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Directeur de Thèse:
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Abstract

Today, hyperspectral imaging (HSI) plays a key role among the analytical tech-

niques. The challenge is to improve both spatial and spectral resolution as well as

acquisition speed. In this situation, chemometrics plays a key role as a relevant tool

to extract meaningful information from the data. MALDI and LIBS can be consid-

ered the most used in molecular and elemental imaging respectively. Although they

share the same problem of data dimension, the different data acquisition process,

the different type of data, data storage, as well as the different purpose of analysis

explain the need for different tools between LIBS and MALDI. In MALDI, as a

non-target analysis, clustering has more quickly become one of the most important

techniques studied due to its ability to group similar objects, e.g. similar region in

a MALDI image. In cancer diagnosis, tissues are usually examined by the golden

standard of histopathological and immunohistochemical analysis. However, these

are targeted analyses, so they are not suitable if we are looking for new biomark-

ers. In fact, MALDI can provide complete spatially resolved biological information.

With this amount of information it is possible to segment the image to a region with

similar biochemical information. As it will be explored later, a common technique

it is to follow the histological annotation to cluster the data with an interactive hi-

erarchical clustering technique (bisecting kmeans), or even if there is no histological

annotation the segmentation is mainly driven by the user experience, so it can be

really biased. For this reason, one of the main purposes of this research was to find

an appropriate chemometric approach to cluster the MALDI data in a less biased

way, using a hierarchical approach, giving all the sheets to be studied and evaluat-

ing their division without using prior information such as histological annotation to

match or premonitions.

LIBS is widely used in various fields [1]. Millions of spectra can be measured ev-

ery day, which is a real challenge for data set analysis [2]. In the field of mineral
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analysis, a sample can contain multiple phases and different minerals can have very

close elemental compositions, making data analysis really difficult. Even if the com-

position does not appear to be different, they can appear to be different from a

visual perspective. This discrepancy is important to investigate because it can help

to really understand and explore the sample. For this reason, the HSI data fusion

approach with LIBS and RGB has been explored to enhance the LIBS analysis.

In addition, the possibility of fusing elemental and molecular information in a bio-

logical context is being explored. As the most used in its field, the fusion between

MALDI and LIBS can enhance the exploration of biological tissue, allowing elemen-

tal and molecular information to be correlated, with the possibility of understanding

whether exogenous elemental modifications can cause molecular variations related

to disease. As this is a pioneering study, we started with a rat sagittal brain sample

to see the feasibility of the technique.

Given the state of the art, the work was not so much focused on developing brand

new advanced methods, but rather on changing the approach and calibrating the

research question, purpose and technique.
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Résumé

Aujourd’hui, l’imagerie hyperspectrale (HSI) joue un rôle clé en chimie analytique.

Le défi consiste ainsi à améliorer à la fois la résolution spatiale et spectrale ainsi

que la vitesse d’acquisition. Dans ce contexte, la chimiométrie joue un rôle essen-

tiel en tant qu’outil pertinent pour extraire des informations significatives à partir

des données. Le MALDI et le LIBS peuvent être considérés comme les techniques

les plus utilisées pour l’imagerie moléculaire et élémentaire respectivement. Bien

que ces techniques partagent le même problème lié à la dimension des données,

les différences dans le processus d’acquisition, le type de données, le stockage des

données ainsi que les objectifs d’analyse expliquent la nécessité de recourir à des out-

ils différents pour ces deux modalités. Dans le cas du MALDI, en tant qu’analyse

non ciblée, le clustering est rapidement devenu l’une des techniques les plus im-

portantes étudiées en raison de sa capacité à regrouper des objets similaires, par

exemple des régions similaires dans une image MALDI. Dans le cadre du diagnos-

tic, les tissus sont généralement examinés selon une méthode de référence comme

l’analyse histopathologique ou l’immunohistochimique. Cependant, ces analyses

étant ciblées, elles ne sont pas adaptées si l’on cherche de nouveaux biomarqueurs.

En effet, le MALDI peut fournir des informations biologiques complètes avec une

bonne résolution spatiale. Avec cette masse d’informations, il est possible de seg-

menter l’image en régions ayant des informations biochimiques similaires. Une tech-

nique courante consiste à suivre l’annotation histologique pour regrouper les données

à l’aide d’une technique de clustering hiérarchique interactive (bisecting k-means),

ou même, en l’absence d’annotation histologique, la segmentation est principalement

guidée par l’expérience de l’utilisateur, ce qui peut introduire un biais important.

Pour cette raison, l’un des principaux objectifs de cette recherche était de trou-

ver une approche chimiométrique appropriée pour regrouper les données MALDI de

manière moins biaisée, en utilisant une approche hiérarchique, en donnant toutes les

3
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branches à étudier et en évaluant leur division sans utiliser d’information préalable

comme l’annotation histologique ou des présupposés. Le LIBS[1] est largement

utilisé dans divers domaines. Des millions de spectres peuvent être mesurés chaque

jour, ce qui représente un véritable défi pour l’analyse des ensembles de données[2].

Dans le domaine de l’analyse minérale par exemple, un échantillon peut contenir

plusieurs phases et différents minéraux peuvent avoir des compositions élémentaires

très proches, rendant l’analyse des données particulièrement difficile. Même si la

composition ne semble pas différente, elle peut apparâıtre différente visuellement.

Cette divergence est importante à étudier car elle peut aider à mieux comprendre

et explorer de tels échantillons.

Pour cette raison, l’approche de fusion de données HSI entre les imagerie LIBS

et RGB a été explorée pour améliorer l’analyse LIBS d’échantillons complexes. De

plus, la possibilité de fusionner des informations élémentaires et moléculaires dans

un contexte biologique est en cours d’exploration. En tant que techniques les plus

utilisées dans leurs domaines respectifs, la fusion entre le MALDI et le LIBS peut

améliorer l’exploration des tissus biologiques, en permettant de corréler les infor-

mations élémentaires et moléculaires, avec la possibilité de comprendre si des mod-

ifications élémentaires exogènes peuvent entrâıner des variations moléculaires liées

à des maladies par exemple. Comme il s’agit d’une étude préliminaire, nous avons

commencé avec un échantillon sagittal de cerveau de rat pour évaluer la faisabilité

de la technique. Étant donné l’état de l’art, le travail ne s’est pas tant concentré

sur le développement de méthodes avancées entièrement nouvelles, mais plutôt sur

un changement d’approche et une reformulation de la question de recherche.
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Chapter 1

Introduction

Analytical chemistry is the branch of chemistry concerned with characterising the

chemical and physical composition of a sample. Typically, a representative portion

of the sample should be selected for sampling. This can be important and efficient

for some common analyses, such as water analysis. However, in some cases the

heterogeneity of the sample is relevant and it is not possible to represent the sample

with only a small part of it. In this case, the normal approach is not applicable.

If, for example, the aim of the study is to find the contaminants in a field and to

understand their diffusion, the process will be to construct a grid over the sample

and to take a sample for each cell. The number of samples is related to the density of

the grid. Subsequent subsampling will involve the implementation of spectrometric

analysis. This provides not only chemical and physical information, but also spatial

information. An example of grid sampling applied to a square field is shown in figure

1.

S-1 S-2 S-3 S-4

S-5 S-6 S-7 S-8

S-9 S-10 S-11 S-12

S-13 S-14 S-15 S-16

Figure 1: Example of a grid-sampling

When considering the entire figure as an image of the sample, it can be observed

5
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that each previously defined subsampling corresponds to a pixel. The result is what

can be described as an hyperspectral image (HSI) of the sample [3].

Just as grayscale or Red-Green-Blue (RGB) images provide information about color

and texture, hyperspectral images can be viewed as normal images where instead of

1 (Grayscale) or 3 (RGB) channels there are hundreds of thousands. Each of these

channels corresponds to, e.g., a specific lambda λ or m/z value.

Elemental and molecular analysis are two sides of the same coin. Molecular analysis

finds its main application in biomedical research. On the other hand, elemental

analysis is more interesting in materials science, applied to geology, environmental

monitoring, cultural heritage and agriculture.

Both have benefited from important advances in recent decades, and these improve-

ments in speed and spatial resolution have made it possible to obtain more infor-

mation about samples in less time.

Among the various techniques, Matrix-Assisted Laser Decomposition (MALDI) and

Laser-Induced Breakdown Spectroscopy (LIBS) can be considered the gold standards

of hyperspectral imaging for molecular[4, 5] and elemental [6] analysis, respectively.

Table 1 report an overview of MALDI and LIBS imaging.

The features of these techniques allowed them to became the golden standard

of their fields. Due to the wide range of biomolecules that can be acquired and the

tissue-type specific molecular profile that can give, MALDI became one of the most

important molecular technique [7, 8] LIBS is one of the most interesting approach

for elemental analysis, used also for the exploration of Mars by the NASA [1].

The amount of data generated by both techniques is impressive (up to millions

of spectra) in a relatively short time (less than an hour). Considering that each

spectrum is made up of thousands or more variables, the dimensions of the data

generated are important. so efficient handling of this data is critical.

Chemometrics is a good candidate to address these issues. Using a proper approach

based on statistical methods or machine learning algorithms, it is possible to extract

relevant information from the images and study the heterogeneity among them.

Purpose of the thesis

Here, finally, the purpose of my thesis: to improve some unsupervised approach for

two of the most used hyperspectral imaging (MALDI and LIBS). One of the crucial

points of MALDI imaging is the segmentation (clustering). Without prior knowl-

6
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MALDI imaging LIBS Imaging

Purpose
Molecular imaging of

biomolecules
Elemental imaging

Laser role
Exciting the matrix,

causing desorption and
ionization

Ablation and formation of
plasma

Sample
preparation

Matrix is deposed
uniformly to maintain the
spatial distribution of

molecules

Almost no pretreatment
needed

Detection Mass Spectrometry Emission Spectroscopy

Spatial
Resolution

10-100 µ 10-100 µ

Laser Speed
frequency

up to 10 kHz up to 1 kHz

Application
Biomarker discovery, tissue

analysis
Material Science

Table 1: Comparison of MALDI Imaging and LIBS imaging

edge, it is not easy to find and validate the appropriate segmentation algorithm. The

aim of this work is to improve clustering analysis. In addition, a first step towards

the fusion of molecular and elemental information was made with the fusion of LIBS

imaging and MALDI imaging.

The thesis is organized as follows: First, the basic instrumentations are presented.

This is followed by a basic introduction about the basis of chemometrics. Then,

for each chapter, a specific problem is introduced to clarify the state of the art in

this field, followed by the solutions proposed and adopted during this thesis. The

state of the art section as an introduction before each chapter was a choice to help

the reader follow the discussion due to the gaps between the arguments. Code and

processing are explained not only theoretically, but also Matlab code are presented

to help the reader follow and give him directly also tools.

7
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1.1 Mass Spectrometry

Mass spectrometry is an analytical technique that allows atoms and molecules to be

ionized, separated and analyzed as an ionic gas based on their m/z ratio. It is useful

for the identification of unknown samples (organic, inorganic and biomolecules),

obtaining structural information and, coupled with other techniques (e.g. GC/LC

chromatography), quantitative analysis in complex mixtures. A simplified diagram

of the instrumentation is showed in figure 2

Introduction Ion Source Analyzer Detector

Figure 2: Diagram of a mass spectrometer

The first step is the introduction of the sample into the system. This process de-

pends on the physical state of the sample (gas, solid or liquid). The introduction

system allows the sample to be introduced into the instrument. Nowadays the in-

troduction systems are automatized, so it can work with autosampling or coupled

with separations techniques as chromatography.

Once the analytes are inside the instrumentation, the source has to ionise the atoms

(or molecules) of the sample. There are different techniques such as Electrospray

Ionisation (ESI), Electron Impact (EI) or Matrix-Assisted Laser Desorption/Ionisa-

tion (MALDI). During this thesis, the latter was used because it is able to detect

different types of biomolecules. The mass analyser separates the ions by their m/z

ratio. There are different types of mass analyser, such as quadrupole, time-of-flight

(TOF) and ion cyclotron resonance (ICR). Each analyser uses a different technique.

The detector converts the ion beam into a mass spectrum. The latter are under high

vacuum to prevent the ions from being disturbed by interactions with molecules in

the atmosphere.

Fundamentals In the mass spectrometer, analyte molecules are converted to ions

by applying energy to them. The ions formed are separated by their mass-to-charge

ratio (m/z ). m/z is an unitless ratio, as it is the mass number divided to the number

of fundamental charges z on the ion. It is equal to the mass of the ion only if the

ion is singly charged. MS it is not a real spectroscopy, because it uses electrons (or

other ionizing agents) and this interaction causes the ionization of the analytes and

8
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FWHM

∆ m

m

Figure 3: Representation of how the resolution is calculated

the subsequent fragmentation. It means that this technique is destructive. It is

not possible to recover the sample after the analysis. The neutral molecules are not

observed.

Resolution Resolution is the ability of a mass analyzer to obtain distinct signals

for two ions with a small difference in m/z. The Marshall resolution definition is

R =
m

∆m
(1)

A representation of how the resolution is calculated is in figure 3 where δm is the

width of the peak on a specific height, usually at 50% (FWHM - Full Width at Half

Maximum). This definition is important because it does not requires two peak with

similar intensities and close m/z values. Based on the kinetic theory of gases, the

mean free path is:

L =
kT

pσ
√
2

(2)

where k is the Boltzmann constant, T is expressed in Kelvin, p in Pascal and σ is

the collision section. Value of pressure and mean free path are shown in table 2

Around 10−9 atm is the pressure of the mass analyzer in the instruments. The mean

free path is important because the ion should reach the detector to give a signal. A

visual representation of the mean free path is shown in figure 4
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Pressure L

1 atm ∼ 64 nm
0.001 atm ∼ 64 µm
10−6 atm ∼ 64 mm
10−9 atm ∼ 64 m

Table 2: Mean free path

P atm P <<<

Figure 4: Representation of the differences between P atm and P <<<. As it is
possible to see, in the case of P <<< the probability of collision between the ion
and other molecules is lower.

1.1.1 MALDI

MALDI is a condensed-phase technique. It allows molecules to be vaporised and

ionised in a single step, enabling the analysis of volatile and thermolabile compounds,

even those with high molecular weights, such as whole proteins. The analytes are

dispersed in the matrix, which plays a crucial role. When a laser beam is applied,

the matrix absorbs the energy from the laser, desorbs and transfers some of the

energy to the analytes, ionising them. There are key parameters of laser and matrix

that are crucial for this technique:

Laser: Key parameters of laser are the wavelength, the speed and the beam size

10
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Matrix: key parameters of matrix are the capability of co-crystallizing with the

analytes, the stability in vacuum, high absorption for the laser wavelength,

the non reactivity with the analytes, the less tendance of fragmentation and

autoionisation, and the capability of transfer the energy to the analytes.

The wavelength of the laser should be optimal for the analysis, because it should

be well absorbed by the matrix. The speed has an impact on the preservation of

the the analytes, long beam laser could degrade the analytes. The beam size has an

important role for the potential spatial resolution of the analysis.

Co-crystallisation is crucial. The analytes are distributed throughout the matrix and

the molecules are rounded by matrix molecules. This facilitates energy transfer from

the matrix to the analytes. The dispersion of the analytes should be as homogeneous

as possible, otherwise variability would be introduced between different shots on the

same sample. The size of the crystals is also important. Small crystals allow better

spatial resolution because the crystallisation is better organised. The matrix should

be stable in vacuum and transfer energy to the analytes without reacting with them,

otherwise signals will be lost. At the same time should not ionize itself, or at least

do not cover the m/z range of the analytes, otherwise can easily cover the relevant

signal. All of these properties should be well balanced to optimize the analysis.

To explain how the co-crystalization and the dispersion of the analytes trough the

matrix can be done, example of sample preparation for MALDI analysis will be

presented.

• Dried Droplet: the sample and matrix are first mixed and then applied to

the substrate

• Thin Layer: the matrix is dissolved in acetone, placed on the substrate,

dried and crystallized. the sample is placed on the top of the matrix layer and

allowed to dry

• Sandwich Method: The matrix is applied, then the sample and the the

matrix again. Everything is air dried.

There were just three ways to prepare the sample for MALDI analysis. For MALDI

imaging sample preparation is different but the key factor of laser and matrix will

remain. To conclude the introduction about MALDI, it might play an important role

due to its unique advantages, including high sensitivity, a wide range of molecules
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(thermolabels molecules can be analyzed), molecular specificity, and the flexibility

to analyze many varied analytes on a single platform.

1.1.2 MALDI Imaging

MALDI imaging is an imaging mass spectrometry technique able to combine the

traditional MALDI analysis with spatial mapping capabilities, allowing the molec-

ular analysis across a surface with high spatial resolution. For each pixel there is

a mass spectrum. In fact, the spatial resolution is easily around ∼ 10 µm, a cell

resolution, so it is possible to see the distribution of analytes in the different cells of

the tissue. On table 3 is reported a comparison between the Traditional MALDI vs

MALDI imaging.

Traditional MALDI MALDI Imaging

Provides a single mass spectrum for the
entire sample

Acquires spectra point-by-point,
creating a spatial map of molec-
ular distributions

Sample and matrix are mixed or co-
crystallized uniformly

Matrix is deposed uniformly to
maintain the spatial distribution
of molecules

n samples x z mz values nxm spatial coordinates x z mz
values

Commonly used for global molecular
identification.

Widely applied in tissue imaging
and biomarker localization.

Table 3: Comparison of Traditional MALDI and MALDI Imaging

Sample preparation and analysis

Tissue (previously frozen) is cut, typically 10-20 µm thick, deposited on a MALDI

plate and a matrix is sprayed over it, typically using a spray-through machine to

increase the reproducibility and uniformity of the deposited matrix. The analytes

will migrate from the tissue into the matrix and co-crystallisation will occur. This

process is critical to understanding some of the results that can be obtained by

chemometric analysis of MALDI imaging data. The migration should be homoge-

neous throughout the sample, otherwise the signal will not properly correspond to
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the true concentration. Once the laser hits the matrix, it desorb with the analytes,

transferring energy and ionising them. The signal is usually in the low m/z range.

If there are signals from the analytes that have fallen into this region, they may be

masked by the matrix signal. As we will see later, it is possible to consider which

region of the spectrum contains the matrix signal and which does not. In the case

of MALDI imaging, a first division can be made between where there is only matrix

and where there is matrix and sample. In the first case, all the energy absorbed by

the matrix is used to ionise the matrix directly, as there are no analytes to transfer

the energy to. If there are analytes, the energy is used to ionise the analytes, as

mentioned above. Here the signal from the matrix will be lower. This causes a

relevant variance of the matrix signal between the two regions of the image. This

variance is so relevant that it is common to see the separation between matrix and

tissue as the first principal component. This is an important tool for creating a

mask that allows the next step to focus only on the pixels of the sample.

In some instruments, MALDI imaging allows the selection of an area to be scanned.

Typically, biological tissues are not perfectly square. For this reason, it is not con-

venient to analyse a square section containing the entire sample, as a large part of

it will be just matrix. This helps to reduce the dimensionality of the data.

Cube

Selected Region

Figure 5: Visual representation of MALDI imaging. It is possible to select the region
to analyse. The final output will be always a cube, with a certain amount of NAN
values

In this region, for each (x,y) coordinate, the sample is hit by the laser, desorption,

ionization, separation and detection of analytes takes place. A mass spectrum is

then acquired for each (x,y) coordinate. The results of a MALDI analysis is a

cube of dimensions n,m,z where n,m indicate the spatial dimensions and z indicate

the spectral dimension. The result is complete information on the (bio)chemical

composition and spatial distribution throughout the sample. The biological samples

usually does not have a perfect square shape, so some instrumentation allows to
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acquire the mass spectra on a specific region (selecting it based on camera). It also

helps to save memory, because of the reduced number of acquired spectra.

Data type

MALDI Imaging provides two types of spectra: centred spectra or profile spec-

tra. The raw signal acquired by the instrument is the profile spectrum, which retains

information about the shape and width of the peaks. The centroided spectra are an

elaboration of the profile spectra, retaining only the most relevant features of the

peaks (e.g. maximum intensity or integration of the peaks).

Role of MALDI imaging in tissue analysis

Histopatological staining and immunohistochemistry (IHC) are the state-of-the-art

for diagnosing and staging of tumors[9], with a complementary role. HIstopatological

staining focuses on the morphological study of tissue. IHC allows direct visualisation

of the spatial distribution of individual proteins within tissue. However, each protein

requires a specific antibody and multiplexing is very limited, typically allowing the

detection of no more than two proteins at a time. IHC is a targeted method and

is not suitable for untargeted studies [10]. In table 4 is presented a comparison

between histopatological staining, immunohistochemistry, and MALDI imaging.

Thanks to the capability of MALDI imaging to visualize the spatial distribution of a

wide type of biomolecules, such as glycans, lipids, proteins, or small molecule drugs,

by their molecular masses the technique become increasingly popular. The spatial

distribution of biomolecules can be directly correlated with the tissue histology.

Histological analysis and MALDI imaging

As MALDI imaging is a non-targeted analysis, the importance of this technique was

clear from the first application. Once the histological analysis had been carried out,

the MALDI analysis of the tissue made it possible to better characterise and study

the differences observed in the histological analysis. Coupling these two techniques

was therefore crucial. There are different ways of combining the information ob-

tained from these two techniques. Later, the clustering techniques (REF) and their

role in tissue analysis will be better explained. For now, it is enough to say that

with MALDI it is possible to see the distribution of specific molecules that can be
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Histology IHC MALDI imag-
ing

PROS Well-estblished
method

Well-established
method

Label-free

Easy to perform highly specific Extensive infor-
mation about
(bio)chemical
composition and
distribution

CONS Non specific Depends on the
availability and
quality of anti-
bodies

Limited spatial
resolution

Subjective inter-
pretation

Restricted to a
few target anti-
gens

Requires special-
ized instrument

Table 4: Comparison of histology, immunohistochemistry (IHC) and MALDI imag-
ing

both known or unknown in advance, to better characterise the region, or to obtain

spectra based not on all the tissue but specific selected region, thus analysing the

composition of a specific selected region.

Coupling histological information with MALDI one can be done on two different

approach:

• Same tissue: staining on the same tissue section used for MALDI-MSI anal-

ysis, either before or after the analysis

• Consecutive tissue: staining on the consecutive tissue section used for

MALDI-MSI analysis

Staining the same section allows unambiguous correlation between MALDI-MSI

images and histological images, but may be hampered by potential loss of tissue

integrity after analysis or during removal of the MALDI matrix. On the other hand,

the use of consecutive tissue sections avoids these problems, but introduces the

uncertainty that adjacent sections may not be completely identical.
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Importance of data analysis in MALDI imaging

MALDI provides a hyperspectral image of the tissue with a mass spectrum as the

third dimension. Even without prior knowledge of the tissue, it is possible to extract

relevant information about it using unsupervised approaches from chemomet-

rics. These approaches look for latent data structures and underlying relationships

that are not immediately observable by univariate statistical methods, without any

prior information about dominant categories or variables. Of all the unsupervised

approaches, clustering is one of the most interesting. Clustering, which will be dis-

cussed in more detail later in the thesis, is a group of multivariate data analyses

that are able to cluster homogeneous elements into a group. In this domain, ele-

ments correspond to pixels, and each pixel is a spectrum, so clustering is not only

the appropriate chemometric analysis that is important. There are different ways

of analyzing or extracting information from the data. It is therefore important that

the results of the data analysis are read by a biologist in order to properly evaluate

the results, so collaboration between these two worlds is important.

An interesting review regarding the spatial multiomics analysis was published re-

cently [11]. An in-depth analysis of the various techniques and evolutions is given.

MALDI imaging has gained importance in the omics science, particularly inmetabolomics

and proteomics, due to its spatial resolving power, making them spatial omcs sci-

ences. Spatial omics refers to all techniques capable of molecular spatial resolution,

used to analyze biological molecules and their distribution within a tissue. Table 5

presents the spatial omics sciences

Spatial Omics Sciences

Technique Description

Spatial Transcriptomics Gene expression
Spatial Genomics Physical arrangement of the genome
Spatial Proteomics Proteins
Spatial Epigenomics Modification to the DNA sequence
Spatial Metabolomics Metabolites

Table 5: Main features, description and differences of Spatial Omics techniques
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Challenges and future research perspectives

Subcellular acquisition is a key goal of recent research[12]. However, several chal-

lenges must be addressed, such as the lower ion production, which requires more

sensitive instrumentation. Crystals size is also crucial as it should be smaller than

the laser spot. Smaller crystals enhance desorption and ionization of analytes due to

a higher laser intensity at the focal point. The ultimate goal is to study single cells

in their natural tissue environment [13]. This purpose of pushing spatial resolution

involves challenges related to the increase of data dimension [14]. Last but not the

least, identification of molecular species has a key role in MALDI imaging analysis

[15]. The m/z values obtained should be traced back to unique compound identifica-

tion to have a meaningful biological and diagnostic conclusion. The untarget nature

of MALDI-imaging has its own pros and cons. m/z ratios need to be identified as a

unique compound. One of the most famous is METASPACE [16]. In the context of

unsupervised analysis, this can helps to identify new molecular species. e.g., after

this segmentation, the idea was to get a list of the most interesting features of each

region of the samples. However, identification and annotation are not really part of

the main purpose of this work, so it won’t really be explored.

1.2 Emission Spectroscopy

Emission spectroscopy is an analytical technique based on the light emitted by

excited atoms. Analyte atoms are excited by heat or electrical energy. The energy is

typically supplied by a plasma, a flame, a low-pressure discharge, or a high-powered

laser [17]. Atoms begin in the ground state and, upon absorbing energy, transition

to a higher energy level, the excited state. Each element emits a unique spectrum,

which acts like a fingerprint for identifying the elements. This makes the technique

useful for qualitative analysis. Various approaches and types of instrumentation

are used. Among them, Laser Induced Breakdown Spectroscopy (LIBS) will be

introduced as instrumentation used in this thesis.

1.2.1 LIBS

LIBS is an emission spectroscopy technique based on a plasma source. The duration

of plasma is about nanoseconds and its power causes a dielectric breakdown. This
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creates a highly plasma. At the end of the laser pulsation, the plasma cools down

and the radiation emitted by the excited atoms (and ions) can be detected.

Figure 6: Representation of a LIBS system

A number of salient properties of lasers employed in LIBS must be considered,

including wavelength, pulse energy, irradiance, directionality, and monochromatic-

ity. Typical pulse energies used in LIBS range from 10 mJ to 500 mJ. Given that the

energy of a visible photon is around ∼ 10−19 J, this corresponds to approximately

1017 to 5 · 1018 photons per pulse [6]. The most interesting properties of laser is

the very narrow spectral range where the majority of the output energy is concen-

trated, unlike conventional light sources that are broadband. However, fundamental

frequency of the laser can be not the optimal one for the excitation. To overcome

this problem, it is possible to pass the laser pulse through a suitable birefringent

material. The complete emission spectrum of each element is unique. All the el-

ements ablated with the laser and present in the plasma and that generate light,

should be representative of the sample. To be significative, plasma should be in

a thermodynamic equilibrium and the elemental composition should be the same

as the one in sample. In this case there is a connection between the spectral line

intensities observed and the relative concentrations of elements.

1.2.2 LIBS imaging

Traditional LIBS vs LIBS imaging LIBS Imaging is an spectrometry technique

able to combine the traditional LIBS analysis with spatial mapping capabilities,
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allowing the elemental analysis across a surface with high spatial resolution.

On 6 is reported a comparison between traditional LIBS and LIBS imaging.

Traditional LIBS LIBS Imaging

Provides a single spectrum for the en-
tire sample

Acquires spectra point-by-point, creat-
ing a spatial map of elemental distribu-
tions

n samples x λ wavelength nxm spatial coordinates x λ wavelength

Commonly used for quick, localized
measurements.

Widely applied in studies involving tis-
sue imaging, material characterization,
and environmental monitoring.

Table 6: Comparison of Traditional LIBS and LIBS Imaging

Sample preparation and analysis The diameter of the laser is directly propor-

tional to the diameter of the resulting ablation crater. This limitation results in

a reduction in the spatial resolution that can be achieved, due to the requirement

that the step size (the distance between two consecutive laser shots) must exceed

the diameter. The surface of the samples should be correctly polished, as the focal

point of the laser should be constant and correct all over the surface.

