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Abstract

Cultural heritage conservation and restoration stand at the crossroads of art, his-
tory, science, and technological progress. Traditional conservation and restora-
tion methods, while invaluable, are often constrained by their ability to adapt
to the complexity of cultural artefacts. In the contemporary landscape, ana-
lytical instruments and computational technology are profoundly shaping the
interdisciplinary field. Machine learning and data analysis, with their capacity to
unravel intricate patterns and trends within extensive datasets, offer a promis-
ing avenue for enhancing conservation and restoration practices. This thesis
aims to investigate the potential and limitations of machine-learning techniques
in processing extensive hyperspectral data acquired from historical art objects.
Through various case studies presented, we assess the effectiveness of machine
learning models, from off-the-shelf techniques to self-developed algorithms, in
supporting tasks ranging from material diagnostics and classification to mapping
and digital restoration. Additionally, we critically evaluate the challenges and
limitations associated with the implementation of machine learning, specifically
constrained by CH, and explore the transferability of machine learning models
to similar scenarios. Rooted in the obtained results, this thesis contributes to
the ongoing dialogue on leveraging cutting-edge technologies to preserve and
celebrate our diverse cultural heritage.
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Chapter 1

Introduction

In this chapter, we present the background and context of this thesis and introduce

the research questions that drove the study. Then, we summarise the contents

of each chapter. Finally, the academic activities carried out and the list of

publications are provided.

1.1 Research Background

Cultural Heritage (CH) conservation is a multidisciplinary �eld that involves

collaboration between historians, archaeologists, scientists, and technicians to

enhance the understanding of our CH and safeguard its integrity for future

generations [124]. Starting from the mid-20th century, Scienti�c Conservation,

which is based on the principles of authenticity, objectivity, and reversibility,

has become the dominant working methodology of the �eld [142, 96]. Material

diagnostics, in this context, stand at the heart of understanding the physical

composition, the current states, and the degradation mechanism of the artworks,

providing fundamental information for subsequent preservation and restoration.

This process is traditionally rooted in empirical and knowledge-driven methods,

which rely on a meticulous examination that involves micro-sample taking

from representative points and subsequent scienti�c experiments to decipher the

composition and characteristics of the samples, hence the artworks [132, 131].
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Over the last decades, the development of imaging spectroscopy has brought a

new perspective on how researchers engage with CH, allowing the registration

of detailed material signatures of the entire artwork simultaneously [115, 66].

Hyperspectral imaging (HSI) is one of the non-invasive analysis tools that

register a spatial map with spectrum collected at each pixel position [74, 6]. It

characterises detailed signatures of the material, attributed to the �ne spectral

resolution down to nanometer scale and wide sampling range varying from

X-ray to Infrared [61]. Due to its superior capacity to document and reveal

rich information from the inherently complex and delicate art materials [74],

HSI has found a fruitful application to identify and characterize colourants in

a variety of media, including paintings, illuminated manuscripts, murals, and

prints [39, 22, 60].

However, handling the overwhelming volume of data, ranging from thou-

sands to millions of recorded spectra, and the nuanced details they encompass

presents an intricate challenge to conservators. The growing importance of

imaging spectroscopies has led the way to a new era of data-driven analysis,

making the conventional examination methods inadequate [133]. In this context,

Machine Learning (ML) algorithms emerge as promising tools for heavy spectral

data analysis, offering innovative solutions that directly correlate input data and

output results, minimizing the need for extensive knowledge of chemical reac-

tions and compounds [12]. While AI and ML have become integral to modern

life in various social sectors, their integration into conservation practices has

been more recent, commonly applied as a 'black-box' [72]. The limited adoption

is partially attributed to the cautious approach necessitated in dealing with the

delicate and irreplaceable art pieces, while also in�uenced by unique challenges

presented in CH studies. Art materials, distinguished by their diversity in nature,

heterogeneity in compositions, multi-layering in structure, and degradation in-

�uenced by preservation conditions, exhibit characteristics that vary from one

piece to another. The uniqueness of problem faced by each case requires special

adaptation of ML algorithms, which increases the barrier to apply state-of-the-art

techniques in computer science and renders a one-size-�ts-all model impossible.
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Since the output of the algorithms has usually strong links to the underlying

chemical nature, the interpretability of model is also greatly challenged. Fur-

thermore, obtaining a ground truth in CH can be challenging and the publicly

available labelled datasets are limited, Unlike applications such as object detec-

tion or language translation, which bene�t from large standardized open datasets

[27]. These distinct challenges in CH analysis make the direct application of ML

tools complex, thus demanding deeper exploration and adaptation to the speci�c

context.

