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ABSTRACT 
 

 

In an art historical context, pigment identification is exceedingly important for the 

conservation, interpretation and preservation of art works. In practice, the pigments may 

have been used in mixtures (or in admixtures) with other pigments to produce special 

effects or tonal qualities; for example, the mixture of a yellow pigment with a blue 

pigment to produce green colors. In this situation, the pigment identification is actually 

done on Raman spectra of pigment mixtures and may turn out to be a complex and 

tedious task, especially when analyzing spectra with a large number of bands located 

close together as it is the case of mixtures of organic pigments. To decrease complexity 

whilst also speeding up the identification process, different strategies based on 

chemometrics are studied in this Master Thesis, developing a system to automatically 

identify Raman spectra of pigment mixtures. The system is able to identify the different 

pigments in the mixture from spectroscopic signature obtained by Raman spectroscopy. 

The technique has been proved with mixtures showing its robustness against some of 

the critical factors that could affect the application of Raman spectroscopy for pigment 

identification. The results led to conclude that the system could be a useful tool to help 

the analyst to make a decision. 
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1. INTRODUCTION 
 

 

1.1. Justification: Art and Science 
 

From prehistoric times humans have left their mark on their environment in the form of 

painted images, whether in the form of simple handprints, works of fine art or spray-can 

graffiti[1]. It seems that people have an underlying conscious or subconscious urge to 

mark their passing. It may be that primitive man made marks by scratching trees or 

rocks with stones as a way of marking a track, indicating a source of food or water or 

even marking territory. At some stage, however, it was discovered that some materials 

(called pigments) could be used to color a surface, and the practice of painting was born 

and persists to this day. 

 

In general, the art of painting was developed by different channels depending on the 

culture and the kind of civilization, and controlled by the availability of raw materials[2]. 

In fact, the selection of raw materials is directly influenced by climatic conditions, 

which involves geographical and chronological dependency, as part of the development 

of new materials, keys to the evolution of artistic movements. 

 

As might be expected, prehistoric painters used the pigments available in the vicinity of 

their homes. These were the so-called earth pigments, soot from burning animal fat and 

charcoal from the fire. The colors were yellow ochre, red ochre, and black. Water was 

the binding agent and enabled the pigment to be sprayed from the mouth or painted onto 

the surface using the fingers as brushes. Fig. 1.1 shows bison painted on a cave wall in 

Altamira, Spain. This painting is more than 30.000 years old. 

 

The palette of these early people was limited to those materials readily to hand and 

requiring only the most basic technology for their preparation. Large parts of the 

spectrum of colors, notably blues and greens, were not available to them, yet they 

produced strikingly vivid images through skilful use of what they had. 
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Fig. 1.1: Paintings of bison in the Altamira Caves 

 

The Egyptians began serious color manufacture from about 4.000 BC. They introduced 

washing of pigments to increase their strength and purity. They also introduced new 

materials, the most famous of which was Egyptian blue — first produced around 3.000 

BC. This is a very stable pigment and still appears as if fresh on wall paintings produced 

at that time. 

 

Meanwhile, the Greeks’ contribution to painting was the manufacture of white lead 

pigment which is still regarded as the whitest of the white pigments. It was the only 

white used in European easel paintings until the 19th century when its poisonous lead 

content restricted its manufacture and sale as an artist’s pigment. 

 

The Romans made use of the pigments developed by the Egyptians and Greeks. One of 

the most important colors introduced by the Romans was Tyrian purple. It is mentioned 

in texts from 1.600 BC and was obtained from the hypobranchial gland of the mollusks 

Murex trunculus and Purpura haemastoma which were found in the Mediterranean Sea 

near Tyre. 

 

Furthermore, the mediaeval palette and paintings were characterized by the use of clear, 

well-defined, bright colors. In addition to azurite, which had been used as a blue since 

the time of the ancient Egyptians, by far the most important blue in the middle ages was 

ultramarine. It was made by grinding the semi-precious mineral lapis lazuli, a rock 
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containing the mineral lazurite, and was used in Afghanistan in the sixth century AD. 

During the renaissance, the color blue was associated with purity and ultramarine was 

used to striking effect in paintings of the Virgin Mary. The combination of the price of 

the semi-precious stones and the cost of the process meant that ultramarine was more 

expensive than gold. 

 

Alternatively, the development of the science of chemistry during the Industrial 

Revolution was partly driven by the textile dyeing industry, and led to the development 

of many new pigments. The first chemically synthesized pigment was made in Germany 

in 1704 by Diesbach. When using a batch contaminated with animal oil, he accidentally 

made a purple and then a blue pigment instead of the red he was trying to make. The 

blue became known as Prussian blue. However, ultramarine remained the most 

important blue pigment. Its cost was so high that in 1828 J. B. Guimet manufactured a 

synthetic pigment, the so-called French ultramarine, chemically identical to Lapis 

Lazuli but with a cost of about a tenth of the current price for the cheapest Lapis. In the 

early 19th century, many new blue pigments (for instance, the different forms of cobalt 

blue) were added to the existing varieties of blue[3] (see Fig. 1.2). 

Fig. 1.2: Timeline of blue pigments 

 

Consequently, an objective and detailed study of the pigmentation of an art work is 

important to reveal information relating to the cataloging, restoration and conservation 

of that work[4]. For instance, a work of art containing the pigments indigo and/or 

carmine (both sensitive to light), would require strict conditions of exhibition, as faint 

light levels and controlled exposure times. 
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Raman spectroscopy is now arguably the first-pass technique of choice for conservators 

and art historians who require knowledge of  materials  used in works of art (pigments, 

dyes, binders, additives, ...) in particular instances, due, among others, to its properties 

of non-destructivity, specificity and capability for in situ examination of art works[5,6,7]. 

Molecular signatures from vibracional spectroscopy give much and valuable 

information about the materials used by the artists when making their art works[8,9,10]. 

 

 
Fig. 1.3: Measurement of a Raman spectrum from a work of art 

 

The knowledge of pigments which were in use on the palettes of the ancient artists is 

fundamental to preserve the works of art. The signature of a pigment obtained by 

Raman spectroscopy (which representation is called Raman spectrum) is unique and 

allows the identification of the pigment through its molecular spectrum (see Fig. 1.4). 

Hence, Raman spectroscopy offers many advantages, providing qualitative and 

quantitative information regarding the molecular composition of the pigmentation of an 

art work without producing any damage to the analyzed object. 
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Fig. 1.4: Raman spectra of the Indigo pigment obtained from an art work 

 

The pigment identification is generally carried out by visual comparison between an 

unknown Raman spectrum with an appropriate set of reference Raman spectra. Once a 

Raman spectrum is measured over an artwork, the main task of an analyst is to find out 

the material which matches the unknown pigment. Normally, this identification is based 

on comparison: when the spectrum of the analyzed sample is obtained, it is compared 

with those well-known spectra, called reference spectra or patterns, looking for which 

spectrum of the reference spectral library is the most similar to the unknown spectrum. 

One limitation of the objective analysis of art works is the availability of high-quality 

reference spectra with useful historical, artistic and scientific information. The 

developing of a rigorous and documented database of pigments may be a top priority as 

it is a key element of the art materials identification[11]. 

 
Frequently, the comparison between the unknown spectrum and the reference spectra is 

based on the localization of the position of the Raman bands and it is carried out by 

visual inspection by the analyst. This is an intuitive and simple method, but it is also 

slow and may be imprecise, especially in instances which spectra show a lot of bands 

and close together.  Additionally, the measurement of a Raman spectrum may be 

complicated, since the signal may contain information of the analyzed pigment and 

different perturbations, as shot noise or fluorescence, which may hide the useful signal. 
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Moreover, this way of working may introduce a component of subjectivity depending 

on the observer’s experience. In addition, manually comparing the position of the peaks 

can be a time-consuming task, further complicated if the analyzed samples are from 

pigment mixtures. Thus, the purpose of this Master Thesis is to use signal processing 

tools in order to perform the artistic pigment identification, whether pigment mixtures 

or not, in a systematic and objective way, as well as to automate the decision-making 

process. 

 
The automatic process of comparison may be carried out in two different ways: 

comparing the bands or the spectrum as a whole. On one hand, if the first strategy is 

selected, it is needed to automatically localize the bands of the unknown 

spectrum[12,13,14]. Nevertheless, this localization may turn out to be a complex task, and 

once the bands are localized it is needed to identify which pigment they correspond to. 

On the other hand, if the second strategy is selected, the band’s localization is not 

needed since the comparison is developed by comparing point by point of the unknown 

spectrum and the patterns. In this case, the reference spectral library is composed by the 

whole spectral expression of the pattern pigments. The automatic identification 

methodology developed in this work is based on the second strategy, that is, comparing 

the whole expression of the unknown and the reference spectra.  

 

A particular analytical problem can arise from the comparison between an unknown 

spectrum that comes from a mixture of pigments and the reference spectra of individual 

pigments since it is difficult to obtain the appropriate reference spectrum corresponding 

to the unknown mixture[15]. Hence, this Master Thesis presents different techniques in 

order to try to solve the pigment mixtures analysis. 

 

From a mathematical point of view, Raman spectra of art materials can be seen as 

vectors of between 1000 and 2000 components typically, further complicated when 

dealing with Raman spectra obtained from pigment mixtures. As a result, 

programmatically, the identification becomes a time-consuming process. With the aim 

of speeding up the identification process and saving computing resources it is proposed 

to use chemometrics. 
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Chemometrics is a chemical discipline that is based on mathematical and statistical 

methods to design and to select measure procedures and optimal experiments as well as 

to obtain the maximum information of the analysis[16,17]. It had become a hot topic of 

research in the developing of automatic identification algorithms since several 

techniques exist, based on dimensionality reduction for instance, that help in reducing 

the computational complexity that a searching algorithm requires due to the high 

quantity of variables which can be found in the expression of a Raman spectrum. Thus, 

the application of chemometrics in Raman spectroscopy has been exponentially 

increased in the development of spectral searching algorithms. 

 

As a result, Raman spectroscopy is one of the techniques that best fits the analysis of art 

materials and pigmentation, being a natural application of this technique in this topic 

because of its non-destructive molecular examination, which joined with a searching 

algorithm based on chemometrics, allows the art materials identification. Thus, this way 

of working provides useful and objective information for the characterization, 

restoration, conservation, dating and authentication of art works, helping in the 

preservation of the cultural heritage. 

 

This Master Thesis belongs to the research developed by the optical communication 

group (Grup de Comunicacions Òptiques, GCO) of the signal theory and 

communications departament (departament de Teoria del Senyal i Comunicacions, 

TSC) regarding the application of Raman spectroscopy in pigments identification. This 

research is supported by the grants received from the CICYT (Comisión Interministerial 

de Ciencia y Tecnología para su desarrollo). Specifically, the work develop in this 

Master Thesis belongs to the TEC 2009-07855 project – entitled Investigación y 

Optimización de la Espectroscopia Raman aplicada al análisis directo del Patrimonio 

Artístico (IRPA), in the Raman spectroscopy laboratory of the Universitat Politècnica 

de Catalunya (UPC). 
 

 

1. 2. Main objectives 
 

When analyzing art materials through Raman spectroscopy, the measurement may be 

affected by several practical problems: shot noise, fluorescence, Raman bands distortion 
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and shifting, … These problems may hinder the comparison, whether automated or no, 

between the analyzed sample spectrum and the database of reference Raman spectra, 

which eventually may make the identification impossible. 

 

In addition, a new problem can arise when analyzing samples which were created with 

the mixture of several pigments. In this context, a spectroscopist may not achieve the 

identification of the unknown mixture due to the complexity of its spectral expression. 

 

All these problems are way more complicated when working with spectral identification 

algorithms. For instance, a level of shot noise which is not significant when the 

recognition is visually carried out by an analyst may be critical for an automatic 

recognizer. In the same way, dealing with mixtures an identification system may 

become lost providing no match, and therefore no identification. 

 

As a result, the aim of this Master Thesis can be classified into three main objectives: 
 

 The development of an automatic identification system of Raman spectra of 

pigments, whether mixtures or not (see Fig. 1.5). That is, without prior 

knowledge of the composition of the analyzed sample. 

 

 

Fig. 1.5: Automatic identification system scheme 

 

 The analysis of the limitation of the proposed algorithm when the unknown 

spectrum is affected by differences between relative intensities (which is one of 
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the main practical problems that may hamper the spectral recognition), binding 

its impact and extending this analysis for the case of pigment mixtures.  

 
 The proposition, study, and implementation of a new strategy (without changing 

the identification scheme proposed in Fig. 1.5) to overcome the system 

restrictions when dealing with pigment mixtures, stating its proper operation 

both in theoretical and experimental cases. 

 

 

1. 3. Master Thesis contents 
 

The main contents of this Master Thesis are structured in six chapters, which develop 

the main objectives described in the previous section. 

 

 Chapter 1: Justification: Science and Art. In the current chapter, the 

justification, the objectives and the contents of this Master Thesis are shown. 

 

 Chapter 2: Raman spectroscopy in art. In this chapter, the Raman Effect 

fundamentals are exposed (which are the basis of the Raman spectroscopy), 

emphasizing the Raman spectrum definition and the noises involved in its 

representation, commenting the Raman equipment available in the Raman 

spectroscopy group of the Universitat Politècnica de Catalunya. The artistic 

pigment identification is applied since it is one of the most important and 

suitable applications of this technique and is the main topic of the research group 

where this Master Thesis were developed. 

 

 Chapter 3: Chemometrics in Raman spectroscopy (I): Principal 

Components Analysis-based algorithm for automatic identification of 

pigment mixtures. In the third chapter, an automatic identification system of 

pigment mixtures is presented by the developing of a methodology based on the 

chemometric technique of Principal Components Analysis (PCA), relying on 

mathematical tools and some identification and building-mixing criteria. 
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 Chapter 4: Chemometrics in Raman spectroscopy (II): Overcoming of the 

PCA-based algorithm limitations through Independent Component 

Analysis. This chapter proposes an overcoming of the limitations of the PCA-

based system presented in the previous chapter by the chemometric technique of 

Independent Component Analysis (ICA). 

 

 Chapter 5: Pigment mixtures identification. Experimental cases. In this fifth 

chapter the application of the developed methodologies (PCA-based and ICA-

based systems) is shown in pigment mixtures experimental cases. 

 

 Chapter 6: Summary and conclusions. Several conclusions are extracted from 

the developing of this work, which are exposed in this chapter. 