Figure 7: Possible path of acquisition

As it is shown in figure 7, the acquisition is sequential. This will cause that the

odd (or even) rows are flipped. This is crucial to keep in mind once the data need

to be imported. An initial step of flipping them is needed.
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Importance of data analysis in LIBS imaging As with other hyperspectral

techniques, the instrumentation for LIBS imaging has evolved greatly in recent years,

allowing more data to be generated in less time. The advent of novel techniques

has rendered the attainment of kHz acquisition frequencies a possibility. This facil-

itates the analysis of large areas in a reduced timeframe. As an example, with this

technology is it possible to acquire 1 million of spectra in 16/17 minutes. However,

this acquisition speed brings other problems. First of the, the strong reduction of

Signal-To-Noise ratio (SNR). Regarding this, a chapter of this thesis is dedicated to

(see chapter 4). Regardless the acquisition speed, the data dimension is a challenge

in LIBS imaging analysis, with hundreds of thousands or even millions of spectra.

This amount of data is not easy to manage, not only in terms of data storage,

but also in terms of the power of calculations required. Depending of the research

question, there can be different approaches to reduce the dimensionality. Feature

selection approaches or dimensionality reduction approaches can be useful to reduce

the spectral dimensionality. However, this can be not enough. For example, in the

case of clustering for a huge dataset, the high number of spectra is problematic, as

showed by Duponchel et al. [18]. This shows how borrowing from other fields can

help analysis.

1.3 Chemometrics

Chemometrics is the field of analytical chemistry that uses statistics, and more re-

cently artificial intelligence (AI), to solve complex problems in chemical data analysis

and interpretation. Contemporary technologies enable the acquisition of substantial

volumes of data within a comparatively brief timeframe. Effective management of

this data is then necessary. Having a lot of data is like having a lot of Lego: analyz-

ing a sample without chemometric tools gives a fairly limited view - like identifying

that certain Lego bricks are present - whereas with these tools, it is possible to

highlight specific associations between the bricks, helping us better understand the

complexity of the sample (Figure 8).

After a spectroscopic analysis, for each sample a spectra is given. In imaging spec-

troscopy, a pixel is a spectrum. A spectrum it can be represented as a vector:

X = [x1, x2, ..., xp] (3)
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Figure 8: Visual representation of the data and the importance of chemometrics.
Without chemometric tools even with good data (left) it is not possible to really
understand the complexity of the sample, or to appreciate inside structure among
them (right)

each value of the vector X is the intensity acquired at specific λ (or m/z e.g.). The

wavelength is also a vector:

λ = [λ1, λ2, ..., λp] or m/z = [m/z1, m/z2, ...,m/zp] (4)

Considering n samples with p spectral variables, X is defined as a matrix:
x1,1 x1,2 · · · x1,p

x2,1 x2,2
... x2,p

...
...

...
...

xn,1 xn,2 · · · xn,p


Now is it possible to plot the spectra using the λ (or m/z) as X and the intensities

as Y . This is the way a chemist usually thinks of a spectrum: figure 9
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Figure 9: A Mass Spectrum representation, simulated.

This is just one representation of a spectrum. From a chemometric point of view, a

spectrum is also a point in a multidimensional space where each variable corresponds

to a dimension. To illustrate this, consider the following example of 5 spectra with

only two m/z values. They are plotted as shown in figure 10 below

Figure 10 (B) shows 5 different mass spectra with 2 m/z values. Considering each

m/z as a dimension, the spectra can be also represented as showed in (A). Repre-

sentation in real-world data (thousands of m/z) is impossible. having explained the

chemometric representation of the spectra is explained, it is important to see what

can be done with the data.

Chemometrics can be summarized in three steps:

1) Pre-processing: This is the first step in data analysis. It is important to clean

the data and remove unwanted information that may interfere with the rele-

vant information. It includes algorithms for outlier detection, normalization,

baseline correction, denoising, and dimensionality reduction.

2) Processing: The heart of the analysis. Once a suitable method for the prob-

lem has been chosen, it can trained on the data. Includes algorithms such

as regression, classification and clustering. Other examples are exploratory
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Figure 10: Spectra representation in a bidimensional space

analysis such as PCA.

3) Post-processing: Final stage of the analysis. The results are interpreted, vali-

dated and and properly presented. It focuses on validation, visualisation and

interpretation.

A classification of approaches can be made taking into account the information

available on the data and the purpose:

Supervised analysis: There is prior knowledge about the samples, such as labels

or specific properties. The data and information are used to build models

that can be used to predict the unknown samples to predict their properties

or labels. The predictions are made based on the relationships learned during

the training process.

Y X

Unsupervised analysis: There is no prior knowledge of the samples. The main

aim is to understand the samples and the relationships between them, as well

as relations between variables.
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There are many algorithms in chemometrics that can be used directly to address

the challenges. However, it is important to continue research to improve the known

techniques or to implement new approaches. This can be done by bringing in well-

established techniques from other fields, as has been done by Duponchel et al. [18]

and Alexandrov T. et al. [19]. Chemometrics can then be divided into two main

areas: the application of existing chemometric methods and the development of new

chemometric methods. The latter aims at developing innovative methods to address

and solve new challenges, such as the ever increasing size of data. It may also

involve tackling old problems and trying to find new methods to solve them, with

robust results and easier interpretation. In this area, it is also important to integrate

machine learning and deep learning techniques that can help. It is important for

industries to be able to solve or monitor situations with existing methods, but they

are still interested in new methods that may be cheaper or have a lower error rate,

allowing better control and lower costs. In the medical field, it is important to speed

up the interpretation of biological samples in order to improve healthcare.

Chemometrics for this thesis

Improving the extraction of information from unknown samples has been the main

objective of this thesis, then the unsupervised methods are more interesting. As

mentioned in the section on MALDI imaging, in the case of tissue analysis, the ability

to extract information from tissue, to identify tumour and non-tumour tissue by

tissue without a priori knowledge, and also to identify intermediate stages, is crucial

to the study and understanding of tumours. In particular, clustering techniques have

been investigated with the aim of combining method optimisation with biological

validation. It is important to have a method that is not only optimal and significant

from a statistical point of view, but also easy to read and as real as possible from a

biological point of view. This introduction will cover clustering from the basics to

state-of-the-art clustering in MALDI imaging.

The work in this thesis has touched on topics other than just clustering, but with

the ultimate aim of increasing useful information that can help in the clustering

process. The work can be divided into two macro topics: spatial extraction and

hyperspectral data fusion. As mentioned above, LIBS is a powerful technique for

elemental analysis. However, as will be explained later, sometimes the information

contained in these images is not sufficient. Complementary HSI techniques, such as
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MALDI or even just RGB images, can enhance the exploration of unknown samples.

This section presents the basics of the algorithms used.

1.3.1 Pre-processing

Preprocessing is an essential step in chemometrics. The purpose of preprocessing is

to remove unwanted information from the data that can interfere with the important

one and affect the models. The raw signal can be defined as

S(x) = k · s(x) + ε(x) + β(x) (5)

where k is the multiplicative effect, s(x) is the signal of interest, ε(x) is the error

(random noise) and β(x) is the baseline effect. These artefacts can be due to in-

strumental (electronic), environmental (chemical or physical) or operator artefacts.

They can all be reduced as much as possible, but they can never be eliminated. In

addition to the noise, baseline shifts and multiplicative effects already described,

there is another effect that can occur: peak shifts. The origin of this effect can be

different. Usually in MALDI imaging peak shifts can be caused by the sample prop-

erties (local composition, thickness, matrix deposition) and the calibration method

are sources of mass shift[20]. In LIBS imaging, peak shifts can be caused by the

Stark shift[21].

1.3.2 Clustering

Clustering is an unsupervised technique that combines samples into homogeneous

groups. The samples in a cluster must be as similar as possible, but as dissimilar as

possible to the samples in other clusters. It uses the similarity between samples to

identify hidden patterns or latent relationships. It works only on the characteristics

of the samples, no labelling is required.

For chemical data, clustering divides the data into groups with similar chemical in-

formation. As a primary classification, there are four main categories of clustering

[22]: (1) Partitioning methods; (2) hierarchical methods; (3) density-based methods;

(4) and grid-based methods. Partitioning methods try to find k clusters in n ob-

jects. They are distance-based and after an initial partitioning there is an iterative

relocation technique that improves the partitioning. This improvement is proved
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Figure 11: Clustering example

by a function that represents the quality of the partitioning and the algorithm tries

to minimise it. Hierarchical methods generate a hierarchical decomposition of the

samples, in a top-down or bottom-up approach. Density-based methods use density

as a criterion to generate clusters. If a sample has at least n neighbors within a

given radius r, it can be considered a cluster. It is not necessary to specify k in

advance. As not all the points are assigned, this algorithm can be used for outlier

detection. The main problem is that it depends on the density parameter, which is

not easy to determine. Grid-based method divides the space into cells based on a

grid structure, and it perform a clustering for each cell. This allows efficient han-

dling of large dimensional data. Among the different clustering methods, kmeans

and hierarchical clustering will be presented and explained in more detail as part of

the thesis.

Before doing so, it is important to define how spectra are considered similar, so the

similarity measure is defined. The distance in space where the spectra are repre-

sented can be thought of as a measure of similarity (or dissimilarity). Consider the

example in the figure 12. It is possible to distinguish three groups (characterised

by different colours). A-B, C-D, E-F are close to each other. This small distance

in coordinates, where each axis refers to the wavelength (or m/z), means that the

chemical information within them is not so different. On the other hand, these three

groups are far from each other in this space, and it means that also the chemical

composition is different.

When there are thousands (or more) of variables, even relevant differences in a few

dimensions can be masked by the others, making samples look similar when they
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x axis

y axis

A
B

C
D

E
F

Figure 12: Example of 6 samples that correspond to 3 groups: A and B, C and D,
E and F.

are not (the curse of dimensionality[23]). There are different way to calculate the

distance In this work, the correlation distance was used because it is independent

of normalization, as it is shown by the following equations (NB a, b > 0):

ρaX,bY =
Cov(aX, bY )

σaXσbY

=
ab · Cov(X, Y )

|a| · σX · |b| · σY

=
ab

|a||b|
· Cov(X, Y )

σXσY

=
Cov(X, Y )

σXσY

= ρX,Y

1.3.3 kmeans

The kmeans algorithm is a well-known partitioning clustering algorithm. It is cen-

troid based, which means that it uses a centroid to represent the clusters. The

centroid can be thought of as the barycenter of the cluster and can be calculated

in several ways. The most common way is to calculate the centroid as the mean of

the elements in the clusters (kmeans). However, it is also possible to calculate it as

the median (kmedian) or with the medoid (kmedoid) of the elements in the clusters.

In kmedoids clustering, the medoid is the data point within a cluster that has the
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minimal total distance to all other points in the same cluster. The latter two are

more robust, less sensitive to outliers and, especially the latter, more representative,

but more computationally expensive than kmeans. The algorithm tries to find the

solutions with the lowest overall error, expressed in the equation 6, where M
{k}
i is

the sample i in cluster k and G{k} is the centroid of cluster k.

ERR =
K∑
k=0

(∑
i∈Ik

||M{k}
i −G{k}||2

)
(6)

The algorithm is explained by the table 7 below. There are different problems

Algorithm: kmeans
INPUT METHOD OUTPUT

D dataset 1) Generate k centroids k clusters
k number of
clusters

2) Calculate the distance between the points
and the centroids
3) Assign each points to the cluster of the
nearest centroids
4) Calculate the new centroids as the mean
of the spectra in the cluster
5)If the label are not changed from the previ-
ous iteration, then stop the calculation, oth-
erwise repeat points 2-4

Table 7: Overview of kmeans algorithm

with this algorithm. First at all, it does not give global optimum, but the results

depends strongly on the initial estimation of the centroids. This can be solved by

multiple running of the algorithm, and then keep just the best result. kmeans++

[24] algorithm was developed to improve the initialisation, but it still need multiple

running. kmeans assumes equal variance among all the dimensions, so spherical

clusters are predilected. This cause problems in real samples, where the clusters has

usually a different shape. Additionally, the criteria is overall error minimization,

and this cause unbalanced clusters to be not well described. Last but not the least,

k number of clusters must be provide in advance, as implicit assumption due to the

algorithm itself. Because the k number of cluster is not always available, multiple

running and optimization step are required, to find the optimal number of k in the

sample that is analyzed. This process is done with the quality cluster criteria, that
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will be explained in the next session.

Table 13 shows how to apply kmeans in matlab.

Matlab

1 [idx ,C] = kmeans(x, k, ...

2 ’Distance ’, ’Correlation ’, ...

3 ’MaxIter ’, 800, ...

4 ’Replicates ’, 30);

Figure 13: Kmeans script for matlab. It can work with squared euclidean, cityblock,
cosine, correlation.

1.3.4 Quality Cluster Criteria

In the majority of cases where clustering algorithms are used, it is not possible to

determine the exact number of clusters in advance. Consequently, it is not possible

to apply an external criterion to validate the results. Therefore, an alternative ap-

proach to validate the results is required, or more precisely, to compare the results

and propose the one that is statistically stronger. In the field of clustering, this

can be achieved by using quality clustering criteria. Quality cluster criteria refer to

algorithms that are able to generate a ”quality index” for a given data partitioning.

The validation of a data partitioning without external validation, e.g. without tag-

ging the data, is called internal validation.

The internal validation criteria use the characteristics of the clusters, mainly com-

pactness and separation, but also density and overlap, to give this quality index,

which is used to compare the results. Figure 14 shows a visual representation of

compactness and separation.

SeparationCompactness Compactness

Cluster 1 Cluster 2

Figure 14: Visual representation of Compactness and separation
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In cases where the optimal number of clusters is not known in advance, a method

is required to calculate the results of the kmeans algorithm with values of k ranging

from, e.g., 2 to 10. The quality cluster criterion can then be applied to each result-

ing partitioning. The resulting segmentation map for each data set will then have a

”quality” index. The segmentation map with the higher quality is then selected as

the most probable partitioning.

As mentioned above, the quality cluster criteria are based on the measures of com-

pactness, separation, density and overlap. Not every criterion uses all of these

measures. There are many criteria that use only compactness and separation. A

comprehensive review of the index has recently been published, showing the com-

parison of 68 quality cluster criteria [25].

However, there is an important point to be made about these criteria. A review of

the measurements used (compactness, separation, density and overlap) shows that

these criteria cannot be applied when k=1. Although this is generally not important

as normally when clustering algorithm are applied we are not looking to observe one

cluster among the data, so we want to see more than one cluster, it can be disad-

vantageous, as will be shown in Chapter 1: Automation (2.2). In this section the

reader will see how this issue has been addressed in the course of writing this thesis.

The following three criteria will be discussed and explained: PBM [26], Silhouette

[27] and Calinski-Harabasz [28]. These criteria played an important role in the

present thesis.

Calinski-Harabasz The Calinski-Harabasz index is expressed by the equation 7

C =
N −K

K − 1
· BGSS

WGSS
(7)

where BGSS is expressed by the equation 8 and WGSS is expressed by the equation

9

BGSS =
k∑

k=i

nk||G{k} −G||2 (8)

Equation BGSS is the sum of the weighted sum of the squared distances between

the centroids G{k} and the global centroid G.

WGSS =
K∑
k=0

WGSS{k} =
K∑
k=0

(∑
i∈Ik

||M{k}
i −G{k}||2

)
(9)
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Equation WGSS is the sum of the squared distances between the observation M
{k}
i

and the centroid of the cluster G{k}.

Pakhira, Bandyopadhyay, Maulik (PBM) The PBM index is expressed by

the equation 10

C =
(Et ·DB

K · Ew

)2

(10)

where ET is expressed by the equation 11, Ew is expressed by the equation 12, and

DB is expressed by the equation 13

DB = max
k<k′

d(G{k}, G{k′}) (11)

DB is the largest distance between two cluster centroids.

Ew =
K∑
k=i

∑
i∈Ik

d(Mi, G
{k}) (12)

Equation Ew is the sum of the distances of the points of each cluster to their centroid

ET =
N∑
i=1

d(Mi, G) (13)

Equation Et is the sum of the distances of all the points to the centroid of the entire

dataset

Silhouette The Silhouette index is expressed by the equation 14

C =
1

K

K∑
k=1

sk =
1

K

K∑
k=1

( 1

nk

∑
i∈Ik

s(i)
)

(14)

where a(i), b(i), and s(i) are expressed by the following equations:

a(i) =
1

nk − 1

∑
i′∈Ik
i′ ̸=i

d(Mi,M
′
i)

b(i) = min
k′ ̸=k

( 1

nk − 1

∑
i′∈Ik′

d(Mi,Mi′)
)
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s(i) =
b(i)− a(i)

max(a(i), b(i))

Equation a(i) is the mean distance of the point Mi to the other points of the cluster

it belongs to. Equation b(i) is the smallest of the mean distance of the point Mi to

the points of eachof the other clusters. Finally, equation ?? is the silhouette quotient

for each point. The global silhouette index, equation 14, is the mean of the mean

silhouettes through all the clusters.

Considerations

The table 8 gives the final equation of the index.

Calinski-Harabasz PBM Silhouette

C = N−K
K−1

· BGSS
WGSS

C =
(

Et·DB

K·Ew

)2

s(i) = b(i)−a(i)
max(a(i),b(i))

COMPACTNESS WGSS Ew a(i)

SEPARATION BGSS DB b(i)

Table 8: Compactness and separation for each index

For the silhouette, instead of the global silhouette, the silhouette coefficient for

each point is given for convenience. For each of these, the optimal value is the

highest in the list. Looking at the structure of the equation, we can see that maxi-

mizing the separation and minimizing the compactness influence this. However, as

mentioned above, the minimum number of clusters required to apply this algorithm

is 2.

As said previously, in this thesis clustering was performed using kmeans with corre-

lation distance. While kmeans is traditionally associated with Euclidean geometry,

correlation distance offers a shape-based similarity measure, particularly suited to

high-dimensional, normalized data such as mass spectra. To evaluate clustering

quality, it was employed the silhouette index. Despite its common association with

Euclidean distances, the silhouette can be computed using any dissimilarity mea-

sure, including correlation-based ones, provided that the triangle inequality is not

essential for interpretation. The main advantage of the silhouette lies in its inter-

pretability at multiple scales: it yields a global summary of clustering performance,

while also enabling the identification of poorly clustered data points via negative
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or near-zero values. Compared to centroid-based indices such as Calinski-Harabasz

or PBM, the silhouette does not assume convex cluster shapes and is more flexible

with respect to the underlying geometry of the data. This makes it particularly

useful in applications like MALDI imaging, where cluster boundaries may not be

strictly globular or equally dispersed. Moreover, since correlation distances tend to

reduce the influence of absolute intensity and highlight relative peak patterns, using

the silhouette allows to assess how well such relative profiles are grouped without

enforcing rigid geometric constraints.

1.3.5 Hierarchical clustering

Hierarchical clustering algorithms organize data into a hierarchical structure. The

approach can be done in two different ways, which are common in other analytical

problems:

Top-Down: As the name suggests, the direction goes from ”top” to ”bottom”.

Starting from the complete dataset, it is progressively split into smaller and

smaller subsets. This approach is also known as divisive hierarchical clustering.

Bottom-Up: As the name suggests, the direction goes from ”bottom” to ”top”.

Starting from individual samples, they are iteratively merged into increasingly

larger groups until the entire dataset is unified. This approach is also known

as agglomerative hierarchical clustering.

Even if agglomerative algorithms are used in the MALDI imaging domain [29], the

divisive algorithm will be more explored and discussed. Theoretically, both divisive

and agglomerative algorithms are more expensive than flat clustering, considering all

possible divisions (O(2n) vs. O(n2)). However, in the case of the divisive hierarchical

algorithm applied to MALDI imaging, deeper levels are usually not reached, so the

computational cost decreases, making it more convenient compared to agglomerative

approaches, where distances between all samples must be calculated (which some

computers may not be able to handle). Additionally, as will be shown later, during

the splitting step of a divisive partitioning algorithm, clustering methods such as

kmeans can be used, making the algorithm more efficient [30].
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Chapter 2

Pushing the boundaries of

clustering in MALDI imaging

One of the most common and straightforward strategies in MALDI imaging studies

is the spatial visualization of individual ions or groups of ions. However, this is a

targeted analysis as it requires prior knowledge of the most relevant ions. While this

approach may have been valuable in the early stages of MALDI imaging, it does

not exploit the full potential of the technique. In fact, MALDI imaging can also be

used for biomarker discovery, identification, and unsupervised image segmentation.

State-of-the-art

Clustering in MALDI imaging is important because of its ability to group similar

spectra together. Considering a pixel as a sample, a clustering algorithm can group

pixels with a similar biochemical composition. By labelling these groups, it is possi-

ble to print a map (spatial segmentation map) showing the similarity of the different

zones of the tissue. The spatial segmentation map can also be interpreted using the

m/z values. Each cluster can be represented as its centroid, e.g. the mean spectrum

of the pixels forming the cluster. The goal of classical clustering research in MALDI

imaging is to retrieve the biologically relevant regions highlighted by histological an-

notation. However, segmentation based on MALDI imaging can potentially provide

more information compared to histopathological analysis or immunohistochemistry.

In fact, the latter two are target analysis techniques, so they are based on a reaction

and the results are based on human perception, so they are not as sensitive to a
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small variation in the reactants involved and are blind to variation in the reactants

not involved. MALDI imaging gives the full biochemical information of the sample,

it is possible to delve deeper into the differences between tissues, leading to the

possibility of extracting areas with a small difference that cannot be separated from

the normal analysis. There are many different clustering techniques used in MALDI

imaging, each with its own advantages and disadvantages [31]. Among these, bisect-

ing kmeans plays an important role [30].

An interesting review [32] is focus on the unsupervised algorithm for exploratory

analysis in MSI, and present better explanation about the different clustering tech-

niques and the application in MALDI imaging. Among them, bisecting kmeans had

an important role. Bisecting kmeans is a divisive hierarchical clustering algorithm

where each division is done with kmeans algorithm with k=2. The first application

of this algorithm in MALDI imaging is reported in [33]. This algorithm is explained

in more detail in the chapter 2.1. Another clustering algorithm used in MALDI

imaging domain is High-Dimensional Data Clustering (HDDC). The goal of HDDC

is to overcome limitations of classical algorithms such as kmeans, which assume

equal variance in every dimension [34]. HDDC relies on a Gaussian Mixture Model

(GMM) framework that allows each cluster to have its own orientation and variance

structure, making the method more suitable for high-dimensional datasets. Its first

application in MALDI imaging was reported by Alexandrov et al. [35]. The use

of spatial information for clustering in MALDI imaging is discussed in more detail

in the chapter 2.3. The methods presented so far are defined as hard clustering

because the pixel can only be assigned to one cluster. This can be reasonable be-

cause the pixels are not Schrodinger’s cat, but sometimes it can be interesting to

look at the similarities between pixels and the different clusters to which they are

not assigned. A real case can be where a pixel is a mixture of chemical properties

from two different clusters. In this case, assigning it to only one cluster may not

reflect the true complexity of the sample. There are techniques that assign a pixel

to multiple clusters. These techniques are known as soft clustering.

Unlike the hard clustering techniques, the result of a soft segmentation technique is

not a single segmentation image, but different maps with different probabilities of

a particular cluster. The interpretation is more complicated, but it can provide a

broader view of the data.

An example is Fuzzy c-means clustering [36]. It is similar to kmeans as it tries to
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minimize the following function:

ERR =
N∑
i=1

K∑
k=1

um
ik||xi −Gk||2 (15)

where: N is the number of samples; K is the number of clusters; xi is the i-data

point; Gk is the centroid of cluster k; uik is the membership degree of xi in cluster k

m > 1 is the fuzziness parameter, controlling the level of cluster overlap. The goal

is to find both the optimal cluster centroid and membership values.

The algorithm works as follows: (1) Randomly assign membership values uik; (2)

Update centroids; (3) Update membership values; (4) Repeat 2-3 until the conver-

gence is reached. The convergence in fuzzy clustering is usually a threshold on the

value expressed by the equation 15. The membership values are updated at each

iteration according to the equation 16

ui,k =
1∑K

j=1

( ||xi−Gk||
||xi−Gj ||

) 2
m−1

(16)

The centroids are updated as the weighted mean of the data points

Gk =

∑N
i=1 u

m
ikxi∑N

i=1 u
m
ik

(17)

Other soft segmentation techniques are AMASS (MSI analysis by semisupervised

segmentation) [37](Bruand et al. (2011a)), Latent Dirichlet Allocation[38] (Chernyavsky

et al. (2012)) and Spatial Shrunken Centroids (Bemis et al. (2016)) [39].

2.1 Bisecting vs QDD kmeans

The aim of this chapter is to present and explain the first part of this thesis. Learn-

ing that bisection kmeans is one of the most common and popular algorithms in

the MALDI imaging domain, the study of its popularity was interesting. However,

while exploring the algorithm, some potential problems came up. For this reason,

the focus was on trying to overcome these problems. The next chapter 2.2 deals

with the continuation of this work. As introduced earlier, bisecting kmeans is a

divisive hierarchical clustering algorithm where each division is done with kmeans
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algorithm with k=2. In some software, this algorithm is interactive, allowing the

user to easily move through the hierarchical tree. However, the partitioning does

not always consider statistical parameters. In fact, it is driven more by histological

annotation, if available, or by user experience. This was the first problem found.

Using the histological annotation or the user experience could limit the analysis,

e.g. not dividing a cluster that should be divided or dividing what should not be

divided, just because of some bias. So the need to use a true unsupervised hierarchi-

cal divisive clustering algorithm was quite interesting from our point of view. This

way, all potential divisions would be tested and validated by statistical criteria or a

metric, e.g. quality index. However, this is better explained in the following chapter

2.2, as it is related to the stop criteria and was not easy to face in the first instance.

In fact, there was a second relevant problem found in this approach: for the division

into two subclusters. For unbalanced clusters, it can be proved that hierarchical

clustering algorithms are more suitable compared to the original kmeans, but this

does not mean that the division by 2 is always the optimal choice. This can lead

to some biased conclusions. Consider the toy example has to be described in figure

15 As shown in the figure, forcing the division into two sub-clusters can lead to

artifacts in the final segmentation. This can be clearly seen in a toy example like

this, but in a real sample, where the true structure of the data is unknown and it

is not possible to properly represent the samples in a lower-dimensional space, this

can lead to mislabeling of pixels and different interpretations of the data, which can

have a negative effect in the case of cancer tissue exploration.

Quality-Data-Driven kmeans (QDD-kmeans) was developed during this PhD to

overcome the potential artifacts arising from the bisection nature of kmeans. QDD

kmeans is a divisive hierarchical clustering algorithm where each split is done with

kmeans algorithm but the number k is not fixed in advance but need a validation

step. For each split, the branch that should be divided pass this process:

1. Calculate the results of kmeans with k = 2,3,...,10

2. For each segmentation map calculate a quality cluster criteria

3. Select the optimal solution and keep that division

Comparing bisection and QDD, the latter can potentially provide the similar results

of bisection with less depth or, in the best case, show clusters that have been split

by the forced division of bisection and cannot be explored.
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Figure 15: The bisecting kmeans approach. a) Representation of the dataset in the
two dimensional data space. b-d) Successive partitioning of the dataset by applying
a kmeans algorithm with two clusters to each cluster identified in the previous step
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2.1.1 Bisecting kmeans vs QDD kmeans

This section presents the application and comparison between bisection and QDD

kmeans on two squamous cell carcinoma samples. The approach was to systemati-

cally partition level by level (e.g., systematically partition each branch) and compare

the results obtained. The results were compared in two ways to be as fair as possi-

ble: level by level and total number of clusters by total number of clusters.

In the first case, the results are compared considering the same level of the tree to

see the ability to reach deep information. In the second case, the results are com-

pared considering more or less the same number of clusters. Comparing a spatial

segmentation map with a large difference in the number of clusters is unfair because

it doesn’t allow the algorithm to display the same information.

