrical
corrections due to lens distortion (i.e. barrel correction [118]) before applying the unique best
transformation that is identified for registering the entire image stack. In the case of the SWIR
range, the images obtained from this spectrum may be subject to more severe distortions, since
distortions due to barrel effect may increase with longer wavelengths. Thus, distortions of this
type may need to be corrected first. Additionally, images of this spectrum may display more
details relating to sub-surface features due to longer wavelengths. This aspect might also affect
the registration results, and strategies such as identifying transformations related to the images
generated by shorter wavelengths may need to be implemented to ensure resemblance to features

displayed in the visible target image.

Note that images obtained with HSI are usually closer in spatial resolution to the photographic
visible image of the same artwork, becoming computationally expensive to handle. This aspect sits
in direct contrast when considering that, for the registration of images obtained with MA-XRF
scanning, it is customary to downscale the resolution of the visible target image to match the

resolution of the technical moving image (see Section 2.1).

Another technique worth exploring in future work is enhancing the HSI datacube by means
of adding synthetic images, as explored in this thesis for the registration of images obtained with
MA-XRF scanning in Section 4.1.3. When performing registration of images obtained with HSI, it
is common to employ additional images generated with principal component analysis [119] (PCA),
minimum noise fraction [120] (MNF) or false-colour images [121] (by assigning different images
to the R, G and B channels of a newly combined image). In the case of our image registration
method, we envision that these could be added to the original HSI image stack so as to enhance
the moving image, and thus help to identify a unique best transformation to apply to the full stack

of HST images for their registration to the visible image of the same artwork.

It is important to note that at the time of submitting this thesis, the area-based registration
algorithm described in this thesis provides satisfactory registration results for the sets of element
map images obtained with MA-XRF scanning and the individual images obtained by illuminating
an artwork with ultraviolet light, visible light at a raking angle and infrared reflectrograms. How-
ever, we have noticed that the method is less effective for images obtained with X-radiography.
In particular, our method fails to provide satisfactory registration results where the depth of the
artwork makes it difficult to reconcile the details captured at the front and at the back of the
object, due to parallax effects [122]. Examples of this situation are the tests conducted with tech-
nical images of paintings on thick wooden panels, such as when conducting registration of X-ray
technical images of NG1093 [60] and NG1155 4 [123]. It is important to note that we have not

yet conducted registration experiments with HSI images. For these reasons, we envision future

41n the case of NG1093 (The Virgin of the Rocks by Leonardo Da Vinci), the painted wooden panels has a wooden
‘cradle’ applied. In the case of NG1155 (The Assumption of The Virgin by Matteo di Giovanni), X-ray opaque
paint is roughly applied to the back of the panel, making these cases particularly challenging.
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efforts may be directed to expand the work presented in this thesis to address the registration of

the technical images of artworks obtained with these modalities.

With regards to further improving the current performance of the registration algorithm sup-

porting our area-based method, we envision future work could explore the following aspects:

e Computing the mutual information of more than two images at a time. Throughout the
method presented in Chapter 3, the mutual information is computed from two images at a
time. In particular, it is computed from the target fixed image and one individual image at

a time, the latter belonging to the image stack that is treated as the moving image.

e Automating the selection of images (elemental maps) that constitute the image stack that is
treated as the moving image for registration to the visible image of the artwork. Throughout
the method presented in Chapter 3, these images are selected by the user, but they could be
chosen following a series of indicators such as the entropy of the individual images or other

measures of the images to align.

e Reducing noise of images to align by applying segmentation or other image processing tech-
niques. Throughout the method presented in Chapter 3, the mutual information is computed
from sampling pixel values from the entire image. Reducing the sampling area to a region of
interest within the image to evaluate can lead, potentially, to discard areas where information
may be "trivial" and concentrate efforts to sample from the most significant areas of each

image at a time.

With regards to the GUI presented in Chapter 5, it might be of interest to users to incorporate
publicly accessible image-viewers into this application, such as comparative viewers [124, 125] that
make it possible to zoom and track the moving and fixed images together, in the style of overlay
viewers and curtain viewer applications. Further additions to this application could include image
processing tools for analysis (e.g. presenting histograms to help with the visualisation of individ-
ual images) or manipulation (e.g. Gaussian filters, pixel averaging) to obtain visually smoother
transitions between overlapping consecutive images of potentially different intensity values. Not
only these additions would help improving the quality of the final mosaicked image, they would
also enable the user to further inspect the images in a single interface as well as it would further

facilitate the assessment of the registration obtained.
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Appendix A

User guide: image registration using
the first version of the browser-based
image registration GUI and running
the registration algorithm from a

local 1nstallation

The purpose of this appendix is to help the user to navigate the initial implementation of the
browser-based graphical user interface (first GUI) presented in Chapter 5. To this end, we present
a user guide with the workflow for conducting image registration with our area-based method (as
presented in Chapter 3) using our dedicated GUI application and python locally (i.e. installed in
the same computer from where the user is accessing the browser-based application, as illustrated
in Fig. 5.5).