 

Finally, a bibliography and references chapter is included, which picks up all the 

consulted sources, as well as a chapter of annexes, which contains additional 

information, such as numerical results or part of the Matlab code implemented for this 

Master Thesis. 
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2. RAMAN SPECTROSCOPY IN ART 
 

 

2. 1. Raman Effect and Raman spectrum 
 

When a monochromatic light beam makes contact to some material, much of the 

radiation is absorbed, but there is also a part that is scattered. When using a 

monochromatic radiation with a narrow frequency band, 𝑣𝑖,  the frequency of almost all 

the scattered energy matches the incident radiation (elastic scattering known as 

Rayleigh scattering) which, although intense, does not provide any information on the 

composition of the sample and therefore cannot characterize it. However, there is a 

small part of the scattered light that is characteristic of the material itself, resulting in a 

non-elastic scattering, since there is an exchange of energy between the photon and the 

molecule during the collision. This scattering, known as Raman scattering, presents 

certain discrete frequencies located above and below the incident frequency, 𝑣𝑖 ± 𝑣𝑟, 

where these frequencies ±𝑣𝑟 are specific for each material, as are linked to its molecular 

structure and its chemical bonds[18]. 

 

For this type of inelastic scattering two cases exist. If the radiation is scattered at a 

frequency lower than that of the incident light is known as Raman Stokes radiation. If, 

however, the radiation is scattered at a higher frequency than the incident one is called 

Raman Anti-Stokes (see Fig. 2.1). 

 

 

Fig. 2.1: Light-material interaction 
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Raman Spectroscopy is the photonic technique that provides the signal scattered by the 

material when a beam of monochromatic light (laser) makes contact to it. This signal is 

known as Raman spectrum. Thus, a Raman spectrum is the plot of the Raman radiation 

(or intensity, in arbitrary units [a.u.]) versus Raman shift (or wavenumber in [cm-1]) 

with respect to the frequency of the incident light (see Fig. 2.2). 

 

 
Fig. 2.2: Rayleigh, Stokes Raman and Anti-Stokes Raman scatterings and Raman shift 

 

According to the Maxwell-Boltzmann energy distribution law, since most molecules are 

in the lowest energy state, it is much more likely the Stokes scattering to occur. 

Therefore, the Stokes scattered intensity is about 100 times higher than that of the Anti-

Stokes scattering. Because of this difference, usually only the Stokes effect is measured, 

placing it in the positive x-axis. 

 

A Raman spectrum is like a “fingerprint” of the analyzed molecule: two Raman spectra 

coincident in number and position of their bands do not exist for two different 

molecules. Indeed, molecules composed of the same elements but in different 

proportions have different Raman spectra. Furthermore, molecules with exact chemical 

composition but different crystalline phase have different spectra.  

 

Therefore, the Raman spectrum is unique for each material. Moreover, it can be 

obtained from almost any chemical compound. This representation allows to view 

spectral bands (called Raman bands) centered at the Raman frequencies characteristic of 

each material (see Fig. 2.3). In a Raman spectrum the information is mainly on the 

position of each of the bands that identify unequivocally the material under analysis. 
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Fig. 2.3: Example of a Raman spectrum 

 

 

2. 2. Signal and noise in Raman spectroscopy 
 
The Raman spectrum can be divided into two parts: useful signal and noise. The useful 

signal is the part of the Raman spectrum that contains the desired information (Raman 

bands), while the noise is the part that does not correspond to Raman scattering, that is, 

the part that does not depend on the molecular structure of the material, such as random 

fluctuations of intensity for instance, which represents the largest source of uncertainty 

in the analysis of Raman signal. 

 

The noise in a Raman spectrum can be classified into five different groups: shot noise, 

noise generated by the sample, noise generated by the instrument, computational noise 

and noise generated by external sources[19]: 

 
• Shot noise. Shot noise comes from the random feature of the light. It is 

produced at the receiver due to the optical-electrical conversion. It is 

unavoidable in Raman spectroscopy. 

 
• Noise generated by the sample. This noise refers to Raman intensity 

changes due to changes in the sample: Features as position or intensity may 

change by the sample’s temperature. The heterogeneity of the sample may 

produce these effects as well, since the analysis of a certain point of the 
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sample does not have to be representative of the entire sample. In this group, 

non desired optical emissions generated by the sample are included, such as 

the fluorescence, which is a non desired optical emission in Raman 

spectroscopy and produced when there is absorption of the incident photon 

by the material.  

 
• Noise generated by instrumentation. This kind of noise depends on the 

design specifications of the instrumentation used to analyze the sample. 

Includes different noises of the optical detector. 

 
• Computational noise. This noise refers to noise added when the 

digitalization process is carried out at the detector’s output. 

 
• Noise generated by external sources. This kind of noise is mainly produced 

by external light sources. 

 
Among this list of noises, the most commonly noises found in a Raman spectrum are 

the shot noise and the fluorescence. The following figure (Fig. 2.4) presents a spectrum 

which shows these noises. 
 

 
Fig. 2.4: Raman spectroscopy main noises 
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2.3. Raman spectroscopy equipment 
 

The Raman spectroscopy equipments have changed considerably in recent decades, 

especially since the laser was discovered in 1960, and with the appearance of fiber 

optics and CCD (charge-coupled device) in the eighties. The current section explains 

the functionality and the different blocks of a Raman spectrometer (see Fig. 2.5). 

 

 
Fig. 2.5: Block diagram of a Raman spectroscopy equipment 

 

 

In general, a Raman equipment must contain the following basic elements, although 

some variations with one of the components is possible: 

 
• Laser: Monochromatic light source used to excite the sample. 

 
• Fiber Optics: Medium through which light travels. 

 
• Optical Head: The set of lenses and filters used to focus light on the material to 

analyze and collect the returned Raman scattering. 

 
• Monochromator: Separates spatially the different wavelengths of the light beam 

collected on the head. 
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• CCD: Detects and scans the different wavelengths that come from the 

monochromator and sends them to the PC. 

• Computer system: Appropriate hardware and software to process data coming 

from the CCD. 

 

 

The Raman equipment of the ETSETB is a last generation Raman spectrometer: the 

iHR320 model (Jovin Yvon – Horiba Group – Raman Spectroscopy Division)[REFS]. It 

consists of a He-Ne red laser which allows a power of 17mW at 632.8nm. The light is 

guided through 10m of multimode optical fiber with a diameter of 50μm to the optical 

head, where an interferential filter only allows the laser fundamental line to pass 

through. The monochromatic radiation makes contact to the analyzed material through a 

focalization lens with a focal distance of 4cm. The scattered radiation (elastic and 

inelastic) is filtered by an edge filter (low-pass filter) which only provides the inelastic 

scattering (Stokes Raman), that is, the molecular information of the analyzed sample. 

 

 
Fig. 2.6: Optical head: optical path from the laser to the sample contact area (in red), 

and optical path from the Raman signal to the monochromator (in blue) 
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The information, guided through another multimode optical fiber of 10m, reaches the 

monochromator, which is responsible for spatially separate the different spectral 

components. It has three different gratings (950, 1200, 1800 grooves/mm). 

 

Then, the CCD (Synapse, 1024x256pixels), which consists of a MOS capacitor array, 

converts the photons that come from the monochromator into an analog signal. This 

signal is then digitized and sent to a computer, provided with specific software (called 

LabSpec) designed to the Raman spectra visualization and treatment. 

 

 
Fig. 2.7: CCD spectral response 

 

 

2.4. Application to artistic pigments identification 
 

Raman Spectroscopy is one of the analytical techniques of greater interest in recent 

years, being subject of many scientific publications and becoming a technique whose 

scope of application has increased exponentially[20]. Thus, Raman spectroscopy finds its 

use in applications as diverse as biomedicine, environmental science, geology, space 

exploration, archaeology and art, among many others. 

 

In the analysis of works of art, one of the main objectives of Raman spectroscopy is the 

identification of painting materials and pigments. A pigment is a solid chemical 

compound in the form of small discrete particles which present certain features 

depending on the chemical group they belong to. This is the most important material in 

the process of painting. 
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Fig. 2.8: Picture of the ETSETB Raman spectroscopy equipment analyzing an art work 

 

The identification of pigments by Raman spectroscopy is one of the most active 

research in the analysis of art, due to the non-destructive character of the technique, 

which provides molecular information about the sample under test without this 

requiring any type of preparation, and to the ability to perform in situ analysis by using 

a beam of light as a working tool and technology based on fiber optics. 

 

An analyzed pigment is unequivocally identified by its Raman spectrum, which is 

unique for each material. Therefore, it provides information regarding the 

characterization of works of art since the introduction of certain pigments is strictly 

dated. Thus, identifying pictorial materials can provide an indication of the date of the 

work and its authenticity (see Fig. 2.9[21]). 
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Fig. 2.9: Periods of use of historical pigments. In solid line, periods exactly known. In 

discontinuous line, periods of appearance and disappearance of some pigments 
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Usually, the identification of a material in Raman spectroscopy is based on the 

comparison of the Raman spectrum with a reference set of Raman spectra previously 

stored (see Fig. 2.10).  

 

 
Fig. 2.10: Raman spectrum corresponding to an unknown pigment (a) together with the 

reference spectrum of Ultramarine blue (b). As both spectra have coincident Raman 
bands the unknown pigment is identified as Ultramarine blue 

 

This methodology, while being simple and intuitive, can be a long process and can take 

implicitly subjective reasoning based on the experience of the analyst. In addition, it can 

be a laborious task, which requires an experienced observer, who, in his experience and 

knowledge, performs the comparison and therefore the identification. This process 

inevitably introduces an element of subjectivity linked to the intervention of the 

investigator, and is more complicated when analyzing samples from pigment mixtures. 

 

In fact, the analysis of Raman spectra obtained from pigment mixtures have become an 

issue due to their large number of bands. Moreover, these spectra are not in the 

reference spectral libraries: dealing with binary mixtures in a reference spectral library 

of m spectra the binomial coefficient of m and 2 may be built. For instance, taking 

m=20, 190 mixtures may be obtained. Additionally, taking into account all the possible 

configurations of a mixture in terms of proportions of the corresponding individual 
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pigments, a large number of mixtures may be built. Thus, the possibility of building all 

the binary mixtures for a given reference spectral library is completely ruled out. 

 

Therefore, with the aim of identifying Raman spectra of pigments in an objective and 

systematic way whether pigment mixtures or not, a spectral searching algorithm is 

developed in this Master Thesis as a tool to help the analyst in the decision-making 

process. To do so, two chemometric techniques are studied and applied: The Principal 

Components Analysis and the Independent Component Analysis. From these 

techniques, two different algorithms are proposed and explained in the two following 

chapters, showing their experimental performance in the fifth chapter. 
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3. CHEMOMETRICS IN RAMAN 

SPECTROSCOPY (I): PRINCIPAL 

COMPONENTS ANALYSIS - BASED 

ALGORITHM FOR AUTOMATIC 

IDENTIFICATION OF PIGMENTS AND 

PIGMENT MIXTURES 
 

 

3. 1. PCA fundamentals and application to Raman spectra  
 

The use of different experimental spectroscopies and analytical tools is developed in 

parallel with the need to compress data without losing information. The goal to achieve 

is to keep the information content occupying less memory and avoiding redundancy[22]. 

 

The Principal Component Analysis (PCA) is a multivariate method of the chemometrics 

family, being a chemical discipline that uses mathematical and statistical methods for 

designing or selecting both measurement procedures and experiments to obtain optimal 

maximum chemical information analysis[23,24,25]. 

 

The PCA is spread mainly as a tool for data dimension reduction. Given a set of data, 

this technique provides a new space, known as the Principal Components space, or the 

PCs space, of same dimension as the original space, but its dimension can be reduced 

once some dimensionality reduction criterion is applied. In this new space the data is 

represented in a way that highlights the information. Thus, it is a statistical tool to detect 

the similarities and differences between data, obtaining a new expression reduced from 

the initial expression. 

 

The main motivation for applying a dimension reduction tool is to express a defined 

dataset of P reference elements of N variables as a set of smaller dimension, K, with    
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K<<N, but equivalent in terms of information content. Thus, the PCA fits into the 

category of variable transformation methods, since it is based on replacing the N initial 

variables (𝑈𝑖) that explain the data, by other N variables (𝑢𝑖), independents and arranged 

so that the first have more relevance than the last variables. 

 

The PCA is a process that can be interpreted geometrically as a change of axes in the 

representation of the data. Its main objective is to obtain a K-dimensional space, being a 

Euclidean vector space, where the initial data set is expressed maintaining the structure 

and the initial information. There is usually an optimum coordinate system to represent 

each data set, considering as optimum system the one where all observations can be 

clearly differentiated. This coordinate system is precisely the one obtained by the 

transformation implemented by the PCA. The new system of coordinates is equal to the 

initial dimension, N, but its configuration allows to perform a posteriori the reduction 

from N to K dimensions. 

 

The Principal Components, 𝑢𝑖 , result from the linear combination of the original 

variables, 𝑈𝑗: 

𝑢𝑖 = 𝑐1𝑖𝑈1 + ⋯+ 𝑐𝑗𝑖𝑈𝑗 + ⋯+ 𝑐𝑁𝑖𝑈𝑁 

where the coordinates 𝑐𝑗𝑖  , known as loads, represent the contribution or weight of the 

variable 𝑈𝑗 to the variable 𝑢𝑖  with i =1,...,N and j =1,...,N. It is worth noting that 𝑢𝑖 

variables are uncorrelated, eliminating the redundancy that may exist between the initial 

variables 𝑈𝑗 . From the loads a transformation matrix is obtained: 

𝐶 = �

𝑐11 𝑐12 ⋯ 𝑐1𝑁
𝑐21 𝑐22 ⋯ 𝑐2𝑁
⋮ ⋮ ⋱ ⋮
𝑐𝑁1 𝑐𝑁2 ⋯ 𝑐𝑁𝑁

� 

As can be seen, to convert a given set into another set using the PCA, the matrix 

notation is essential. 

 

The advantage of the new coordinate system is that the portion of the total variance 

(𝑣𝑡𝑜𝑡𝑎𝑙) that provides each of its axes (𝑃𝐶𝑖) is known, and these axes are sorted based on 

their contribution, listed in descending order. As a result of this arrangement, the PCs 

which are the most significant to express the data can be known. 
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The dimensional reduction occurs when choosing the number of Principal Components, 

the K value. That is, when deciding how many PCs are sufficient to represent the data 

reliably. There are several criteria that dictate how to select this value. The criterion to 

focus 100% of the variance of the original variables is used along this Master Thesis. 

When using this criterion a space for K = P-1 principal components is generated, where 

P is the number of initial reference elements. Once the number of PCs is selected the 

reduced transformation matrix is obtained: 

𝐶𝑟𝑒𝑑 = �

𝑐11 𝑐12 ⋯ 𝑐1𝐾
𝑐21 𝑐22 ⋯ 𝑐2𝐾
⋮ ⋮ ⋱ ⋮
𝑐𝑁1 𝑐𝑁2 ⋯ 𝑐𝑁𝐾

� 

And finally, the initial set (included in a matrix, X ) can be projected onto the new space 

generated by the PCs using the reduced transformation matrix: 

𝑆 = 𝑋 · 𝐶𝑟𝑒𝑑 

This matrix, by rows, allows to know which are the coordinates (known as scores) of 

each of the observations in the space generated by the new coordinates. That is, the 

matrix S is equivalent to the matrix X but defined in the PCs space. 