A few considerations can be made beforehand. For bisecting kmeans, the number of

possible clusters is 2n. So for the first level there are 2 clusters, for the second level

each cluster is split into two new clusters, for a total of 4 clusters. For the third level

there are 8 clusters, and so on. Embedded is a different story. As mentioned above,

for each split there is an optimization step regarding the number of clusters. So

there is no limit to the number of clusters that can be obtained with this approach

of systematically splitting level by level.

The optimization step is crucial for QDD kmeans. Finding the optimal number of

clusters has always been a challenge in clustering. As we said in the section Quality

Cluster Criteria (1.3.4), there are many different criteria to define the quality of a

segmentation. The final work reported in this thesis uses only one of them. However,

several approaches were used during the thesis work. The original idea was to use

not only one criterion, but a list of them, and to decide by a voting procedure. That

is, with a list of 20 criteria, the majority decides the number of clusters. However,

if the voting showed really different clusters (e.g. 11 votes for 4 and 9 votes for 8),

this could mean that the true value was in the middle, so the possibility of using the

rounded mean and not just the mode was considered. The initial list was large (∼
20 indices), and when some criteria showed strange behavior, they were removed.

However, the voting process was complicated and problematic, so in the end it was

decided to keep only Silhouette, which is also the more conservative for the structure

and because the almost the same results were obtained with two other metrics (PBM

and CH).

There is no official Matlab function for bisection and QDD kmeans, so the functions
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were home-made. An example of the possible hierarchical tree that can be obtained

by bisecting kmeans in this case is shown in the figure 16

I Level

II Level

III Level

Figure 16: Hierarchical bisecting tree example. The green circle will correspond to
the final clusters

2.1.2 Experiment part

The samples used in this study were taken from a previously published investigation

of oral tongue squamous cell carcinoma (SCC) [40]. Of all the samples analyzed in

the article, only two were focused on, referred to as patients A and C. Representative

fresh tissue fragments (2 cm × 2 cm × 0.5 cm) were selected and placed on a pre-

cooled specimen disc (−20◦C) with a drop of water in a cryomicrotome (Cryostat,

Thermo Fisher Scientific CryoStar NX70, MMFRANCE). Two consecutive sections

were then prepared: a 7 µm section for H&E staining and a 12 µm section mounted

on a conductive glass slide coated with indium tin oxide (ITO) for mass spectrometry

imaging (MSI). Figure 17 shows the optical and TIC images of the two samples

examined.

Preprocessing

The spectra was primary smoothed using Savitzky-Golay algorithm (window size

= 15, second-order polynomial) to reduce noise. Top-Hat algorithm (window size

= 200) was used for baseline correction. Spectra alignment was necessary due the

comparison of two different datasets from different samples due to instrumental and

spectral shifts [8]. The alignment was done starting with the mean spectrum of the

two datasets. A peak selection was then applied to this mean spectrum using a

local maximum strategy [41]. Among these peaks an interval of ± 0.3 Da for each
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spectrum was considered: the highest intensity value observed within this interval

was assigned as the intensity at the corresponding m/z value.

Figure 17: Sample examinated. a) and b) corresponds to the optimal image. c)
corresponding to TIC images generated from the acquired MALDI imaging datasets

Results

The purpose of this section is to highlight the differences that may arise when us-

ing bisecting kmeans or QDD kmeans in the context of unsupervised exploration of

MALDI imaging data. Since the biological tissues of two patients with tongue cancer

are considered in this study, we adopt a classical machine learning strategy based

on pooling all spectra into a single dataset, upon which clustering will be applied.
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This approach facilitates the capture of inter-sample variability, enabling the detec-

tion of both common and patient-specific patterns. Moreover, aggregating spectral

data enhances the robustness of the clustering process by integrating a richer set of

information, there-by improving, for instance, the identification of weak signals that

might otherwise be obscured in a patient-specific analysis. Given that both consid-

ered approaches are inherently hierarchical, their behavior will be compared at each

level of partitioning offering insight into their respective drawbacks and advantages.

Figure 1a displays the initial results obtained from bisecting kmeans, correspond-

ing to the first level of partitioning (the initial bisection) of the original spectral

dataset. Two clusters (designated BIS LV1 C1 and BIS LV1 C2) emerge naturally,

this number intrinsically defining this approach. This cluster naming convention

will be maintained throughout the article: m LVn Cp, where m designates the ap-

proach used (BIS for bisecting kmeans and QDD for QDD kmeans), n represents

the partitioning level, and p denotes the cluster number within that level. A swift

comparison of Figure 19-a with Figure 17 suggests that the BIS LV1 C1 cluster (in

pink) is primarily associated with biological tissue, while the BIS LV1 C2 cluster

(in blue), located on the exterior, is most likely linked to the MALDI matrix. The

application of the QDD kmeans approach to obtain an initial level of partitioning

on the same dataset requires determining an optimal number of clusters, kopt. To

this end, the kmeans algorithm is applied to the dataset for a number of clusters

ranging from 2 to 10. The silhouette score is then computed for each clustering

configuration. Figure 19-c illustrates the evolution of this quality metric, with the

maximum silhouette score indicating the optimal number of clusters to be used in

the partitioning process — 3 in this specific case. The figure 19-b displays the

clustering map obtained for this set of three clusters. The QDD LV1 C1 cluster

(in pink), predominantly located at the center of each sample, corresponds to the

biological material, while the QDD LV1 C3 cluster (in blue) represents the MALDI

matrix, as previously identified using bisecting kmeans. However, a third cluster,

QDD LV1 C2 (in magenta), is specifically observed in the lower region of patient

C’s tissue, though only faintly detected in patient A. Upon revisiting the histologi-

cal images in Figure 17, it is observed that the cluster QDD LV1 C2 (in magenta)

actually corresponds to an area where epithelium without dysplasia is present. Two

clusters thus define the biological material here, while a third is associated with the

MALDI matrix. This is an opportunity to observe that using two clusters in bisect-
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ing kmeans effectively recovers a significant portion of the biological material within

cluster BIS LV1 C1. However, the cluster BIS LV1 C2 presumed to represent the

MALDI matrix also contains spectra from the epithelium without dysplasia.

Figure 18: Silhouette scores calculated for each partitioning level and its constituent
clusters within the embedded kmeans approach. The optimal number of clusters,
kopt, is then determined for each of them.

This observation regarding bisecting kmeans might seem trivial at first glance,

as we might assume that the upcoming partitions of cluster BIS LV1 C2 would

inevitably allow us to distinguish between the MALDI matrix and the epithelium.

Our attention is not currently directed at this level but rather at a crucial step

in the preprocessing of imaging data, namely, the generation of a mask. Indeed,

the contour of a tissue section does not have a predefined shape. Our intent to

analyze its entire surface leads to acquire data over a broader area than the tissue

itself because the area of acquisition is manually defined by the user in the control
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interface of the instrument.

Figure 19: The first partitioning level of clustering. a) Clustering map obtained
with bisecting kmeans while considering this level. b) Considering the QDD kmeans
approach that optimizes the number of clusters. c) Silhouette score curve obtained
on the dataset highlighting the optimal number of clusters.
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The dataset thus acquired includes spectra of the biological material as well as

spectra devoid of it, containing, for instance, only the MALDI matrix. It is unfor-

tunately observed that the variance introduced by these matrix spectra significantly

complicates the detection of biologically relevant variations. To ensure optimal con-

ditions for biological observations, it is essential to generate a mask on the spectral

dataset—an automated method that selectively retains only biologically derived

spectra. Observing Figure 19, it becomes evident that clustering can be leveraged

to generate this mask, a common practice in spectroscopic imaging. As shown in

Figure 19-b, QDD kmeans proves highly effective, as the initial partitioning alone

allows us to discard the MALDI matrix while retaining only the spectra of the clus-

ters QDD LV1 C1 and QDD LV1 C2. As previously indicated, this does not mean

that we could not apply the same procedure with bisecting kmeans; however, ad-

ditional levels of partitioning would be required, thereby increasing the complexity

of the process. Unfortunately, even though the bisection approach appears feasible

on paper, it is clear that the community generally only considers the first level of

division using bisecting kmeans to generate this mask, which naturally results in a

loss of biological information throughout the entire tissue under investigation. That

being said, to streamline our observations and focus on the regions of interest within

biological tissues, only the spectra from cluster BIS LV1 C1 (for bisecting kmeans)

and QDD LV1 C1 (for QDD kmeans) have been retained for the remainder of the

study. Strictly speaking, the in-depth exploration of these biological tissues begins

at the second level of partitioning. One could even say that, from this level of par-

titioning onward, increasing differences can be observed between bisecting kmeans

and QDD kmeans. The results of the bisecting kmeans approach for the second level

of partitioning are presented in Figure 20-a. Two new clusters (BIS LV2 C1 and

BIS LV2 C2) naturally emerge, as they result from the bisection of the single cluster

obtained at the previous level (e.g. BIS LV1 C1). When compared to histological

images, this partitioning appears very coarse, inevitably distorting the perception

of the various biological structures. Thus, the BIS LV2 C1 cluster (in red) simulta-

neously contains both zones with tumors and lingual muscle with edema for both

patients. The second level of partitioning was also performed using the QDD kmeans

approach on the spectra of the previous cluster (e.g. QDD LV1 C1). Silhouette score

analysis demonstrated that the optimal clustering of this previous cluster required

considering five clusters.
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Figure 20: The second partitioning level of clustering. a) Clustering map obtained
with bisecting kmeans while considering this level. b) Considering the QDD kmeans
approach that optimizes the number of clusters.

The results of this new partitioning are presented in Figure 20-b. This partition-

ing thus corresponds quite well to the annotations of the two histological sections.

The QDD LV2 C2 cluster (in green) thus corresponds to the various tumor regions

in both patients, just as the QDD LV2 C4 cluster (in orange) is associated with

nerves, and the QDD LV2 C3 cluster (in red) effectively represents lingual muscle

with edema. More precisely, the lingual muscle is also represented by a second clus-
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ter, QDD LV2 C5, for patient A, while its presence is relatively limited in patient

C. The fifth and final cluster, QDD LV2 C1 (in blue), is primarily observed in pa-

tient C, surrounding the lingual muscle. Yet, no histological annotation is available

to correlate with this cluster which demonstrates that the molecular information

obtained by MALD-MSI based on molecular information enables seperating cells

which show no difference for the morphological annotation. Identification of the

lipid markers specific to this cluster by comparison to the others would be necessary

to better understand the cell molecular phenotypes associated. At first glance, the

clustering from this second level of partitioning for QDD kmeans might seem suf-

ficient. However, a clearly identified region in patient A histological image, where

an inflammatory stromal reaction is expected, is not distinguished in this cluster-

ing. In fact, the spectra of this region are included in the QDD LV2 C3 cluster (in

red), which primarily represents the lingual muscle. From our perspective, there

is no valid reason why this inflammatory response should not be ob-served in the

MALDI-MSI dataset. Consequently, a third level of partitioning using the QDD

kmeans approach will be considered later in this study. Taking a broader perspec-

tive on these results obtained with two levels of partitioning, one could justifiably

argue that comparing the two clustering approaches at a given partitioning level is

not entirely fair. The systematic binary partitioning in the bisecting approach ap-

pears to mechanically slow down the clustering process in describing the dataset. A

third level of partitioning was therefore considered for bisecting kmeans, with clus-

ters BIS LV2 C1 and BIS LV2 C2 further sub-divided, resulting in a total of four

new clusters. In a way, it could be said that this approach brings the partitioning

closer to that obtained at level 2 of QDD kmeans, but the nerve structures remain

entirely undetected. Moreover, as in the QDD approach, the inflammatory region is

also not highlighted. Thus, the results of the fourth partitioning level from bisecting

kmeans, which generated eight new clusters from the four at the previous level, were

compared with the third partitioning level of QDD kmeans. For this latter method,

computing the silhouette score for each of the five clusters obtained at the second

partitioning level allowed the detection of a total of 13 clusters at this third partition-

ing level, with clusters QDD LV2 C1, QDD LV2 C2, QDD LV2 C3, QDD LV2 C4

and QDD LV2 C5 subdividing into 2, 3, 3, 3, and 2 clusters, respectively. Figure 22

thus presents the partitioning results of both approaches. To facilitate comparisons,

we attempted in this last figure to use identical colors for clusters from both clus-
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tering methods whenever they appeared to cover fairly comparable spatial regions.

This was not truly feasible for the previous images due to the significant discrepancy

in the number of clusters between the two approaches.

Figure 21: The third level of partitioning for bisecting kmeans.

48



Pushing the boundaries of clustering in MALDI imaging

At first glance, Figure 22, which compares the clustering of bisecting kmeans

and QDD kmeans, might lead us to believe that the results are fairly comparable.

In both cases, we can observe the annotated regions on the histological images, in-

cluding tumor areas, lingual muscle, inflammatory zones, and nerves. Nevertheless,

a more de-tailed analysis reveals that the QDD kmeans approach enables a more

efficient exploration of the biological complexity of such samples. If we focus specif-

ically on the tumor region, which lies at the very heart of this issue, we observe

that it is represented by a single cluster (e.g., BIC LV4 C3 in black) in the bisecting

kmeans method. This is, of course, not a poor result when comparing its spa-

tial distribution with histological images. What is very interesting, indeed, is that

the QDD kmeans approach partitions the tumoral regions through three distinct

clusters (QDD LV3 C3 in neon green, QDD LV3 C4 in orange and QDD LV3 C5

in black). The superimposition of the high-resolution histological image onto the

clustering map further demonstrates that cluster QDD LV3 C4 (in orange) is specif-

ically associated with cancerous cells. This further reveals inter-patient variability,

with patient A having approximately 3.8 times more cancer cells than patient C.

Another singularity is observed at the lingual muscle level with edema. Indeed, this

area is characterized by a unique cluster (e.g., BIS LV C2 in green) with bisecting

kmeans, whereas QDD kmeans presents two clusters (QDD LV3 C7 in green and

QDD LV3 C8 in light blue). There is, therefore, still a discrepancy among patients

regarding this area. Finally, when examining the inflammatory region, we observe

that cluster BIS LV4 C1 (in red), which defines it in bisecting kmeans, extends

excessively over nearly the entire tissue of patient A, whereas it should be more

localized around the periphery of the tumor area, as is the case with QDD kmeans

(with cluster QDD LV3 C6 in red). Given Figure 22, one might be tempt-ed to argue

that the comparison between bisecting kmeans and QDD kmeans is again somewhat

unfair, as these methods yield significantly different numbers of clusters—8 and 13,

respectively. However, it is important to recall that the fourth portioning level for

kmeans and the third one for QDD kmeans were specifically chosen because they

allowed for the retrieval of annotated regions in histological images. To dispel any

doubts regarding these results, figure 23 presents the outcomes of bisecting kmeans

at the fifth partitioning level, which mechanically results in 16 clusters.
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Figure 22: The final clustering maps a) considering bisecting kmeans with four levels
of partitioning and b) considering QDD kmeans with three levels of partitioning.
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Figure 23: The fifth level of partitioning for bisecting kmeans.
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Nevertheless, despite a number of clusters even exceeding the 13 obtained with

QDD kmeans, we still observe certain inaccuracies. Indeed, the cancerous cells are

not visible with bisecting kmeans, whereas they were in the case of QDD kmeans

with the cluster QDD LV3 C4. A certain lack of coherence can also be noted in the

bisecting kmeans results regarding the inflammatory stromal reaction (correspond-

ing to cluster BIS LV5 C1 in red), which is entirely absent in patient C. However,

it was weakly detected using QDD kmeans, as might be expected in proximity to

cancerous regions. Considering the overall results, the QDD kmeans approach ap-

pears to offer an effective and relevant clustering method by leveraging a limited

number of partitioning levels, which helps to substantially mitigate the effects of

over-partitioning and, consequently, reduce the risk of generating clustering maps

with unrealistic details.

2.1.3 Conclusions

In summary, this study has introduced the Quality-Driven Divisive (QDD) kmeans

approach, a novel, adaptive clustering strategy that significantly enhances the analy-

sis of MALDI-MSI data and provides a more accurate, less biased characterization of

complex biological tissues. Traditional bisection kmeans, despite its hierarchical ap-

peal, is inherently constrained by its fixed binary partitioning. This rigidity can lead

to arbitrary merging or over-splitting of clusters, ultimately distorting the spatial

distribution of biologically relevant regions. In contrast, QDD kmeans dynamically

determines the optimal number of clusters at each partitioning level by using robust

partition quality metrics, such as the silhouette score. This merit-based strategy

ensures that the clustering process is intrinsically data-driven, thereby accounting

for the inherent heterogeneity of MALDI spectral datasets. Our application of QDD

kmeans to oral tongue squamous cell carcinoma tissues has demonstrated its supe-

rior performance over bisection kmeans. Specifically, QDD kmeans was the only

approach capable of identifying a dedicated cluster for cancer cells. In addition, this

method allowed for a more accurate delineation of inflammatory response zones. The

ability of QDD kmeans to generate precise masks for biologically relevant regions

ensures that extraneous spectral noise, such as signals from the MALDI matrix, is

effectively minimized. This selective retention of meaningful spectra facilitates a

clearer correlation between the molecular data and the underlying histology. The

centroids of the 13 clusters obtained by QDD and the list of the peaks selected are
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showed in figures 88-100, in Appendix (5). From our perspective, the QDD kmeans

approach holds great promise for advancing the broader field of spectroscopic imag-

ing. Its ability to adaptively resolve spatial and molecular heterogeneity paves the

way for more nuanced exploration of the tissue microenvironment, potentially im-

pacting both research and clinical practice.

2.2 Automating hierarchical clustering

The purpose of this chapter is to propose a method that attempts to segment the

data using a truly unsupervised approach. Before explaining the approach used, an

introduction and a discussion of the stopping criteria on the divisive hierarchical

clustering algorithm will be presented.

2.2.1 Divisive hierarchical clustering algorithm

The divisive hierarchical clustering algorithm can be summarized with this structure.

The starting point is to place all samples into a cluster. Iteratively, the algorithm

divides the cluster into smaller clusters. This process is repeated until a stop cri-

terion is reached. Examples of common stop criteria [42] are summarized in the

following list: (1) number of clusters, (2) maximum clustering tree depth, (3) mini-

mum number of instances in a cluster, and (4) minimum intra-cluster dissimilarity.

The stop criteria can also be a mixture of these criteria, which are expressed in the

list [43]. The choice of the stopping criteria is crucial and may depend strongly on

the domain in which this algorithm is applied. For example, consider an example

shown in figure 24 below. The goal is to retrieve 4 clusters from these data.

A

B C

Figure 24: After the first division there are two cluster: B and C. Which one should
be the next to divide?

Which cluster should be divided next? Cluster B or cluster C? Deciding which
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cluster to split can have a significant impact on the results of the segmentation.

For example, splitting cluster B would result in the situation shown in the following

figure 25 below:

A B

**

B1 B2

C

C1 C2

Figure 25: Cluster ** (B in the previous figure) is divided into cluster A and B.
The actual situation present cluster A, B, and C. There is one last cluster to divide.
Depending on which cluster (e.g. B or C) the results will change

There are 3 clusters A, B and C. Since the stop criterion is 4 as the number of

clusters, the choice of which cluster to divide can totally affect the results. For

example, there can be two possible solutions: dividing cluster B, the final map will

be A-B1-B2-C, while dividing cluster C, the final map will be A-B-C1-C2. In real

samples the correct number of clusters is not known in advance, but even in this case

it is clear that this kind of criteria it is not the perfect one. Setting a maximum depth

of the clustering tree in advance, without any other criteria, will lead to a systematic

splitting of all branches. To avoid this, an additional stop criterion or number of

iterations is needed, and in this case a criterion is needed to select which cluster

should be split. This will allow to obtain a more realistic hierarchical structure.

However, it is quite difficult to give a predetermined maximum depth tree, as some

relevant clusters may be at a deeper level than expected. Selecting a threshold

for the number of instances (spectra) in a cluster can limit the analysis as there

may be very small clusters (few spectra), but with biological significance. Maybe

they represent the beginning of the tumor, but just because of the threshold values,

this cluster will not be considered. Even if the cluster appears to be homogeneous,

splitting it may reveal two clusters with biological significance.
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2.2.2 Research on the stop criteria

The aim of this part is to find the most effective way to address the issue of the

stopping criteria. Several approaches were considered, and various methods were

tested. One approach is worth mentioning briefly, even though it was immediately

discarded due to its prohibitive computational cost: comparing all possible combi-

nations. Given n samples and k clusters, the total number of possible combinations

is given by the following equation 18:

S(n, k) =
1

k!

k∑
j=1

(−1)k−j

(
k

j

)
jn (18)

Now it is easy to see that this is prohibitive. Even with just n = 1000 and k = 2

we exceed the number of atoms in the universe. In fact, this equation with k = 2

became 2n−1−1, so with n = 1000 the total number of possible combination is 21000.

So giving an evaluation for all possible combinations is impossible.

The initial idea was to conduct a comprehensive comparison between two consecutive

levels of the hierarchical tree. This comparison is made using a quality cluster

criterion. If this criterion selects a situation with no further division compared to

the previous iteration, the algorithm will stop. Considering kmeans as the algorithm

used to divide each branch, for each branch (n) there will be k state: not divided,

divided with 2 clusters, divided with 3 clusters, and so on. This case is a full factorial

(grid search) case, so the number of possible combinations is kn Such a combinatorial

explosion quickly becomes computationally intractable as n increases. To reduce

this complexity, we can consider a simplified binary decision for each branch: either

the branch is not divided, or it is divided. Even in this binary case, the number

of possible combinations at each step remains exponential: 2n To further simplify

the process, we assume that the ”divided” case corresponds to a fixed split into 2

clusters, rather than the optimal number of clusters based on a clustering quality

criterion. This assumption is aligned with the bisecting kmeans approach and allows

us to reduce computational cost while maintaining a reasonable approximation of

hierarchical clustering behavior. Consider the example shown in the figure 26. After

the first division of the data set (orange), there are two clusters (blue). Each has two

possible states: divided or not divided. So in this case there are 4 possible situations:

A, B, C, D.
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A B C D

Figure 26: All the possible combination of two clusters division.

Case A is the one where there are no further splits. In case B, only the first cluster

is split. Case C only the second cluster is split. Case D both clusters are split. This

seems nice at first, but it is still computationally too expensive, as for k increased

the number of segmentations to test is increased, and with criteria, e.g. silhouette,

the time needed to test all combinations is not acceptable. Also, only two consecu-

tive levels are considered. This means that even if further subdivisions could lead to

optimal solutions, the approach relies on a ”level-by-level” comparison and makes

decisions based solely on the current set of clusters. As a result, deeper divisions

are not tested, which may prevent finding the truly optimal solution. So the work

focused on partitioning each branch independently. Ideally, the goal was to deter-

mine whether a cluster of data should be split further, without making that decision

dependent on other clusters. Consider the figure 27

A

B C

Figure 27: Generic branch (A) with his division (B-C)

How can I determine whether a cluster should be split or not?

The initial idea was to compare the orange circle (A) and its divisions, represented

by the green circles (B and C). As previously explained, it is not possible to use

the normal cluster criterion to compare A alone due to the separation measurement

present in the algorithms. Therefore, the initial comparison was based solely on

the compactness (or density) of the clusters, comparing (1) the compactness of A

with the mean compactness of B and C, and (2) the density of A with the mean
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density of B and C. The results showed degeneration of the tree because the levels of

compactness and density were consistently high. Then a more restrictive criterion

was adopted, stating that cluster A would not be split if the improvement was lower

than the threshold. Even then, the tree degenerated, and if the chosen threshold

did not allow the tree to generate, the clusters were 2 or 3, which was unreasonable.

So, rather than comparing A with B and C, the idea was to look at B and C and

try to characterize them statistically. Always keeping in mind the figure 27, if there

is a relevant overlap of the two clusters (B and C), it means that A should not be

divided. For example, the standard deviation of each cluster was compared with the

distance between the two centroids. If the sum of the standard deviations, inter-

preted as the theoretical radius of the cluster, was lower than the distance between

the centroids, it was considered to be overlapping. Even this approach did not work

entirely, as it considered the cloud to be a perfect hypersphere, which was not the

case in reality.

Another attempt was made using a ’mirror’. Since it is not feasible to compute a

clustering quality index when only a single cluster is present, an alternative strategy

was considered. The question arose as to whether it might be possible to introduce

synthetic data that, while similar in structure to the original dataset, would be posi-

tioned far enough in the feature space to avoid interfering with the actual clustering

process, yet still reflect comparable internal dynamics. To test this hypothesis, an

additional matrix X ′ was appended to the original data matrix X. This synthetic

matrix was specifically designed to invert the correlation structure relative to the

original data, while preserving consistent internal relationships within X ′ itself. The

underlying idea was that, by applying a standard clustering quality criterion to this

extended dataset, an indication that two clusters were optimal could be interpreted

as implicit validation of the original dataset forming a coherent, well-defined single

cluster. This result suggested a potential avenue for automating quality-based deci-

sions within the clustering process. However, in practice, the method proved to be

unstable, with outcomes that varied significantly across different runs and datasets.

Given these inconsistencies, the approach was set aside and not included in the sub-

sequent phases of the study.

After several attempts to find the optimal parameter, the results always fell some-

where between no division and hundreds of clusters. It was clear that a change of

approach was necessary. An attempt was made to approach the challenge from a
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different angle. In essence, when optimizing the number of clusters in a dataset and

the stop criteria in hierarchical algorithms, the question is:

”Which segmentation is better?

But the question remains:

”Are we sure that the optimal segmentation from a statistical point of view

corresponds to the optimal from a biological point of view?”

How can this question be expressed in mathematical terms? How can you prove

whether the extracted information is biologically different? Proper biological vali-

dation would be required, which can be tricky and lengthy, so it does not fit well

with the need for a fast algorithm. The idea was therefore not to focus on the

optimal shape or statistical properties of the clusters, but to look at them more

from a biological than a statistical point of view. It is important that the clusters

are as representative as possible of the bioheterogeneity of the sample. So the idea

was to extract information from B and C (always referring to the figure 27) and

try to understand if they show the same kind of information or different ones. This

can be done with two different approaches: Univariate: Use the feature extrac-

tion algorithm to obtain a list of the most important metabolites; Multivariate:

Use algorithms such as PCA to extract more information at the same time. Both

approaches have been tested, but the second is presented here due to its more man-

ageable characteristics. The first approach will be discussed in the conclusion and

perspective section.

At the outset, the algorithm for each branch can be summarized as follows:

1. Consider a cluster A

A

2. Divide into two-subclusters

A

B C
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3. Extract the PC-1 for each sub-clusters (PCA performed on each cluster sepa-

rately)

B C

PC-1B PC-1C

4. Calculate the absolute value of correlation between the two PC-1

PC-1B PC-1C

5. If the absolute value of correlation is lower than a threshold then divide, oth-

erwise not

This way, the division of all branches is tested. The decision can be interpreted as

follows: ”if the main information is not highly correlated, then the information that

can be extracted from the two clusters is different and the partition makes sense”.

Otherwise, if the information is similar, the partition does not make much sense.

Reading this, you might ask, ’How can you know the optimal threshold in advance?’

The answer is quite simple: you can’t. It is necessary to use and test different

thresholds. A segmentation map is obtained for each threshold used. Ultimately,

you obtain different segmentation maps corresponding to the various depths of the

same tree (the higher the threshold, the less restrictive it is, and the deeper you

go). It is necessary to identify the optimal segmentation map. Although the normal

clustering criteria can be used, since our approach is based on a different question,

we tried to maintain the same approach for finding the optimal segmentation map.

For each map, PC-1 is extracted from each cluster. Then |D(correlation)-1| (or
|corr|) is calculated for each combination. The number of distances needed to be

calculated using the equation 19(
n

2

)
=

n!

2!(n− 2)!
=

n(n− 1)

2
(19)

Calculating the median of this value provides an indication of the quality of the

segmentation. Repeating this process for all the segmentation maps and plotting

the results provides an evaluation of their quality. There will be an indicator of

the total absolute value of the correlation for each segmentation map. The map
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with the minimum value can be considered the one with the lowest overall absolute

correlation between the clusters, and therefore the most interesting one from our

perspective. The only inputs are the spectral data cube and a list of different

thresholds. Therefore, there are no other input options or operator choices that can

influence the division. A toy example was simulated to test the algorithm. Five

clusters were simulated, each containing 100 spectra with 1000 spectral variables.