Despite these challenges, a range of cutting-edge data processing techniques

has already seen promising implementation in solving the existing challenges in

the CH sector. Principal components analysis (PCA) and minimum noise fraction

transform (MNF) are the data analysis tools most widely used by conservation

scientists for their speed and simplicity in reducing the dimensionality of HSI

data [36, 147, 90]. Clustering techniques and classi�er have also been employed

to �nd the trends within data, including K-means clustering [52, 36], spectral an-

gle mapper (SAM) [55, 63], support vector machine (SVM) [80, 153], and fully

constrained least square (FCLS) [78, 162]. More advanced machine learning

models, from embedding techniques [156, 202] to neural networks (NNs) [123],

are applied for spectral signal unmixing and paint component mapping. In this

ever-evolving landscape, ML applications in CH are witnessing steady growth,

contributing meaningfully to the ongoing dialogue on leveraging computational

technology for the preservation and conservation of our cultural heritage.

1.2 Research Questions

Conservation of cultural heritage stands at the intersection of physical science

and technological advancement. Machine learning and data analysis, with their

capacity to discern patterns and trends within extensive datasets, offer a promis-

ing avenue for enhancing conservation and restoration efforts. However, cultural

heritage presents essential constraints in terms of their intrinsic vulnerabilities,

diversity and complexity. Challenges may range from issues related to data qual-
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ity and quantity to model interpretability and transferability. This thesis delves

into a nuanced exploration under the umbrella research questionRQ-1, seeking

to unravel the multifaceted ways in which machine learning can contribute to

cultural heritage conservation:

How can machine learning and data analysis techniques contribute to the

conservation and restoration of cultural heritage objects?

The investigation involves sub-questions that address speci�c aspects of this

overarching theme, including conservation analysis, restoration applications,

and model transferability. By delving into these sub-questions, we seek to

provide a comprehensive understanding of the challenges, limitations, and appli-

cability of these advanced computational methods to pave the way for effective

implementation.

RQ-1.1Can machine learning techniques address complex identi�cation

and classi�cation problems in CH?

Understanding the materials used at the time of execution of the artwork,

their distribution, and the current preservation states stand at the heart

of effective conservation efforts in cultural heritage. Traditional iden-

ti�cation methods, often relying on chemical analyses involving micro

sample-taking, come with inherent limitations and become increasingly

inaccessible in the �eld due to their destructive nature [127]. With the in-

troduction of non-invasive and non-destructive analytical instruments, new

possibilities for looking into the elemental and molecular compositions

emerge [23]. However, the growing volume of big data exceeds the hu-

man capacity for the effective extraction of information. While statistical

methods may be adequate for simpler problems, machine learning offers a

promising avenue to address more nuanced and complex scenarios, where

the labelled datasets are limited and the ground truths are intricate due to

mixtures and degradations. In this way, we aim to explore the adaptability

of ML in addressing these distinctive challenges.
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RQ-1.2To what extent can machine learning models detect and mitigate

the degradation of cultural heritage artefacts over time?

Degradation is a complex process that presents signi�cant threats to the

preservation of cultural heritage objects. The assessment of chemical

and structural changes is essentially challenging due to the presence of

multiple degradation pathways and the co-existence of diverse degradation

products, particularly in the case of large organic molecules [136]. In this

sense, imaging spectroscopy and machine learning techniques emerge as

promising tools, offering new possibilities to discriminate alterations and

subtle changes without the need for laborious characterization processes.