 

For the Raman spectra of artistic pigments processing case, the initial set to consider (X) 

is constituted by the spectra of reference pigments, called reference spectra or patterns. 

These spectra are obtained directly from the pure pigments, which create the spectral 

reference libraries, such as the one formed by the inorganic pigments of the XVII 

century. Taking one of these reference libraries, the PCA generates the reduced space, 

where the Raman spectra obtained from an artistic work can be projected for later 

comparison and identification. 

 

The selected reference spectra need to fulfill a set of homogeneity conditions regarding 

to data format. In this way, spectra may be previously treated to get a reference spectral 

library defined under a common design in terms of wavenumber (being defined in a 

same spectral range) and intensity[26]. The spectral range is established attending to the 

fact that vibrations of artistic pigments are mainly expected in the region below 1800 

cm-1 and to the cutoff set at 200 cm-1 to reduce device-dependent features. Additionally, 

it is performed a linear interpolation, which assures that the N components of original 

spectra correspond to the intensity in the same wavenumbers. Besides, with the aim of 
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minimizing problems associated with comparison of spectra with different intensities, 

all spectra are normalized as 

)min()max(
)min(][]['
xx

xnxnx
−

−
=  with 200cm-1≤n≤1800cm-1 

where x[n] is the Raman intensity at wavenumber n. Moreover, spectra should be 

measured under the best possible conditions in order to obtain spectra with high spectral 

quality. Apart from this, baseline should be filtered to enhance the Raman signal. In this 

work the popular method of polynomial fitting to points available in the LabSpec 

software has been used. The expression of all spectra in a homogeneous format 

facilitates the comparison between the reference spectra and an unknown spectrum, 

which should be preprocessed as well. 

 

The sequence of steps to perform PCA on a spectral library of reference after being 

preprocessed is the following: 

 

1. Standardization of variables: All spectral variables are treated uniformly by 

standardization, that is, imposing unitary variance. Thus, the similarities and 

differences between an unknown spectrum and reference spectra are highlighted: 

𝑥𝑠𝑡𝑑𝑖𝑗 =
 𝑥𝑖𝑗′ −�̅�𝑗
𝜎𝑗

 

where �̅�𝑗 =  1
𝑃
∑ 𝑥𝑖𝑗

′𝑃
𝑖=1  and 𝜎𝑗 = �∑ (𝑥𝑖𝑗

′
 
−�̅�𝑗)2𝑃

𝑖=1

𝑃
 . 

After standardizing all reference spectra a new matrix (𝑋𝑠𝑡𝑑) is obtained: 

𝑋𝑠𝑡𝑑 = �

𝑥𝑠𝑡𝑑11 𝑥𝑠𝑡𝑑12 ⋯ 𝑥𝑠𝑡𝑑1𝑛
𝑥𝑠𝑡𝑑21 𝑥𝑠𝑡𝑑22 ⋯ 𝑥𝑠𝑡𝑑2𝑛
⋮ ⋮ ⋱ ⋮

𝑥𝑠𝑡𝑑𝑃1 𝑥𝑠𝑡𝑑𝑃2 ⋯ 𝑥𝑠𝑡𝑑𝑃𝑛

� 

 

2. Computation of the covariance matrix 𝑋𝑐𝑜𝑣 : 

𝑋𝑐𝑜𝑣 
 = 𝑐𝑜𝑣 �𝑋𝑠𝑡𝑑𝑖,  𝑋𝑠𝑡𝑑𝑗� = 𝐸 �(𝑋𝑠𝑡𝑑𝑖 − 𝐸�𝑋𝑠𝑡𝑑𝑖�(𝑋𝑠𝑡𝑑𝑗 − 𝐸 �𝑋𝑠𝑡𝑑𝑗�� = 
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=

⎝

⎜
⎛
𝐸�(𝑋𝑠𝑡𝑑1 − 𝐸(𝑋𝑠𝑡𝑑1)(𝑋𝑠𝑡𝑑1 − 𝐸(𝑋𝑠𝑡𝑑1)� ⋯ 𝐸�(𝑋𝑠𝑡𝑑1 − 𝐸(𝑋𝑠𝑡𝑑1)(𝑋𝑠𝑡𝑑𝑛 − 𝐸(𝑋𝑠𝑡𝑑𝑛)�
𝐸�(𝑋𝑠𝑡𝑑2 − 𝐸(𝑋𝑠𝑡𝑑2)(𝑋𝑠𝑡𝑑1 − 𝐸(𝑋𝑠𝑡𝑑1)� ⋯ 𝐸�(𝑋𝑠𝑡𝑑2 − 𝐸(𝑋𝑠𝑡𝑑2)(𝑋𝑠𝑡𝑑𝑛 − 𝐸(𝑋𝑠𝑡𝑑𝑛)�

⋮ ⋱ ⋮
𝐸�(𝑋𝑠𝑡𝑑𝑛 − 𝐸(𝑋𝑠𝑡𝑑𝑛)(𝑋𝑠𝑡𝑑1 − 𝐸(𝑋𝑠𝑡𝑑1)� ⋯ 𝐸�(𝑋𝑠𝑡𝑑𝑛 − 𝐸(𝑋𝑠𝑡𝑑𝑛)(𝑋𝑠𝑡𝑑𝑛 − 𝐸(𝑋𝑠𝑡𝑑𝑛)�⎠

⎟
⎞

 

 

3. Diagonalization of the covariance matrix, obtaining its eigenvalues and 

eigenvectors. Since 𝑋𝑐𝑜𝑣  has dimension N×N, N eigenvectors and N eigenvalues 

are obtained. The information provided by each eigenvalue is extremely 

interesting since this value coincides with the variance of the original variables 

which contemplates the respective eigenvector (converted to PC). 

 

4. Next, the eigenvectors are sorted in descending order according to the value of 

their respective eigenvalues, obtaining the principal components in order of 

importance, and therefore the transformation matrix, C. 

 

5. Then, the number of PCs (K<<N) sufficient to characterize the data reliably is 

selected. As commented previously, the selected criterion used along this Master 

Thesis is to consider the 100% of original variance. Hence, the reduced 

transformation matrix is obtained, 𝐶𝑟𝑒𝑑 . 

 

6. Finally, projection of the reference spectral library onto the PCs space: 

𝑆 = 𝑋𝑠𝑡𝑑   · 𝐶𝑟𝑒𝑑 = �

𝑠11 𝑠12 ⋯ 𝑠1𝑘
𝑠21 𝑠22 ⋯ 𝑠2𝑘
⋮ ⋮ ⋱ ⋮
𝑠𝑃1 𝑠𝑃2 ⋯ 𝑠𝑃𝑘

� = 

= �

𝑥𝑠𝑡𝑑11 𝑥𝑠𝑡𝑑12 ⋯ 𝑥𝑠𝑡𝑑1𝑛
𝑥𝑠𝑡𝑑21 𝑥𝑠𝑡𝑑22 ⋯ 𝑥𝑠𝑡𝑑2𝑛
⋮ ⋮ ⋱ ⋮

𝑥𝑠𝑡𝑑𝑃1 𝑥𝑠𝑡𝑑𝑃2 ⋯ 𝑥𝑠𝑡𝑑𝑃𝑛

��

𝑐11 𝑐12 ⋯ 𝑐1𝑘
𝑐21 𝑐22 ⋯ 𝑐2𝑘
⋮ ⋮ ⋱ ⋮
𝑐𝑛1 𝑐𝑛2 ⋯ 𝑐𝑛𝑘

� 

 

A new space is generated through the PCA applied to a reference spectral library where 

spectra can be seen as points, and the spectra measured over an art work can be then 

compared and identified after projecting them onto the PCs space. Let 𝑥𝑢𝑛𝑘′  be an 

unknown spectrum after being preprocessed. To project it onto the PCs space: 
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where 𝐶𝑟𝑒𝑑  is the transformation matrix obtained when applying the PCA to the 

reference spectra, and mlib and σlib are the mean and the standard deviation values of 

each wavelength of the reference spectral library, respectively. 

 

 

3. 2. Raman spectra identification methodology  
 

The proposed identification methodology is developed over the PCs space, and the 

identification process seen in the Fig. 3.1, is based on mathematical operators and some 

identification criteria explained in the following subsections. 

 

 
Fig. 3.1: Spectra preprocessing and computation of PCA 

 

 

3. 2. 1. Mathematical tools 
 

To quantify the degree of similarity between spectra, it is used the standard method of 

the Euclidean distance, defined formally as 

∑
=

−−=−
K

i

i
patternthk

i
unk sspatternthkunkdist

1

2)(),(  
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being the Euclidean distance between an unknown spectrum and the k-th pattern, and si 

the score of the i-th principal component. Obviously, Euclidian distance is interesting to 

be as low as possible. This way it is assured that an unknown spectrum is near to those 

of the reference spectral library, that is, the lower the distance is, the more similar the 

spectra are. For a given unknown spectrum there will be as Euclidian distance values as 

spectra are contained in the reference spectral library. 

 

Once the reduced space is generated, it is interesting to quantify the quality of the 

representation of a spectrum projected onto this space. To do so, it is used the squared 

cosine. It allows an estimation of the quality of the PCs representation of a spectrum by 

relating the norm of the standard expression of a normalized spectrum, x’unk, to the norm 

of its expression in the PCs space, sunk, that is,  

2

2
2

'
)(cos

lib

libunk

unk

mx

s
unk

σ
−

=  

As a cosine, it fulfills that 0 ≤ cos2(unk) ≤ 1, and cos2(unk)=0 shows a low quality of the 

spectral representation in the PCs space, while cos2(unk)=1 indicates an optimal 

representation. 

 

The relations between the unknown spectrum and the spectra of the reference spectral 

library in terms of Euclidean distances and squared cosines determine the candidate 

spectra that may identify the unknown spectrum. 

 

 

3. 2. 1. Identification criteria 
 

To compute an automatic identification from the values obtained after computing the 

mathematical operators described in the previous subsection, two parameters regarding 

to the reference spectral library are defined:  

• min_lib: The minimum distance of the reference spectral library 

• mink: The minimum distance between the k-th pattern and the rest spectra of the 

reference spectral library 
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These parameters are used to define the identification criteria. Specifically, the criteria 

to determine the candidate spectra that may identify the unknown spectrum obtained 

measuring over an artwork, represented graphically in the Fig. 3.2, are the following: 

1. If the distance between the unknown spectrum and the k-th pattern is lower than the 

minimum distance of the reference spectral library, then the k-th pattern is 

candidate to be the pigment corresponding to the analyzed sample: 
 

If dist(unk, k-th pattern)<min_lib then the k-th pattern is candidate 
 

This criterion may turn out to be restrictive, and whether it is not accomplished a new 

criterion is defined: 

 
2. If the squared cosine of the unknown spectrum is higher than the ratio given by the 

minimum distance of the library and the minimum distance between the k-th pattern 

and the rest of the library, and if the distance between the unknown spectrum and 

the k-th pattern is lower than the minimum distance between the k-th pattern and the 

rest of the library, the k-th pattern is candidate: 
 

If 
kmin
libminunk _)(cos2 >   and if dist(unk, k-th pattern)<mink 

then the k-th pattern is candidate 

 

 
Fig. 3.2: Example: graphical interpretation of the criteria in a two-dimensional space. 

If the unknown spectrum is well-represented, it may be identified as the 3rd pattern 
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Nevertheless, these criteria may be fulfilled by different patterns, so a parameter called 

Reliability Factor, RF, is defined to interpret the result of the identification: 

}max{
),(1

cands
k min

patternthkunkdistRF −
−=  

which is computed for each candidate k, and where max{mincands} is the maximum 

Euclidean distance of the minimum Euclidean distances between the candidates and the 

rest of the reference spectral library. 

 

 

3. 3. Automatic identification of pigment mixtures proposal 
 

Up to this point, the methodology is able to identify pigments but not pigment mixtures 

since they are not in the reference spectral library. To achieve the objective of pigment 

mixtures identification and following the basic scheme (Fig. 1.5) presented in section 

1.2, the current section presents a methodology for an automatic identification of 

Raman spectra of pigments and pigment mixtures based on working on the PCs space 

(see Fig. 3.3). 
 

 
Fig. 3.3: PCA-based searching algorithm scheme for pigments and pigment mixtures 
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With the aim of identifying binary mixtures it is proposed to build a fictitious spectrum 

of a mixture with two candidates. This fictitious spectrum is directly obtained in the 

reduced space generated by the PCA, starting from the PC-expression of candidates and 

some parameters obtained when the reduction process is applied, which saves 

computing resources and time. 

 

Let x’i and x’j be the i-th and j-th patterns which are candidates and xm the original 

expression of their mixture, xm= x’i + x’j. The PC-expression of the mixture’s spectrum 

after some mathematics is 

CmkSkSks
lib

lib
jimixture σ

)12( −+⋅+⋅=  

being Si and Sj the PC-expression of the corresponding candidates and k the constant 

)max(
1

mx
.  

 

The “spectrum” of a mixture built in this way (adding normalized spectra directly one 

by one), assumes that all bands from the individual pigments are present maintaining 

their relative intensities. In a practical situation this is rarely the case and may become a 

weakness of the proposed methodology, which will be analyzed in the following 

section. 

 

However, this strategy solves the incorporation to the reference spectral library of all 

possible mixtures. Dealing with binary mixtures in a reference spectral library of m 

spectra the binomial coefficient of m and 2 may be built. For instance, taking m=20, 

190 mixtures may be obtained. Moreover, taking into account all the possible 

configurations of a mixture in terms of proportions of the corresponding individual 

pigments, a large number of mixtures may be built.  

 

Thus, the possibility of building all the binary mixtures for a given reference spectral 

library has been completely ruled out. In addition, programmatically, this tactic would 

lead to a computing resources consuming code. A new strategy is developed instead, 

which avoids the manufacturing of all these mixtures and their subsequent 
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measurement. The binary mixtures are only created when one of the following criteria is 

fulfilled: 

 

1. If there are candidates with non-negligible Reliability Factors of similar order, that 

is, higher than 10% cent and with a difference lower than 30%, then these 

candidates may compound the mixture. That is, if RFi,RFj>10% and |RFi-RFj|<30% 

then the mixture is created with the candidates i and j. 

 

2. If there are not candidates or all candidates have a Reliability Factor lower than 

75%, the system automatically sorts the distances between the unknown spectrum 

and the rest of the library and get the two patterns that have the lowest distances. 

Then these two patterns may create the mixture. 

 

It should be noted that the values taken in the mixture-building criteria can be modified 

to make the identification process more or less relaxed depending on the user 

requirements. The values proposed in this work were established after the analysis of 

the algorithm performance in a simulation stage, which best suited for proper operation. 