The code for generating the spectra is shown in the figure 28 below.

Matlab

1 num_points = 1000;

2 x = linspace(0, 1000, num_points);

3 n_peaks = 10;

4 mu = randperm (800, n_peaks) + 10;

5 for j = 1:10

6 mu = randperm (900, 20) + 10;

7 sigma = rand;

8 spectrum = zeros(size(x));

9 for i = 1: n_peaks

10 sigma = rand * 10;

11 amplitude = rand * 10;

12 spectrum = spectrum + amplitude * exp(-((x - mu(i))

.^2) / (2 * sigma ^2));

13 end

14 spectra(j, :) = spectrum;

15 end

16 n_cluster = 100;

17 sp = [];

18 labels = [];

19 rng (1);

20 for k = 1:5

21 base1 = spectra (2 * k - 1, :);

22 base2 = spectra (2 * k, :);

23 w = linspace (0.2, 0.4, n_cluster) ’;

24 noise = 0.05 * randn(n_cluster , num_points);

25 cluster = w(randperm (100, 100)) .* base1 + w(randperm

(100, 100)) .* base2 + noise;

26 sp = [sp; cluster ];

27 labels = [labels; k * ones(n_cluster , 1)];

28 end

Figure 28: Matlab code for the generation of the spectra
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In this way, there is a high level of correlation within clusters, while the level of

correlation between clusters is low. Figure 29 below shows the centroid of the cluster

and the correlation heatmap of all spectra.

Figure 29: Visual representation of the five clusters. Each color represents a cluster.
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Figure 30: (A) scores plot of the data with the original labels. (B) plot of the
criterion value versus the threshold. (C) scores plot of the data with the labels from
the clustering algorithm.
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The algorithm is applied. Different thresholds were tested: from 0.05 to 0.9 with

a step of 0.05, for a total of 18 values. The results are shown in Figure 30. Figure

30-A shows the score plot of the data after a PCA. Figure 30-B shows the plot of the

criterion value versus the threshold. With the first two thresholds, the algorithm

stopped at 4 clusters. By increasing the threshold, the number of clusters reached

5. Even when reaching a threshold of 0.9, there was no further increase in division.

This means that when attempting to split, the generated sub-clusters were always

too strongly correlated. Figure 30-C shows the score plot of the data with the labels

from the clustering algorithm. The labeling matches 100% the true labeling, proving

that in this toy example the algorithm and the criterion work properly together.

Real Sample

The sample used in this part was one of the 16 samples used in a previous arti-

cle [44]. The collection, preparation and analysis of the sample will be reported

as expressed in the article. The tissues are colorectal cancer resection that comes

from the department of pathology from Leiden University Medical Center. Tissues

were Formalin-Fixed Paraffin-Embedded (FFPE) according to routine protocols of

the department. H&E-stained sections were annotated by two experienced gastoin-

testinal pathologist. FFPE tissue blocks were sectioned with a microtome (Leica

Biosystems RM2245 Microtome) at 6-µm thickness. Tissues sections were mounted

in pairs onto poly-L-lysine- and indium tin oxide-coated glass slides (Bruker Dal-

tonics). Before tissue mounting, glass slides were cleaned in 70% ethanol for 10

min and coated with a 0.05% poly-L-lysine solution in mQ. All sections were dried

overnight at 37°C, stored at 4°C, and then prepared following the procedure by

Holst et al. [45]. In brief, paraffin was removed by heating the slides for 1 h at

65°C followed by two consecutive washes in xylene (10 min and 5 min, respectively).

Tissues were rehydrated in ethanol baths (100% ethanol, twice for 2 min), followed

by water baths (twice for 5 min), and dried for 10 min in a vacuum desiccator.

On-tissue derivatization was performed by incubating the tissue slides in derivati-

zation solution (250 mM 1-ethyl-3-(3-dimethylaminopropyl) carbodiimide, 500 mM

1-hydroxybenzotriazole hydrate, and 250 mM dimethylamine in dimethylsulfoxide)

for 1 h at 60°C, followed by addition of a 25% ammonia solution (1:0.4 v/v deriva-

tization solution-ammonia) and further incubation for 2 h at 60°C, both protected

from evaporation. After derivatization, tissue sections were rinsed thoroughly with
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100% ethanol followed by sequential washes in 100% ethanol (2 × 2 min) and wa-

ter (2 × 5 min). Slides were dried in a vacuum desiccator (10 min). On-tissue

digestion was performed applying 10 layers at 10 µl/min of peptide N-acetyl-beta-

glucosaminyl asparagine amidase (0.1 µg/µl in Tris buffer; from N-Zyme Scientifics)

using a SunCollect sprayer (SunChrom). N-glycans were released overnight at 37°C
in a humid environment. After incubation, slides were dried in a vacuum desiccator

for 10 min, followed by matrix application (5 mg/ml α-Cyano-4-hydroxycinnamic

acid in 50:49.9/0.1 (%v/v) ACN:mQ:TFA) using the SunCollect sprayer (6 lay-

ers at (1) 10 µl/min, (2) 20 µl/min, (3) 30 µl/min, (4+) 40 µl/min). N-glycan

MALDI-MSI was performed in positive-ion reflectron mode on a rapifleX MALDI-

TOF/TOF-MS instrument (Bruker Daltonics). A m/z range of 900 to 3300 was

used, with 1000 laser shots per pixel, and a 50 × 50 µm2 pixel size. MSI data ac-

quisition was enabled by the flexImaging software (flexImaging 4.0 Build 32, Bruker

Daltonics). After the MSI analysis, excess MALDI-matrix was removed by washing

twice in 70% ethanol (5 min each). Tissues were stained with H&E after routine

histopathological procedures. As preprocessing, was used the one applied in the

article. The average spectrum was processed in mMass[46] using the following pa-

rameters: baseline subtraction with 15 precision and 25 relative offset; smoothing

with Savitzky-Golay smoothing, window size: 0.05 m/z and four cycles; internally

recalibration Peak picking was performed with a signal-to-noise (S/N) threshold of

3 (S/N ≥3) followed by deisotoping (maximum charge: 1, isotope mass tolerance:

0.15 m/z, isotope in tensity tolerance: 50%).

Here, the idea was to find an automatic clustering algorithm by testing the division

of each branch individually. The criteria for splitting or not splitting the branch is

based on the correlation between the first principal component of one branch and the

first principal component of the other branch. The purpose here is not to propose

the perfect automatic clustering algorithm, but to modify the approach slightly by

changing the reasoning behind the criteria. Previously, this approach was tested on

a simulated dataset to prove the potential of this approach and to check that it does

not lead to inconsistent results. When applied to a real sample, the goal was not

to retrieve the biological annotation, but to study the segmentation map, compare

the different clusters, and study the differences. In fact, the goal was to obtain an

automatic clustering algorithm that can obtain a segmentation map based on fixed

criteria, ensuring that the main information that can be extracted from the clusters
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of the segmentation map obtained are the less correlated compared to the other

segmentation maps.

Results

During the acquisition, some holes are present in the tissue, clearly visible in figure

31-left. For this reason a mask (figure 31-right) was generated, to avoid artifacts.

The cube was unfolded and once the mask was applied, only the spectra related to

the sample were kept. The threshold we tested: 0.86, 0.87, 0.88, 0.89, 0.90, 0.91,

0.92, 0.93. Higher values lead to results with more than 20 clusters, which can be

considered as oversegmented. All segmentation maps are shown figure 32. Once the

different segmentation maps have been obtained, it is necessary to find the optimal

segmentation map. Applying the criteria previously explained, the segmentation

Figure 31: Mask generation

obtained with a threshold equal to 0.91 is the optimal one, as shown in figure 33.
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Figure 32: Segmentation maps with the different thresholds. The thresgold are: 0.86
(k=4), 0.87 (k=4), 0.88 (k=6), 0.89 (k=8), 0.90 (k=8), 0.91 (k=10), 0.92 (k=13),
0.93 (k=17)
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Figure 33: Validation plot: value of criterion vs threshold.

Once the optimal segmentation map is obtained, it is relevant to see the structure

of this segmentation map, remembering that this is a hierarchical divisive clustering

algorithm. The tree is shown in figure 34

Figure 34: Hierarchical tree of the sample. The green circles represent the final
clusters

The first consideration of the data was done by comparing the segmentation map

with the histological annotation (figure 36). At first sight, the segmentation maps

seem to show more clusters than the one annotated in the histological image. The

yellow cluster corresponds to the stroma in the histological annotation (figure 36-

left) seems to be explained by the cluster 7 in figure 36-right, looking at the top of

the tissue. However, when looking at the middle or the bottom of the tissue, it seems

to be present in the region associated with the tumor (cluster red in figure 36 - left).

The cluster 1 in figure 36-right seems to be related to the central stromal region.

To properly read the comments on this correlation map, it is important to look at

67



Pushing the boundaries of clustering in MALDI imaging

the hierarchical tree shown in Figure 34. In the final map, clusters 1-4 come from

cluster 1 of the first division, while clusters 6-10 come from the second cluster of the

first division. Looking at cluster 1, the highest correlation is with cluster 5, which

was separated from cluster 1 during the first division. The higher concentration

between clusters 2 and 3 than between clusters 3 and 4, which are the division of

the same branch, seems to indicate that during the formation of the parent cluster of

3 and 4, the division of this cluster and cluster 2 was not quite correct. In addition,

cluster 3 has a high correlation with cluster 10, even though it is quite far away in

the hierarchical tree. The same discussion can be made with clusters 4-6. The same

comments regarding the pattern found in clusters 2-3-4 can be observed in clusters

7-9-10. The higher correlation of 9 and 10 with 7 than with each other. Cluster 7,

looking at the histologic annotation, covers those annotated as ”hyperplastic” and

”muscle/healthy”. Since cluster 7 was not split, it means that the clusters obtained

from its split are not considered to be sufficiently different based on the criteria

and threshold. This means that these two regions are very close from a spectral

Figure 35: Correlation heatmap of cluster centroids

point of view. In addition, cluster 7 shows a higher concentration compared to the

other part of the tissue, with clusters 8, 9 and 10, which are located in the center

of the tumor region, around the holes. It is important to emphasize that the focus

of this approach was to test the division criteria. As mentioned in the introduction,

bisection was chosen as the easiest to apply because, unlike the QDD approach,

there is no optimization step, so there are no other parameters to test.
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Figure 36: Comparison between final map and histological annotation. On the top of
the figure the hierarchical tree generated is represented with the respectively colors
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Some correlations of the cluster centroids suggest us that the division process is

not the optimal one, so it is not directly linked to the proposed criteria, e.g. clusters

1 and 5 are separated already in the first division, even if they seem to belong to

the same part of the tissue, and this is due to the nature of the bisection algorithm,

not to the criteria. With an interactive procedure, the results may be the same.

Conclusion and future perspective

Unlike the first section of this chapter, where the work focused on the division

(QDD vs bisecting), the focus of this section was to find a set of stop criteria

that work properly in the MALDI imaging domain for tissue analysis. However,

even though they were approached separately, this does not mean that they are

distinct. In fact, at the beginning of this section, it was stated that, for each division,

the cases ’not divided’ and ’divided’ could be considered, where ’divided’ could

represent the optimal number of clusters, in accordance with the QDD approach.

This would improve upon the QDD method, which previously used a predetermined

maximum level of tree depth. Using bisecting and QDD with this stopping criterion

enables a fairer comparison to be made. This will be the next step in the project.

Additionally, the manner in which the similarity between the clusters is considered

is relevant. In this case, the clusters were compared using PCA. In our view, the

work done with PCA was just the beginning. The main drawback is that retaining

only the first principal component discards the smaller variances, which can easily

become limiting. It is possible that the differences between the different stages of

the tumor lie in very small variations that were not taken into account in this case.

As previously explained, the idea was to extract the most important information

and establish whether the clusters shared it. Rather than using PCA, a multivariate

approach, we considered using a univariate approach: extracting the most interesting

variable for each cluster and comparing them. Ideally, this would allow us to identify

the most interesting chemical species in each cluster and compare them. There are

many feature selection methods in the literature [47], depending on the domain

and purpose. An attempt has been made with a feature deflation process among

all of them. This idea comes from the Covsel approach [48], but with a relevant

simplification. In that approach, the most interesting variables for classification were

extracted. Here, however, the idea was to extract the most interesting variables

for each cluster independently. The idea was therefore to maintain the deflation
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precedence in order to extract non-correlated variables, but it was necessary to

establish a selection procedure. First, the variance spectrum is computed, and then

the variable with the highest variance is selected. This variable is then deflated into

an X matrix. This step removes information that is parallel to the selected variable.

Successive variables are then extracted until the preselected number is reached. This

feature extraction approach could be used as an alternative to the PCA method

employed in the study. As mentioned, the main difficulty lies in extracting the

key information from the clusters. Using PCA with n PCs or a feature extraction

algorithm can alter the results. While PCA or feature extraction can influence

the clustering outcome, the primary goal is to obtain a segmentation map that is

potentially biologically relevant. Once this has been obtained, the clusters can be

properly compared by looking at the centroids, variance of the m/z channels or any

other necessary comparisons. Further interpretation of the sample shown in the

results of this section will prove that the obtained segmentation can be considered

a fair interpretation of the sample.

2.3 Boosting clustering analysis using spatial in-

formation

Imaging techniques are used in many fields, from biological studies to remote sensing

in agriculture. Too often, however, the advantage of having spatial information is

not exploited. As mentioned above, the availability of spatial information is one of

the key points of imaging techniques. Nevertheless, one of the main steps is usually

to apply an unfolding, e.g. to go from a 3-D cube to a 2-D matix. In doing so,

the spatial relationship between pixels is lost. This loss can reduce the information

that can help to understand the sample. The goal of this part of the research was

to provide a novel approach to improve the analysis by adding spatial information

to the spectral information.

There are several ways to extract spatial information from an image, such as using

wavelets [49] directly on the image or combining them with the Gray Level Occur-

rence Matrix (GLCM) [50]. These are not explored in MALDI imaging domain, as

our knowledge at the current days. In MALDI imaging domain, an important mile-

stone regarding the use of spatial information was achieved by Alexandrov team

[33, 51]. They implemented the total variation minimizing Chambolle algorithm
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with its Grasmair variant. This had a significant impact, as the algorithm has been

implemented in various MSI software tools. The algorithm incorporates spatial in-

formation, but applies it after performing data denoising. Alexandrov and his team

[52] also proposed a method that integrates spatial information directly into the

clustering process, known as spatially aware clustering.

The idea was to try simpler algorithms, given the lack of work in this area, and then

use more complex algorithms once we figured out how best to approach the prob-

lem. Of all the methods available, it was decided to start by exploring the effects

of adding spatial information using the Bharati algorithm [53]. This algorithm was

first applied to grayscale images and then implemented for RGB images [54]. An

application in HSI domain with Bharati approach has already been done [55], but

not in MALDI.

Bharati algorithm

The algorithm works as follow. Assume a generic pixel (i, j) in the image is selected.

(i, j)

Given a spectrum sp in a position pi,j the new augmented spectrum concatenation

of the 9 spectra of the grid taken into account, as shown in figure 37 below, where

a visual representation of Bharati is showed

Figure 37: Bharati algorithm representation. Considering the light blue pixel, the
neighbordhood pixels are put in a row and became the new information of that pixel
(light blue). In this case the color is used as representation for the information. In
hyperspectral imaging the color is replaced by the spectrum.
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The approach requires that each pixel has 8 neighbors. Since the edge of the

image does not meet this requirement, the cube after this preprocessing will be

(n− 1) x (m− 1) x (9 ∗ p). For cubes that cover the entire sample, this only affects

the edge of the image. In the case of MALDI imaging, or whenever the sample is

part of the cube, this will mainly affect the edge of the sample where the pixel does

not have 8 meaningful pixels. The goal was to improve the Bharati algorithm ap-

plied to the hyperspectral images, trying to reduce the augmentation, as it increases

the spectral dimension by a factor of 9. Considering a pixel with coordinates i, j,

the idea was to find the optimal way to express the information of the 3x3 grid in

a single value. In this way, the size problem of this algorithm can be overcome and

potentially larger regions can be explored. In fact, considering a possible 5x5 grid,

the spectral size of the cube with the Bharati algorithm is multiplied by a factor

of 25. For a 7x7 grid, the factor is 49. Both are prohibitive. The problem then

is to find a way to reduce the information of the 3x3 grid to just one value? As

a starting point, the approach followed was ”the simpler the better”, so the first

attempts were made using a normal statistical descriptor as the mean. Using the

spatial mean, a visual representation is shown in figure 38, which compares it with

the Bharati approach.

Figure 38: Comparison Bharati and spatial mean. The pixel represented in ”spatial
mean” is the mean of RGB values of the original grid.

From this point, spatial mean will refer to the use of the mean to extract the spatial

information. The initial idea was to compare the Bharati approach with the spatial

mean. As it will be explained later, the approach for spatial mean can be used for

other statistical descriptor of the neighborhood such as standard deviation. These
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can enhance the spatial information of the neighborhood, as it will be proved with

the simulations done during this work.

First Simulation

The first simulation aims to replicate three regions based on two different spectra.

The spectra are generated as follow:

Matlab

1 region1 = repmat (1 ,100 ,100);

2 region2 = repmat (5 ,100 ,100);

3 a = repmat ([1;5] ,50 ,1);

4 b = repmat ([5;1] ,50 ,1);

5 mix = repmat ([ region1;region2 ],50,1);

6 mix = reshape(mix ,100 ,100);

7 num_points = 1000;

8 x = linspace(0, 1000, num_points);

9 n_peaks = 10;

10 mu = randperm (800, n_peaks)+10;

11 % Peaks generation

12 for z=1:2

13 spectrum = zeros(size(x));

14 for i = 1: n_peaks

15 sigma = rand *10;

16 amplitude = rand *10;

17 spectra{z} = spectrum +amplitude* exp(-((x - mu(i))

.^2) / (2 * sigma ^2));

18 end

19 % Normalization

20 spectra{z} = spectra{z} / max(spectra{z});

21 end

22 data = [region1;mix;region2 ];

23 index_1 = find(data ==1);

24 index_10 = find(data ==5);

25 matrix(index_1 ,:) =repmat(spectra {1} ,15000 ,1);

26 matrix(index_10 ,:)=repmat(spectra {2} ,15000 ,1);

27 matrix = matrix + rand (300*100 ,1000);

Figure 39: Matlab script for the spectra generation of the first simulation

The simulation is represented in figure 40 below. There are 3 regions: the first

region (yellow) is done with spectrum 1 plus noise. The second region (yellow and
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blue alternating) is done with spectrum 1 and 2 alternating. The third region (blue)

is done with spectrum 2. From a spectral point of view, there are 2 clusters. To

explain this as a possible real case, consider the yellow region as healthy tissue and

the blue region as cancerous tissue. The middle region is a mixture of healthy and

diseased cells. From our point of view, the goal is to get three clusters as a better

representation of the sample. Figure 41 shows the results of kmeans (k = 3) applied

to the raw data, the data enriched with Bharati-McGregor, and with the spatial

mean.

Figure 40: on the left, the yellow pixel are related to the spectrum 1, the blue pixel
are related to the spectrum 2
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Figure 41: The first image on the left is the original image. ”Raw data” corresponds
to the segmentation map obtained by kmeans applied to the raw data. ”Bharati” cor-
responds to the segmentation map obtained by kmeans applied to the data treated
with the Bharati approach. ”Mean Spatial” corresponds to the segmentation map
obtained by kmeans applied to the data treated with the spatial mean approach.

The results of kmeans applied to the raw data are complex as expected, because

considering only the spectral information, there is no reason why there are 3 different

clusters. The situation is different for Bharati and the spatial mean. Even though

in this simple toy example Bharati seems to capture the information about the

neighboring pixel, the segmentation does not correspond to the expected one. The

upper and lower regions are correctly separated, but in the middle region, where

there is a mixture with 5 pixels of spectrum 1 plus 4 pixels of spectrum 2 and vice

versa, it assigns one of these two situations to the cluster corresponding to the upper

region, while the other is a separate cluster. This does not respect our expectation,

so we can say that this method fails in this case, even if it is simple. Different are the

results of the spatial mean, where the three different regions are better are properly

separated, with only a few pixels at the border that are not well assigned, probably

due to the noise.
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Let’s make another example. Looking at the figure 42 below.

A B C

Figure 42: Region A, B, and C. Color represent the main information, radius the
dispersion

Within a tissue, there is a region A and a region B with the same main information

but different standard deviation shared by the neighboring pixels. This means that

for both, the center of the two distributions is similar, but with different dispersion.

Applying the spatial mean will group these two regions together. However, in the

context of exploring cancerous tissue, perhaps this discrepancy in variance is the

factor that the second region is an early stage of cancer, so it will be nice to separate

it from the previous one, but this is not possible with this approach. For this region,

another way of describing the neighboring pixels is needed. This descriptor should

describe the dispersion around these pixels. The standard deviation is the simplest

descriptor that can be used. The spatial dispersion is used to approximate the

standard deviation applied to the neighboring pixels. However, using only this

spatial dispersion will separate A and B, but if there is a region C with different

main information but the same dispersion as region B, it will be grouped together

with region B. So the segmentation is not optimal in both cases. Considering the

fusion of the spatial mean and the spatial dispersion, this should separate these 3

clusters because it groups together regions with not only similar main information

but also similar dispersion. Now the expressed case should be simulated. As said

before, the idea was to have two types of spectra. The two spectra were simulated

and shown in figure 43 below:

Second simulation

The second simulation aims to replicate three regions based on two different spectra,

albeit in a different manner to the first simulation.

The spectra were constructed by keeping the position of the peaks but changing

the intensities and width of the peaks. This was done on the assumption that the

difference between a healthy tissue and a tumor tissue is only a relative composition.

Figure 44 shows the map with the original labeling (3 regions) and the relative mean
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Matlab

1 num_p = 1000;

2 x = linspace(0, 1000, num_p);

3 n_peaks = 10;

4 mu = randperm (800, n_peaks)+10;

5 % Peaks generation

6 for z=1:2

7 spectrum = zeros(size(x));

8 for i = 1: n_peaks

9 sigma = rand *10;

10 amplitude = rand *10;

11 spectra{z} = spectrum +amplitude* exp(-((x - mu(i))

.^2) / (2 * sigma ^2));

12 end

13 % Normalization

14 spectra{z} = spectra{z} / max(spectra{z});

15 end

16 map = [ones (100 ,100);

17 repmat (2 ,100 ,100);

18 repmat (3 ,100 ,100)];

19 map = reshape(map ,300*100 ,1);

20 n=10000;

21 matrix2=zeros(n,num_p);

22 matrix2(map ==1 ,:)=repmat(spectra {1},num_sp ,1) *10+...

23 randn(n,num_p)*2;

24 matrix2(map ==2 ,:)=repmat(spectra {1},num_sp ,1) *10+...

25 randn(n,num_p)*6;

26 matrix2(map ==3 ,:)=repmat(spectra {2},num_sp ,1) *10+...

27 randn(n,num_p)*6;

Figure 43: Matlab script for the spectra generation of the second simulation

spectrum and standard deviation spectrum.

Kmeans is applied on the raw data, data processed with spatial mean, data processed

with spatial dispersion, and fused data (spatial mean and spatial dispersion).

As expected, kmeans with k=3 applied to raw data, spatial mean and spatial dis-

persion does not retrieve the three clusters. Regarding the first two, this is due to

the fact that from a spectral point of view, there are only two clusters in the original

image. There is no linear way to separate B from A. The spatial dispersion does not

retrieve the three clusters, as there is no such information in the spatial dispersion.

Nevertheless, by combining the spatial mean and the spatial standard deviation, the
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Figure 44: Simulation. 3 different region: red, green, and blue. Red and green
have the same mean spectrum but different standard deviation. Blue has the same
standard deviation of region green but a different mean spectrum.

Figure 45: Raw data labelled, spatial segmentation of raw data, spatial mean, spatial
dispersion, and fused data.

three data points can be plotted as in figure 42. In this case, a linear separation

is possible. In this case, the spatial mean and spatial dispersion should properly

retrieve two clusters. Applying kmeans with k = 2 to the spatial mean and spatial

dispersion, the segmentation maps obtained are shown in figure 46. As shown in
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figure 46, the segmentation does not work with the standard deviation. This is due

to the correlation metric; the scale factor does not matter in this case, so there is

no difference between regions 1, 2 and 3. In fact, if the metric used were normal

Euclidean distance, the results would be different, as shown in figure 47 below.

Figure 46: kmeans with k=2 applied to spatial mean and spatial standard deviation

Figure 47: Results of this simulation with euclidean distance
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Real Sample

The sample used was one of the 16 analyzed in the article [44]. The collection,

preparation and acquisition of the samples were expressed in the previous section,

as the sample used if one of those 16. It is now time to apply and compare these

approaches to a real case. The idea was to make a comparison between 5 cases: (1)

the clustering algorithm (kmeans) applied to the spectra, (2) the spectra enhanced

with the Bharati approach, (3) the spatial mean, (4) the spatial dispersion (using

the standard deviation) and (5) the fusion between spatial mean and spatial stan-

dard deviation. This comparison was done with the aim of discussing the meaning

of the clusters obtained, not with the aim of obtaining a ”perfect” segmentation

map. For this reason, on a sample where it is not possible to know the correct num-

ber of clusters, the results of kmeans from k=2 to 10 were calculated and then the

Calinski-Harabasz approach was used to determine the optimal number of clusters

according to the input spectra used. As it is shown in figure 48 below, the compar-

ison can look quite unfair, as when using the raw spectra, the optimal number of

clusters is 3, while when using the fused data, e.g. the mean and standard deviation

of the neghiborhood pixels, the optimal number is 8. However, this is also a point

for the proposed approach. From a statistical point of view, using only the spectra,

there are 3 clusters. But using the information of the mean and the dispersion of the

neighborhood pixels, 8 is the optimal number of clusters. So, using a statistical cri-

terion, the fused information gives a higher number of clusters to describe the data.

This can prove what was discussed before with the simulated data: it can potentially

give more information about the sample and describe it better. As stated before,

the goal was not to prove the best clustering algorithm, but to prove that even with

a simple clustering algorithm, extracting information about the neighborhood can

improve the analysis. Figure 48 below shows the optimal segmentation map based

on the CH criteria. A deeper interpretation of the results is needed to validate the

results from a biological point of view. However, some initial considerations can be

made by looking at the segmentation maps. The spectral segmentation map is used

as a reference to show the results obtained using only the spectral information. The

Bharati segmentation map, with the optimal number of clusters equal to 3 according

to the Calinsky-Harabasz criteria, does not give any improvement (compared to the

map obtained with ”raw” spectra) in the segmentation map, except for a certain

smoothing effect.
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Figure 48: Results of the cluster validation
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The only general observation that can be made is that looking at the centroids gives

information not only about the ”central” spectra, but also about the neighboring

pixels. The segmentation map of the spatial mean, with an optimal number of

clusters equal to 5 according to the Calinsky-Harabasz criteria, provides a deeper

description of the sample. Here, the centroids represent the mean spectrum of the

3x3 grid around each pixel. The centroid is still related to the main information, the

concentration. The standard spatial deviation map is quite different. Here, the clus-

ter should not be read as a grouping of similar spectra, but as a grouping of spectra

that have a homogeneous spatial dispersion. So for each cluster, the spectra differ

from the neighborhood in the same way. This means that really different spectra can

be together if they differ from their neighbors in the same way. Finally, the merged

map ”mean - dev std”, with the optimal number of clusters equal to 8 according

to the Calinsky-Harabasz criteria, suggests that the real structure of the sample is

probably more complex. The centroid here has a part related to the neighborhood

mean spectrum and the neighborhood standard deviation spectrum. Each cluster

should be read not only as a group of similar spectra, but also as a group of spectra

with similar neighborhood and similar dispersion through the neighborhood.

To validate the results, it is important not only to look at the segmentation map,

but also to analyze the information contained in the clusters, what the clusters rep-

resent. For this reason, it is important to look at the centroids and compare them.