Moreover, while conventional restoration is time-consuming and highly

dependent on the restorer's skill, digital restoration enabled by machine

learning is increasingly considered a fast and subjective restoration so-

lution. The effectiveness of machine learning algorithms in detecting,

precisely mapping, and reconstructing damaged areas is to be explored,

shedding light on their potential to advance restoration practices.

RQ-1.3How transferrable are the machine learning models developed

to similar scenarios in cultural heritage conservation and what future

applications can be envisioned?

One of the most important features of cultural heritage artefacts is their

uniqueness from piece to piece. Unlike standardized datasets common

in many other ML applications, the large variations of CH objects, such

as pigment palettes, degradation patterns, dimensions, and artistic styles,

make it challenging to extend the applicability beyond every single case.

Moreover, the scarcity of comprehensive databases and limited labelled

datasets further restrict the models to adapt across a broader range. Despite

these challenges posed by the nature of cultural heritage, the speci�c

machine learning models remain applicable within similar scenarios that

share the same problem or material composition. Thus, understanding

the transferability of these models is crucial for their practical utility
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and implementation. We seek to investigate the generalization ability

of machine learning models, exploring their ef�cacy in diverse cultural

heritage conservation contexts.

1.3 Outline

Given the background concepts exposed above, a detailed overview of the work

presented in this thesis is provided below:

Chapter 1 The �rst chapter introduces the context of the thesis and presents the

research questions. Lastly, it summarises the content of each chapter and the

publications derived from the �ndings.

Chapter 2 This chapter delves into the exploration of machine learning algo-

rithms for the task of classifying and identifying complex art materials. An

innovative data processing pipeline is presented, integrating spatial and spectral

clustering techniques to extract and map spectral signatures. We explore Simple

Linear Iterative Clustering (SLIC) Superpixel's potential in reducing hyperspec-

tral data while maintaining spectral richness. This facilitates the application of

various machine learning algorithms, especially the soft clustering algorithms

Fuzzy C-Means clustering (FCM) and Gaussian Mixture Models (GMM), to

classify spectra into distinct colourant groups, identifying complex mixtures

and areas of degradation. The ef�cacy of the proposed method is demonstrated

through two highly diverse cases, one of cinematic �lms and one of pointillism

painting. The results highlight the potential of machine learning in aiding art-

work diagnostics, conservation, and restoration, with transferable models for

similar scenarios. This chapter aims to answer the research questionsRQ-1.1,

RQ-1.2, andRQ-1.3.

Chapter 3 This chapter explores the application of machine learning to address

degradation issues, focusing on a case study involving the digital restoration

of degraded cinematic �lms. A novel Vector Quantization (VQ) algorithm is

developed, leveraging VNIR hyperspectral data. The VQ algorithm utilizes a
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what we call a multi-codebook that correlates degraded areas with corresponding

non-degraded ones selected from reference frames. Comparative analysis with

professional commercially available �lm restoration software reveals superior

results in terms of color reconstruction, tested on both RGB and hyperspectral

data. The restoration achieved on the single frame is further extended to a

collective frames, revealing its potential applicability to a broader spectrum

of images exhibiting similar deterioration patterns. The goal of the chapter is

to contribute insights that further address the research questionsRQ-1.2, and

RQ-1.3.

Chapter 4 In this chapter, we aim to contribute to the systematic application

of the state-of-the-art technique, Neural Networks, in solving cultural heritage

problems. This chapter provides an exhaustive analysis of the literature related to

Neural Networks (NNs) applied for hyperspectral data in the Cultural Heritage

�eld. We outline the existing data processing work�ows and propose a com-

prehensive comparison of the applications and limitations of the various input

dataset preparation methods and NN architectures. By leveraging NN strategies

in CH, this chapter aims to pave the way for a more systematic and informed

application of this novel data analysis method. This chapter aims to answer the

research questionsRQ-1.1, andRQ-1.3.

Chapter 5 This chapter summarises the contribution of this thesis, highlights

key �ndings for each research question, and outlines potential directions for

further research.