 

Once a mixture is built, if appropriate, it is seen as a new pattern. Then, the 

identification criteria are applied with the unknown spectrum and the created mixture, 

allowing the identification of spectra of binary mixtures. That is, the proposed algorithm 

confirms, scientifically, the presence of various pigments in an analyzed sample through 

mathematical mixtures. The following diagram summarizes the implemented 

identification methodology. 
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In general, pattern recognition has a strong computational character, demanding a 

flexible use of numerical programs for data analysis as well as for the evaluation of the 

procedures. A programming platform is needed that enables a fast and flexible 

implementation of new algorithms[27]. Because of its widespread availability, its simple 

syntax and general nature, Matlab is the choice for such a platform, used for the 

purposes of this Master Thesis. 
 

Hence, to show the performance of the proposed methodology, a reference spectral 

library is simulated in Matlab. It is produced by 10 patterns (P = 10) defined in the 

range [200, ..., 1800] cm-1, which implies a dimension of 1600 variables (N = 1600). By 

using the 100% of variance criterion, as commented previously, the PCs space will have 

a dimension of K = P-1 = 10-1 = 9 << N =1600. For the simulation of a spectrum it is 

proposed to use the Lorentzian function which implements the Raman bands in the 

spectra simulated, defined as: 

𝑓(𝑥, 𝑥0,𝐴,𝐵) =
𝐴

1 + �𝑥 − 𝑥0
𝐵/2 �

2 

where 𝑥0 is the mean value in a band, A is its amplitude, and B is its bandwidth when 

the band amplitude has dropped by a half (Full Width Half Maximum).  
 

Generally, the Raman spectra consist of a band of greater intensity compared to other 

bands, known as "fundamental band", and other bands of lesser intensity, if any, which 

are known as "secondary bands". Concretely, the shapes of the simulated spectra (Fig. 

3.4) follow the ones of some well-known spectra commonly found on different 

reference spectral libraries of artistic pigments: 
 

Simulated spectrum Pigment spectra based 
Pattern 1 Hematite 
Pattern 2 Vermilion 
Pattern 3 Chrome yellow 
Pattern 4 Verdigris 
Pattern 5 Rutile 
Pattern 6 Malachite 
Pattern 7 PB60 
Pattern 8 Ultramarine blue 
Pattern 9 PG7 

Pattern 10 Naples yellow 
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3.4: Simulated reference spectral library 
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After applying the PCA technique, the two parameters regarding the reference spectral 

library are computed: 

min_lib = 25.99 

min = [25.99, 25.99, 39.51, 41.91, 46.65, 45.65, 60.93, 53.46, 58.83, 28.18] 

Then, a new spectrum to be treated as unknown spectrum is simulated. This spectrum is 

created from one of the reference spectral library, in particular, from the pattern 3. 

However, the corresponding pattern spectrum was modified by: 

• Shifting between -3 and 3 cm-1 for all bands 
• Suppressing of minor secondary band 
• Changing the relative intensity bands in 2 a.u. 
• Variation in all bandwidths 

obtaining the following spectrum: 

 
3.5: Simulated unknown spectrum 

Once projected in the PCs space generated by the reference spectral library when, the 

squared cosine and the Euclidean distances are computed: 

dist(unk,patterns) = [49’4, 48’28, 9’38, 55’49, 64’45, 61’85, 70,52, 65’25, 66,91, 48’11] 

cos2(unk) = 0,98 (indicates a relatively high quality of representation in the PCs space). 
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Only one candidate appears, which is the pattern 3, with a Reliability Factor of 

RF(pattern 3) = 1 − 𝑑𝑖𝑠𝑡(𝑢𝑛𝑘,   𝑝𝑎𝑡𝑡𝑒𝑟𝑛 3)
𝑚𝑖𝑛3

 =1 − 9’38
39.51

 = 76.26% 

Hence, the unknown spectrum may be the corresponding to the pattern 3. 

 

Once this procedure is automated, the developed methodology becomes a really useful 

tool to help the analyst in the decision-making process, further useful in the pigment 

mixtures case due to the complexity in the expression of their spectra. 

 

Nevertheless, as seen in the previous Reliability Factor which is not of 100%, some 

little modifications as the commented previously between the reference spectra and the 

unknown spectrum may hinder the identification. In an experimental case, the spectra 

obtained from the pure pigments and the ones obtained from art works a priori may 

have more than a few differences, giving limitations of the proposed methodology, 

which are studied in a theoretical way in the following section. 

 

 

3. 4. Analysis of PCA-based system limitations 
 

Several practical problems may hinder the artistic pigment recognition through the 

presented methodology. These practical problems refer to the noises explained in 

section 2.2 mainly, and specially the shot noise and the fluorescence. Regarding to these 

noises when they have not hid the Raman bands, filtering is the solution to enhance the 

Raman effect. Concretely, the smooth filtering to filter the shot noise and the popular 

method of polynomial fitting to points to filter the fluorescence have been used in this 

Master Thesis. Both methods are available in the LabSpec software (provided by 

HORIBA Jobin-Yvon, Raman Spectroscopy Division). 

 

Nevertheless, different practical problems may hinder the identification based on the 

proposed methodology. One of these problems appears when analyzing a spectrum 

corresponding to a mixture of more than two pigments, although this kind of spectra is 

not as common as the ones corresponding to binary mixtures. And finally, another 

problem, as commented in the previous section, is the difference of relative intensities 
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between the unknown spectrum and the corresponding reference spectrum. These 

problems are analyzed in the following subsections. 

 

 

3. 4. 1. Intrinsic restrictions: Identification limited to binary mixtures 
 

The developed methodology is focused on binary mixtures, since this kind of mixtures 

appears with relative frequency in art. However, in some cases ternary mixtures may 

appear as well. In these cases, the presented methodology does not identify the three 

components of the mixture, since it is a construction limitation of the mixtures 

algorithm.  

 

In this sense, it was proposed to extend this algorithm to identify not only binary 

mixtures but ternary mixtures as well and then extrapolate it to identify mixtures of n 

components. Nevertheless, as shown in the next example, the mixture-building criteria 

just work for binary mixtures. 

 

Given an unknown spectrum corresponding to the mixture of the patterns 2, 5 and 7 

represented in the next figure (Fig. 3.5): 

 

 
3.5: Simulated unknown spectrum of a ternary mixture 
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After applying the identification algorithm, the following candidates are found: 

RF(pattern 5) = 26.06% 

RF(pattern 7) = 9.49% 

Attending to the second building-mixture criterion, the mixture of these candidates is 

built and then seen as a new pattern, which after applying the identification criteria gets 

the following Reliability Factor: 

RF(mixture of patterns 5 and 7) = 83.12% 

Hence, the methodology suggests that the unknown spectrum is the corresponding to the 

mixture of patterns 5 and 7. Nevertheless, attending to the spectrum of Fig. 3.5, the 

bands corresponding to pattern 2 can be seen clearly. This fact highlights a weakness 

when analyzing spectra corresponding to ternary mixtures. Moreover, the following list 

shows the patterns sorted in descending order according to the distances to the unknown 

spectrum: 

5     7     6     1    10     9     4     2     8     3 

As can be seen, while the first two patterns in this list (patterns 5 and 7) correspond to 

two of the components of the ternary mixture, the third component (pattern 2) appears 

the number 8 in the list. 

 

Hence, the mixture-building criteria cannot be extrapolated to allow the identification of 

mixtures of more than two components. 

 

 

3. 4. 2. Impact analysis of differences between relative intensities 
 

The relative intensities of Raman bands may vary from one spectrum to another 

obtained from the same material (see Fig. 3.6), due to different causes, for instance, 

when measured in different laboratories, since the intensity depends, among other 

factors, on the characteristics of the instruments used when conducting the analysis of 

certain sample. As a result, the scores of the spectra also vary with respect to the 

corresponding pattern, hindering the spectral identification. As seen in Fig. 3.6, a factor 

(A) is defined to explain the difference between the intensity of the first secondary band 

(𝐼2) of an unknown spectrum (𝑒𝑢𝑛𝑘) and the corresponding pattern (𝑝𝑖). 
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Fig. 3.6: Raman spectra of same sample but with differences in intensity  

 

Attending to the first identification criteria, when identifying an unknown spectrum, 

unk, as the corresponding pattern Si, in the PCs space: 

dist(unk, Si) <𝑚𝑖𝑛_𝑙𝑖𝑏 

Taking square exponents: 

�(𝑢𝑛𝑘(𝑘) − 𝑆𝑖(𝑘))2
𝐾

𝑘=1

< 𝑚𝑖𝑛_𝑙𝑖𝑏2 

Transforming into the original space: 

�(�
𝑒𝑢𝑛𝑘 −𝑚𝑙𝑖𝑏

𝜎𝑙𝑖𝑏
� 𝐶 − �

𝑝𝑖 −𝑚𝑙𝑖𝑏

𝜎𝑙𝑖𝑏
� 𝐶)2

𝐾

𝑘=1

< 𝑚𝑖𝑛_𝑙𝑖𝑏2 

Theoretically, 𝑒𝑢𝑛𝑘 = 𝑝𝑖 + 𝛥𝑖𝑛𝑡, where 𝛥𝑖𝑛𝑡 is a factor which represents the 

differences in intensity between the unknown spectrum and the corresponding pattern. 

�(�
(𝑝𝑖 + 𝛥𝑖𝑛𝑡) −𝑚𝑙𝑖𝑏

𝜎𝑙𝑖𝑏
� 𝐶 − �

𝑝𝑖 −𝑚𝑙𝑖𝑏

𝜎𝑙𝑖𝑏
� 𝐶)2

𝐾

𝑘=1

< 𝑚𝑖𝑛_𝑙𝑖𝑏2 

��
𝛥𝑖𝑛𝑡 · 𝐶
𝜎𝑙𝑖𝑏

�
2𝐾

𝑘=1

< 𝑚𝑖𝑛_𝑙𝑖𝑏2 

Taking 𝛥𝑖𝑛𝑡 = 𝐴 · 𝛥𝚤𝑛𝑡������ : 

𝐴2��
𝛥𝚤𝑛𝑡������ · 𝐶
𝜎𝑙𝑖𝑏

�
2𝐾

𝑘=1

< 𝑚𝑖𝑛_𝑙𝑖𝑏2 
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And then: 

𝐴2 <
𝑚𝑖𝑛_𝑙𝑖𝑏2

∑ �𝛥𝚤𝑛𝑡
������ · 𝐶
𝜎𝑙𝑖𝑏

�
2

𝐾
𝑘=1

       
 
⇒        𝐴𝑚𝑖𝑛1𝑠𝑡 = �

𝑚𝑖𝑛_𝑙𝑖𝑏2

𝑛𝑜𝑟𝑚(𝛥𝚤𝑛𝑡
������ · 𝐶
𝜎𝑙𝑖𝑏

)
 

This factor, 𝐴𝑚𝑖𝑛
1𝑠𝑡  , is the theoretical minimum value of difference between the intensity 

of the first secondary band of the unknown spectrum and the same band of the 

corresponding pattern in the spectral space for a correct recognition attending only to 

the first identification criterion. 

 

Now, attending to the second identification criterion and following the same procedure 

as for the first criterion: 

dist(unk, Si) <𝑚𝑖𝑛𝑆𝑖 = min{dist(Si,Sj)} 

𝐴2 <
𝑚𝑖𝑛𝑆𝑖

2

∑ �𝛥𝚤𝑛𝑡
������ · 𝐶
𝜎𝑙𝑖𝑏

�
2

𝐾
𝑘=1

       
 
⇒        𝐴𝑚𝑖𝑛2𝑛𝑑 = �

𝑚𝑖𝑛𝑆𝑖
2

𝑛𝑜𝑟𝑚(𝛥𝚤𝑛𝑡
������ · 𝐶
𝜎𝑙𝑖𝑏

)
  

and for the squared cosine: 

𝑐𝑜𝑠2(𝑢𝑛𝑘) >
𝑚𝑖𝑛_𝑙𝑖𝑏
𝑚𝑖𝑛𝑖

= 𝐶𝑜𝑛𝑠𝑡𝑎𝑛𝑡 

‖𝑢𝑛𝑘‖2

�𝑒𝑢𝑛𝑘 − 𝑚𝑙𝑖𝑏
𝜎𝑙𝑖𝑏

�
2 > 𝐶𝑜𝑛𝑠𝑡𝑎𝑛𝑡 

�
𝑝𝑖 + 𝐴 · 𝛥𝑖𝑛𝑠𝑡 − 𝑚𝑙𝑖𝑏

𝜎
�
2

<
�(𝑝𝑖 + 𝐴 · 𝛥𝑖𝑛𝑠𝑡 − 𝑚𝑙𝑖𝑏)𝐶

𝜎 �
2

𝐶𝑜𝑛𝑠𝑡𝑎𝑛𝑡
�

 

In this case, the factor 𝐴𝑚𝑖𝑛2𝑛𝑑−𝑐𝑜𝑠 is computed as the solution of this equation of second 

order: 

𝑛𝑜𝑟𝑚2 �
𝑝𝑖 − 𝑚𝑙𝑖𝑏

𝜎
� −

1
𝐶𝑜𝑛𝑠𝑡𝑎𝑛𝑡

𝑛𝑜𝑟𝑚2(𝑆𝑖) + 

+ �2��
𝑝𝑖 −𝑚𝑙𝑖𝑏

𝜎
�
𝛥𝚤𝑛𝑡������
𝜎𝑙𝑖𝑏

−
2

𝐶𝑜𝑛𝑠𝑡𝑎𝑛𝑡
�𝑆𝑖

𝛥𝚤𝑛𝑡������ · 𝐶
𝜎𝑙𝑖𝑏

�𝐴𝑚𝑖𝑛2𝑛𝑑−𝑐𝑜𝑠 + (𝑛𝑜𝑟𝑚2 �
𝛥𝚤𝑛𝑡������
𝜎𝑙𝑖𝑏

�

−
1

𝐶𝑜𝑛𝑠𝑡𝑎𝑛𝑡
𝑛𝑜𝑟𝑚2 �

𝛥𝚤𝑛𝑡������ · 𝐶
𝜎𝑙𝑖𝑏

�) (𝐴𝑚𝑖𝑛2𝑛𝑑−𝑐𝑜𝑠)𝟐 
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To show the validity of these expressions, the intensity of the secondary bands of the 

simulated spectra in section 3.3 were varied (firstly increased and then decreased) 

giving several spectra which were studied with respect to their corresponding pattern. 

Concretely, the secondary bands of a given pattern may be increased up to a difference 

equals to 1 − 𝐼2 (where 𝐼2 stands for the intensity of the first secondary band of the 

corresponding pattern): if the difference is larger than this value the secondary band 

may become a fundamental band, performing an incongruent analysis. On the other 

hand, the bands may be decreased up to a difference equals to 𝐼2: if the difference is 

lower than this value, the secondary bands may take negative values, which is not 

possible. 