There are several ways to compare clusters. Here, the idea was to use a Permu-

tation Features Importance (PFI) [56] to identify the most interesting peaks that

characterize the partitioning of the data. This approach is more commonly used

in supervised techniques to weight the importance of features in the model, but

can also be adapted to clustering algorithms. The idea is to randomly permute the

values of each feature, feature by feature, and calculate the difference based on the

validation method used. In the field of clustering, the Quality Cluster Criteria can

be used. For each m/z, 100 permutations were used. The CH index was calculated

for each permutation. At the end of the loop, the mean is calculated. These values

are divided by the original CH to get a measure of the increase or decrease of the

index. In this way, it is possible to understand which variables have the greatest

impact on the segmentation.
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Figure 49: Ratio plot of FPI. The dashed line indicate a ratio equal to 1. Lower
values indicates an downgrade of the criteria, so that negative peak indicate how
much that variable is important for the clustering process

The first 10 m/z values with the highest impact on the quality criteria were taken.

The order is sorted from the m/z with the highest effect (top) to the one with the

lowest (bottom).

mz value type of info
2300.0056 mean
2300.0056 dispersion
2099.8628 mean
2099.8628 dispersion
1809.7550 mean
1809.7550 dispersion
1981.8482 mean
1981.8482 dispersion
1419.5449 dispersion
1485.6070 dispersion

Table 9: The 10 most relevant m/z values for the clusterization of the sample

It can be interesting to see that for the first 8 signals there is an alternation between

the signal coming from the spatial mean and the signal coming from the spatial

dispersion. The last two are two separate mz values from the spatial dispersion

signal.

However, this was just to test a way to get the most meaningful m/z values for the

clustering results. These results should also be validated from a biological point of
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view, with a proper interpretation.

2.3.1 Discussion, conclusions and future perspective

As the simulations above demonstrated, spectral information alone was not always

sufficient to answer the research question. In certain cases, spatial information

proved essential. While using only spectral data is not inherently incorrect, it is

important to consider the context and objectives of the analysis. In both simulated

data, there can be two solutions: 2 clusters or 3 clusters. Both are the right answer,

but it should be contextualized properly. In case of biological samples, with a spatial

resolution of the same order of cells, a pixel can be considered as a cell. Then it can be

said that the same cell can have a different meaning, depending on its environment.

That was the point of this chapter. Another considerations can be done about the

dimension of the neighbourhood explored. The spatial information in this work was

extracted from a 3x3 grid. However, it might be interesting to use a larger grid, such

as 5x5 or 7x7. Additionally, the mean and standard deviation were calculated over all

pixels in the grid, so the central pixel is taken into account. The results of the spatial

mean are an image-denoised cube. Excluding the central pixel when calculating the

spatial parameters may be a better choice. This allows the spectra to be fused

with the different spatial parameters, where the spatial information is calculated

using only the neighbouring pixels. In this case, the parameters are the mean and

standard deviation. In addition, since the idea was to describe the distribution

of neighboring pixels, the extraction of spatial information can be enhanced with

kurtosis and skewness, or other parameters that can improve the description. In

the end, considering only two parameters for the spatial information will increase

the spectral dimension by a factor of 3. This is not the initial goal, but the results

obtained justify the increase in dimensionality.

The previous approach gave the same weight to all neighboring pixels. An extension

of this version can be to personalize the weighting, so that instead of calculating

the normal mean, a weighted mean is calculated using only the neighboring pixels.

This information can be added to the original information of the pixel, so that at

the end you have a ”super-spectrum” composed of the original information of the

pixel and the weighted information of the other pixel. An example of weighting is
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given by the equation 20

ωi =
1

dcorr
· exp(−λ · dsp) (20)

Instead of focusing only on the neighboring pixel, a broader approach can be used.

By generating a matrix with the spatial position, it is possible to calculate the

spectral similarity and the spatial similarity for each distance pair. This information

is used to calculate the previously introduced weight (equation 20).

1. Take a spectrum n.

2. Compute the correlation distance between spectra n and all other spectra

3. Compute all the spatial distances between the positions of the pixels

4. Combine the two distances to calculate the weight of each pixel

5. Compute the weighted average of all spectra (except the n spectra)

6. Compute the weighted standard deviation of all spectra (except spectra n)

In this way, both spatial and spectral distance contribute to the weight. The tricky

part here is to properly attenuate the mixture of these two indicators.

dcorr

dSP

A

B

C

D

There are 4 different situations: A, both spatial and spectral distance are small.

B, small spectral distance and large spatial distance. C, small spatial distance

and large spectral distance. D, both spatial and spectral distances are large. An

approach using a weighted k-medoid clustering algorithm was done. The idea was

to try to incorporate the spatial information extraction process into the clustering

algorithm. However, if two distant regions have the same neighborhood, there is no

need to correlate all pixels. Even the simple 3x3 grid can guarantee the connection

between these two regions, so this might complicate the purpose too much without

adding significant gain.
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2.4 General conclusion and perspective regarding

chapter 2

During this chapter, the challenge of clustering in the MALDI imaging domain

was addressed by working on three approaches in parallel. These approaches are

not mutually exclusive. Fusing the three approaches by using spatial information

with an auto-QDD kmeans could potentially produce representative results. The

decision to work on them separately was made because it represented a progressive

evolution of competence and knowledge of the problem, rather than being based on

the One Variable At a Time (OVAT) approach. Now that the first section has been

submitted, the goal is to complete the other two parts (auto-bisecting and spatial

information), after which all the improvements arising from this thesis work will

be fused into one single approach. This will balance the influence of the different

parameters.
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Chapter 3

Contribution of hyperspectral

data fusion in LIBS and MALDI

imaging

Using multiple sources to better understand a sample is common in many fields.

For example, a physician may use MRI (magnetic resonance imaging), blood tests,

urine tests, and other analyses to make a diagnosis. Similarly, in chemistry, it is

common to analyze a sample using multiple techniques. The key challenge is to

effectively manage and integrate these multiple sources of information. Data fusion

can be divided into different categories [57]. The most common divide the data

fusion approach into three categories: (1) Measurement level or low-level fusion; (2)

Feature level fusion or medium-level fusion; (3) Decision level fusion or high-level

fusion. In the first case, measurement level, the different blocks are fused as they

are and analyze as a single block. In the second case, feature level, features are ini-

tially extracted from each block and then these features are merged and analyzed,

especially for a regression or classification algorithm. The latter case, decision level,

the predictions of the different blocks are fused together. In hyperspectral imag-

ing (HSI), data fusion involves concatenating different hyper-images. In the LIBS

imaging domain, for example, multiple spectrometers can be used simultaneously

to acquire different spectral domains [58–60]. This makes data fusion straightfor-

ward, as no image registration is required. Conversely, when data are acquired using

different systems, an image registration step is necessary prior to analysis. This is

due to potential differences in spatial resolution, rotation and translation, which can
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prevent precise pixel-to-pixel correspondence between different imaging modalities.

The image registration process addresses these issues to ensure proper alignment

and correspondence between spectra from different sources. In recent years, the

literature on HSI data fusion has become increasingly important. Bedia et al. [61]

proposed a multimodal chemometric approach based on multivariate resolution to

simultaneously analyze spectroscopic images (MALDI-TOF MSI, FT-IR, and RGB

images) of tumor tissues revealing distinctive chemical patterns among tumors and

demonstrating the effectiveness of fused image analysis to extract high-resolution

molecular information. Another study combined MALDI imaging with microscopy

through image fusion to improve the spatial detail of molecular distributions [62].

Recently Tuck et al. [63] proposes multimodal imaging as an advanced strategy for

integrating vibrational spectroscopies and mass imaging to achieve more comprehen-

sive chemical and morphological characterization of biological tissues in biomedical

and multiomics. Desbenoit et al with a mini-review [64] highlights how the inte-

gration of MALDI-MSI with other imaging techniques can enrich the morphologi-

cal and chemical interpretation of tissues, illustrating analytical and computational

strategies to address multimodal imaging challenges. LIBS have proven to be use-

ful coupled with other techniques such as Raman [58, 59], PIL[60] , or histological

image [65]. LIBS and mass spectrometry it was already explored, but with other

purpose and other approaches. A study coupling inductively coupled plasma–mass

spectrometry (ICP-MS) and libs was done [66], but it was employed to chemically

map and characterize uranium particles. Another study coupling ICP-MS and LIBS

[67] showed that trace elements can be detected using the LA-ICP-MS domain of

the setup while major components of the samples are analyzed simultaneously using

LIBS. The study highlights how the multimodal approach, integrating LA-ICP-MS

and LIBS, can overcome the limitations of individual techniques, offering more com-

plete and detailed elemental mapping of biological samples.

This chapter presents two works related to hyperspectral data fusion: (1) The first

is the fusion of RGB image and LIBS imaging of a mortar sample; (2) The second

is the fusion of MALDI and LIBS imaging applied to mouse brain and kidney tis-

sue. The first fusion was chosen to prove that adding RGB the interpretation of the

LIBS data can be improved, and without any additional cost, since we naturally use

a capture system that can be seen on virtually all microscopes. At the same time,

the interest in fusing the MALDI and LIBS resides in the improvement of biosample
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interpretation, linking molecular and elemental information.

Image Registration

Image registration is a mandatory step when two or more HSIs are acquired using

different systems, or when with the same system two different optical pathway are

used for two different spectral domain. Different acquisition conditions result in spa-

tial misalignment. This misalignment prevents perfect pixel-to-pixel correspondence

between the modalities. Therefore, an accurate registration process is required to

align the images and establish pixel-to-pixel correspondence. The algorithm uses a

moving image and a fixed one used as a reference. Such algorithm tries to maxi-

mize (or minimize) a criterion by applying different transformations to the moving

image. The criteria used in our case is the Mutual Information, criteria usually used

in medical multimodal image registration [68, 69]. In general, mutual information

is defined as the amount of information shared between two variables [70]. In image

registration, mutual information quantifies the extent to which knowledge of one

image can be used to infer information about the other. It is calculated from the

joint histogram using entropy formulas. The aim is to maximise this value, as this

indicates that the images share the most information and are best aligned. This

evaluation is applied to the moving image after each transformation (e.g. rotation,

translation or scaling). The algorithm stops when it finds the maximum value of

mutual information. Registration is usually performed on a 2D image. In the case of

HSI, where there are more channels, there are many possible combinations for regis-

tration. For example, when considering two generic HSI cubes, the global intensity

image can be chosen, as well as a specific peak. Selecting the image that is most

similar to and contrasts most with the other modality helps the registration and

makes it more robust. However, the two selected images cannot simply be used as

they are because, as is obvious, they can have a very different range. Therefore, prior

to registration, min-max normalization is required to scale the hyperspectral image

range to grayscale (range between 0 and 1). This provides consistency in intensity

ranges across different modalities and improves the robustness of the registration.

The scaling is done using the equation 21

im(i,j) =
im(i,j) −min(im)

max(im)−min(im)
∗ 255 (21)
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Once the optimal transformation has been obtained, it is applied to all the spectral

channels of the HSI cube that correspond to the moving image. This establishes a

pixel-to-pixel correspondence with the reference image. Once this has been achieved,

the data fusion strategies and all the processing algorithms can be applied to the

data. Depending on the data strategy chosen for the problem, different preprocessing

methods are required for each block prior to concatenation [42]. In our case low-

level fusion was used. Prior to the concatenation, each cube was normalized by its

Frobenium norm (equation 22)

||X||F =

√∑
i,j

|Xij|2 (22)

where xi,j is the value of the pixel at i, j position. The Frobenius norm is the

extension of the Euclidean norm for the vector

In table 50 is showed the matlab code per image registration.

Matlab

1 [optimizer ,metric] = imregconfig (" multimodal ");

2 tform = imregtform(MOVING ,FIXED ," similarity",optimizer ,metric

);

3 imreg = imwarp(MOVING ,tform ," OutputView",imref2d(size(FIXED))

);

4 cube_reg = zeros(size(cube_to_reg));

5 for i=1: size(cube_to_reg)

6 cube_reg (:,:,i) = imwarp(cube_to_reg (:,:,i),tform ," OutputView

",imref2d(size(FIXED)));

7 end

Figure 50: Matlab script for image registration. imregtform is a function included
in image processing toolbox

3.1 LIBS and RGB

Mineral samples are difficult to analyze and understand. The differences between

them are more related to the ratio of the different elements and these differences can

be really small. The idea was to show that even though PCA is such a sensitive tech-
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nique, and LIBS is also sensitive, capable of detecting down to ppm concentration,

sometimes the complexity of these samples is so great that the normal analysis, such

as PCA, fails to give a comprehensive view of the samples. Adding color informa-

tion can help to get a deeper understanding of the sample. The idea was to combine

visual information with the LIBS one. RGB is the simplest type of multivariate

image Red λ ≈ 630 nm, Green λ ≈ 545 nm, Blue λ ≈ 435 nm, these wavelengths

being chosen to match the spectral response of the human eye [71]. Each channel

has a range of 0 to 255. Distances between colors in RGB space do not necessarily

correspond to perceived color differences. RGB images, due to their simplicity and

availability of low-cost acquisition, are widely used in numerous application areas,

from the food industry [72, 73] to quality control to environmental and biomedi-

cal analysis [61]. The RGB analysis allows the extraction [74] of morphological and

color information useful for classification, segmentation [75]. and process monitoring

tasks [76].

Experiment

This study focuses on aligning and registering the RGB image with the LIBS image.

The primary goal is to enhance the interpretation and understanding of the data

by merging these two imaging techniques. For instance, as will be demonstrated

later using quartz crystals as an example, members of the same crystal family may

appear different colours in the RGB image. However, LIBS spectra alone do not

provide sufficient information to determine whether these colour differences are due

to slight variations in composition, trace elements or other factors. This limitation

highlights the importance of integrating RGB imaging to complement the LIBS data.

The main objective of this approach is to use information from the RGB image to

enhance the analysis of the LIBS image. In particular, the RGB data facilitated

the creation of masks to identify specific crystals as it will be showed later, which

was a non possible task using LIBS data alone. These masks enabled the differences

between the crystals to be studied in detail. In this case study, the LIBS system was

configured to acquire data in two spectral regions simultaneously, thereby increasing

the potential for detailed compositional analysis. The RGB image and the two

LIBS images were imported into MATLAB (version 2023a, MathWorks®, Natick,

MA, USA). The PCA approach was chosen for the unsupervised analysis because

of its simplicity and ability to extract the most important information, as well as

92



Contribution of hyperspectral data fusion in LIBS and MALDI imaging

the minor compounds, from the sample. To compare the information obtained by

applying PCA to LIBS data only with the information obtained by combining LIBS

and colour data, the process was run in parallel.

Sample

The analyzed sample is a piece of mortar taken from the internal masonry of the

apse of the ancient part of the church Saint-Irenee, on the hill of Fourviere in Lyon

(France). It is a lime mortar mixed with a quartz and siliceous coarse sand with

some limestone grains. It has been prepared as a thin section to be observed with

transmitted light on a petrographic microscope. Figure 51 shows the original church

and the polarized image of the mortar sample.

Figure 51: Origin of the mortar sample

Data Acquisition

The µ-LIBS system used consists of a 1 kHz Cobolt Tor XE pulse laser (Q-switched,

emitting at 1064 nm with 0.5 mJ/pulse). Plasma emission is measured using two

spectrometers that can observe several wavelength ranges simultaneously, allowing

to focus on the lines of all the elements of interest. The first one is a compact

Avantes spectrometer (Evo Sensline XL) configured from 238 to 357 nm, for main

major and minor elements: Mg, Al, Si, Ca, Ti, Mn, Fe, Cu mainly. The second

spectrometer is a Kymera (equipped with an sCMOS camera, Andor), recording

spectral ranges between 672 and 833 nm for completing the lack elements, as Na
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and K. Acquisition was performed at room temperature under ambient pressure

conditions. An argon flow blowing through the plasma was used both to enhance

emission and to prevent surface contamination due to deposition of material ablated

by previous laser shots. Finally, the sample was placed on an XYZ stage and scanned

pixel by pixel with a lateral resolution of 15 µm, resulting in a 2000 by 1000 spectra

for a 2 million pixels image. Due to the amount of information, attention was focused

on the section highlighted in the figure 52. This region (composed of 220x240 pixels,

52,800 spectra) was initially selected because of the heterogeneity it showed in the

RGB image, while during the LIBS analysis this heterogeneity was not observed.

The original idea was to try to find out the color differences from an elemental point

of view.

Figure 52: From the original image, a section was extracted and analyzed. Red
indicates the shape of the mask used in the following figures. The blacks show the
two crystals under consideration.

3.1.1 Results and discussion

The first approach was to apply PCA to the LIBS data, once a mask was generated.

To generate the mask, the silicium signal was used. In the results shown in figure

53 below, it is not possible to distinguish all the crystals that appear in the RGB

image.
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Figure 53: Score maps from PC-1 to PC-15. PCA applied to the LIBS data

Fusion

For this reason, the LIBS data were fused with the RGB data. For the moving image,

the grayscale RGB image was used. The grayscale image of the global intensities

image was used as the fixed image. The obtained registration parameters are: scale
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0.8734; rotation angle 7.7697◦; translation [–287, 248]. Once the transformation has

been obtained, it is applied to all channels of the RGB image. Before concatenating

the data, each block was normalised using the Frobenius norm. Then, the PCA is

applied to the fused data.

Figure 54: Score maps from PC-1 to PC-15. PCA applied to the fused data.
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Compared to the results obtained using only LIBS data, noticeable differences

can be observed. Starting from the PC-1 and PC-2, the core maps seems to highlight

different structures inside the main crystal. However, the most interesting point

from our perspective is showed in PC-5. Here, it is possible to discriminate between

the two crystals that showed opposite values. Looking at figure 55, the LIBS data

loadings have low intensities, suggesting that most of the variance is due to color.

Figure 55: RGB image, scores map and loadings PC-5 of PCA applied to the fused
data
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In order to explore more the two crystals, a mask was generated using the scores

of the PC-5. Using the mask it was possible to isolate the pixels of the two crystals.

PCA was calculated on the LIBS data and the fused data using this mask. Even

in this case PCA applied to only LIBS data did not discriminate clearly the two

crystals (see figure 56 below). The score maps shown are until the PC-15, with a

cumulative variance of 99.02%.

Figure 56: RGB image of the quartz crystals and score maps from PC-1 to PC-14.
PCA applied to the LIBS data.
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Applying the PCA to the fused data allowed this discrimination with the PC-

1 as shown in figure 57. Here, the discrimination was possible with an explained

variance of 61.13%. Even in this case the score maps shown are until the PC-15,

with a cumulative variance of 99.74%.

Figure 57: RGB image of the quartz crystals and score maps from PC-1 to PC-14.
PCA applied to the fused data.
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As expressed previously, PCA applied to the fused data allowed for a clear sep-

aration between the two crystals with the PC-1, which explains 61.13% of the total

variance. To investigate more the reason behind this discrimination, in figure 58,

the score map and the loading are reported.

Figure 58: RGB image of the quartz crystals, score maps and loadings of PC-1.
PCA applied on the fused data of the 2 crystals.

As it was showed before, this separation could not be achieved using LIBS data
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alone. However, the integration of RGB information enables us to distinguish the

two regions, suggesting that color carries relevant information. The loading plot

shows that both the LIBS signal and color channels contribute to PC-1. The crystal

with a negative PC-1 score appears redder and is characterized by a higher silicon

(Si) signal in the LIBS spectrum. The crystal with a positive PC-1 score appears

bluish and shows stronger contributions from Mn, Mg ionic, Mg, Al, and Ca. This

indicates that, even though RGB alone may appear simplistic, it actually guides us

toward meaningful chemical distinctions that are otherwise harder to capture. This

relationship will be further demonstrated in figure 59, through the analysis of the

mean spectra, variance spectra, and the complete spectral sets for each crystal. It is

possible to directly compare the spectra of the two crystals using the mask. Figure

59 shows the mean spectrum, the variance spectrum, and the spectra of the two

crystals. Looking simultaneously at the spectra shown in Figure 59 and at PC-1

shown in Figure 58, some observations can be reported. Peaks around 280, 288, 310,

and 316 nm appear to be the main differences between the crystals. These peaks, in

fact, are highlighted in PC-1, showing a positive score for peaks 280, 310, and 316

nm, which are therefore related to crystal 1, and a negative score for peak 288 nm,

related to crystal 2. In fact, looking at Figure 59, the peaks at 280, 310, and 316

nm show higher variance in crystal 1 compared to crystal 2. Additionally, close to

310 nm, multiple peaks seem to be present in crystal 1. These peaks are not clearly

visible in the mean spectrum, but are quite evident when looking at all the plotted

spectra and the variance spectrum.
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Figure 59: Mask of the crystals: Mean spectrum, Variance spectrum, and spectra
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Conclusions and future perspectives

The work demonstrated how combining visible image and LIBS information can pro-

vide more detailed insights and this without any additional cost, since we naturally

have a capture system that can be seen on almost all light microscopes. Although

LIBS can capture trace elements, differences in the compositions of different crystals

are sometimes so small that standard exploratory analyses, such as PCA, cannot

detect them. Adding colour information where the differences are more pronounced

makes it possible to distinguish more zones easily. In this case, coupling PCA with

an examination of the mean and variance spectra of the two crystals revealed the

differences between them. It is also important to note that the image was taken

with a polarised light microscope. Changing the polarised light causes a change in

the colour of the recording due to the light’s different refraction. In the future, it

may be interesting to have more than one polarised image with different degrees to

see if the distinction can be improved by a simultaneous use of several visible images

fused with LIBS data. This approach could be tested for other purposes, notably

in the preparation of radiocarbon dating of mortars. Indeed, to do so, it is neces-

sary to discriminate between the various carbonates in the mortar, in particular the

binder carbonate, which must be separated from the carbonate grains (limestone,

shells, slaked lime, etc.) that contaminate the dated samples and bias the ages. A

difference in LIBS signal, mainly due to a difference in density of these materials,

helps discrimination, but it does not work completely, and identification errors may

remain in the segmentation. This is particularly the case when carbonate grains

come from porous limestones which provide a signal similar to that of the binder.

The combination of µLIBS imaging and optical microphotography colors could en-

sure better identification in this framework. At the beginning of this work there was

the will to enhance the color information with an augmentation, using an approach

similar to Cocchi et al. [77], but a different approach was pursued. There are other

ways to represent the color, that can be easily obtained from the RGB. A color space

[78] is a way of representing color in a numerical format that a computer, or more

generally an electrical device, can interpret. There are different color spaces, and

each emphasising different aspects of color perception or reproduction, making them

useful for different applications. Color spaces can be divided into additive spaces,

which are based on light combinations (e.g., RGB), and perceptual or decorrelated

spaces, which separate brightness and chromaticity (e.g., LAB, HSV). As will be
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demonstrated later, the color space plays a key role in enhancing the information

that can be extracted from the data. The color spaces used in this work are listed

in the table 10.

RGB
R Red
G Green
B Blue

HSV
H Hue
S Saturation
V Value/Brightness

lab
L Luminance
a Green to Red
b Blue to Yellow

XYZ
X Approximate Red-Green perception
Y Brightness perception
Z Approximate Blue perception

NTSC
N Luminance
I Orange-Cyan Chrominance
Q Green-Magenta Chrominance

YCbCr
Y Luminance
Cb Blue-Yellow Chrominance
Cr Red-Green Chrominance

Table 10: Colorspaces

HSV (Hue, Saturation, Value) provides a more intuitive representation of color.

It is not perceptually uniform, saturation behaves differently depending on bright-

ness. LAB separates lightness (L) from chromaticity (a and b). LAB is a perceptu-

ally uniform color space, meaning that the Euclidean distance between two colors

in this space correlates well with how we perceive their difference. The XYZ color

space, based on the response of the human eye, is device independent and is widely

used in color space conversions. NTSC (National Television System Committee) has

historically been used for television color encoding in the U.S., based on luminance

and chrominance. YCbCr is a color space used primarily for video compression and

broadcasting. It separates brightness (Y) from color information (Cb and Cr), allow-

ing for more efficient compression by downsampling the chrominance components

without significantly affecting visual quality. This separation mimics the human

visual system, which is more sensitive to brightness than to color.
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3.2 MALDI and LIBS: coupling molecular and

elemental information to enhance interpreta-

tion of biological samples

LIBS has proven to be an effective technique to detect both endogenous and exoge-

nous elements in brain tissue, with the advantage of not requiring complex sample

preparation [79–83]. Alongside it, more specialized methodologies such as LMD-

ICP-MS (Laser microdissection inductively coupled plasma mass spectrometer) have

been employed to obtain very high resolution elemental images, for example in the

hippocampus of rat brain, allowing the distribution of trace metals to be analyzed

with greater precision [84]. Additionally, LA-ICP-MS (Laser ablation inductively

coupled plasma mass spectrometer) has been widely applied in neurodegenerative

disease models, with applications ranging from Parkinson’s disease to stroke, and

can be combined with MALDI-MS to identify metalloproteins [85]. A comprehen-

sive review further summarizes ten years of advancements in LA-ICP-MS bioimaging

for trace element analysis across various biological systems, highlighting its role in

biomedical and environmental research [86]. Finally, a dedicated review of LIBS

instrumentation and methodology outlines recent developments, including tandem

approaches and chemometric strategies, that extend LIBS applications to a broad

range of analytical fields [87]. These complementary techniques underscore the grow-

ing importance of multi-modal imaging in neurobiological research and support the

rationale for integrating molecular and elemental data despite technical challenges.

However, to our knowledge, no existing instrument allows the simultaneous acqui-

sition of MALDI and LIBS images. Since both techniques are destructive, it is not

feasible to analyze the exact same tissue section with both modalities. Therefore,

this study uses two consecutive tissue sections, assuming their differences are negli-

gible. Image registration procedures are applied to ensure proper spatial alignment

between modalities. In this case two consecutive sections were analyzed, one section

for MALDI and the following one for LIBS. The MALDI acquisition was done at

the Leiden Medical University, while the LIBS acquisition was done in Lyon, at the

ILM (Institut Lumiere Matiere). The main challenge of hyperspectral data fusion

lies in the way images are acquired. There is a problem, though: it is not possible

to obtain the images with the same instrument, meaning the data does not come
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from the same exact sample. The solution to the this problem could be, as adopted

in this thesis, to consider tiny consecutive tissues and consider them as equal. Even

if the two consecutive sections are considered equal, there is a general problem of

image registration. An image registration step is mandatory.

Sample

The sample analyzed was a sagittal slice of rat brain. Both MALDI and LIBS images

were acquired with a spatial resolution of 30 µm.

Figure 60: Atlas Sagittal Rat Brain

The main areas were annotated based on ATLAS (https://atlas.brain-map.org).

LIBS

The experimental LIBS setup utilized in this study is located at the ILMTech -

OPTOLYSE platform (ILM-UMR 5306, CNRS Université Lyon1, Villeurbanne,

France). Its main characteristics have been detailed in our previous work [88].

Briefly, a Nd:YAG laser (1064 nm) operating at 1.25 mJ was employed. The laser-

induced plasma emission was collected using two spectrographs to simultaneously

record two distinct spectral regions (201–233 nm and 265–349 nm). Specifically the
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2 spectrograph are Czerny-Turner (Shamrock 303i and Shamrock 500 Andor tech-

nology) equipped with 2 ICCD cameras (iStar DH340T-18F-E3, Andor Technology)

. Optimal delay and integration times were determined to be 0.1/5 µs and 1/5 µs,

respectively, with a gain of 1750 (arbitrary units). The plasma was generated under

a 0.8 liter/min Ar flux.

Looking at figure 61 Cerebral region and hippocampus are clearly visible with Ca

and Mg signal. The Cu signal is slightly different. Looking at Mg signal there are

saturations, and this can affect analyses such as PCA [89]. This will cause non-

sample related variance to be captured by analyses such as PCA, obscuring the

variance of interest and making it difficult to interpret the results.

Figure 61: Chemical map of different elements. The signal were chosen by the expert
in Lyon. The peaks are: Mg 285 nm, Ca 318 nm, Cu 325 nm.