Our GUI application provides the user with a workspace ("canvas") where, once selected, the
images to align are displayed. These images must be saved in the local computer. The user can
open a first image (usually the visible image of the artwork, which will serve as the target fixed
image). Following this, the user can open either a single image to register or a set of multiple
images (usually the technical images of the same artwork), which will be automatically arranged
into an image stack, and will serve as the first moving image. Then, the user can open a second
image or set of multiple images (image stack), which will be automatically arranged into a separate
new image stack, and will serve as the second moving image. This process may be repeated for
all moving image stacks that need to be registered to the target fixed image. There is no limit to

the amount of moving images that can be opened in the GUI, nor there is a limit to the number
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of images that constitute each image stack (other than the browser memory-limit, as discussed in
Section 5.2.1).

Once the images are opened in the GUI, the user can designate the initial parameters to apply
to them - such as translation along x and y axis, rotation and scaling. These parameters constitute
the initial locations of the images to align, which the user can designate by inspecting these images
in a visual manner with our GUI. For this purpose, the user can explore the initial overlapping
of the images by altering the transparency of each image in the image stack. ! As discussed in
Section 5.1, for each moving image as well as for the fixed image, these parameters will be the
starting point for the first search of our area-based method (see Section 3.4).

Once the user is satisfied with the initial overlapping of the images, the parameters defined for
all the images opened in the GUI can be saved into a settings file and used as input to start the

registration process.

A.1 Assigning initial parameters for image registration

This first part of this user guide looks into opening the images to align, assigning their initial
parameters and creating a settings.json file 2 with this information (in particular, this file will
contain the images to align and the parameters designated by the user). How to use this file as

the input to the area-based method will be covered in the second part of this user guide (see A.2).

Fig. A.1: Open the GUI application from a browser (e.g. Chrome).
The browser will show the landing page of the application, where the canvas and the zoom speed
are displayed. Once there, the user can select to modify the size of the canvas (red window in the
GUI) where all images will be displayed (here set to 1000 x 600 pixels; this dimension can be set
according to the user’s preference). By clicking on “Upload Working images”, the user can select
the target fixed image (usually the visible image of the artwork). This can be a 16-bit or 8-bit

image saved as tiff, png or jpg.

I Note that modifying the transparency of the images is only for visualisation purposes, and does not affect the
images exported for registration with our area-based method

2 Note that in this first GUI, this file needs to be named in this way (settings.json as the python code will look for
this particular file to collect the corresponding image data).
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image registration
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Figure A.1: Graphical user interface (GUI): landing page of the application. Here, the user can
select the first image to open in the canvas, which will serve as the target fixed image.

Fig. A.2: By opening this first image, the user can start setting the parameters that will inform
the registration. The fixed image can be scaled to match the resolution of the technical images
that will be registered (here, scaling is set to 0.493, as the resolution of the technical images is
lower than that of the visible image). Note that in the current image-registration python file (v.7,
20-12-2023), it is assumed that the fixed image remains at (x = 0, y = 0) of the canvas, and to a

rotation angle of 0 degrees.
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Figure A.2: Graphical user interface (GUI): Once the first image is opened, the user can manually
designate the parameters that apply to this image.
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Fig. A.3: Once the fixed image is opened, the user can click again on “Upload Working images”

to select the stack of images that constitute the moving image. These can be 16-bit or 8-bit images

saved as tiff, png or jpg format. Note that it is assumed that all images in the same stack are of

the same dimensions and are aligned by construction. The user can assign values of translation,

scaling, and rotation (in degrees) to the moving image. Note that these parameters are the same

for all images in each image stack.
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Figure A.3: Graphical user interface (GUI): Once the first image is opened in the GUI, the user

can select the moving image.

This can be composed by one or multiple images that, selected

simultaneously, are automatically arranged into an image stack that serves as the moving image.