 

For instance, given the pattern 5, and applying the previous expressions when 

decreasing the intensity of the secondary bands: 

• Limitation given by the first identification criterion:  𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟕𝟒𝟒𝟕 

• Limitation given by the second identification criterion: 

- due to squared cosine: 𝑨𝒎𝒊𝒏𝟐𝒏𝒅−𝒄𝒐𝒔 = 𝟎.𝟖𝟒𝟕𝟖 

- due to distances:  𝐴𝑚𝑖𝑛
2𝑛𝑑 = 1.3541 > 𝐼2 = 0.973 

 
→ Does not limit 

Decreasing the intensity of the secondary bands implies a larger difference between the 

intensity of the unknown and the corresponding pattern, A↑ (see Table 3.1 and Fig. 3.7), 

which involves a larger distance between the unknown and the pattern. In fact, when 

𝐴 > 𝐴𝑚𝑖𝑛1𝑠𝑡 = 0.7447 the first identification criterion is not accomplished but the second 

is, and therefore pattern 5 is obtained as candidate. But when A > 𝐴𝑚𝑖𝑛2𝑛𝑑−𝑐𝑜𝑠 = 0.8478 , 

neither the first nor the second identification criteria are accomplished, giving a wrong 

recognition. 𝐴𝑚𝑖𝑛2𝑛𝑑  does not limit for this case since it is larger than the intensity of the 

first secondary band: decreases larger than 𝐼2 imply negative secondary bands. 

 

Factor of difference 
in intensity Candidates Reliability Factor 

A=0 Pattern 5 100% 
A=0.05 Pattern 5 96,31% 
A=0.1 Pattern 5 92,62% 
A=0.15 Pattern 5 88,93% 
A=0.2 Pattern 5 85,23% 
A=0.25 Pattern 5 81,54% 
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A=0.3 Pattern 5 77,85% 
A=0.35 Pattern 5 74,16% 
A=0.4 Pattern 5 70,47% 
A=0.45 Pattern 5 66,78% 
A=0.5 Pattern 5 63,09% 
A=0.55 Pattern 5 59,39% 
A=0.6 Pattern 5 55,70% 
A=0.65 Pattern 5 52,01% 
A=0.7 Pattern 5 48,32% 
A=0.75 Pattern 5 44,63% 
A=0.8 Pattern 5 45,64% 
A=0.85 Pattern 10 13,23% 
A=0.9 Pattern 10 16,15% 
A=0.95 Pattern 10 20,36% 

Table 3.1: Decreasing intensity of secondary bands of pattern 5 

 

 
Fig. 3.7: Pattern 5 (in red) and spectra corresponding to pattern 5 with intensity of 

secondary bands decreased (in blue) in steps of 0.025 
 

 

Another example, given the pattern 6, and applying the previous expressions when 

decreasing the intensity of the secondary bands: 

• Limitation given by the first identification criterion:  𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟓𝟔𝟓𝟓 

• Limitation given by the second identification criterion: 

- due to squared cosine: 𝑨𝒎𝒊𝒏𝟐𝒏𝒅−𝒄𝒐𝒔 = 𝟎.𝟓𝟑𝟑𝟏 

- due to distances:  𝐴𝑚𝑖𝑛
2𝑛𝑑 = 0.9931 > 𝐼2 = 0.7961 

 
→ Does not limit 
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When 𝐴 > 𝐴𝑚𝑖𝑛2𝑛𝑑−𝑐𝑜𝑠 = 0.5331 the second identification criterion is not accomplished 

but the first is, and therefore pattern 6 is obtained as candidate. But when > 𝐴𝑚𝑖𝑛1𝑠𝑡 =

0.5655 , neither the first nor the second identification criteria are accomplished, giving 

a wrong recognition (see Table 3.2 and Fig. 3.8). As for the previous example, 𝐴𝑚𝑖𝑛2𝑛𝑑  

does not limit. 
 

Factor of difference 
in intensity 

Candidates Reliability Factor 

A=0 Pattern 6 100% 
A=0.05 Pattern 6 95,70% 
A=0.1 Pattern 6 91,40% 
A=0.15 Pattern 6 87,10% 
A=0.2 Pattern 6 84,37% 
A=0.25 Pattern 6 81,14% 
A=0.3 Pattern 6 77,37% 
A=0.35 Pattern 6 73,60% 
A=0.4 Pattern 6 69,82% 
A=0.45 Pattern 6 66,05% 
A=0.5 Pattern 6 62,28% 
A=0.55 Pattern 6 61,73% 
A=0.6 Pattern 2 64,72% 
A=0.65 Pattern 2 67,47% 
A=0.7 Pattern 2 69,38% 
A=0.75 Pattern 2 70,79% 

Table 3.2: Decreasing intensity of secondary bands of pattern 6 

 

 
Fig. 3.8: Pattern 6 (in red) and spectra corresponding to pattern 6 with intensity of 

secondary bands decreased (in blue) in steps of 0.025 
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Finally, given the pattern 8, and applying the previous expressions when increasing the 

intensity of the secondary bands: 

• Limitation given by the first identification criterion:  𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟎𝟕𝟐𝟏 

• Limitation given by the second identification criterion: 

- due to squared cosine: 𝐴𝑚𝑖𝑛
2𝑛𝑑−𝑐𝑜𝑠 = 0.9431> 1 − 𝐼2 = 0.76 

 
→ Does not limit 

- due to distances:  𝑨𝒎𝒊𝒏𝟐𝒏𝒅 = 𝟎.𝟏𝟔𝟕𝟒 

When 𝐴 > 𝐴𝑚𝑖𝑛1𝑠𝑡 = 0.0721 the first identification criterion is not accomplished but the 

second is, and therefore pattern 8 is obtained as candidate. But when > 𝐴𝑚𝑖𝑛2𝑛𝑑 = 0.1674 

, neither the first nor the second identification criteria are accomplished, giving no 

recognition (see Table 3.3 and Fig. 3.9). 𝐴𝑚𝑖𝑛2𝑛𝑑−𝑐𝑜𝑠 does not limit in this case since a 

difference larger than 1 − 𝐼2 would lead to an incongruent analysis where the 

fundamental and the first secondary band would be interchanged. 

 

 

Factor of difference 
in intensity 

Candidates Reliability Factor 

A=0 Pattern 8 100% 
A=0.05 Pattern 8 67.47% 
A=0.1 Pattern 8 34.92% 
A=0.15 Pattern 8 2.37% 
A=0.175 - 0% 
A=0.2 - 0% 
A=0.3 - 0% 
A=0.4 - 0% 
A=0.5 - 0% 
A=0.6 - 0% 
A=0.7 - 0% 
A=0.75 - 0% 

Table 3.3: Decreasing intensity of secondary bands of pattern 8 
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Fig. 3.9: Pattern 8 (in red) and spectra corresponding to pattern 8 with intensity of 

secondary bands increased (in blue) in steps of 0.025 
 
 

The study of the rest of patterns of the reference spectral library can be consulted in 

Annex 1. All the results corroborate the validity of the obtained expressions for 

theoretical limitations due to differences between relative intensities. 

 

This procedure may be extrapolated for the case of analyzing spectra of mixtures: 

dist(unk, Si,j) <𝑚𝑖𝑛𝑆𝑖,𝑗 

�(𝑢𝑛𝑘(𝑘) − 𝑆𝑖,𝑗(𝑘))2
𝐾

𝑘=1

< 𝑚𝑖𝑛𝑆𝑖,𝑗
2 

Supposing that the mixture is composed by the patterns i and j with multiplicative 

factors A and B respectively in the spectral space: 

�(�
(𝐴𝑒i + 𝐵𝑒j) −𝑚𝑙𝑖𝑏

𝜎𝑙𝑖𝑏
�𝐶 − �

𝑘(𝑝𝑖 +𝑝𝑗 ) −𝑚𝑙𝑖𝑏

𝜎𝑙𝑖𝑏
�𝐶)2

𝐾

𝑘=1

< 𝑚𝑖𝑛𝑆𝑖,𝑗
2 

Since 𝑒i = 𝑝i, 𝑒j = 𝑝j , and taking A=1 and k=1 due to normalization: 

�(
(𝐵 − 1)𝑝j

𝜎𝑙𝑖𝑏
𝐶)2

𝐾

𝑘=1

< 𝑚𝑖𝑛𝑆𝑖,𝑗
2 

𝐵 > 1 −
𝑚𝑖𝑛𝑆𝑖,𝑗

𝑛𝑜𝑟𝑚(
𝑝𝑗𝐶
𝜎𝑙𝑖𝑏

)
        

 
⇒       𝐵𝑚𝑖𝑛 = 1 −

𝑚𝑖𝑛𝑆𝑖,𝑗

𝑛𝑜𝑟𝑚(
𝑝𝑗𝐶
𝜎𝑙𝑖𝑏

)
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In general, when the intensity of the bands of one of the components of a given binary 

mixture is decreased, the identification algorithm may identify up to a certain point the 

corresponding mixture. In fact, when the intensity of one of the components of the 

mixture is lower than 𝐵𝑚𝑖𝑛, the algorithm may identify only one component, or both but 

separately, that is, not as a mixture. 

 

As an example, the following table (Table 3.4) shows the results for the mixture of 

patterns 2 and 3 when the decreasing the intensity of all bands of pattern 3 (see Fig. 

3.10). Hence, substituting in the expression of 𝐵𝑚𝑖𝑛 : 

𝑩𝒎𝒊𝒏 = 𝟎.𝟔𝟑𝟏𝟔 

 

Multiplicative 
factor of pattern 3 

Mixture Candidates Reliability Factor 

B=0.975 YES Patterns 2 and 3 97.87% 
B=0.95 YES Patterns 2 and 3 95.73% 
B=0.925 YES Patterns 2 and 3 93.61% 
B=0.9 YES Patterns 2 and 3 91.47% 
B=0.875 YES Patterns 2 and 3 89.33% 
B=0.85 YES Patterns 2 and 3 87.19% 
B=0.825 YES Patterns 2 and 3 85.06% 
B=0.8 YES Patterns 2 and 3 82.92% 
B=0.775 YES Patterns 2 and 3 80.79% 
B=0.75 YES Patterns 2 and 3 78.65% 
B=0.725 YES Patterns 2 and 3 76.52% 
B=0.7 YES Patterns 2 and 3 74.38% 
B=0.675 YES Patterns 2 and 3 72.24% 
B=0.65 YES Patterns 2 and 3 70.11% 
B=0.625 NO Pattern 2 46.43% 
B=0.6 NO Pattern 2 48.57% 
B=0.5 NO Pattern 2 57.13% 
B=0.4 NO Pattern 2 67.65% 
B=0.3 NO Pattern 2 75.73% 
B=0.2 NO Pattern 2 88.47% 
B=0.1 NO Pattern 2 91.91% 
B=0 NO Pattern 2 100% 

Table 3.4: Reducing intensity of all bands of pattern 3 
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Fig. 3.10: Mixture of pattern 2 (green) and pattern 3 (red). Spectra corresponding to 

the mixture with intensity of bands of pattern 3 reduced (blue) in steps of 0.025 
 

As seen in Table 3.4, the results corroborate that when the multiplicative factor of the 

intensity of the bands of pattern 3 is lower than 𝐵𝑚𝑖𝑛 = 0.6316 the algorithm does not 

identify the unknown spectrum as a mixture, but as a single spectrum. In fact, in the 

limit (B=0) the unknown spectrum is composed only by the bands of pattern 2, and 

therefore the identification in this case may be considered as correct. 

 

The following chapter presents a new strategy in order to outperform the limitations of 

the PCA-based searching algorithm described in this section. This strategy is based on 

using another chemometric technique, the Independent Component Analysis (ICA), but 

without changing the identification scheme presented in the first chapter (Fig. 1.5). 

Therefore, the identification criteria are not changed but the mixture criteria, developing 

a more accurate methodology in terms of identification of mixtures, not subjected to the 

limitations in intensity and being capable of identifying mixtures of more than two 

components. 
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4. CHEMOMETRICS IN RAMAN 

SPECTROSCOPY (II): OVERCOMING OF 

THE PCA-BASED ALGORITHM 

LIMITATIONS THROUGH INDEPENDENT 

COMPONENTS ANALYSIS 
 

 

4. 1. ICA fundamentals 
 

As seen so far, a fundamental problem is finding a suitable representation of 

multivariate data. For reasons of computational and conceptual simplicity, the 

representation is often sought as a linear transformation of the original data. In other 

words, each component of the representation is a linear combination of the original 

variables. Independent Component Analysis (ICA) is a recently developed method in 

which the goal is to find a linear representation of nongaussian data so that the 

components are statistically independent, or as independent as possible. Such a 

representation seems to capture the essential structure of the data in many applications, 

including feature extraction and signal separation[28]. 

 

In fact, ICA is a technique that recovers a set of independent signals from a set of 

measured signals. It is assumed that each measured signal is a linear combination of 

each of the independent signals, and that there are an equal number of measured signals 

and independent signals. 

 

Let us present the cocktail-party problem to illustrate the main motivation of ICA. 

Imagine a room where two people are speaking simultaneously. The room is provided 

with two microphones, which are hold in different locations. The microphones give two 

recorded time signals, denoted by x1(t) and x2(t), with x1 and x2 the amplitudes, and t the 

time index. Each of these recorded signals is a weighted sum of the speech signals 
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emitted by the two speakers, denoted by s1(t) and s2(t). This could be expressed as a 

linear equation system: 

𝑥1(𝑡) = 𝑎11𝑠1(𝑡) + 𝑎12𝑠2(𝑡) 

𝑥2(𝑡) = 𝑎21𝑠1(𝑡) + 𝑎22𝑠2(𝑡) 

where 𝑎11, 𝑎12, 𝑎21, and 𝑎22 are some parameters that depend on the distances of the 

microphones from the speakers. It would be very useful if the two original speech 

signals 𝑠1(𝑡) and 𝑠2(𝑡) could be estimated, using only the recorded signals 𝑥1(𝑡) and 

𝑥2(𝑡). This problem is called the cocktail-party problem. For the time being, we omit 

any time delays or other extra factors from this simplified mixing model. 

 

The following figure shows an example of two independent signals and two measured 

signals that are linear combinations of the independent signals (Fig. 4.1): 

 

 
Fig. 4.1: Independent signals S1 and S2 on the top and measured signals X1 and X2 on 

the bottom 
 

One approach to solve this problem would be to use some information from the 

statistical properties of the signals si(t) to estimate the aii. Actually, and perhaps 

surprisingly, it turns out that it is enough to assume that s1(t) and s2(t), at each time 

instant t, are statistically independent. This is not an unrealistic assumption in many 

cases. The developed technique of ICA, can be used to estimate the aij based on the 

information of their independence, which allows the separation of the two original 

source signals s1(t) and s2(t) from their mixtures x1(t) and x2(t). Fig. 4.2 gives the two 
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signals estimated by the ICA method. As can be seen, these are very close to the 

original source signals (with the ambiguity of a scale factor). 