Therefore, a proper preprocessing step is required. The first step was to create a

mask to reduce the dimensionality of the data and speed up the analysis. To create

a mask, the signal of Mg was used. Then the baseline correction is applied on

LIBS spectra. The Local Asymmetric Least Squares (LALS) algorithm, available

at Lovelace’s Square (https://lovelacesquare.org/), was used to apply the baseline

correction. The parameters were estimated on a small fraction of the spectra to

speed up the analysis. Once the results were deemed acceptable, these parameters

were applied to the entire data set. At this point, we need to deal with saturation.

To do this, we need to look at the spectrum. All the signals that have intensities
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higher than 55000 are close to the limit of the detector, so we can consider them as

saturated or distorted. These values have been replaced by NaN (Not a Number)

values. At this point, the matrix contains missing values. The approach to face

this challenge was recently proposed by Gómez-Sánchez et al. [90]. The algorithm

was applied to the data set containing the missing values with 200 iterations and

6 principal components, initially estimated as the first 6 PCs obtained from the

data without considering the pixels containing missing values. The 6 PCs were

chosen after an evaluation combining the visual evaluation of the scores, loadings

and eigenvalues. This process gives an ”approximation” of all the data, not just the

missing values. The original NaN values (where there were sauturations) are changed

with the values obtained with this method, in order to do not change values with

lower intensities.

MALDI

Ten micron thick tissue sections were cut from each of the frozen tissue samples

using a Leica CM3050S cryostat (Leica Biosystems), thaw-mounted onto conductive

indium-tin-oxide (ITO)-coated glass slides (VisionTek Systems), and stored at -80◦C

until use. Before use, slides were placed in a vacuum freeze-drier for a minimum

of 20 minutes. The tissue sections were sprayed withthe 7 mg/mL Norharmane

matrix in 90%MeOH using the HTX-Sprayer. The tissue section was subjected

to high-resolution, accurate-mass (HRAM) imaging using a 12·T solariX MALDI-

FTICR mass spectrometer (Bruker Daltonics). The MALDI-FTICR was operated

in negative-ion mode, using a 1M or 2M transient length, and set to detect a mass

range of 300 to 2000 m/z. Each HRAM lipid profile was collected from 150 laser

shots, using a laser repetition rate of 500 Hz and with the laser focus set to “small.”

Fusion

The fixed image is the global intensity image of the MALDI, the moving image is the

global intensity image. Once the registration is obtained, it is applied to the entire

LIBS cube. Then a spatial binning was applied to reduce the small discrepancy

that comes from the two images. In this way, even if the spatial resolution is lost,

the relationship between the pixel information from the two modalities is stronger.

The registration parameters are: Scale 0.9863, Rotation angle -4.8117, Translation
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-38.0722, -7.0967. The data are now merged.

3.2.1 Exploratory Analysis: Results and Discussion

The first approach was to apply PCA to the MALDI and LIBS data individually and

then to the fused data. This was done to see if fusion would improve understanding

of the sample and reveal patterns not shown by the individual PCA analyses and

to obtain information about the correlation between elements and molecules. In

the following two pages the results of the PCA applied individually will be showed.

The score maps of the PCA applied to only LIBS data are not very informative.

The PCA is applied to only LIBS data after registration and using the mask that

comes from MALDI; in this way, the outside region is not taken into account. As

can be seen from the score maps of the first 9 PCs in figure 62, it is quite difficult to

appreciate the overall structure of the brain. Only PC-1, which accounts for 98.82%

of the explained variance, highlights the Mg signal and the tissue edges. PC-7

notably highlights the Cu signal. These images do not provide much additional

relevant information. The score maps of the PCA applied to only MALDI data

(figure 63) better highlight the different internal structures of the brain. The main

exception is PC-2, which highlights the differences between the edges of the tissue

and its internal regions. A deeper interpretation of these images, as the link between

the different molecules and their spatial distribution, can be made, but it is not the

purpose of this study.

Moving to the results of the fused data, it can be seen that different primarily

structure of the brain such as cerebellum, fiber tracks and hippocampal formation

can be seen among all the PCs shown in figure 64. However, even with the mask,

coming from MALDI cube, used, more than one PCs seem to highlight mainly the

variability between the tissue and its edges, as it can be seen mainly in PC-2 and PC-

3, lower in PC-4. As can be seen from the loadings (figure 65), the contribution of

each component is unequal between MALDI and LIBS. For example, the maximum

range for the MALDI loading is from -0.5 to 0.4, whereas for the LIBS loading

it is from 0 to 0.17. This disparity is also evident among the other components.

Additionally, the LIBS loadings are consistently positive or negative until PC-4. In

PCs 5 and 7, a peak shift can be seen for the two peaks at 280 and 285 nm. In

PCs 6, 8 and 9, these peaks are reversed, indicating a difference between the ionic

(280 nm) and elemental (285 nm) forms of magnesium. Additionally, for all the
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components, the impact of the other LIBS peaks are really low, compared even to

the magnesium peaks.
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Figure 62: Score maps from PC-1 to PC-9. PCA applied to the LIBS data.
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Figure 63: Score maps from PC-1 to PC-9. PCA applied to the MALDI data.
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Figure 64: Score maps from PC-1 to PC-9. PCA applied to the fused data.
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Figure 65: Loadings from PC-1 to PC-9. PCA applied to the fused data.
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Interpreting this case can be difficult. However, the results can be improved.

Taking into account the effect of the tissue edge, another mask can be generated

using PC-2, for example, to exclude the edge pixels, and another PCA can be

applied. However, when PCA is applied to only the LIBS data, the disproportion

of Mg and the other elements is still noticeable. For this reason, it was decided to

pursue another approach.

Correlation and Structural Similarity

The results of the PCA were not straightforward to interpret. As the purpose

of this work was to understand the relationship between elemental and molecular

information, another approach was used. As the main difficulties lay in the LIBS

data, it was necessary to simplify them. Unlike MALDI, where there is relevant

specificity, not all peaks in LIBS data are specific. Therefore, only a subset of the

peaks can be used for species identification, since overlapping can make some of them

non-specific. Then, the most interesting elements can be selected using the more

specific peaks. The new variable can be labeled as the element that it represents.

This variable corresponds to the element’s chemical map vectorized. In this case,

magnesium, calcium, and copper were selected as the most interesting elements.

This choice can be justified because the other elements that can be extracted from

the LIBS data do not highlight interesting structures of the brain. Once the variables

representing the elements are extracted, they need to be compared with the MALDI

data. Two different approaches were used: (1) calculating the correlation between

the element’s vector and each m/z channel, and selecting the top n most correlated

channels; and (2) comparing the chemical map of the element with each m/z image

based on the structural similarity (SSIM) index, and selecting the top n channels

with higher SSIM. The idea was to obtain a list of the most related m/z channels for

each element using different approaches, and to assess which method appeared more

robust, subsequently evaluating whether the observed correlations were meaningful

from biological point of view. Figure 66, figure 67, and figure 68 show the chemical

map and the most correlated m/z channel with Mg, Ca, and Cu respectively.
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Figure 66: Mg chemical map and the most m/z correlated channel map
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Figure 67: Ca chemical map and the most m/z correlated channel map
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Figure 68: Cu chemical map and the most m/z correlated channel map
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The most interesting results among the previous figures are related to those obtained

with copper. As shown in its chemical map, copper is strongly concentrated at

the edges of the cerebellum and near the hippocampus. However, except for m/z

764.5211, which showed high pixel intensities at the edge of the cerebellum, the

other regions seem not to be so close to the chemical map of copper. This may

be due to the dimensions of the vector that was compared. The image is 127 x

80 pixels, for a total of 10,160 values. Considering that copper covers less than

10% of the image, the rest of the image probably covers the relationship of interest.

Additionally, as most of the pixels are located outside the region or tissue, this may

have influenced the results. For this reason, rather than calculating the correlation

across the entire image, a mask is generated for each element, identifying the pixels

where the element is present. The correlation is then calculated only on these

pixels. This should assure that we are looking for the relationship for the region

where the element is present. The masks are shown in figure 69. Once the mask

had been generated, pixels were extracted from both the LIBS and the MALDI

matrices, and the correlation between the variables was calculated. Right after, the

chemical map of Mg, Ca, and Cu, along with the map of their most correlated m/z

channel, are shown, respectively, in figure 70, figure 71, and figure 72. Compared

to the results obtained without the mask, those obtained using the mask seems to

be more similar compared to the case without the mask. As it can be seen looking

at the previous figures, particularly for copper, the m/z channel with the highest

correlation obtained are not necessarily the most biologically significant ones, the

ones related more to the respective elements. Some m/z as 687.5342 seems to

be more related to copper than 716.5268, even if the latter one showed an higher

correlation. For this reason, this approach can be viewed as a way to drastically

reduce the number of m/z channels related to the elements. Further analysis and

interpretation can be done among this small group. This does not necessarily require

chemometric analysis, but rather dialogue with bio experts to determine whether

these correlations are spurious or if there is a biological link. However, this was not

possible due to a lack of time.

Correlation is not the only way to compare variables. Until now, references to

the image meaning of the variables were always present. For this reason, another

criterion based on image comparison was tested and the results were compared with

those of the 1-D correlation approach.
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Figure 69: Chemical map of Mg, Ca, and Cu (left) and relative mask (right).
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Figure 70: Mg chemical map and the most m/z correlated channel map
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Figure 71: Ca chemical map and the most m/z correlated channel map
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Figure 72: Cu chemical map and the most m/z correlated channel map
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Structural Similarity

Structural similarity (SSIM) index for measuring image quality [91] measures the

structural similarity between two images to assess how similar they are from a

perceptual point of view. Given two image signals, ima and imb, the SSIM index

is built from three components: (1) luminance comparison, (2) contrast comparison

and (3) structure comparison. The general SSIM formula is:

SSIM(ima, imb) = [l(ima, imb)]
α · [c(ima, imb)]

β · [s(ima, imb)]
γ (23)

Typically, the exponents are set to α = β = γ = 1, so:

SSIM(ima, imb) = l(ima, imb) · c(ima, imb) · s(ima, imb) (24)

Luminance comparison is based on the means µima and µimb
:

l(ima, imb) =
2µimaµimb

+ C1

µ2
ima

+ µ2
imb

+ C1

(25)

Contrast comparison is based on the standard deviations σima and σimb
:

c(ima, imb) =
2σimaσimb

+ C2

σ2
ima

+ σ2
imb

+ C2

(26)

Structure comparison is based on the covariance σimaimb
:

s(ima, imb) =
σimaimb

+ C3

σimaσimb
+ C3

(27)

Where C3 =
C2

2
. Combining the above, assuming C3 =

C2

2
, we get:

SSIM(ima, imb) =
(2µimaµimb

+ C1)(2σimaimb
+ C2)

(µ2
ima

+ µ2
imb

+ C1)(σ2
ima

+ σ2
imb

+ C2)
(28)

The typical Parameters are:(A) C1 = (K1 · L)2; (B) C2 = (K2 · L)2; (C) L is

the dynamic range of pixel values (255 for 8-bit grayscale images) (D) K1 = 0.01,

K2 = 0.03. It is computed locally within a small, moving window with Gaussian

weighting, and then the mean is calculated to obtain a global value. For each

chemical map (Mg, Ca, and Cu) SSIM is calculate for all the m/z channel map.
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Figure 73: Mg chemical map and the m/z channel map with the highest SSIM
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Figure 74: Ca chemical map and the m/z channel map with the highest SSIM
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Figure 75: Cu chemical map and the m/z channel map with the highest SSIM
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Figure 73, 74, 75 show the chemical map with the m/z channel map with the highest

SSIM. The previous m/z channel map with the highest SSIM does not appear to be

particularly similar to the respective elemental chemical map, especially in the case

of Cu. This may be due to the significant influence of the external part of the image

(outside the tissue). For this reason, rather than calculating a global SSIM for the

image, SSIM was computed using the tissue mask obtained from the NaN values

of the MALDI cube. However, even in this case, the m/z channel maps were not

very similar in the case of Cu. Since Cu is a minor element (the mask used covered

less than 8%), the value may be driven more by other parts of the tissue, with the

region where Cu is present contributing less and not being sufficient to highlight the

correct m/z channel. For this reason, SSIM was also calculated using the previously

generated mask (see Figure 69). As expected, in this case the criteria should be

more representative of the tissue region where the element is present.

Later, Figure 79 will show the comparison of the criteria used (correlation and SSIM)

across three cases: the image without a mask, using a tissue mask, and using an

element-specific mask. As done previously, the first 9 m/z channels with the highest

SSIM will be shown.

Looking at the results, the m/z channel map appears more similar when the mask is

applied, compared to the case without the mask. For example, m/z channel 738.51

is presented as one of those with the highest SSIM with Cu. Here, the region close

to the hippocampus shows a higher concentration of this m/z. The m/z channels

with the highest SSIM (or correlation) are not necessarily the most biologically

significant ones, i.e., those more strongly related to the respective elements. These

two approaches were adopted to explore the relationship between elemental and

molecular imaging. Further studies focusing on the relationship between elements

and related molecules need to be pursued.

Previously, it was hypothesized that the results obtained without the mask were

driven by the region outside the tissue. To demonstrate this, the values of the

criteria without the mask, with the tissue mask, and with the element mask are

shown in Figure 79. Except for a few m/z, the criteria calculated using the masks

are lower than those obtained without the mask.
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Figure 76: Mg chemical map and the m/z channel map with the highest SSIM
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Figure 77: Ca chemical map and the m/z channel map with the highest SSIM
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Figure 78: Cu chemical map and the m/z channel map with the highest SSIM
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Figure 79: Plots of the criteria without the mask (green), with a mask of the tissue
(blue), and with the maks of the element (red). It is possible to see that using the
mask the value decrease.
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3.2.2 Conclusions and future perspectives of chapter 3

This work was a feasibility study aimed at proving that the fusion of elemental and

molecular imaging, in this case, MALDI and LIBS, can improve the interpretation

of biological samples by allowing possible correlations between elements to be ap-

preciated. As both techniques are destructive, acquiring the same section is not

possible. Due to this, two consecutive sections of the tissue were analyzed, with

the morphological differences considered small and mitigated by the spatial binning

performed during preprocessing. The initial study involved applying PCA to the

two blocks of data individually and then to the fused data. However, the results

obtained from PCA were difficult to interpret. The MALDI block almost covered all

the explained variance, even with normalization, and it was difficult to see patterns

within the LIBS data. Due to this, a different approach was applied to study the

relationship between molecular and elemental information. In short, a few elements

were extracted by calculating the chemical map, obtaining a vector for each element.

The idea was to calculate the correlation between the elements and the differentm/z

maps. However, for minor elements such as copper, the correlation value was mostly

driven by pixels where copper was not present. This resulted in m/z values that did

not seem to follow a similar spatial distribution. To avoid this, the correlation was

calculated only on pixels showing presence of the element, e.g. Cu. This made the

results more representative and produced an m/z channel map that was more simi-

lar to the elemental one. Another metric was also used to calculate the relationship

between the chemical map (LIBS) and the m/z channel map: SSIM. This parame-

ter is used in image processing to calculate the similarity between images. The idea

was to analyze and compare the results obtained by calculating the correlation on

a vector with this parameter, which is calculated directly on the image. However,

even in this case, the initial results were not ideal as they seemed to be mostly

driven by pixels where the considered element was not present. As the algorithm

uses a moving filter to calculate a value for each pixel and then considers the mean

of these values as the global similarity of the image, an intermediate step was added.

Instead of calculating the mean across the entire image, the mean was calculated

using a mask based on the element in question. As shown, this improved the results

when looking at the values, but when looking at the images using correlation, the

m/z channel maps were closer to the elemental one.

Although this study did not reveal any significant innovations in terms of the re-
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sults obtained, the potential for combining MALDI and LIBS techniques has been

demonstrated by studying a rat brain. Further studies using more interesting and

informative samples are worth considering. In future work, it will be particularly

valuable to apply this fusion framework to biomedical questions in which aberrant

elemental homeostasis is believed to have a causative or diagnostic role. Neurode-

generative disorders such as Alzheimer’s [92] and Parkinson’s [93, 94] disease, for

instance, exhibit spatially heterogeneous accumulations of metals like Fe, Cu and

Zn. By correlating LIBS-derived elemental maps with MALDI-MS molecular sig-

natures in the affected tissue, it should be possible to determine whether distinct

lipid, peptide or metabolite patterns co-localise with metal hotspots, offering fresh

insight into disease mechanisms and potential biomarkers. A similar strategy could

be extended to cancers, where trace-element dysregulation is implicated in tumour

progression and therapy resistance, due to the role of certains elements in cancer

progression proven [95] and the ability to see those elements by LIBS in this con-

text [96]. Accordingly, the approach demonstrated here could evolve into a powerful

platform for resolving outstanding questions on element–molecular relationships in

a range of pathological conditions.
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Chapter 4

New Challenges in Processing

Data from Kilohertz LIBS

Imaging

Noise is one of the biggest enemy of a chemical analysis. These unwanted fluctuation

of the signal are not related to chemical (or physical) properties of interest, and can

cover interesting signals, usually traces as they can have a similar intensities.

Peak (no noise)
Peak (with noise)

Figure 80: Example of peak with a gaussian shape affected by noise

There are different type of noise, depending on the instrumentation, the spectroscopy

used, etc. In analytical chemistry, noise has effect directly on Limit Of Detection

(LOD) and Limit Of Quantification (LOQ), as their definition is based on noise
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intensity. Usually is defined Signal-To-Noise-Ratio (SNR) as

SNR =
Amplitude of signal

Mean amplitude of noise
(29)

There are different way to reduce the noise, and increase SNR, including instrumen-

tation improvement, however they are out of the aim of this work.

Currently, most of the µLIBS-imaging setups have lasers with a shooting rage lower

than 100 Hz [97]. However, kHz lasers could be a significant breakthrough for ele-

mental imaging analysis. Nowadays, the use of kHz laser on LIBS is not widespread,

although literature presents several examples mainly focused on industrial [98] or

geological [99] application. Using such sampling frequencies, kHz range, offers a

significant benefit in terms of analysis time reduction, enabling mapping 1 million

spectra - equivalent to 1 cm2 with a lateral resolution (e.g., shot-to-shot distance)

of 10 µm - in roughly 17 min. Building on these advancements, µLIBS-Imaging

at kHz rate is attracting the interest of new fields of application. In addition, it

requires compact and transportable equipment, with no need for consumables, and

reduced economic cost and environmental impacts, making it an interesting candi-

date to be implemented in fields combining research and routine requirements, such

as biomedicine, where specimens can be incredibly diverse and complex, composed

of multiple tissues such as bone tissue, muscular or blood vessels [97]. Nonetheless,

its implementation has diverse challenges. Firstly, as a direct consequence of the

reduction in the analysis time, the measure of elemental distribution maps with a

considerable quantity of pixels (1 pixel in the elemental map corresponds to 1 spec-

trum) becomes easily achievable, resulting in an increase in the complexity of the

data treatment process since the number of spectra would be increased in, at least,

one order of magnitude. To address this challenge, new and more efficient tools are

required; previous work has proposed different solutions, such as the use of novel

artificial intelligence techniques, including Facebook libraries for clustering [18], or

new mask-creation operations via logical relationships for mineral phase identifica-

tion [99]. Moreover, to avoid compromising the lateral resolution of the analysis,

it is crucial to minimize the induced thermal or stress damage due to laser-matter

interaction, especially for the biological specimen, as they are typically more fragile

than mineral or metal samples. Thus, low-energy laser pulses (1 mJ or lower) are

recommended. Unfortunately, this approach results in a weaker plasma emission.
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Additionally, detectors capable of achieving an analysis rate in the kHz range are

necessary. For kHz LIBS, two-dimensional sensors, such as sCMOS, are typically

employed. However, the effective area of the sensor (sensor pixels) must be reduced

to achieve the desired acquisition rate, reducing the light amount recorded. The

combination of these factors inevitably causes the worsening of the signal-to-noise

ratio (SNR) of the acquired spectra and, therefore, a decrease in the elemental im-

age quality generated from them. The noise could strongly impact the quality and

quantitative analysis of minor compounds, affecting the limit of detection (LOD).

In biological sample analysis, this could reduce the capability of detecting specific

minor compounds in the tissue that can have a relevant role in some diseases. Losing

this information plays a decisive (negative) role in the study of bioclinical samples.

Then, identifying and reducing the noise contributions affecting the analysis is of

paramount importance. Numerous methods are available for reducing the influence

of noise on acquired signals and enhancing the signal-to-noise ratio (SNR) in ana-

lytical measurements. One option is to optimize the instrumental hardware, such as

the detector cooling system or adequate gain level selection, which can minimize the

noise generated by the detector reading process. We can indeed always make efforts

at the instrumental level to reduce noise, but ultimately, this remains quite limited in

this particular framework, and therefore, another approach is required: using signal

processing and machine learning tools to clean up the signal as much as possible and

improve the quality of the analytical information [100]. Overall, selecting a specific

method for reducing noise and enhancing SNR depends on the nature of the data

and the specific analytical application. In this context, denoising can be applied ei-

ther spectrum by spectrum or across the entire dataset. In the first case, denoising

can be applied almost in real time; however, if optimization is needed, especially for

a heterogeneous sample, a complete spectral dataset is required. Quite intuitively,

we can imagine that a denoising method based on analyzing the entire dataset will

better understand the structure of the signals, and therefore perform more effec-

tively in this filtering task. In the LIBS domain, the most commonly used methods

for denoising are Savitzky-Golay smoothing, Fast Fourier Transform, wavelet-based

filtering, and the Whittaker Filter (Whitsm), all based on working on each spectrum

individually [101] to complement these four widely used techniques, we propose also

exploring Principal Component Analysis (PCA) in this denoising framework. It’s

worth noting that PCA has already been utilized in combination with other meth-
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ods to explore LIBS imaging dataset [102][103] however, to our knowledge, this is

the first time this approach has been applied for denoising purposes in the LIBS

domain.

4.1 Experimental part

4.1.1 LIBS experimental set-up

The LIBS experimental set-up comprised a kHz laser (Cobolt Tor XE, λ = 1064 nm)

capable of achieving a shooting rate of 1000 Hz and the laser-focusing optics (x10

bean expander followed by an x5 objective). The sample is places on a set of XYZ

linear motorized stages to displace precisely the sample during the analysis. The

elemental images presented in this work were recorder with a lateral resolution (e.g.,

shot-to-shot distance) of 10 µm, with a typical crater diameter aroung 7 µm. Each

of them were composed of 1400 by 1500 pixels, derived from 2.1 milion acquired

spectra. The detection system is based on an Andor-s iStar sCMOS sensor coupled

to an Andor’s Kymera Czerny-Turner spectrograph. The experimental conditions

were fixed to 5 µs as integration time without delay time.

4.1.2 Data Acquisition

The sample analyzed was a rat kidney, collected 1 hour after intravenous injection

of Au NP (size < 10 µm). The sample was fixed in paraformaldehyde 4% solution

for 1 hour, before epoxy/embedding following previously reported procedure [104].

The sample was cut following the transversal axis. Then, the surface of the sample

was polished before analysis.

4.1.3 Generation of chemical images from LIBS data

The typical µLIBS-imaging data processing workflow involves extracting the ana-

lytical signal from the spectra dataset. This analytical signal could be the emission

line’s maximum intensity, area, or net area for each element detected. Once the sig-

nal is extracted, it is used to create a chemical imaging map of the inspected sample.

In this work, the net peak ares was used as analytical signal calculated as the signal

region’s mean minus the background region’s mean, calculated as shown in figure
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81 below. In figure 81 is showed a gaussian peak as a reference as a signal for an

Signal Baseline

Figure 81: The integration of the baseline area is substracted to the integration
of the signal area. In this way the signal is related only to the element that is
examinated.

element of interest. Usually to display the chemical map of the element. The region

signal is integrated and the region baseline is subtracted from it. This will give a

net quantity of the signal. In the sample presented in this work, three elements have

been considered: Phosphorus (P), presented in the whole tissue; Iron (Fe), related

to the blood vessels; and Gold (Au), an exogenous element due to the presence of

gold nanoparticles. The purpose of this work is not to provide an exhaustive ex-

ploration of this tissue but rather to demonstrate the validity of our approach on

a set of elements with varying signal qualities within a single sample. Figure 82-a

shows a visible image of the kidney analyzed in this study. On this same image,

three specific position (denoted as L1, L2, and L3) were randomly selected so that

it is possible to observe the associated LIBS spectra before and after applying the

denoising strategies. The raw spectra acquired at these three positions are shown

in figure82-c Figure 82-b shows the chemical maps of the three elements.
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Figure 82: a) optical image of the analyzed sample b) Elemental distribution for
different elements: P (253 nm), Au (267 nm), Fe (274 nm). c) Spectra obtained from
the three selected positions, along with the specific spectral regions corresponding
to the elements of interest

4.1.4 Denoising methods

In this work, different techniques for denoising were compared, with a focus on fast

µLIBS-imaging for biomedical applications, particularly for analyzing endogenous

and exogenous elements in tissue. Our approach is adapted to imaging applications:
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rather than seeking a global denoising method for the entire spectral range, we aim

to optimize denoising parameters for specific elemental emission peaks. This tar-

geted strategy allows us to enhance the Signal-to-Noise Ratio (SNR) for individual

elements of interest, recognizing that different elements may require distinct denois-

ing parameters or methods for optimal results. The aim was to compare different

denoising method used in LIBS imaging domain.

4.1.5 PCA

Principal Component Analysis [105] is a well-known method for the reduction of

dimensionality, allowing a more straightforward representation and description of

complex, multivariate datasets. The dataset X, applying PCA, is rewritten as a

linear combination of the original variables to explain most of the variance, and it

can be described as follows:

X̂ = T · P T + E

where T is the scores matrix, i.e., the projection of the original data into the low-

dimensional space; P is the loadings matrix, and E is the residuals one. Because noise

contributes to a small percentage of the total variance, reconstructing the original

matrix after selecting a given number of the very first principal components (PCs)

with the higher explained variance will potentially provide a denoised dataset. As

can be seen, this denoising procedure applies to the entire dataset simultaneously.

The entire optimization of such a denoising method lies in selecting an optimal

number of principal components. Indeed, selecting too few components would risk

losing part of the signal of interest, while selecting too many would only introduce

additional noise.

4.1.6 Savitzky-Golay

The Savitzky–Golay (SG) filter [106] smooths discrete data by locally fitting low-

degree polynomials. For each point xi, a symmetric window of 2n+ 1 neighbouring

samples, spanning xi−n to xi+n, is selected. A polynomial of order p is least-squares

fitted to the values y(xi−n), . . . , y(xi+n), and its value at xi yields the smoothed

estimate y′(xi). The two hyper-parameters that require tuning are the window

length 2n+1 and the polynomial order p. If the window is too narrow, high-frequency

noise is retained; if it is too wide, genuine features (e.g. sharp peaks) may be blurred
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or lost. In this work the SG filter is applied independently to each spectrum in the

dataset.

4.1.7 Fast Fourier Transform (FFT)

The Fast Fourier Transform (FFT) decomposes the original signal into a series of

frequency components. The spectra are decomposed into a base of sinusoids with

different frequencies.

Typically, spectral noise is associated with small fluctuations at high frequencies.

On the other hand, relevant signals are associated with lower frequencies with higher

contributions. By transforming the spectra into the frequency domain, if the noise

has different frequencies compared to those of interest, reducing these frequencies

to zero and applying the inverse FFT will produce a spectrum with less noise. The

formula to calculate the DFT and the inverse IDFT is expressed in the following

equation:

yk =
N−1∑
n=0

xne
−i 2π

N
nk for k = 0, 1, ..., N − 1 (30)

xn =
1

N

N−1∑
n=0

xne
2π
N

nk for n = 0, 1, ..., N − 1 (31)

To calculate the contributions to the signal for each frequencies is possible to use

the Power Spectrum Density (PSD), expressed by the equation 32

PSD = fft(x) ∗ conj(fft(x))/n (32)

As the results will show, this method is limited by the possibility of having the same

frequency for meaningful and meaningless information. In this case, information

will be lost.