Chapter 2

Spatial-Spectral Joined

Unsupervised Segmentation for

Colourant Analysis

Can machine learning techniques address complex

identi�cation and classi�cation problems in CH?

To what extent can machine learning models detect

and mitigate the degradation of cultural heritage

artefacts over time?

How transferrable are the machine learning models

developed to similar scenarios in cultural heritage

conservation and what future applications can be

envisioned?
— RQ-1.1, RQ-1.2, RQ-1.3

This chapter presents an innovative data processing pipeline that combines

spatial and spectral clustering techniques for the extraction and mapping of

spectral signatures in both cinematic �lms and pointillism painting. We explore

Simple Linear Iterative Clustering (SLIC) Superpixel's potential in reducing

hyperspectral data while maintaining spectral richness. This facilitates the

application of various machine learning algorithms, especially the soft clustering
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algorithms Fuzzy C-Means clustering (FCM) and Gaussian Mixture Models

(GMM), to classify spectra into distinct colourant groups, identifying complex

mixtures and areas of degradation.

2.1 Introduction

Art conservation and restoration are complex processes that demand a deep

understanding of the materials and conditions of artworks [11]. Traditionally,

the identi�cation process requires careful sampling from the artwork, which is

usually limited and risky, especially when dealing with precious pieces [76, 31].

In recent years, non-invasive spectral imaging tools have brought new possibil-

ities into the analytical investigation, where the identi�cation and mapping of

diverse chemical compounds are enabled by examining characteristic spectral

features [58, 20, 6]. Hyperspectral Imaging (HSI) is one of these emerging

techniques in the Cultural Heritage (CH) �eld [152, 115]. It registers a map

of the artwork with spectrum collected at each spatial location, forming a 3-

dimensional datacube that contains high-resolutional information both spatially

and spectrally. However, artworks usually exhibit heterogeneous compositions

and complex preservation states, making the identi�cation of material mixtures

and the detection of degradation particularly dif�cult [215]. Furthermore, the pre-

cise mapping of such details through the extensive spectral data is a challenging

task, demanding more ef�cient and automatic data segmentation techniques.

In the context of image segmentation, the choice between spatial and spec-

tral features hinges on data characteristics and analytical goals. While spatial

features excel in spatially contextualised data like urban planning and object

detection, capturing adjacent pixel relationships, spectral features, prominent

in hyperspectral data, shine in tasks requiring precise material identi�cation.

In the cultural heritage �eld, spectral-based data processing algorithms have

thus found fruitful applications in extracting chemical information from the

heavy HSI dataset. Numerous works have applied data dimensionality reduction

techniques, such as Principal Component Analyses (PCA) [161], t-distributed
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Stochastic Neighbor Embedding (t-SNE) [156], and Uniform Manifold Approx-

imation and Projection (Umap) [202], to compress the high-dimensional HSI

data into a lower-dimensional space, facilitating the fast visualization and subse-

quent classi�cation. However, these approaches often sacri�ce critical spectral

details and result in condensed and overlapping data representations, complicat-

ing the accurate separation of material mixtures. Another common approach

is spectrum-wise classi�cation, where techniques like Spectral Angle Mapper

(SAM) [63, 68, 14], Fully Constrained Least Square (FCLS) [78, 48, 62], or

Neural Network models [123] are employed to match or unmix spectral signa-

tures. These algorithms enable the accurate identi�cation of pictorial materials

but are often constrained by the limited availability of labelled training data and

the computational cost of pixel-wise measurements. Moreover, hyperspectral

data possesses rich information in both spectral and spatial scales. While the

spectral aspect has seen signi�cant development in analytical techniques, the

spatial aspect is often underutilised. Notably, HSI data exhibit redundancies

among spatially adjacent pixels due to similarities in material compositions at

small scale. Incorporating the spatial information into classi�cation processes

offers great potential to enhance the clustering ef�ciency.