Fig. A.4: By clicking on the tiles representative of the moving image, the user can set the

parameters. When selected, the images that compose the moving image are edged in orange.
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Figure A.4: Graphical user interface (GUI): Once the moving image is opened, the user can select
it and designate the parameters that apply to it. The parameters designated for the moving image
apply to all images in the stack.
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Fig. A.5: Once these parameters are set, the user can save the settings.json file by clicking on
the blue button in the bottom right corner “save settings (fixed and moving images)”. This file can
then be used as input to run the area-based image registration method by running the python file

imreg python__ read-json-settings.py in Anaconda Prompt terminal (see Section A.2).
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Figure A.5: Graphical user interface (GUI): The user modifies the parameters of the images that
compose the moving image, here shown edged in orange. These are saved to the settings.json file.

Fig. A.6: The user can also upload a “settings.json” file that has been saved previously, and
modify the parameters assigned to it so as to save a new version of this file - this can be done by

clicking on the blue button 2 in the top right corner: “upload (known) image settings”.
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Figure A.6: Graphical user interface (GUI): The user can upload and modify a previously saved
“settings.json” file, so as to continue or modify a previous configuration of initially aligned images.

3 Note that in the current version of the GUT (v.230914), the blue buttons will display only after uploading a first
image - this can be any image, as it will be removed by restoring the configuration of the “settings.json” file that
will be uploaded next.
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A.2 Implementing image registration with initial parameters
(i.e. stored in settings file)

The second part of this user guide looks into implementing our area-based method, using as input
the settings.json file with the relevant information. In particular, this file will contain the images
to align and the parameters designated by the user (see A.1). For this purpose, this part of the
user guide explains how to run the python files containing the algorithm supporting our area-based
method, how to navigate the different folders where results will be saved, and how to access the

resulting images obtained from the registration once complete.

Fig. A.7: Firstly, the user needs to set up the virtual environment with the corresponding li-
braries that support the functionalities behind the python code of our area-based method. For
this purpose, from the toolbar of Windows OS, the user can open Anaconda Prompt. Once Ana-
conda opens, it will be set at the “base” virtual environment. The user needs to activate the
“i“mage__registration_legacy” environment, by typing:

“conda activate image\_registration\_legacy” into the command line. The user can check
that this environment is activated as it shows in the command line in parentheses to the left,
“(image\_registration\_legacy)". This environment has all the libraries that enable the python

code for registration to be ran.

B Anaconda Prompt - O X

(base) C:\Users\eugen>conda activate image_registration_legacy

(image_registration_legacy) C:\Users\eugen>,

Figure A.7: Anaconda Prompt: setting up the virtual environment with the corresponding libraries
that support the functionalities behind the python code of our area-based method.
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Fig. A.8: The user needs to create a folder where to save the image registration results. The
structure of this folder is suggested as follows: in location “C:\Users\user\ImageRegistration”,
create a folder named following artwork number and datacubes to register (i.e. NG583 d07).
This is the project folder, which shall contain the python files to be run, plus a subfolder named
“results _all” (this last one is the destination folder, where all results will be saved).

In the command line, the user needs to indicate the location of the folder where to run the
registration (destination folder, i.e. “results all”). Note that this can be done by typing “cd” in
the command line, plus dragging the destination folder into the Anaconda Prompt. The address

will be then copied into the command line, and the user can press “Enter”.

- 5 | NGS83_d07-08-09-10-11-12_imreg

% cut
S Copy path
Finto Quick Copy Paste
o Paste shortcut
cipboara
.

AppData

Contacts.
= Desktop =
Documents & imreg_python_rea

Figure A.8: Anaconda Prompt: indicating the location of the folder where to run the registration.
In this image, the user has typed “cd” in the command line, plus dragged destination folder into
the Anaconda Prompt. This action copies the location of the selected (and dragged) folder, which
will be used for storing results of our area-based method.

Fig. A.9: The destination folder (i.e. “results all”) will be referenced next to the virtual

environment.

B Anaconda Prompt - O X

Figure A.9: Anaconda Prompt: indicating the location of the folder which will be used for storing
results of our area-based method.
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Fig. A.10: As mentioned previously in this user guide, the destination folder (i.e. “results all”)
is inside the project folder (i.e.
“C:\Users\user>cd C:\Users\user\ImageRegistration\NG583_d07-08-09-10-11-12_"). The
project folder holds the python files, namely, the file "imreg\_python\_\_read-json-settings.py"
(the one to be ran in Anaconda) and the file “functions.py" (this one runs on the back, supporting

the first one by containing all functions called throughout the automated area-based method).
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Figure A.10: Windows OS: folder which will be used for storing results of our area-based method.