 

 
Fig. 4.2: Separated signals after applying ICA to mixtures X1 and X2 

 

To rigorously define ICA, it is assumed that n linear mixtures x1, ..., xn of n independent 

components are observed: 

𝑥𝑗 = 𝑎𝑗1𝑠1 + 𝑎𝑗2𝑠2 + ⋯+ 𝑎𝑗𝑛𝑠𝑛 , for all j 

The time index t has now been dropped; in the ICA model, it is assumed that each 

mixture xj as well as each independent component sk is a random variable, instead of a 

proper time signal. The observed values xj, e.g., the microphone signals in the cocktail-

party problem, are then a sample of this random variable. Without loss of generality, it 

can be assumed that both the mixture variables and the independent components have 

zero mean: If this is not true, then the observable variables xi can always be centered by 

subtracting the sample mean, which makes the model zero-mean. It is convenient to use 

vector-matrix notation instead of the sums like in the previous equation. Let us denote 

by x the random vector whose elements are the mixtures x1, ..., xn, and likewise by s the 

random vector with elements s1, ..., sn. Let us denote by A the matrix with elements aij. 

Using vector-matrix notation, the above mixing model is written as 

x = As 

This is the ICA model. It is a generative model, which means that it describes how the 

observed data are generated by a process of mixing the components si. The independent 

components are latent variables, meaning that they cannot be directly observed. Also the 

mixing matrix is assumed to be unknown. All we observe is the random vector x, and 

we must estimate both A and s using it. This must be done under as general assumptions 
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as possible. The starting point for ICA is the very simple assumption that the 

components si are statistically independent and that the independent component must 

have nongaussian distributions (defined below). Then, after estimating the matrix A, we 

can compute its inverse, say W, and obtain the independent component simply by 

s =Wx 

 

 

4. 1. 1. Restrictions in ICA 
 

To ensure that the ICA model has a solution, a series of assumptions and constraints 

have to be taken: 
 

1. The number of observations must be greater or equal the number of 

independent components to estimate.  
 

2. The mixing matrix A is squared, so the mixing matrix is invertible to get a 

viable solution. 
 

3. The independent components will be assumed to be statistically 

independent. This principle lies at the basis of ICA. Surprisingly there is no 

need much more apart from this restriction to ensure that the model will have a 

solution. This is the reason why ICA is a powerful model and therefore has so 

many applications in so different fields. 
 

4. The independent components are required to have non-Gaussian 

distributions. This is the fundamental restriction in ICA. Intuitively, one might 

think that the Gaussian distributions are 'very simple': A linear combination of 

Gaussian components is Gaussian itself, and furthermore for these distributions 

it is fulfilled that the decorrelation between those components involves also 

independence, but not the other way around. This will motivate that given a 

combination of independent components Gaussians, it is impossible to separate 

them by ICA. 
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4. 1. 2. ICA ambiguities 
 

In the ICA model can be seen that the following ambiguities will hold: 

 

1. The variances (energies) of the independent components cannot be 

determined. The reason is that, both s and A being unknown, any scalar 

multiplier in one of the sources si could always be cancelled by dividing the 

corresponding column ai of A by the same scalar. As a consequence, we may 

quite as well fix the magnitudes of the independent components; as they are 

random variables, the most natural way to do this is to assume that each has unit 

variance: E{𝑠𝑖2}= 1. Then the matrix A will be adapted in the ICA solution 

methods to take into account this restriction. Note that this still leaves the 

ambiguity of the sign: we could multiply an independent component by −1 

without affecting the model. This ambiguity is, fortunately, insignificant in most 

applications. 

 

2. The order of the independent components cannot be determined. The reason 

is that, again both s and A being unknown, the order of the terms in the model 

can be freely interchanged, and call any of the independent components the first 

one. Formally, a permutation matrix P and its inverse can be substituted in the 

model to give x = AP−1Ps. The elements of Ps are the original independent 

variables sj, but in another order. The matrix AP−1 is just a new unknown mixing 

matrix, to be solved by the ICA algorithms. 

 

 

4. 1. 3. Independent Component searching: Non-gaussianity measurements 
 

The fundamental restriction in ICA is that the independent components must be 

nongaussian for ICA to be possible. Intuitively speaking, the key to estimating the ICA 

model is nongaussianity. To use nongaussianity in ICA estimation, we must have a 

quantitative measure of nongaussianity of a random variable, say y. To simplify things, 

let us assume that y is centered (zero-mean) and has variance equal to one. 
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The classical measure of nongaussianity is kurtosis or the fourth-order cumulant. The 

kurtosis of y is classically defined by 

kurt(y) = E{y4}−3(𝐸{𝑦2})2 

Typically, nongaussianity is measured by the absolute value of kurtosis. These are zero 

for a Gaussian variable, and greater than zero for most nongaussian random variables. 

There are nongaussian random variables that have zero kurtosis, but they can be 

considered as very rare. 

 

Kurtosis, or rather its absolute value, has been widely used as a measure of 

nongaussianity in ICA and related fields. The main reason is its simplicity, both 

computational and theoretical. Computationally, kurtosis can be estimated simply by 

using the fourth moment of the sample data.  

 

However, kurtosis has also some drawbacks in practice, when its value has to be 

estimated from a measured sample[29]. The main problem is that kurtosis can be very 

sensitive to outliers. Its value may depend on only a few observations in the tails of the 

distribution, which may be erroneous or irrelevant observations. In other words, kurtosis 

is not a robust measure of nongaussianity. 

 

Thus, other measures of nongaussianity might be better than kurtosis in some situations. 

For instance, another very important measure of nongaussianity is given by negentropy. 

Negentropy is based on the information theoretic quantity of (differential) entropy. 

Entropy is the basic concept of information theory. The entropy of a random variable 

can be interpreted as the degree of information that the observation of the variable 

gives. The more “random”, i.e. unpredictable and unstructured the variable is, the larger 

its entropy. More rigorously, entropy is closely related to the coding length of the 

random variable, in fact, under some simplifying assumptions, entropy is the coding 

length of the random variable[30,31]. 

 

Entropy H is defined for a discrete random variable Y as 

H(Y) = −∑ 𝑃(𝑌 = 𝑎𝑖) log𝑃(𝑌 = 𝑎𝑖)𝑖  
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where the ai are the possible values of Y. This very well-known definition can be 

generalized for continuous-valued random variables and vectors, in which case it is 

often called differential entropy. The differential entropy H of a random vector y with 

density f (y) is defined as: 

H(y) = −∫𝑓(𝐲) log 𝑓(𝐲)d𝐲 

A fundamental result of information theory is that a gaussian variable has the largest 

entropy among all random variables of equal variance. To obtain a measure of 

nongaussianity that is zero for a gaussian variable and always nonnegative, one often 

uses a slightly modified version of the definition of differential entropy, called 

negentropy.  Negentropy J is defined as follows 

J(y) = H(ygauss)−H(y) 

where ygauss is a gaussian random variable of the same covariance matrix as y. 

 

The advantage of using negentropy, or, equivalently, differential entropy, as a measure 

of nongaussianity is that it is well justified by statistical theory. In fact, negentropy is in 

some sense the optimal estimator of nongaussianity, as far as statistical properties are 

concerned. The problem in using negentropy is that it may be computationally difficult. 

Therefore, simpler approximations of negentropy are very useful. 

 
 

4. 1. 4. Existing algorithms. FastICA 
 

Before applying an ICA algorithm on the data, it is usually very useful to do some 

preprocessing: 
 

1. The most basic and necessary preprocessing is to center x, i.e. subtract its mean 

vector m = E{x} so as to make x a zero-mean variable. This preprocessing is 

made solely to simplify the ICA algorithms. 
 

2. Another useful preprocessing strategy in ICA is to first whiten the observed 

variables. This means that before the application of the ICA algorithm (and after 

centering), we transform the observed vector x linearly so that we obtain a new 

vector 𝒙� which is white, i.e. its components are uncorrelated and their variances 
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equal unity. In other words, the covariance matrix of 𝒙� equals the identity 

matrix: 

E{𝒙�𝒙�𝑻 } = I 

The whitening transformation is always possible. One popular method for 

whitening is to use PCA as presented in the previous chapter. 

 

Some algorithms widely used that implement the Independent Components Analysis are 

the gradient method for maximizing likelihoods, and the ThinICA or FastICA 

algorithms. The FastICA algorithm was selected for the purposes of this Master Thesis 

since a free Matlab implementation is available on the World Wide Web[32]. 

 
FastICA is an efficient and popular algorithm for independent component analysis 

developed by Aapo Hyvärinen at Helsinki University of Technology. It is a 

computationally highly efficient method for performing the estimation of ICA which 

uses a fixed-point iteration scheme that has been found in independent experiments to 

be from 10 to 100 times faster than conventional gradient descent methods for ICA. 

 

The one-unit version of FastICA is presented in this section. By a unit it is referred to a 

computational unit having a weight vector w that it is able to update by a learning rule. 

The FastICA learning rule finds a direction, i.e. a unit vector w such that the projection 

wTx maximizes nongaussianity. Nongaussianity is measured by the approximation of 

negentropy J(wTx). Recall that the variance of wTx must be constrained to unity; for 

whitened data this is equivalent to constraining the norm of w to be unity. 

 

The basic form of the FastICA algorithm is as follows: 

1.  Choose an initial (e.g. random) weight vector w. 

2.  Let 𝒘+ = E{xg(wTx)}−E{g’(wTx)}w 

3.  Let w = 𝒘+/‖𝒘+‖ 

4.  If not converged, go back to 2. 

where g denotes the derivative of the non-quadratic function G used to approximate 

negentropy based on the maximum-entropy principle. Note that convergence means that 

the old and new values of w point in the same direction, i.e. their dot-product are 

(almost) equal to 1. It is not necessary that the vector converges to a single point, since 
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w and −w define the same direction. This is again because the independent components 

can be defined only up to a multiplicative sign. Note also that it is here assumed that the 

data is previously whitened. 
 

To estimate several independent components, it is needed to run the one-unit FastICA 

algorithm using several units with weight vectors w1,...,wn, preventing different vectors 

from converging to the same maxima by decorrelating the outputs 𝒘1
𝑇x, ..., 𝒘𝑛

𝑇x after 

every iteration. An exhaustive description with further details of the algorithm can be 

found in[28]. 
 

For the purposes of this Master Thesis, the Independent Component Analysis (and more 

specifically the FastICA block) will be treated as a black box assuming that after 

applying n mixtures as inputs it will provide n independent components as outputs. 
 

 

4.2. Pigments mixtures identification proposal 
 

ICA has found use in Raman measurements previously[33,34,35,36,37], emphasizing the 

importance of pre-processing in order to get good separation for Raman spectra on skin 

biopsies or for the detection of chemical agents on surfaces by Raman spectroscopy. 

This demonstrates that the restrictions of the ICA model do not apply in the separation 

of Raman spectra through ICA. In addition, for the interests of this Master Thesis 

regarding the ambiguities, they do not hinder the identification as the presented 

methodology works with normalized intensities. 
 

Nevertheless, it has been always supposed that n observations are available from a given 

sample which comes from a mixture of n components since, as seen so far, to work with 

mixtures of n components in ICA n observations are needed (or a larger number than n, 

but not lower). In terms of pigments identification through Raman spectroscopy, this 

would imply to have more than one measured Raman spectrum from the sample: two 

Raman spectra to identify binary mixtures, three Raman spectra to identify ternary 

mixtures, and so on. However, in a practical situation when analyzing the pigmentation 

of an art work, the measured Raman spectra no necessarily need to come from a 

mixture: for instance, a green area may have been painted with a green pigment or with 

the mixture of a blue pigment and a yellow pigment. This would imply a limitation 
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when working with ICA, since the main idea of an identification methodology is that it 

must be transparent to the unknown input. That is to say, the identification methodology 

must identify the unknown Raman spectrum whether a mixture or not, and when 

dealing with mixtures the identification methodology must not require knowing 

beforehand how many components the mixture is composed of. 

 

Therefore, to solve the limitation introduced by ICA, the current section presents a new 

algorithm. It is based on the scheme of Fig. 1.5, reusing for this purpose the 

mathematical tools and identification criteria described on the previous chapter (see Fig. 

4.3 and explanation hereafter).  

 

This algorithm is able to recognize an unknown Raman spectrum whether mixture or 

not, and if coming from a mixture of n components the algorithm allows to work with 

just one unknown spectrum. 
 

 
Fig. 4.3: ICA-based searching algorithm scheme for pigments and pigment mixtures 

 

Without any previous knowledge of the sample, the unknown spectrum may come from 

a mixture or not. For this reason, some mixture criteria may be defined, as well as for 

the PCA-based system described in Chapter 3. Now, however, in order to make flexible 

the algorithm and to work with mixtures of n-components, only one mixture criterion is 

defined, based on the second mixture criterion of the PCA-based system: 
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- If there are not candidates or all candidates have a Reliability Factor lower than 

75%, the unknown spectrum may come from a mixture. 

If this criterion is accomplished, similarly to the PCA-based algorithm, it is proposed to 

sort the distances between the unknown spectrum and the rest of the library and get the 

pattern in the spectral space that have the lowest distance in the PCs space. This pattern 

will be an input of the ICA block (based on the FastICA algorithm) as well as the 

unknown spectrum in the spectral space. 
 

From two inputs the ICA block will deliver two outputs, which, if possible, will be 

separated providing two different spectra treated as new unknown spectra. In this case, 

the identification criteria will try to identify in parallel these new two unknown spectra 

(coming from the original unknown spectrum) with their respective Reliability Factors. 
 

This parallelization is implemented by means of the Parallel Computing Toolbox of 

Matlab, which allows to solve computational and data-intensive problems using 

multicore processors. The high-level construct used to implement the ICA-based 

searching algorithm was the parallel for-loop. An abstract of the implemented code 

regarding this feature is shown hereafter (the main implemented functions can be 

consulted on the Annex 3). 
 

%fastICA with the unknown and the closest pattern in PCs space 
%Two outputs are obtained: unknown1 and unknown2 
[unknown1,unknown2]=fastICA([unknown; closest_pattern]); 
%Apply the identification criteria to unknown1 & unknown2 in parallel 
by means of the par-for loop 
data={unknown1, database, transf_matrix}, 
     {unknown2, database, transf_matrix}; 
parfor i=1:length(data) 
    outList{i}=@IdentificationCriteria(data{i}); 
end 
 

As this process can be done iteratively, the presented algorithm can be used to identify 

mixtures without knowing beforehand how many components the unknown mixture is 

composed of. 

 

Moreover, as working with normalized intensity in the spectral space, this procedure is 

not affected by difference in relative intensities, overcoming the limitations of the PCA-

based algorithm when dealing with mixtures presented in the previous chapter. The 

following diagram summarizes the implemented identification methodology. 
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4.3. Theoretical performance of ICA-based algorithm 

 

To show the performance of the ICA-based algorithm as a system which outperforms 

the PCA-based algorithm limitations when dealing with mixtures presented in the 

previous chapter, it is studied: 

- Mixtures of three components 

-  An analysis of the differences in relative intensity between patterns in 

mixtures 
 

Firstly, given the unknown spectrum corresponding to the mixture of the patterns 2, 5 

and 7 presented in the previous chapter and represented in Fig. 3.5, when analyzing 

with the ICA-based algorithm, it is found that it is a mixture of the corresponding 

patterns with the following Reliability Factors: 

RF(pattern 2) = 96.26% 

RF(pattern 5) = 99.89% 

RF(pattern 7) = 98.21% 

The algorithm finds correctly the three components of the mixture, assigning a 

Reliability Factor to each one which are close to the ideal factor (100%) since the 

simulated mixture is a theoretical one with noiseless conditions. 