4.1.8 Wavelet transform

Wavelets are used in chemometrics for different purposes [107]. They enables the de-

composition at various levels of the spectra (figure 83 below). High-frequency noise,

low-frequency baselines and intermediate components at different frequency levels

can be captured. Wavelet decomposition involves recursively applying a matrix of
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wavelet filter coefficients to the signal [100]. After decomposition, the small coeffi-

cients are typically related to noise, while the large coefficients are associated with

the significant features. Removing or reducing the smallest coefficients makes it pos-

sible to reduce noise without affecting the mail signal features. Wavelet Threshold

Denoising (WTD) method has already been used in the LIBS domain by Schenke et

al. [108] as a spectral denoising tool. The parameters to optimize with this approach

are the type of wavelet function, the decomposition level, and the threshold choice.

The decomposition level determines the number of times the signal is decomposed

into approximate and detailed components. The selection of the threshold is crucial

and challenging. However, we used in this work the universal threshold method

proposed by Donoho et al. [109].

Spectra

Details

Approx

Approx

Details

Approx

Details

First Level Second Level Third Level

Figure 83: Wavelet decomposition

The method involves three steps: (1) Apply the Wavelet transform with a de-

composition level chosen in advance (in this case four); (2) Select a proper threshold

for each level; (3) Filter the coefficients below the threshold; and (4) reconstruct

the signal with the inverse wavelet transform. There are two main types of filtering,

both evaluated during this works: hard and soft.

With the hard filtering, all the coefficients below the selected threshold are forced

to be zero. With soft filtering, those components are reduces be a given threshold.

Regarding the type of wavelet, we limited ourselves to Daubechies wavelets, which

have proven effective in many spectroscopies beyond LIBS [110].
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4.1.9 Whittaker Smoothing

The Whittaker filter[111] function is based on penalized least squares. Considering

the original signal as y and the smoothed one as z, Whittaker Smoothing modifies

the signal, balancing two conflicting objectives: (1) data fidelity and (2) roughness

of z.

min
z

|
∑
i

(yi − zi)
2 + λ

∑
i

(zi − zi−1)
2| (33)

A larger λ increased the weight of
∑

i(zi − zi−1)
2 that is the distance of two consec-

utive points. As results, the discrepancy between two consecutive points should be

as less as possible, increasing lambda.

4.1.10 Figures of merit

One of the critical points for better selecting and optimizing the denoising method

is the definition of a signal-to-noise ratio (SNR) criterion. Different methods for

the calculation of the SNR available to evaluate the quality of a spectral denoising

procedure. The approach used in this work for the calculation of SNR based on the

spectra. It will be denoted as SNRsp from this point. Considering a given elements,

the SNR was calculated as follow:

1. Estimation of the noise level. A specific spectral range is selected for

the estimation. The 269.2-270.8 nm range is chosen in our case as it does

not exhibit significant spectral contribution. Thus, for each spectrum in the

dataset, the standard deviation of the measured values within this spectral

range is calculated. This dispersion provides an estimate of the noise level for

a given spectrum. Then the mean of all these standard deviations is calculated,

as a global estimation of noise in the dataset.

2. Estimation of the signal level. A spectral region around the emission line

of an element of interest is selected. The average of these integration values for

all the spectra in the dataset, retaining only those within the 99.99th percentile

beforehand. This allow us to avoid biasing the estimation due to potentially

outlier values while ensuring the detection of weak signals.

3. SNR estimation SNR is then calculated by taking the ratio of the two pre-

viously estimated values.
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Spectra and images are examinated before and after the correction to better under-

stand the impact of the method on both spectral and spatial levels.

4.2 Results and discussion

The following section will present the optimization for the different denoising meth-

ods. We want to show here that beyond selecting a given method, each one uses

parameters that must be optimized to achieve the best denoising. Figure 84 repre-

sents a schema summarizing the data treatment process used in this work.

Figure 84: Data strategy denoising

Typically, in the case of imaging results based on spectroscopic techniques, we

generally carry out the denoising, before or after extracting the analytical signal.

The denoising after extracting the analytical signal is based on the use of image

treatment methods; however, in this work, we will only focus on denoising the

spectral information before extracting the analytical signal. The original SNR values

are: P 119, Au 435, Fe 103. It can see that the highest values naturally come from the

elements with the highest average emission level, e.g., Au, across the entire dataset.

These values will enable us to assess the effectiveness of the different denoising

methods. The proposed methods require an optimization process to obtain the
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optimum SNRsp in order to obtain the best image reconstruction possible, e.g., we

have some a priori knowledge of the elements to be optimized, allowing us to evaluate

the SNR improvement for each of the element’s analytical signals separately. This

optimization step would need to be redone if we manage spectral data from a new

sample with a different composition.

4.2.1 PCA

PCA was applied to the entire dataset also considering the whole spectral domain.

As previously stated, the denoised approach based on PCA is based on the fact

that the first principal components (PCs) extracted reflect the chemical variances,

and beyond a specific component, only noise is captured. Consequently, selecting

an appropriate number of PCs is an essential optimization step. The number of

PCs selected is optimized for each element based on the highest SNR improvement

(ratio between the calculated SNR and the raw spectra SNR), which varies as a

function of the number of retained PCs, as shown in Fig. 85-a. The signal-to-

noise ratio is improved by a factor of approximately 5 for the three elements when

PCA is used, which is quite remarkable. Another way to look at it would be to

say that, theoretically, the signal-to-noise ratio observed after this denoising could

potentially be achieved with instrumentation 25 times slower, operating not in the

kHz range but at 40 Hz. Beyond this initial observation, it must be highlighted that

an optimal number of different components is obtained for each element. As a result,

optimal denoising is achieved for the elements P, Au, and Fe with a total number of

principal components equal to 10, 9, and 23, respectively. This result is quite logical,

as each one exhibits varying degrees of variance within the spectral dataset and is, by

definition, described by a different number of principal components. Beyond these

signal-to-noise ratio values measured on the raw data and then on the potentially

denoised data, it also seemed important to us to assess the relevance of a denoising

strategy in terms of preserving the spectral information contained in the spectra.

Indeed, such processing could, in extreme cases, distort or even eliminate an emission

line of interest. Figure 86 shows the evolution of the L1, L2, and L3 spectra, whose

locations were presented in Fig. 82, before and after the application of a given

denoising method.
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Figure 85: SNR evolution for the different methods.

To be more precise, only the spectral regions of interest are considered for each

element. The visual comparison of the spectra enables us to observe the denoising
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Figure 86: Denoised Spectra for the SNR optimal values with all the studied denois-
ing methods. Fe spectrum corresponds to the point-of-interest L1, Au to L2, and P
to the point-of-interest L3, denoted in Figure 87

efficiency of PCA for all elements while preserving the associated emission lines,

ensuring no distortion.

At first glance, some readers might argue that, on the contrary, distortions are

indeed observed when PCA is applied for denoising. We are not actually referring

to distortions across the entire spectrum but only to the emission line related to the

element of interest, which is quite different. Thus, referring to the emission lines

of P, Au, and Fe at 253.56 nm, 267.6 nm, and 274.9 nm respectively, it is possible

to observe that, compared to the raw data, their profiles are preserved after PCA

denoising. Regarding the emission line observed around 253.5 nm in the raw data,

it is not inconsistent for it to disappear after PCA denoising. Indeed, this line is not

associated with phosphorus but with another element, which is likely represented

by principal components beyond the optimal number chosen for denoising in this

specific context of generating a phosphorus image. Building on these results, it is

worth pausing to consider the applicability of this denoising approach to a dataset

of this scale, comprising 2.1 million spectra. The computations, performed in a

MATLAB environment, required in our case 23 GB of RAM, which remains en-

tirely feasible within the computational frameworks used in spectroscopic imaging.

Should memory constraints arise for certain users, adopting an HDF5 data format

is recommended, as it allows for sequential access to smaller subsets of the spectral

dataset as needed. Under such conditions, an alternative implementation of the
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PCA algorithm, such as incremental PCA, should be considered to accommodate

this segmented data exploration [112].

4.2.2 Savitzky-Golay smoothing

The parameters to optimize for the Savitzky-Golay smoothing are the polynomial

order and the window size. The first and second orders were tested, while the

window length were between 2 and 31 (with a step of 2). All combinations of these

two parameters have thus been studied. When examining the results presented in

figure 85-b and c, it is noticeable that the signal-to-noise ratio tends to stabilize

when the window size reaches approximately 20, regardless of the polynomial order

for Au. The improvement in the signal-to-noise ratio is, however, relatively limited

in this case to a value of approximately 2, whereas it was 5 for PCA. The signal-

to-noise ratio appears to increase consistently for the elements P and Fe, but this

trend does not reflect a true improvement in spectral quality in terms of noise.

Indeed, in Fig. 86, we observe completely distorted emission lines for the elements

of interest following such correction, which is unacceptable. Therefore, Savitzky-

Golay smoothing is not optimal for our LIBS imaging data. This approach is indeed

very effective for vibrational spectroscopies, for example, but the bands observed

are much broader than the noise structure. This is absolutely not the case in LIBS,

where we observe very sharp emission lines.

4.2.3 Fast Fourier Transform

Once the signal is decomposed into the frequency domain with the FFT approach,

the frequencies that are not related to the signal of interest are set to zero. To achieve

this, the Power Spectrum Density (PSD) was calculated and all the frequencies below

a pre-determinated threshold value was set to zero to eliminate all frequencies that

do not significantly contribute to the signal. The different values used as thresholds

are quantiles of the PSD. Various quantiles, ranging from 0.05 to 0.85 with a step

of 0.05, were evaluated. Figure 85-d shows an optimal SNRsp value of 1.06 for

a 0.70 quantile threshold regardless of the element considered. Consequently, the

improvement in the SNR is very minimal, if not negligible, which is also evident in

the spectra shown in figure 86.
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4.2.4 Wavelet Threshold Denoising (WTD)

The wavelet family used in this case was db4 (Daubechies 4), with a hard and

soft denoising approach. This wavelet family was selected as it has demonstrated

its effectiveness in numerous spectroscopic techniques [113, 114]. Up to the fourth

level of decomposition was evaluated for both hard and soft denoising, as going

further in the decomposition would introduce artifacts in the spectra. Figure 85-e

and f present a situation quite comparable to the previously introduced methods.

For both strategies, the SNR consistently increases with the level of decomposition,

though the improvement remains modest, barely reaching 2.5. Even worse, figure

86 shows that applying such a denoising method removes nearly all the chemical

information originally present in the spectra.

4.2.5 Whittaker smoother

The lambda value was optimized in this case, ranging from 1 to 400. Fig. 85-g

demonstrates that we quickly reached a plateau in the improvement of the signal-

to-noise ratio for all three elements of interest. This improvement remains limited,

as it averages around 2 times. It can be observed in Fig. 86 that, even though the

denoised spectra using this approach appear significantly better than those obtained

for SG, FFT, and WTD, the emission lines are noticeably broadened compared to

the raw data.

Based on these results, PCA-based denoising procedure is undoubtedly more

suited for LIBS imaging. This is a particularly interesting finding, as the other

techniques studied here generally perform quite well in the context of other spec-

troscopic methods. This can, of course, be explained by the specific nature of LIBS

data, especially the presence of particularly narrow emission lines. There is the

need to emphasize the importance of optimizing the number of components for each

element. The final step of this work now involves observing the effects of the de-

noising procedure using PCA on the integration images. Figure 87 thus presents a

comparison of the integration images obtained from the raw spectra and the spec-

tra denoised using PCA for the three elements considered. Starting with a global

observation of this figure, we can see that the largest differences are observed for

Fe and P. The differences are indeed less noticeable for Au. This is naturally ex-

plained by the fact that the weakest signals are associated with Fe and P, and it is
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Figure 87: comparison between the original and denoised elemental distribution
maps for iron, phosphorus and gold.
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precisely under these conditions that an increase in the signal-to-noise ratio has a

significant impact. Arrows have also been added to these images to highlight details

or areas that differ significantly between them and will therefore be discussed in

greater detail. Analyzing the iron maps, it can be observed an overestimation of

concentrations when raw spectra are used, as seen, for example, in positions a vs.

a’ and b vs. b’. This iron originates from blood and is particularly present in the

vascularized areas of the organ. Therefore, it cannot be found outside the organ

or at its center, which is much more consistent in the image obtained after PCA

denoising. A low dynamic range and very low contrast are also observed in the iron

image derived from the raw spectra—values that are significantly improved after

denoising, allowing the observation of previously unseen details (d vs. d’, e vs. e’,

and f vs. f’). Fairly similar observations can be made for P. However, these differ-

ences are less striking, as it is known that phosphorus is present in numerous cells

and is distributed throughout the organ. As a result, overestimations of phosphorus

concentrations are once again observed outside outside the organ and at its center

(g vs. g’, i vs. i’, and l vs. l’) when raw spectra are used. Imperceptible details

from the raw data are also revealed when the spectra are denoised (h vs. h’, j vs.

j’ and k vs. k’). Regarding gold, our biological understanding of the issue allows us

to state that it can only be present at the periphery of the organ. As a result, an

overestimation of concentrations is observed both outside the organ and at its cen-

ter, which is much more consistent when denoised spectra are used. Through these

three elements with varying concentration ranges and locations within this complex

organ, we were able to demonstrate that applying PCA as a denoising method gen-

erates elemental images with improved contrast, greater dynamic range, and, most

importantly, reduced bias, allowing us to better highlight the biological reality of

the sample after processing.

4.2.6 Conclusion and perspective

The use of new experimental approaches that enable higher throughput and higher

resolution analysis makes the parallel development of new chemometric tools manda-

tory. As the complexity and size of spectral data increases - with hypercubes that

can hold millions of spectra - it is necessary to develop algorithms and workflows for

spectral processing to handle, analyze, and extract analytical information from these

data. In this work, the application of kHz µLIBS-imaging for the analysis of samples
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of bio-clinical interest was highlighted, with a focus on a comparative evaluation of

5 different denoising methods. Furthermore, to our knowledge, this research applies

principal component analysis (PCA) and Whittaker Smoothing to LIBS data for the

first time, opening new ways to improve the accuracy of such analyses. The results

shows that PCA is by far the most effective method in this specific LIBS framework,

offering a better enhancement than the other methods. Specifically, PCA provides

an important SNR enhancement of approximately 5 times for the three elements un-

der study compared to the raw data; moreover, no distortion of the emission line of

a given element has been found, unlike the other denoising methods studied. In this

work, PCA was applied to the entire available spectral range, but in more delicate

cases, we could consider using the restricted spectral range around the emission line

of interest for the PCA calculation. This possibility was explored but any significant

improvement was observed, at least for this particular dataset. In conclusion, this

enhancement in the quality of the kHz µLIBS-imaging highlights the PCA value for

the data treatment of LIBS-based applications, particularly where the experimental

conditions limit the quality of spectral data. Recently, the explosion of deep learn-

ing has also contaminated chemical research. Among the different tools that can be

used, autoencoder[115, 116] it is one of the most suitable, talking about denoising

approaches. There can be two kinds of strategies to train an autoencoder. The

matrix X ′ can be simulated and noise is added (X). In this way the original ma-

trix without noise (X ′) is used as reference. The autoencoder will learn the noise.

This modality implies that there is a good knowledge of the type of noise. If this

knowledge is not available, the other way, maybe the most interesting for this case,

it is to use the original data ad input (X) and output (X ′) at the same time. How-

ever, in this case, if the net is not well built, it will learn the identity, so it won’t

denoise the data, as it will try to reconstruct exactly the data. Different strategy

can be applied to avoid this. For example, using a proper cross-validation to test

the autoencoder to spectra that was not used to build the autoencoder, ad in this

way will be selected the autoencoder that predict properly the common factor and

not the noise of the training data. It is a methodology all the more justified since

deep-learning approaches require large amounts of data to perform well, which is

exactly what we have in kilohertz LIBS imaging, where acquiring several million

spectra in a reasonable time is easy nowadays.
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Chapter 5

General conclusions and

perspectives

In recent years, the need for robust and unbiased methods to analyze complex hy-

perspectral imaging data has emerged as a key challenge. An increase in spatial and

spectral resolution leads to larger data sets, which makes analysis more challenging.

If the data processing workflow is not well suited, small variations may be overlooked

and the interpretation of the results may be biased. This can be problematic in cases

where these small variations are meaningful. For instance, when analyzing biological

tissue, there may be different stages between healthy and diseased tissue, each of

which may differ slightly from the previous or subsequent stage. For this reason, this

PhD project began with the specific aim of developing advanced clustering meth-

ods to enhance the analysis of cancerous tissue. This was achieved by addressing

the challenge in several parallel ways, with the aim of analyzing the impact of each

method or approach. The decision to work on them separately was made because

it represented a progressive evolution of knowledge about the problem, rather than

being based on the OVAT approach. The outcomes of this PhD work can be grouped

into five key areas: (1) a comparison between bisecting kmeans and QDD kmeans;

(2) the development of stopping criteria for a fully automatic hierarchical clustering

algorithm; (3) the integration of spatial information into clustering processes; (4)

the combined use of MALDI and LIBS imaging to enhance tissue interpretation;

and (5) facing new challenges in processing data from kHz LIBS imaging. Although

these areas were explored in parallel rather than sequentially, advances in one often

informed progress in another, reflecting the iterative and interdisciplinary nature of
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the research.

During the first part, the Quality-Driven Divisive (QDD) kmeans algorithm was

introduced, an adaptive hierarchical-clustering strategy expressly designed for the

high-dimensional spectral cubes produced by MALDI-MSI. By determining the op-

timal number of clusters at every split with the silhouette score, QDD prevents the

arbitrary mergers and oversplits that plague conventional bisecting kmeans, thereby

maximising intracluster compactness and intercluster separation. When applied to

lipid images of oral tongue squamous-cell carcinoma, the algorithm clearly segre-

gated cancer cells, inflamed stroma, nerves and edematous muscle while generating

masks that exclude matrix only pixels, a level of anatomical fidelity the bisecting ap-

proach could not reach. These gains translate into molecular maps that are sharper,

less biased and more biologically interpretable, positioning QDD kmeans as a robust

platform for future high throughput, untargeted tissue characterisation in biomedi-

cal and clinical research.

In continuation with the previous part, the necessity of an automated hierarchical

approach emerged to enable a proper, unbiased data exploration. During this part,

the split at each division level was performed using kmeans clustering with k = 2,

for simplicity. The goal was not to compare the clusters based on conventional de-

scriptors, but rather to address the question: “Are the generated clusters actually

different from each other?”. If the answer was no, then the division would have no

meaningful justification. The results presented in this work were obtained by apply-

ing PCA to investigate this question. However, as stated earlier, further methods

for properly comparing the extracted information could be explored. Additionally,

discussing the outcomes with a bio-expert is an essential step, however was not fea-

sible due to time constraints.

HSI play a key role among the analytical techniques however, the spatial resolution

power of these techniques is not always used properly. During the standard pro-

cedure, the data cube is unfolded, resulting in a loss of spatial information. This

can limit the analysis, as the pixels are not fully independent, in fact considering

a pixel as a cell in biological samples, adjacent cells are connected. Two possible

situations were introduced as examples. This demonstrates that using only spectral

information is not always sufficient to answer the research question, and highlights

the importance of the right viewpoint. In both cases, the answer to the question

”How many clusters are there?” is either 2 or 3, depending on the point of view.
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The same information can have different meanings in different environments. The

purpose of this section was to demonstrate that, by considering neighbouring pixels,

the heterogeneity of tissue can be explored more effectively.

These three works are connected each other. As affirmed during the general conclu-

sions of chapter 2, the next step will be to try to fuse them, using spatial information

applied to an automatic hierarchical QDD kmeans.

The fourth part involved the fusion of RGB and LIBS imaging for HSI fusion. This

work was interesting due to the possibility of enhancing the information without

increasing the cost of the analysis thanks to visible images, which are normally ac-

quired by all light microscopes. This was demonstrated by showing an example

where, even though two quartz crystals looked very similar in the LIBS data and

were almost impossible to distinguish, there were some chemical differences, prob-

ably due to traces. The fusion of RGB and LIBS made it possible to extract this

information. This study has proven that even simple-looking RGB has high poten-

tial for enhancing the interpretation of complex samples without additional cost.

Techniques such as MALDI and LIBS are among the most widely used in molec-

ular and elemental imaging, respectively. However, they have the disadvantage of

being destructive and based on different principles. Furthermore, to our knowledge,

there is no instrument that can acquire the two signals simultaneously. That’s why

two consecutive sections were used, and to mitigate small differences that can oc-

curs between them a spatial binning was done. The results has shown a simply

but efficient method to study and observe the relationship between molecular and

elemental information . To well establish the approach, new samples need to be an-

alyzed, additionally trying to do a deeper interpretation of the results, collaborating

with biologists.

The last but not the least, with the denoising work the aim was to demonstrate

that integrating advanced chemometric methods is indispensable for fully exploit-

ing kilohertz-rate µLIBS imaging, which can capture millions of spectra in just a

few minutes. Across the five denoising strategies compared, principal component

analysis emerged as by far the most effective, preserving spectral line shapes and

boosting the signal-to-noise ratio for P, Fe and Au by roughly a factor of five over

the raw data. This optimization produces high-contrast, wide-dynamic-range ele-

mental maps that reveal features previously invisible and reduce false positives in

low-concentration regions. Overall, the workflow established there lays the founda-
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tion for ultra-sensitive, high-throughput biomedical analyses and opens the way to

future quantitative studies on fragile specimens.

Besides all that has been proposed, several ideas and ways to improve the approaches

were planned. However, due to time constraints not all of them were fully explored.

As expressed more than one time during this thesis, the first three parts need to be

combined, to have a more robust and proper automated approach for the exploration

of biological samples. The aim is to develop a hierarchical clustering method based

on QDD with an optimization step to determine the optimal number of clusters

for each division. This will be achieved by using the evaluation (based on PCA)

to accept or reject the optimal division. Once this method has been developed, it

would be interesting to assess the impact of spatial analysis on segmentation using

this automated approach, by testing different neighbourhood pixel descriptors and

grid sizes. At the same time, on both fusion RGB-LIBS and LIBS-MALDI, other

samples need to be analyzed to establish the robustness of the approaches, or poten-

tially improve them based on the results. Ultimately, to improve the data obtained

by kHz LIBS systems, a deep learning method such as an autoencoder could be

employed to propose new approaches that are not well explored in this field.

In conclusion, the foundations laid in this project provide a solid basis for further

investigation. Although this work has reached important milestones, further de-

velopment is needed to fully realize its potential, particularly through improved

interdisciplinary collaboration. Better communication with the biological team is

needed to interpret the results in a biological context. This will be the work required

to complete the research initiated during this PhD
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(56) Altmann, A.; Toloşi, L.; Sander, O.; Lengauer, T. Permutation importance: a

corrected feature importance measure. Bioinformatics 2010, 26, 1340–1347.

(57) Data fusion methodology and applications ; Cocchi, M., Ed.; Data handling

in science and technology volume 31; Elsevier: Amsterdam, Netherlands ;

Cambridge, MA, 2019.

(58) Nardecchia, A.; de Juan, A.; Motto-Ros, V.; Fabre, C.; Duponchel, L. LIBS

and Raman image fusion: An original approach based on the use of chemo-

metric methodologies. Spectrochimica Acta Part B: Atomic Spectroscopy 2022,

198, 106571.

(59) Hoehse, M.; Gornushkin, I.; Merk, S.; Panne, U. Assessment of suitability

of diode pumped solid state lasers for laser induced breakdown and Raman

spectroscopy. Journal of Analytical Spectrometry 2011, 26, 414–424.

163



BIBLIOGRAPHY

(60) Nardecchia, A.; de Juan, A.; Motto-Ros, V.; Gaft, M.; Duponchel, L. Data

fusion of LIBS and PIL hyperspectral imaging: Understanding the lumines-

cence phenomenon of a complex mineral sample. Analytica Chimica Acta

2022, 1192, 339368.
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Figure 88: Spectra of the QDD LV3 C1 and QDD LV3 C2 centroids. The red lines indicate
the positions of peaks detected with intensities greater than three times the estimated noise
level around m/z = 1300.
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Figure 89: Spectra of the QDD LV3 C3 and QDD LV3 C4 centroids. The red lines indicate
the positions of peaks detected with intensities greater than three times the estimated noise
level around m/z = 1300.



Figure 90: Spectra of the QDD LV3 C5 and QDD LV3 C6 centroids. The red lines indicate
the positions of peaks detected with intensities greater than three times the estimated noise
level around m/z = 1300.



Figure 91: Spectra of the QDD LV3 C7 and QDD LV3 C8 centroids. The red lines indicate
the positions of peaks detected with intensities greater than three times the estimated noise
level around m/z = 1300.



Figure 92: Spectra of the QDD LV3 C9 and QDD LV3 C10 centroids. The red lines indicate
the positions of peaks detected with intensities greater than three times the estimated noise
level around m/z = 1300.



Figure 93: Spectra of the QDD LV3 C11 and QDD LV3 C12 centroids. The red lines indicate
the positions of peaks detected with intensities greater than three times the estimated noise
level around m/z = 1300.



Figure 94: Spectra of the QDD LV3 C13. The red lines indicate the positions of peaks detected
with intensities greater than three times the estimated noise level around m/z = 1300.



Figure 95: List of pointed peaks for each of the 13 centroids (m/z range: 401.13 – 522.27)
associated with Figures S3-S9. A value in a cell corresponds to the observed intensity at a
given m/z value for a specific cluster. The cell is red if the cluster in question shows the highest
intensity among the 13 clusters for the given m/z value. On the same row, a blue cell indicates
the second highest intensity among the 13 clusters. An empty cell means that no peak was
detected for a particular cluster at this specific m/z value.



Figure 96: List of pointed peaks for each of the 13 centroids (m/z range: 523.28 – 683.38)
associated with Figures S3-S9. A value in a cell corresponds to the observed intensity at a
given m/z value for a specific cluster. The cell is red if the cluster in question shows the highest
intensity among the 13 clusters for the given m/z value. On the same row, a blue cell indicates
the second highest intensity among the 13 clusters. An empty cell means that no peak was
detected for a particular cluster at this specific m/z value.



Figure 97: List of pointed peaks for each of the 13 centroids (m/z range: 685.50 – 792.67)
associated with Figures S3-S9. A value in a cell corresponds to the observed intensity at a
given m/z value for a specific cluster. The cell is red if the cluster in question shows the highest
intensity among the 13 clusters for the given m/z value. On the same row, a blue cell indicates
the second highest intensity among the 13 clusters. An empty cell means that no peak was
detected for a particular cluster at this specific m/z value.



Figure 98: List of pointed peaks for each of the 13 centroids (m/z range: 793.66 – 892.72)
associated with Figures S3-S9. A value in a cell corresponds to the observed intensity at a
given m/z value for a specific cluster. The cell is red if the cluster in question shows the highest
intensity among the 13 clusters for the given m/z value. On the same row, a blue cell indicates
the second highest intensity among the 13 clusters. An empty cell means that no peak was
detected for a particular cluster at this specific m/z value.



Figure 99: List of pointed peaks for each of the 13 centroids (m/z range: 893.68 – 1011.70)
associated with Figures S3-S9. A value in a cell corresponds to the observed intensity at a
given m/z value for a specific cluster. The cell is red if the cluster in question shows the highest
intensity among the 13 clusters for the given m/z value. On the same row, a blue cell indicates
the second highest intensity among the 13 clusters. An empty cell means that no peak was
detected for a particular cluster at this specific m/z value.