Fig. A.11: The destination folder (i.e. “results all”) has to host the settings.json file. This
is the file created by the GUI, with all images and initial locations. It has to be named like this
(“settings.json”), as the python code will look for this name file to get all the registration data.
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Figure A.11: Windows OS: folder for storing results contains the “settings.json” file.
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Fig. A.12 and Fig. A.13: Once Anaconda Prompt is set to the correct folder
(i.e. “C:\Users\scienceuser\ImageRegistration\NG583_d07-08-09-10-11-12_\results_all”),
the user can instruct to run the python code, by typing “python” into the command line, plus typ-
ing the address of the file to run (this can be done by dragging the python file into the command

line):

- = | NG583_d07-08-09-10-11-12_imreg - o

t Copy Move  Copy Properties
e o = T P g History Invert selection
orga Ne Open Select

« © 4 <« Users > cugen > ImageRegistration > NGS83_d07-08-09-10-11-12_imreg

appdata A [ Name
Contacts results_all
B Desktop & functions.py

Documents 1 imveg.python_resdon-seingsy

& Downloads
Favorites
Fijiapp

image-curtai

ImageRegistr

Figure A.12: Anaconda Prompt: to run the area-based method, the user needs to indicate the
location of the corresponding python file. This can be typed into the command line, or the file can
also be dragged into it.

B Anaconda Prompt

Figure A.13: Anaconda Prompt: indicating the location of the python file that implements our
area-based image registration method.
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Fig. A.14: Once this is done (i.e. the name of the python file to be run appears in the
command line, followed by the “python” command), the user can press “enter” and the registration

will commence.

B Anaconda Prompt - python C:\Users\eugen'\lmageRegistrationNG583_d07-08-09-10-11-12_imreg\imreg_python__read-json-settings.py - m] *

Figure A.14: Anaconda Prompt: commencement of registration using our area-based method.

Fig. A.15: All intermediate results produced throughout the application of our area-based
method -while this is taking place- will be saved in the destination folder (i.e. “results all”) in

dedicated subfolders, one for each datacube that is present in the “settings.json” file.
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Figure A.15: Windows OS: subfolders for storing intermediate results that are produced while the
registration method takes place.
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Fig. A.16: The final results are the transformation that is applied to the datacube for its
registration to the target fixed image, and the "transformed" images - which are each image of
the image stack with the above-mentioned transformation applied. In particular, the images are
the PNG layers for creating the mosaicked final image, the final transformations applied to each
datacube, and the fixed image, as 8-bit image, grey and color versions, scaled following the settings

assigned at the GUI. These will be saved inside the folder “results_ all/results”.
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Figure A.16: Windows OS: folder with final results. Here are shown: the images (PNG format),
which work as layers for creating the mosaicked final image, the final transformations applied to
each datacube, and the fixed image, as 8-bit image, grey and color versions.

Once the registration has run and the results are obtained, the user can proceed to combine
the resulting images (PNG format) in order to produce the mosaicked final image. In the manner
of layers, these images can be opened in the same GUI, or in an image processing software such as
Photoshop. The user can then decide the order of the layering of these images, since neighbouring
images may overlap and their layering will entail one image may be placed below another one, or
viceversa.

Note that PNG images and the visible image have all the same size, and opening them together,

the images will be shown at their corresponding position relative to the visible image.
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Fig. A.17: Opening PNG layers in Photoshop. The user needs to navigate to
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Figure A.17: Photoshop: opening the PNG images resulting from our area-based method.

Fig. A.18: By clicking on Load Files into stack, the Load Layers window will pop up.
Here, the user may select the images to open as layers for visual inspection (i.e. PNG images
together with the fixed visible image). Images will appear in the dialogue window. Press OK to

load in Photoshop. Fig. A.19 shows the position of these layers relative to the target fixed image.
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Figure A.18: Photoshop: selecting the images to open as layers for the final mosaicked image.
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Figure A.19: Final mosaicked image: this sequence shows the PNG images (Fig. a) that constitute
the layers of the first datacube, as obtained in the corresponding "results" folder (Fig. b), once
registered to the target fixed image (Figs. ¢, d). It is noted that the PNG image layers are of
the same size of the fixed image so that they can be conveniently overlayed. Next, the same first
datacube (Fig. e) is shown in relation to the neighbouring datacubes (Figs. f, g) and fixed image
(Fig. h), as obtained in the corresponding "results" folder (Fig. i).
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