 

For the analysis of the differences in relative intensities when working with mixtures, 

let us take the same example of the previous chapter, where the mixture of the patterns 2 

and 3 were studied by decreasing the intensity of all bands of pattern 3 in steps of 0.025. 

 

The results, presented in the Table 4.1, show that the ICA-based system is independent 

of differences in relative intensities between patterns. In the limit case (B=0) the 

identification may be considered as correct since the unknown spectrum is composed 

only by the bands of pattern 2. The rest of the examples studied for this section can be 

found on the Annex 2. All the results corroborate that the ICA-based system outperform 

the PCA-based system. 

 

The following chapter presents the results for different experimental cases of Raman 

spectra of pigment mixtures measured from painted samples and from art works. 
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Multiplicative 
factor of 
pattern 3 

Mixture Candidate Reliability 
Factor Candidate Reliability 

Factor 

B=0.975 YES Pattern 2 98.55% Pattern 3 99.1% 
B=0.95 YES Pattern 2 98.55% Pattern 3 99.19% 
B=0.925 YES Pattern 2 98.24% Pattern 3 99.19% 
B=0.9 YES Pattern 2 98.55% Pattern 3 99.19% 
B=0.875 YES Pattern 2 98.45% Pattern 3 86.57% 
B=0.85 YES Pattern 2 98.56% Pattern 3 99.19% 
B=0.825 YES Pattern 2 98.45% Pattern 3 86.57% 
B=0.8 YES Pattern 2 98.55% Pattern 3 99.1% 
B=0.775 YES Pattern 2 98.55% Pattern 3 99.19% 
B=0.75 YES Pattern 2 98.24% Pattern 3 99.19% 
B=0.725 YES Pattern 2 98.55% Pattern 3 99.19% 
B=0.7 YES Pattern 2 98.55% Pattern 3 99.1% 
B=0.675 YES Pattern 2 98.45% Pattern 3 86.57% 
B=0.65 YES Pattern 2 98.24% Pattern 3 99.19% 
B=0.625 YES Pattern 2 98.55% Pattern 3 99.19% 
B=0.6 YES Pattern 2 98.55% Pattern 3 99.1% 
B=0.575 YES Pattern 2 98.55% Pattern 3 99.1% 
B=0.55 YES Pattern 2 98.45% Pattern 3 86.57% 
B=0.525 YES Pattern 2 98.24% Pattern 3 99.19% 
B=0.5 YES Pattern 2 98.55% Pattern 3 99.1% 
B=0.475 YES Pattern 2 98.45% Pattern 3 86.57% 
B=0.45 YES Pattern 2 98.45% Pattern 3 86.57% 
B=0.425 YES Pattern 2 98.45% Pattern 3 86.57% 
B=0.4 YES Pattern 2 98.24% Pattern 3 99.19% 
B=0.375 YES Pattern 2 98.55% Pattern 3 99.1% 
B=0.35 YES Pattern 2 98.45% Pattern 3 86.57% 
B=0.325 YES Pattern 2 98.24% Pattern 3 99.19% 
B=0.3 YES Pattern 2 98.45% Pattern 3 86.57% 
B=0.275 YES Pattern 2 98.24% Pattern 3 99.19% 
B=0.25 YES Pattern 2 98.55% Pattern 3 99.19% 
B=0.225 YES Pattern 2 98.55% Pattern 3 99.19% 
B=0.2 YES Pattern 2 98.55% Pattern 3 99.19% 
B=0.175 YES Pattern 2 98.45% Pattern 3 86.57% 
B=0.15 YES Pattern 2 98.56% Pattern 3 99.19% 
B=0.125 YES Pattern 2 98.45% Pattern 3 86.57% 
B=0.1 YES Pattern 2 98.24% Pattern 3 99.19% 
B=0.075 YES Pattern 2 98.55% Pattern 3 99.19% 
B=0.05 YES Pattern 2 98.55% Pattern 3 99.1% 
B=0.025 YES Pattern 2 98.55% Pattern 3 86.57% 
B=0 NO Pattern 2 100% - - 

Table 4.1: Reducing intensity of all bands of pattern 3 
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5. PIGMENTS IDENTIFICATION. 

EXPERIMENTAL CASES 
 

 

5. 1. Measurement system: Experimental setup 
 

To show the performance of the implemented searching algorithms, the developed 

methodologies explained in Chapter 3 and in Chapter 4 were applied to Raman spectra 

from both handmade samples (Section 5.3 and 5.4) and paintings (Section 5.5). 

Specifically, the handmade samples were constructed by mixing artistic pigments up 

with random proportions. 
 

 
Fig. 5.1: Acquisition of Raman spectra from handmade samples 

 

Most of the Raman spectra from handmade samples discussed hereafter were recorded 

using the iHR320 Raman equipment (HORIBA Jobin-Yvon) provided with LabSpec 

software[39]. As explained in Chapter 2, the optical source employed for spectral 

acquisition was a He-Ne laser (632.8 nm) which provided approximately 17 mW. The 

light from the laser was guided by an optical fiber to the optical head and directed to the 

sample. The scattered light was collected and filtered by the corresponding edge filter 

by the same optical head. It was then guided by optical fiber to the monocrhomator and 
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detected by a thermoelectric cooled CCD. All spectra were acquired in a spectral range 

suitable for measuring the most representative bands of pigments. Acquisition times 

were around 30 seconds with 5 accumulations (150 seconds) in inorganic pigments and 

300 seconds with 5 accumulations (1500 seconds) for the organic pigments in order to 

achieve the best trade-off between signal to noise ratio in the spectra from the sample 

and measurement time. 

 

 

5.2. Reference spectral library. Database importance 

 

Several criteria may be taken into account to generate a reference spectral library. For 

instance, if the artwork is suspected to be created by certain artist the library may 

include pigments used by that artist, or if the artwork is supposed to fit in a given 

artistic movement it may include pigments used in that period. These strategies may be 

carried out under artistic and historical documentation, main reason of the developing of 

a high-quality pigments documented database.  

 

In this work, the reference spectral library was composed by a total of fifty-one Raman 

spectra. These spectra were obtained by measuring directly pure pigments, one high-

quality spectrum (in terms of signal to noise ratio) for each pigment.  

 

The pigments were supplied by different manufacturers (Kremer, Sennelier and Mongay 

S.A.), ranging from early inorganic pigments, which have been used in paints for 

centuries, to more modern pigments. In particular, twenty pattern spectra were measured 

from inorganic pigments and the rest (thirty-one) from synthetic organic pigments used 

in modern and contemporary paintings. Inorganic pigments are here designed by their 

historic name and organic pigments following the Color Index reference database.  

 

It must be pointed out that some spectra belonging to the yellow synthetic organic 

pigments were supplied by P. Ropret and published in[40]. Additionally, note that since 

the library is composed by P=51 reference spectra the PCs space has a dimension of 

K=50, while the original space has a dimension of N=1600 (see Fig. 5.2 and Fig. 5.3). 
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Fig. 5.2: Reference Raman spectra corresponding to the inorganic pigments 

 

 
Fig. 5.3: Reference Raman spectra corresponding to the organic pigments 
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5.3. Pigments identification through PCA-based algorithm 
 

Example 1: 
 

The sample analyzed in this first example was a mixture of the PY1 pigment and the 

PB60 pigment. When the identification criteria were applied to the spectrum of the 

measured sample it was found a separated candidate, the PB60 pigment with a 

Reliability Factor of RF(PB60) = 85.54%. This RF was higher than the value 

established to build mathematical spectra of mixtures (75%). Thus, the mixture-building 

criteria were not applied. This result could imply a failure of the system since the 

sample was created with the mixture of the PB60 and PY1 pigments but only the PB60 

pigment was identified. Nevertheless, attending to spectrum of the measured sample 

(see Fig.5.4 and Fig. 5.5), only the spectroscopic signature of the PB60 pigment was 

present. That is to say, only the Raman bands of the PB60 pigment can be seen in this 

unknown spectrum. This fact corroborates that the system is working properly since 

only one spectroscopy signature is present (the PB60 one) in this spectrum, being an 

example of how the methodology works when dealing with non-mixture spectra. 

Fig. 5.4: Unknown Raman spectrum (blue) and the reference spectra of the identified 
pigment PB60 (red) 

Fig. 5.5: Unknown Raman spectrum (blue) and the reference spectra of the identified 
PB60 (red) pigment in PCs space 
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The same sample (mixture of the PY1 pigment and the PB60 pigment) was analyzed in 

a new point, recording a new Raman spectrum. When the identification criteria were 

applied to this spectrum, two separated candidates were found: the PB60 pigment with a 

Reliability Factor of RF(PB60) = 19.78% and the PY1 pigment with a Reliability Factor 

of RF(PY1) = 12.88%. As the two candidates had non-negligible RFs of a same order 

the system automatically created a mixture of the reference spectra corresponding to the 

pigment PY1 and the pigment PB60. After applying the identification criteria the 

spectrum of the created mixture matched the unknown spectrum from the sample with a 

Reliability Factor of RF(Mixture of PB60 and PY1) = 75.13%. This result led to 

conclude that the studied sample corresponded to a mixture of the PY1 and PB60 

pigments (Fig. 5.6 and Fig. 5.7). As seen in Fig. 5.6, the spectroscopic signature of both 

the PY1 pigment and the PB60 pigment are present in this Raman spectrum. 

 

 

Fig. 5.6: Unknown Raman spectrum (a) together with the reference spectra of the 
pigments identified PY1 (b) and PB60 (c) 
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Fig. 5.7: Plot of the unknown spectrum and the mathematical mixture spectrum of PY1 
and PB60 pigments in PCs space 

 

 

Example 2: 
 

For this example, the analyzed sample was a mixture of Rutile pigment and Ultramarine 

blue pigment. When the identification criteria were applied to the spectrum of the 

measured sample no separated candidates were found. Hence, the mixture-building 

criteria were applied creating a fictitious mixture with the two patterns which had the 

lowest Euclidian distances to the studied spectrum: Rutile and Ultramarine blue. After 

applying the identification criteria the result was that the created mixture matched the 

unknown spectrum from the sample with a Reliability Factor of RF(Mixture of Rutile 

and Ultramarine blue) = 72.24%. This result led to conclude that the analyzed sample 

corresponded to a mixture of the pigments Rutile and Ultramarine blue (Fig. 5.8 and 

Fig. 5.9). 
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Fig. 5.8: Unknown Raman spectrum (a) together with the reference spectra of the 
pigments identified Rutile (b) and Ultramarine blue (c) 

 

 

 

Fig. 5.9: Plot of the unknown spectrum and the mathematical mixture spectrum of 
Rutile and Ultramarine blue pigments in PCs space 
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Example 3: 

 
The sample analyzed in this example was a mixture of the PY1 pigment and the PR3 

pigment. When the identification criteria were applied to the spectrum of the measured 

sample it was found a separated candidate, the PR3 pigment with a Reliability Factor of 

RF(PR3)=42.39%. As this RF was lower than the value established to build 

mathematical spectra of mixtures (75%), the mixture-building criteria were applied 

creating a fictitious mixture with the two patterns which had the lowest Euclidian 

distances to the analyzed spectrum: the PY1 pigment and the PR3 pigment. After 

applying the identification criteria the created mixture spectrum matched the unknown 

spectrum from the sample with a Reliability Factor of RF(Mixture of PY1 and PR3) = 

81.69%. This result allowed to conclude that the studied sample corresponded to a 

mixture of the PY1 and PR3 pigments (Fig.5.10 and Fig. 5.11). 

 

 

 

Fig. 5.10: Unknown Raman spectrum (a) together with the reference spectra of the 
pigments identified PR3 (b) and PY1 (c) 
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Fig. 5.11: Plot of the unknown spectrum and the mathematical mixture spectrum of PR3 
and PY1 pigments in PCs space 

 

 

Example 4: 
 

In this example, the Sennelier 547 pigment (which is not in the reference spectral 

library) was directly measured and analyzed. The label of this pigment indicates that it 

is manufactured as a mixture of a PR4 pigment and a PY1 pigment. When applying the 

identification methodology, two separated candidates were found: the PR4 pigment and 

the PY1 pigment with a Reliability Factor, respectively, of RF(PR4) = 43.87% and 

RF(PY1) = 39.65%, which could correspond to the mixture that is indicated on the label 

of the Sennelier 547 pigment. Attending to the mixture-building criteria, the system 

created the mixture from the reference spectra belonging to the PR4 pigment and the 

PY1 pigment. Then the identification criteria were applied over this fictitious mixture 

obtaining a Reliability Factor of RF(Mixture of PR4 and PY1) = 60.52%. This result led 

to conclude that the analyzed sample corresponded to a mixture of the pigments PR4 

and PY1, being a consistent result with the label of the pigment Sennelier 547 (Fig. 5.12 

and 5.13). 
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Fig. 5.12: Unknown Raman spectrum (a) together with the reference spectra of the 
pigments identified PR4 (b) and PY1 (c) 

 

Fig. 5.13: Plot of the unknown spectrum and the mathematical mixture spectrum of PR4 
and PY1 pigments in PCs space 
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Example 5: 
 

In this example, the analyzed sample was a mixture of the PY1 pigment and the PG7 

pigment. When the identification criteria were applied to the acquired Raman spectrum 

from the sample, only one separated candidate was found: the PY1 pigment with a 

Reliability Factor of RF(PY1) = 69.11%. As this RF is lower than the value established 

to build mathematical spectra of mixtures (75%), the mixture-building criteria were 

applied creating a fictitious mixture with the two patterns which had the lowest 

Euclidian distances to the studied spectrum. Nevertheless, after applying the 

identification criteria to the spectrum of the created mixture no matches were found, and 

the unknown spectrum could only be identified as the PY1 pigment (RF(PY1) = 

69.11%), while some Raman bands of PG7 pigment are present (see Fig. 5.14).  

Fig. 5.14: Unknown Raman spectrum (blue) together with the matched reference spectrum 
PY1 (red). Highlighted in green the Raman bands of pigment PG7present in the mixture 

 

This result could be attributed to the fact that the intensity of one of the components of 

the mixture is lower than the theoretical bound, as explained in Section 3.4.2: Impact 

analysis of differences between relative intensities. Thus, the algorithm was able to 

identify only one component of the mixture, in this case the PY1 pigment. 