Figure 100: List of pointed peaks for each of the 13 centroids (m/z range: 1018.72 – 1499.10)
associated with Figures S3-S9. A value in a cell corresponds to the observed intensity at a
given m/z value for a specific cluster. The cell is red if the cluster in question shows the highest
intensity among the 13 clusters for the given m/z value. On the same row, a blue cell indicates
the second highest intensity among the 13 clusters. An empty cell means that no peak was
detected for a particular cluster at this specific m/z value.
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A B S T R A C T

Laser-Induced Breakdown Spectroscopy (LIBS) has emerged as a powerul analytical tool capable o providing
multi-elemental inormation rom a single laser pulse with minimal sample preparation. This technique generates
a laser-induced, transient plasma on the sample surace, whose spectral emission is analyzed to determine its
elemental composition. μLIBS-Imaging, a variant oering spatially resolved elemental analysis, holds promise or
applications in diverse elds such as industry, geology, orensics, and biomedicine. Our drive to go ever aster
and analyze increasingly larger areas o interest in samples now compels us to use kHz lasers or this elemental
imaging. Despite its potential, implementing such lasers in μLIBS-imaging would ace diverse challenges mainly
related to weak plasma emission and signal-to-noise ratio (SNR) degradation, particularly when applied to
delicate biological samples. This paper investigates methods to enhance SNR in ast μLIBS imaging, particularly
or biomedical applications. We ocus on denoising techniques suitable or high-requency laser applications,
comparing methods like Savitzky-Golay smoothing, Fast Fourier Transorm, wavelet-based ltering, Whittaker
Filtering, and Principal Component Analysis (PCA). Our strategy optimizes denoising parameters or specic
elemental emission peaks, enhancing SNR or individual elements o interest. The results demonstrate signicant
improvements in data quality, paving the way or more accurate and ecient elemental imaging in complex
biomedical specimens.

1. Introduction

Laser-Induced Breakdown Spectroscopy (LIBS) has gained attention
in the analytical community due to its ability to provide simultaneous
multi-elemental inormation rom a single laser pulse with minimal
sample preparation and no ambient requirements. This analytical
technique uses short-laser pulses (typically in the order o nanoseconds
or below) ocused on a sample surace to obtain chemical inormation
about its constituents. When the laser beam’s fuence exceeds a specic
threshold value, based on the material o the sample, a small amount o
material is ablated rom the surace, creating a transient plasma that
emits specic spectral signatures resulting rom the relaxation o the
atoms, ions, or molecules presents in the laser-induced plasma. This
spectral signature is then analyzed using a spectrograph to determine
the sample’s elemental composition. Furthermore, LIBS can detect all
elements in the periodic table, with the capability to carry out in-lab,

stand-o [1], or in-situ [2] measurements with detection limits in the
order o μg.g1. Moreover, thanks to the small size o the laser-sample
interaction area, it is possible to provide a spatially resolved charac-
terization o dierent suraces, i.e., elemental imaging. With a lateral
resolution in the order o a ew μm, μLIBS-imaging is successully
employed in various elds, such as industry [3], geology [4], orensics
[5], and biology [6,7], to name just a ew. A urther appeal or μLIBS-
imaging is the analysis speed, which is currently mainly limited by the
laser shooting rate. Currently, most o the μLIBS-imaging setups have
lasers with a shooting rate lower than 100 Hz [6]. However, the use o
kHz lasers could be a signicant breakthrough or elemental imaging
analysis. Nowadays, the use o kHz laser on LIBS is not widespread,
although literature presents several examples mainly ocused on in-
dustrial [8,9] or geological applications [10]. Using such sampling re-
quencies, kHz range, oers a signicant benet in terms o analysis time
reduction, enabling mapping 1 million spectra - equivalent to 1 cm2 with

* Corresponding author.
E-mail address: cesar.alvarez-llamas@univ-lyon1.r (C. Alvarez-Llamas).

Contents lists available at ScienceDirect

Spectrochimica Acta Part B: Atomic Spectroscopy
journal homepage: www.elsevier.com/locate/sab

https://doi.org/10.1016/j.sab.2025.107167
Received 18 November 2024; Received in revised orm 23 February 2025; Accepted 24 February 2025

Spectrochimica Acta Part B: Atomic Spectroscopy 227 (2025) 107167

Available online 26 February 2025
0584-8547/© 2025 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).



a lateral resolution (i.e., shot-to-shot distance) o 10 μm - in roughly 17
min. Building on these advancements, μLIBS-Imaging at kHz rate is
attracting the interest o new elds o application. In addition, it re-
quires compact and transportable equipment, with no need or con-
sumables, and reduced economic cost and environmental impacts,
making it an interesting candidate to be implemented in elds
combining research and routine requirements, such as biomedicine,
where specimens can be incredibly diverse and complex, composed o
multiple tissues such as bone tissue, muscular or blood vessels [6].
Nonetheless, its implementation has diverse challenges. Firstly, as a
direct consequence o the reduction in the analysis time, the measure o
elemental distribution maps with a considerable quantity o pixels (1
pixel in the elemental map corresponds to 1 spectrum) becomes easily
achievable, resulting in an increase in the complexity o the data treat-
ment process since the number o spectra would be increased in, at least,
one order o magnitude. To address this challenge, new and more e-
cient tools are required; previous work has proposed dierent solutions,
such as the use o novel articial intelligence techniques, including
Facebook libraries or clustering [11], or new mask-creation operations
via logical relationships or mineral phase identication [10]. Moreover,
to avoid compromising the lateral resolution o the analysis, it is crucial
to minimize the induced thermal or stress damage due to laser-matter
interaction, especially or the biological specimen, as they are typi-
cally more ragile than mineral or metal samples. Thus, low-energy laser
pulses (1 mJ or lower) are recommended. Unortunately, this approach
results in a weaker plasma emission. Additionally, detectors capable o
achieving an analysis rate in the kHz range are necessary. For kHz LIBS,
two-dimensional sensors, such as sCMOS, are typically employed.
However, the eective area o the sensor (sensor pixels) must be reduced
to achieve the desired acquisition rate, reducing the light amount
recorded. The combination o these actors inevitably causes the wors-
ening o the signal-to-noise ratio (SNR) o the acquired spectra and,
thereore, a decrease in the elemental image quality generated rom
them. The noise could strongly impact the quality and quantitative
analysis o minor compounds, aecting the limit o detection (LOD). In
biological sample analysis, this could reduce the capability o detecting
specic minor compounds in the tissue that can have a relevant role in
some diseases. Losing this inormation plays a decisive (negative) role in
the study o bioclinical samples. Then, identiying and reducing the
noise contributions aecting the analysis is o paramount importance.
Numerous methods are available or reducing the infuence o noise on
acquired signals and enhancing the signal-to-noise ratio (SNR) in
analytical measurements. One option is to optimize the instrumental
hardware, such as the detector cooling system or adequate gain level
selection, which can minimize the noise generated by the detector
reading process. We can indeed always make eorts at the instrumental
level to reduce noise, but ultimately, this remains quite limited in this
particular ramework, and thereore, another approach is required:
using chemometric methods to clean up the signal as much as possible
and improve the quality o the analytical inormation [12]. Overall,
selecting a specic method or reducing noise and enhancing SNR de-
pends on the nature o the data and the specic analytical application. In
this context, denoising can be applied either spectrum by spectrum or
across the entire dataset. In the rst case, denoising can be applied
almost in real time; however, i optimization is needed, especially or a
heterogeneous sample, a complete spectral dataset is required. Quite
intuitively, we can imagine that a denoising method based on analyzing
the entire dataset will better understand the structure o the signals, and
thereore perorm more eectively in this ltering task. In the LIBS
domain, the most commonly used methods or denoising are Savitzky-
Golay smoothing, Fast Fourier Transorm, wavelet-based ltering, and
the Whittaker Filter (Whitsm), all based on working on each spectrum
individually [13]. To complement these our widely used techniques, we
propose also exploring Principal Component Analysis (PCA) in this
denoising ramework. It’s worth noting that PCA has already been uti-
lized in combination with other methods to explore LIBS imaging

datasets [14,15]; however, to our knowledge, this is the rst time this
approach has been applied or denoising purposes in the LIBS domain. In
this paper, we compare dierent techniques or denoising with a ocus
on ast μLIBS-imaging or biomedical applications, particularly or
analyzing endogenous and exogenous elements in tissue. Our approach
is adapted to imaging applications: rather than seeking a global
denoising method or the entire spectral range, we aim to optimize
denoising parameters or specic elemental emission peaks. This tar-
geted strategy allows us to enhance the Signal-to-Noise Ratio (SNR) or
individual elements o interest, recognizing that dierent elements may
require distinct denoising parameters or methods or optimal results.

2. Material and methods

2.1. LIBS experimental set-up

The LIBS experimental set-up comprises a kHz laser (Cobolt Tor XE,
λ = 1064 nm) capable o achieving a shooting rate o 1000 Hz and the
laser-ocusing optics (x10 beam expander ollowed by an x5 objective).
The sample is placed on a set o XYZ linear motorized stages to displace
precisely the sample during the analysis. The elemental images pre-
sented in this work were recorded with a lateral resolution (i.e., shot-to-
shot distance) o 10 μm, with a typical crater diameter around 7 μm.
Each o them were composed o 1400 by 1500 pixels, derived rom 2.1
million acquired spectra. The detection system is based on an Andor’s
iStar sCMOS sensor coupled to an Andor’s Kymera Czerny-Turner
spectrograph. The experimental conditions were xed to 5 μs as inte-
gration time without delay time.

2.2. The sample of interest

Rat kidney was collected 1 h ater intravenous injection o Au NP
(size <10 μm). The sample was xed in paraormaldehyde 4 % solution
or 1 h, beore epoxy-embedding ollowing previously reported pro-
cedure [16]. The sample was split ollowing the transversal axis. Then,
the surace o the sample was polished beore analysis.

2.3. Generation of chemical images from LIBS data

The typical μLIBS-imaging data processing workfow involves
extracting the analytical signal rom the spectra dataset. This analytical
signal could be the emission line’s maximum intensity, area, or net area
or each element detected. Once this signal is extracted, it is used to
create a chemical imaging map o the inspected sample. In this work, we
use the net peak area as an analytical signal calculated as the signal
region’s mean minus the background region’s mean.

In the sample presented in this work, three elements have been
considered: P presents in the whole tissue; Fe, related to the blood
vessels; and Au, an exogenous element due to the presence o gold
nanoparticles. The purpose o this publication is, o course, not to pro-
vide an exhaustive exploration o this tissue but rather to demonstrate
the validity o our approach on a set o elements with varying signal
qualities within a single sample. Fig. 1a shows a visible image o the
kidney analyzed in this study. On this same image, three specic posi-
tions (denoted as L1, L2, and L3) were randomly selected so that we
could observe the associated LIBS spectra beore and ater applying
denoising strategies. The raw spectra acquired at these three positions
are shown in Fig. 1c. Fig. 1b, or its part, presents the integration images
generated rom the raw spectral data or our elements.

2.4. Denoising methods

As introduced beore, we will compare 5 dierent methods to reduce
noise rom data while preserving important signal characteristics. The
methods selected in this work refect those commonly employed in
various spectroscopic techniques, extending ar beyond the scope o
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LIBS. This is precisely why they are investigated here, as they have
demonstrated good perormance in denoising spectroscopic data.

2.4.1. Principal component analysis (PCA)
Principal Component Analysis [17] is a well-known method or the

reduction o dimensionality, allowing a more straightorward repre-
sentation and description o complex, multivariate datasets. The dataset
X, applying PCA, is rewritten as a linear combination o the original
variables to explain most o the variance, and it can be described as
ollows:

X = T.PT + E

where T is the scores matrix, i.e., the projection o the original data into
the low-dimensional space; P is the loadings matrix, and E is the re-
siduals one. Because noise contributes to a small percentage o the total
variance, reconstructing the original matrix ater selecting a given
number o the very rst principal components (PCs) with the higher
explained variance will potentially provide a denoised dataset. As can be
seen, this denoising procedure applies to the entire dataset simulta-
neously. The entire optimization o such a denoising method lies in
selecting an optimal number o principal components. Indeed, selecting
too ew components would risk losing part o the signal o interest, while

selecting too many would only introduce additional noise.

2.4.2. Savitzky-Golay smoothing
This method perorms a least-squares t o a low-degree polynomial

to a moving window o data points, eectively smoothing the signal
while potentially preserving its eatures.

The parameters to optimize the Savitzky-Golay smoothing are the
width o the window, and the degree o polynomial unction used or
signal interpolation. This procedure applies independently to each
spectrum o the dataset [18].

2.4.3. Fast Fourier Transform (FFT)
The Fast Fourier Transorm (FFT) decomposes the original signal into

a series o requency components. It can also be shown that this method,
like PCA, perorms a decomposition o the spectra into a basis o
orthogonal components, which in this case are sinusoids o dierent
requencies. Spectral noise is usually related to small fuctuations with
high requencies in the signal. Relevant signals are usually associated
with lower requencies with higher contributions. By transorming the
spectra to the requency domain, i noise has requencies dierent rom
the interesting ones, reducing them to zero and applying the inverse
FFT, it is possible to rebuild the signal, reducing the noise. This pro-
cedure also applies independently to each spectrum o the dataset [12].

Fig. 1. a) Optical Image o the analyzed sample. b) Elemental distribution or dierent elements: P (253 nm), Au (267 nm), Fe (274 nm). c) Spectra obtained rom the
three selected positions, along with the specic spectral regions corresponding to the elements o interest.
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2.4.4. Wavelet Threshold Denoising (WTD)
Wavelets [19] enables spectra decomposition at various levels,

capturing high-requency noise, low-requency baselines, and interme-
diate components at dierent requency levels. This multi-scale repre-
sentation allows or analyzing dierent signal eatures at dierent levels
o detail. Wavelet decomposition involves recursively applying a matrix
o wavelet lter coecients to the signal [12]. Ater decomposition, the
small coecients are typically related to noise, while the large co-
ecients are associated with the signicant eatures. Removing or
reducing the smallest coecients makes it possible to reduce noise
without aecting the main signal eatures. WTD (Wavelet Threshold
Denoising) method has already been used in the LIBS domain by
Schlenke et al. [17] as a spectral denoising tool. The parameters to
optimize with this approach are the type o wavelet unction, the
decomposition level, and the threshold choice. The decomposition level
determines the number o times the signal is decomposed into approx-
imate and detailed components. The selection o the threshold is crucial
and challenging. However, we used in this work the universal threshold
method proposed by Donoho et al. [20].

The method involves three steps:

1. Apply the Wavelet transorm with a decomposition level chosen in
advance.

2. Select a proper threshold or each level.
3. Filter the coecients below the threshold and reconstruct the signal
with the inverse wavelet transorm.

There are two main types o ltering, both evaluated in this work:
hard and sot. With hard ltering, all the coecients below the
threshold are orced to be zero. Sot ltering reduces the coecients by a
given threshold [20]. Regarding the type o wavelet, we limited our-
selves to Daubechies wavelets, which have proven eective in many
spectroscopies beyond LIBS.

2.4.5. Whittaker smoothing
Considering the original signal as y and the smoothed one as z,

Whittaker Smoothing [21] modies the signal, balancing two conficting
objectives: (1) data delity and (2) roughness o z. This method is based
on the use o the penalized least squares method to seek the series z that
minimizes Q:
Q = S+ λR

where “S” is the discrepancy rom the data, measured as the sum o
squared dierences S = ∑

i
yi  zi

)2; lambda, λ, is a user-chosen
parameter; and R, roughness, dened as R = ∑

i(zi  zi1)2. A larger λ 
increases the weight o R in Q, resulting in a smoother z but potentially a
poorer t to the data, as the smoother z is, the more it will diverge rom
y. This method is particularly used in vibrational spectroscopy on data
that are oten especially noisy.

2.5. Figures of merit

One o the critical points or better selecting and optimizing the
denoising method is the denition o a signal-to-noise ratio (SNR) cri-
terion. Dierent methods or the calculations o the SNR are available to
evaluate the quality o a spectral denoising procedure. The approach
used in this paper is the calculation o SNR based on the spectra. It will
be denoted SNRsp in this work. It is calculated in three steps considering
a given element:

1. Estimation o the noise level: a specic spectral range is selected or
the estimation. The 269.2–270.8 nm area is chosen in our case
because it does not exhibit signicant spectral contributions. Thus,
or each spectrum in the dataset, the standard deviation o the
measured values within this spectral range is calculated. This

dispersion provides an estimate o the noise level or a given spec-
trum. Then the mean o all these standard deviations is calculated, as
a global estimation o noise in the dataset.

2. Estimation o the signal level: a spectral region around an emission
line o an element o interest is selected. We calculate the average o
these integration values or all the spectra in the dataset, retaining
only those within the 99.99th percentile beorehand. This allows us
to avoid biasing the estimation due to potentially outlier values while
ensuring the detection o weak signals.

3. The SNRsp value is then calculated by taking the ratio o the two
previously estimated values.

Beyond these SNRsp values, spectra and images can also be examined
beore and ater correction to better understand the impact o such a
method on both spectral and spatial levels.

3. Results and discussions

3.1. Denoising methods optimization

The ollowing section will present the optimization or the dierent
denoising methods. We want to show here that beyond selecting a given
method, each one uses parameters that must be optimized to achieve the
best denoising. Fig. 2 represents a schema summarizing the data treat-
ment process used in this work. Typically, in the case o imaging results
based on spectroscopic techniques, we generally carry out the denoising,
beore or ater extracting the analytical signal. The denoising ater
extracting the analytical signal is based on the use o image treatment
methods; however, in this work, we will only ocus on denoising the
spectral inormation beore extracting the analytical signal.

As a reerence point, the SNRsp values evaluated rom the raw dataset
are given in Table 1. In act, we can see that the highest values naturally
come rom the elements with the highest average emission level, i.e., Au,
across the entire dataset. These values will enable us to assess the
eectiveness o the dierent denoising methods.

The proposed methods require an optimization process to obtain the
optimum SNRsp in order to obtain the best image reconstruction
possible, i.e., we have some a priori knowledge o the elements to be
optimized, allowing us to evaluate the SNR improvement or each o the
element’s analytical signals separately. This optimization step would
need to be redone i we manage spectral data rom a new sample with a
dierent composition.

3.2. Principal Component Analysis (PCA)

The PCA was applied to the entire dataset also considering the whole
spectral domain. As previously stated, the denoised approach based on
PCA is based on the act that the rst principal components (PCs)
extracted refect the chemical variances, and beyond a specic compo-
nent, only noise is captured. Consequently, selecting an appropriate
number o PCs is an essential optimization step. The number o PCs
selected is optimized or each element based on the highest SNR
improvement (ratio between the calculated SNR and the raw spectra
SNR), which varies as a unction o the number o retained PCs, as shown
in Fig. 3a. We thus observe that the signal-to-noise ratio is improved by a
actor o approximately 5 or the three elements when PCA is used,
which is quite remarkable. Another way to look at it would be to say
that, theoretically, the signal-to-noise ratio observed ater this denoising
could potentially be achieved with instrumentation 25 times slower,
operating not in the kHz range but at 40 Hz. Beyond this initial obser-
vation, we must also highlight that an optimal number o dierent
components is obtained or each element. As a result, optimal denoising
is achieved or the elements P, Au, and Fe with a total number o prin-
cipal components equal to 10, 9, and 23, respectively. This result is quite
logical, as each one exhibits varying degrees o variance within the
spectral dataset and is, by denition, described by a dierent number o
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principal components. Beyond these signal-to-noise ratio values
measured on the raw data and then on the potentially denoised data, it
also seemed important to us to assess the relevance o a denoising
strategy in terms o preserving the spectral inormation contained in the
spectra. Indeed, such processing could, in extreme cases, distort or even
eliminate an emission line o interest. Fig. 4 shows the evolution o the
L1, L2, and L3 spectra, whose locations were presented in Fig. 1, beore
and ater the application o a given denoising method. To be more
precise, only the spectral regions o interest are considered or each
element. The visual comparison o the spectra enables us to observe the
denoising eciency o PCA or all elements while preserving the asso-
ciated emission lines, ensuring no distortion. At rst glance, some
readers might argue that, on the contrary, distortions are indeed
observed when PCA is applied or denoising. We are not actually
reerring to distortions across the entire spectrum but only to the
emission line related to the element o interest, which is quite dierent.
Thus, i we reer to the emission lines o P, Au, and Fe at 253.56 nm,
267.6 nm, and 274.9 nm respectively, we observe that, compared to the
raw data, their proles are preserved ater PCA denoising. Regarding the
emission line observed around 253.5 nm in the raw data, it is not
inconsistent or it to disappear ater PCA denoising. Indeed, this line is
not associated with phosphorus but with another element, which is
likely represented by principal components beyond the optimal number
chosen or denoising in this specic context o generating a phosphorus
image. Building on these results, it is worth pausing to consider the

applicability o this denoising approach to a dataset o this scale,
comprising 2.1 million spectra. The computations, perormed in a
MATLAB environment, required in our case 23 GB o RAM, which re-
mains entirely easible within the computational rameworks used in
spectroscopic imaging. Should memory constraints arise or certain
users, adopting an HDF5 data ormat is recommended, as it allows or
sequential access to smaller subsets o the spectral dataset as needed.
Under such conditions, an alternative implementation o the PCA al-
gorithm, such as incremental PCA, should be considered to accommo-
date this segmented data exploration [22].

3.3. Savitzky-Golay smoothing

The parameters to optimize or the Savitzky-Golay smoothing are the
polynomial order and the window size. The rst and second orders were
tested, while the window lengths tested were between 3 and 31 (with a
step o 2). All combinations o these two parameters have thus been
studied. When examining the results in Fig. 3b and c, it is noticeable that
the signal-to-noise ratio tends to stabilize when the window size reaches
approximately 20, regardless o the polynomial order or Au. The
improvement in the signal-to-noise ratio is, however, relatively limited
in this case to a value o approximately 2, whereas it was 5 or PCA. The
signal-to-noise ratio appears to increase consistently or the elements P
and Fe, but this trend does not refect a true improvement in spectral
quality in terms o noise. Indeed, in Fig. 4, we observe completely dis-
torted emission lines or the elements o interest ollowing such
correction, which is unacceptable. Thereore, Savitzky-Golay smoothing
is not optimal or our LIBS imaging data. This approach is indeed very
eective or vibrational spectroscopies, or example, but the bands
observed are much broader than the noise structure. This is absolutely
not the case in LIBS, where we observe very sharp emission lines.

Fig. 2. The data analysis strategy.

Table 1
SNR obtained rom the raw spectra or the 3 elements
into consideration.

SNR (x 102)

P I 253.5 nm 1.19
Au I 267.6 nm 4.35
Fe II 274.9 nm 1.03
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Fig. 3. Evolution o the SNRdenoised dataset /SNRraw dataset or the dierent methods.
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3.4. Fast Fourier Transform (FFT)

Once the signal is decomposed into the requency domain with the
FFT approach, the requencies that are not related to the signal o in-
terest are set to zero. To achieve this, we calculate the Power Spectrum
Density (PSD) and set all requencies below a predetermined threshold
value to zero to eliminate all requencies that do not signicantly
contribute to the signal. The dierent values used as thresholds are
quantiles o the PSD. Various quantiles, ranging rom 0.05 to 0.85 with a
step o 0.05, were evaluated. Fig. 3d shows an optimal SNRsp value o
1.06 or a 0.70 quantile threshold regardless o the element considered.
Consequently, the improvement in the signal-to-noise ratio is very
minimal, i not negligible, which is also evident in the spectra shown in
Fig. 4.

3.5. Wavelet Threshold Denoising (WTD)

The wavelet amily used in this case was db4 (i.e., Daubechies 4),
with a hard and sot denoising approach. We selected this wavelet amily
as it has demonstrated its eectiveness in numerous spectroscopic
techniques [23,24]. We evaluated up to 4 decomposition levels or both
hard and sot denoising because going urther in the decomposition
introduces artiacts in the spectra. Fig. 3e and  present a situation quite
comparable to the previously introduced method. For both strategies,
the signal-to-noise ratio consistently increases with the level o decom-
position, though the improvement remains modest, barely reaching 2.5.
Even worse, Fig. 4 shows that applying such a denoising method
removes nearly all o the chemical inormation originally present in the
spectra.

3.6. The Whittaker smoothing

The lambda value was optimized in this case, ranging rom 1 to 400.
Fig. 3g demonstrates that we quickly reached a plateau in the
improvement o the signal-to-noise ratio or all three elements o in-
terest. This improvement remains limited, as it averages around 2 times.
It can be observed in Fig. 4 that, even though the denoised spectra using
this approach appear signicantly better than those obtained or SG,
FFT, andWTD, the emission lines are noticeably broadened compared to
the raw data.

Based on these results, we can unequivocally state that the PCA-

based denoising procedure is undoubtedly more suited or LIBS imag-
ing. This is a particularly interesting nding, as the other techniques
studied here generally perorm quite well in the context o other spec-
troscopic methods. This can, o course, be explained by the specic
nature o LIBS data, especially the presence o particularly narrow
emission lines. We also emphasize the importance o optimizing the
number o components or each element. The nal step o this work now
involves observing the eects o the denoising procedure using PCA on
the integration images. Fig. 5 thus presents a comparison o the inte-
gration images obtained rom the raw spectra and the spectra denoised
using PCA or the three elements considered. Starting with a global
observation o this gure, we can see that the largest dierences are
observed or Fe and P. The dierences are indeed less noticeable or Au.
This is naturally explained by the act that the weakest signals are
associated with Fe and P, and it is precisely under these conditions that
an increase in the signal-to-noise ratio has a signicant impact. Arrows
have also been added to these images to highlight details or areas that
dier signicantly between them and will thereore be discussed in
greater detail. I we rst examine the iron maps, we can immediately
observe an overestimation o concentrations when raw spectra are used,
as seen, or example, in positions a vs. a’ and b vs. b’. This iron originates
rom blood and is particularly present in the vascularized areas o the
organ. Thereore, it cannot be ound outside the organ or at its center,
which is much more consistent in the image obtained ater PCA
denoising. A low dynamic range and very low contrast are also observed
in the iron image derived rom the raw spectra—values that are signi-
icantly improved ater denoising, allowing the observation o previously
unseen details (d vs. d’, e vs. e’, and  vs. ’). Fairly similar observations
can be made or P. However, these dierences are less striking, as we
know that phosphorus is present in numerous cells and is distributed
throughout the organ. As a result, overestimations o phosphorus con-
centrations are once again observed outside outside the organ and at its
center (g vs. g’, i vs. i’, and l vs. l’) when raw spectra are used. Imper-
ceptible details rom the raw data are also revealed when the spectra are
denoised (h vs. h’, j vs. j’ and k vs. k’). Regarding gold, our biological
understanding o the issue allows us to state that it can only be present at
the periphery o the organ. As a result, an overestimation o concen-
trations is observed both outside the organ and at its center, which is
much more consistent when denoised spectra are used. Through these
three elements with varying concentration ranges and locations within
this complex organ, we were able to demonstrate that applying PCA as a

Fig. 4. Denoised Spectra or the SNR optimal values with all the studied denoising methods. Fe spectrum corresponds to the point-o-interest L1, Au to L2, and P to
the point-o-interest L3, denoted in Fig. 1.
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denoising method generates elemental images with improved contrast,
greater dynamic range, and, most importantly, reduced bias, allowing us
to better highlight the biological reality o the sample ater processing.

4. Conclusions

The use o new experimental approaches that enable higher
throughput and higher resolution analysis makes the parallel develop-
ment o new chemometric tools mandatory. As the complexity and size
o spectral data increases - with hypercubes that can hold millions o
spectra - it is necessary to develop algorithms and workfows or spectral
processing to handle, analyze, and extract analytical inormation rom
these data. In this work, we highlight the application o kHz μLIBS-im-
aging or the analysis o samples o bio-clinical interest, with a ocus on a
comparative evaluation o 5 dierent denoising methods. Furthermore,
to our knowledge, this research applies principal component analysis
(PCA) and Whittaker Smoothing to LIBS data or the rst time, opening

new ways to improve the accuracy o such analyses. The results shows
that PCA is by ar the most eective method in this specic LIBS
ramework, oering a better enhancement than the other methods.
Specically, PCA provides an important SNR enhancement o approxi-
mately 5 times or the three elements under study compared to the raw
data; moreover, no distortion o the emission line o a given element has
been ound, unlike the other denoising methods studied. In this work,
PCA was applied to the entire available spectral range, but in more
delicate cases, we could consider using the restricted range around the
emission line o interest or the PCA calculation. We certainly evaluated
this option, but we did not observe any signicant improvement, at least
or this particular dataset. In conclusion, this enhancement in the quality
o the kHz μLIBS-imaging highlights the PCA value or the data treat-
ment o LIBS-based applications, particularly where the experimental
conditions limit the quality o spectral data.

Fig. 5. Comparison between the original and denoised elemental distribution maps or Fe (274.9 nm), P (253.5 nm) and Au (267.6 nm).
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