To address this, we developed a novel joint spatial-spectral data segmentation

approach to unravel intricate details in art objects. We leverage the Simple

Linear Iterative Clustering (SLIC) Superpixel algorithm [3] to spatially segment

the data by grouping repetitive spectra into compact and relatively homoge-

neous regions, providing an optimal balance between data complexity reduction

and spectral signature retention. Subsequently, a range of state-of-the-art un-

supervised clustering techniques is explored to reveal deeper insights into the

underlying patterns within the spectral data, especially the soft clustering algo-

rithms such as Fuzzy C-Means clustering (FCM) [194] and Gaussian Mixture

Models (GMM) [134]. The combination of spatial segmentation with clustering

algorithms has already demonstrated ef�cacy in the computer vision �eld for

improved segmentation accuracy with reduced computational time [110, 184].

While such methods have been mainly developed for colour images, they have
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found promising applications in CH, primarily for fast object extraction and edge

detection in document, book, and mural RGB images [93, 135, 209, 186, 91].

For analysing the high-dimensional HSI data, this joint clustering approach is

increasingly applied in the remote sensing �eld to assist urban or terrestrial data

classi�cation [28, 88, 92]. Recently, it has also been extended in the domain

of CH analysis, particularly in feature delineation within mural paintings in

assist for the future restoration works [125, 113]. However, the full capacity of

spatial-combined classi�cation to address the challenges of complex material

mixtures and degradation has yet to be fully explored.

The ef�cacy of our proposed approach will be demonstrated through its

applications on two distinct historical artworks: one of cinematic �lms that

exhibit non-uniform colour loss and colour balance shifts, and one 19th century

Neo-Impressionist painting that presents highly diverse pigment compositions

with numerous mixtures on canvas. Through this study, we introduce this novel

joint spatial-spectral data segmentation technique to the cultural heritage �eld to

explore its full potential in artwork diagnostics, conservation, and restoration.

The remainder of this chapter is organized as follows. Section 2.2 highlights

the research questions to be solved in this chapter. Section 2.3 provides compre-

hensive information on the materials and spectral datasets utilised in this chapter.

In Section 2.4, we detail the data processing methodology, starting from the

developed algorithm to the visualisation strategy and comparisons with other

approaches. The segmentation results and their analyses are discussed in Section

2.5. Finally, the conclusion and future perspectives are marked in Section 2.6.

2.2 Research Questions

The goal of this project is to investigate the potential of spatial clustering-based

clustering algorithms and soft clustering techniques in assisting cultural heritage

material classi�cation. Through a more nuanced understanding of art materiality,

by identifying distinct materials, separating their mixtures, and localising the

areas of degradation, the following research questions are responded:
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RQ-1.1Can machine learning techniques address complex identi�cation

and classi�cation problems in CH?

RQ-1.2To what extent can machine learning models detect and mitigate

the degradation of cultural heritage artefacts over time?

RQ-1.3How transferrable are the machine learning models developed

to similar scenarios in cultural heritage conservation and what future

applications can be envisioned?

2.3 Experimental

2.3.1 Materials

Film samples used in this chapter are provided by "L'immagine Ritrovata Film

Restoration Laboratory" (Cinematique of Bologna). They come from a historical

�lm fragment manufactured by Fuji Photo Film Co., Ltd. between April and

June 1986, with the authorship undetermined. In this case study, four positive

�lm frames, each measuring 34 mm× 19 mm (± 0.5 mm) in physical dimension,

are presented (Figure 2.1). The transparent support for these �lms is cellulose

acetate, and the yellow, magenta, and cyan dyes are located in distinct layers

within the emulsion, forming a trichromatic structure [208]. However, those

large synthetic organic molecules are intrinsically unstable and deterioration is

inevitable, making the preservation of the original colour a challenging problem.

Moreover, the degradation is non-linear among the dyes, which means certain

types of dyes degrade at faster rates over time, and is often spatially inhomo-

geneous that certain areas are more damaged than the rest. Among them, the

cyan dyes are the most unstable to degrade, followed by the magenta and yellow

dyes. As could be observed in Figure 2.1, the different stages of degradation

are re�ected in the gradual transformation of the �lm's colour, from its original

bluish hue (as seen in Film 21) to shades of purple (notably in the left half of

Film 23), followed by magenta dominance (most evident in Films 22 and 25),
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