 

Example 6: 

In this example, the analyzed sample was a ternary mixture of the Vermilion, the 

Chrome Yellow and the Ultramarine Blue pigments. When applying the identification 

methodology no separated candidates were found. Thus, the mixture-building criteria 

were applied creating a fictitious mixture with the two patterns which had the lowest 

Euclidian distances to the studied spectrum: the Vermilion and the Chrome Yellow. The 

identification criteria were applied over this fictitious spectrum obtaining a Reliability 
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Factor of RF(Mixture of Vermilion and Chrome Yellow) = 82.67%. This result would 

lead to conclude that the analyzed sample corresponded to a mixture of the Vermilion 

and Chrome Yellow pigments. Nevertheless, attending to Fig. 5.15, the Raman bands of 

the Ultramarine Blue pigment are present. This result comes from the fact that it is a 

construction limitation of the mixtures algorithm: the PCA-based methodology is 

focused on binary mixtures, as explained in Section 3.4.1: Intrinsic restrictions: 

Identification limited to binary mixtures. 

 

Fig. 5.15: Unknown Raman spectrum (a) together with the reference spectra of the 
pigments identified Chrome Yellow (b) and Vermilion (c). Present Raman bands of the 

Ultramarine Blue pigment highlighted in green (a) 

 

Fig. 5.13: Plot of the unknown spectrum and the mathematical mixture spectrum of 
Chrome Yellow and Vermilion pigments in PCs space 

To overcome the limitations of the PCA-based algorithm as shown for the examples 5 

and 6, the ICA-based algorithm was developed. The following section shows the results 

when the ICA-based algorithm is applied to the spectra of the examples 5 and 6 of the 

current section, as well as to other examples. 
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5.4. Pigments identification through ICA-based algorithm 
 

Example 1: 
 

In this example, the analyzed sample was the mixture of the PY1 pigment and the PG7 

pigment (example 5 of the previous section, where only the PY1 pigment was identified 

after applying the PCA-based algorithm). After applying the ICA-based methodology, 

two candidates were found: the PG7 with a Reliability Factor of RF(PG7) = 50.2% and 

the PY1 with a Reliability Factor of RF(PY1) = 73.85% (see Fig. 5.16 and Fig. 5.17). 

This result allowed to conclude that the studied sample corresponded to a mixture of the 

PY1 and PG7 pigments (Fig.5.8 and Fig. 5.9). 

Fig. 5.16: Unknown Raman spectrum (a) together with the reference spectra of the 
pigments identified PG7 (b) and PY1 (c) 

Fig. 5.17: Unknown Raman spectrum together with the reference spectra of the 
pigments identified PY1 (red) and PG7 (green) in PCs space 



Chemometrics in Raman Spectroscopy Applied to Art Works Analysis 
 

 
84 

Example 2: 
 

In this example, the analyzed sample was a ternary mixture of the Vermilion, the 

Chrome Yellow and the Ultramarine Blue pigments (example 6 of the previous section, 

where it was identified only as a binary). After applying the ICA-based methodology 

iteratively, three candidates were found: the Chrome Yellow pigment with a Reliability 

Factor of RF(Chrome Yellow) = 89.53%, the Vermilion pigment with a Reliability 

Factor of RF(Vermilion) = 85.58%, and the Ultramarine Blue pigment with a Reliability 

Factor of RF(Ultramarine Blue) = 50.89%. This result led to conclude that the analyzed 

Raman spectrum corresponded to a mixture of the Vermilion, the Chrome Yellow and 

the Ultramarine Blue pigments (see Fig. 5.18 and Fig. 5.19). 

Fig. 5.18: Unknown Raman spectrum (a) together with the reference spectra of the 
pigments identified Chrome Yellow (b), Vermilion (c) and Ultramarine Blue (d) 

 
 

Fig. 5.19: Unknown Raman spectrum together with the reference spectra of the pigments 
identified Vermilion (red), Ultramarine Blue (green) and Chrome Yellow (black) in PCs space 
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Example 3: 
 

For this example, the analyzed sample was the mixture of Rutile pigment and 

Ultramarine blue pigment (the same as in the example 2 of the previous section). When 

the identification criteria were applied to the spectrum of the measured sample no 

separated candidates were found. Hence, the ICA algorithm was applied with the 

unknown spectrum and the closest pattern in PCs (Rutile) as inputs, obtaining two 

unknown spectra, which, after applying the identification criteria were identified as the 

Rutile pigment with a Reliability Factor of RF(Rutile) = 92.61% and as the Ultramarine 

blue pigment with a Reliability Factor of RF(Ultramarine blue) = 77.74%. This result 

led to conclude that the analyzed sample corresponded to a mixture of the pigments 

Rutile and Ultramarine blue (Fig. 5.20 and Fig. 5.21). 

Fig. 5.20: Unknown Raman spectrum (a) together with the reference spectra of the 
pigments identified Ultramarine blue (b) and Rutile (c) 

Fig. 5.21: Unknown Raman spectrum together with the reference spectra of the 
pigments identified Ultramarine blue (red) and Rutile (green) in PCs space 



Chemometrics in Raman Spectroscopy Applied to Art Works Analysis 
 

 
86 

Example 4: 
 

The sample analyzed in this example was the mixture of the pigment PY1 and the 

pigment PR3 (the same as in the example 3 of the previous section). When the 

identification criteria were applied to the spectrum of the measured sample it was found 

a separated candidate, the pigment PR3 with a Reliability Factor of RF(PR3)=42.39%. 

As this RF was lower than the value established for the mixtures criterion (75%), the 

ICA algorithm was applied with the unknown spectrum and the closest pattern in PCs 

(PY1) as inputs, obtaining two unknown spectra, which, after applying the identification 

criteria were identified as the PY1 pigment with a Reliability Factor of RF(PY1) = 

88.95% and as the PR3 pigment with a Reliability Factor of RF(PR3) = 74.71%. This 

result allowed to conclude that the analyzed sample corresponded to a mixture of the 

pigments PY1 and PR3 (Fig. 5.22 and Fig. 5.23). 

Fig. 5.22: Unknown Raman spectrum (a) together with the reference spectra of the 
pigments identified PR3 (b) and PY1 (c) 

Fig. 5.23: Unknown Raman spectrum together with the reference spectra of the 
pigments identified PY1 (red) and PR3 (green) in PCs space 
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Example 5: 
The sample analyzed in this example was the mixture of Rutile, Ultramarine Blue and 

PY1. When the identification criteria were applied to the measured Raman spectrum no 

separated candidates were found. Thus, the ICA-based methodology was applied to the 

unknown Raman spectrum, and after being applied iteratively, three candidates were 

found automatically: the Rutile pigment with a Reliability Factor of RF(Rutile) = 

15.13%, the Ultramarine Blue pigment with a Reliability Factor of RF(Ultramarine 

Blue) = 88.35%, and the PY1 pigment with a Reliability Factor of RF(PY1) = 81.93%. 

This result led to conclude that the analyzed sample corresponded to a mixture of the 

pigments Rutile and Ultramarine blue and PY1 (see Fig. 5.24 and Fig. 5.25). 

Fig. 5.24: Unknown Raman spectrum (a) together with the reference spectra of the 
pigments identified Ultramarine Blue (b), Rutile (c) and PY1 (d) 

Fig. 5.25: Unknown Raman spectrum with the reference spectra of the pigments 
identified Ultramarine Blue (red), Rutile (green) and PY1 (black) in PCs space 
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Example 6: 
The sample analyzed in this example was the mixture of Rutile, PY1 and PR4. When 

the identification criteria were applied to the measured Raman spectrum no separated 

candidates were found. Thus, the ICA-based methodology was applied to the unknown 

Raman spectrum, and after being applied iteratively, three candidates were found 

automatically: the Rutile pigment with a Reliability Factor of RF(Rutile) = 87.35%, the 

PY1 pigment with a Reliability Factor of RF(PY1) = 33.67%, and the PR4 pigment with 

a Reliability Factor of RF(PR4) = 70.71%. This result allowed to conclude that the 

analyzed sample corresponded to a mixture of the pigments Rutile, PY1 and PR4 (see 

Fig. 5.26 and Fig. 5.27). 

Fig. 5.26: Unknown Raman spectrum (a) together with the reference spectra of the 
pigments identified Rutile (b), PY1 (c) and PR4 (d) 

Fig. 5.27: Unknown Raman spectrum together with the reference spectra of the 
pigments identified Rutile (red), PY1 (green) and PR4 (black) in PCs space 
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Example 7: 
The sample analyzed in this example was the mixture of PY1, PR4 and PB15. When the 

identification criteria were applied to the measured Raman spectrum no separated 

candidates were found. Thus, the ICA-based methodology was applied to the unknown 

Raman spectrum, and after being applied iteratively, three candidates were found 

automatically: the PY1 pigment with a Reliability Factor of RF(PY1) = 48.66%, the 

PR4 pigment with a Reliability Factor of RF(PR4) = 76.51% and the PB15 pigment 

with a Reliability Factor of RF(PB15) = 75.52%. This result allowed to conclude that 

the analyzed sample corresponded to a ternary mixture of the pigments PY1, PR4 and 

PB15 (see Fig. 5.28 and Fig. 5.29). 

Fig. 5.28: Unknown Raman spectrum (a) together with the reference spectra of the 
pigments identified PB15 (b), PR4 (c) and PY1 (d) 

Fig. 5.29: Unknown Raman spectrum together with the reference spectra of the 
pigments identified PY1 (red), PR4 (green) and PB15 (black) in PCs space 
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5. 5. Pigments identification: Application to paintings 

 
The current section shows the performance of the implemented methodology of 

pigments identification for Raman spectra measured in paintings in the Raman 

Laboratory of the UPC. Specifically, the pigment analysis of three art works is 

presented: 3 óleos sobre tabla, Virgin and Child, and Saint Engratia. 

 

5.5.1. 3 óleos sobre tabla  
 

The study of this art work was carried out to verify its authorship: despite being a 

signed work, it was wanted to certify its authenticity. The art work is signed by Cecilio 

Pla (Valencia, 1860 - Madrid, 1934) and therefore it was initially attributed to this artist, 

exponent of modernist painting in Valencia. Nevertheless, after the analysis of the 

pigmentation of the art work it was discovered that it would be a fake (see next pages). 

The work is composed of three oil paintings representing beach scenes (Fig. 5.29). 

 
Fig. 5.29: Analyzed art work initially attributed to Cecilio Pla 
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This example presents an analysis of a Raman spectrum (see Fig. 5.30) obtained in a 

bluish area of the artwork. When the identification criteria were applied to the unknown 

Raman spectrum (after filtered) two separated spectra were found, the Ultramarine Blue 

pigment with a Reliability Factor of RF(Ultramarine Blue) = 58.99% and the Red Lead 

pigment with a Reliability Factor of RF(Red Lead) = 54.64%. As these RFs were lower 

than the value established for the mixtures criterion (75%), the ICA-based methodology 

was applied to the unknown Raman spectrum, and after being applied iteratively, two 

candidates were found automatically: the Ultramarine Blue pigment with a Reliability 

Factor of RF(Ultramarine Blue) = 91.03% and the PB15 pigment with a Reliability 

Factor of RF(PB15) = 38.41%. This result allowed to conclude that the analyzed sample 

corresponded to a mixture of the pigments Ultramarine Blue and PB15 (see Fig. 5.31 

and Fig. 5.32). 

 

 
Fig. 5.30: Unknown Raman spectrum (in blue) and same spectrum after being filtered (in red) 
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Fig. 5.31: Unknown Raman spectrum (a) together with the reference spectra of the 

pigments identified Ultramarine Blue (b) and PB15 (c) 

 

 
Fig. 5.32: Unknown Raman spectrum together with the reference spectra of the pigments 

identified Ultramarine Blue (red) and PB15 (green) in PCs space 

 
The first use in paintings of the PB15 pigment was around 1935. According to this 

information, the analysis of the pigmentation of the art work would reveal that it may 

not correspond to Cecilio Pla, since he died in 1934. This example shows how 

important it is to apply objective techniques in the analysis and study of art works and 

the identification of their pigmentation to obtain information that can detect fakes. 
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5.5.2. Virgin and Child 

 
The current section presents different pigments analyzed in the Raman Laboratory of 

the UPC from an art work representing an image of the Virgin and Child. The work is a 

pictorial representation of Mary, Mother of Jesus, with the infant Jesus (Fig. 5.33). 

Pending of more exhaustive analysis conducted by art historians, the art work may be 

linked to Leonardo’s circle (first half of XVI century) corroborated by the analyzed 

pigmentation through Raman spectroscopy, presenting two examples in this section. 

 

 
Fig. 5.33: Analyzed art work 

 

 

 

http://en.wikipedia.org/wiki/Jesus�
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Example 1: 
 

This example presents an analysis of a Raman spectrum (see Fig. 5.34) obtained in a 

whitish area of the artwork. When the identification criteria were applied to the 

unknown Raman spectrum (after filtering its baseline) one candidate was found, the 

White Lead pigment with a Reliability Factor of RF(White Lead) = 76.9%. This result 

leads to conclude that the analyzed pigment corresponds to the White Lead pigment (see 

Fig. 5.35). 

 
Fig. 5.34: Unknown Raman spectrum (in blue) and same spectrum after being filtered (in red) 

 
Fig. 5.35: Unknown Raman spectrum (in blue) together with the reference spectra of the pigment 

identified White Lead (in red) in spectral space (at the top) and in PCs space (at the bottom) 
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Example 2: 

This example presents an analysis of a Raman spectrum (see Fig. 5.36) obtained in 

another reddish area of the artwork. When the identification criteria were applied to the 

unknown Raman spectrum (after filtering its baseline) no candidates were found. 

Hence, the ICA methodology was applied to the unknown spectrum, finding one 

candidate, the Hematite pigment, with a Reliability Factor of RF(Hematite) = 53.43%. 

This result leads to conclude that the analyzed pigment corresponds to the Hematite 

pigment (see Fig. 5.37). 

 
Fig. 5.36: Unknown Raman spectrum (in blue) and same spectrum after being filtered (in red) 

 
Fig. 5.37: Unknown Raman spectrum (in blue) together with the reference spectra of the pigment 

identified Hematite (in red) in spectral space (at the top) and in PCs space (at the bottom) 
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5.5.3. Saint Engratia 

 
The current section presents different pigments analyzed in the Raman Laboratory of 

the UPC from an art work representing an image of a Saint Engratia. The work is a 

pictorial representation of a virgin martyr (Fig. 5.38). Pending of more exhaustive 

analysis conducted by art historians, the art work may be linked to the Aragonese 

School, XVII century, corroborated by the analyzed pigmentation through Raman 

spectroscopy, presenting two examples in this section. 

 

 
Fig. 5.38: Analyzed art work 
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Example 1: 
 

This example presents an analysis of a Raman spectrum (see Fig. 5.39) obtained in a 

bluish area of the artwork. When the identification criteria were applied to the unknown 

Raman spectrum (after filtering its baseline) one candidate was found, the Azurite 

pigment with a Reliability Factor of RF(Azurite) = 23.01%. Since this RF is lower than 

the one established for mixture criterion (75%), the ICA methodology was applied. The 

closest pattern in PCs space to the unknown spectrum resulted to be the Azurite pigment 

again, appearing this time with a Reliability Factor of RF(Azurite) = 55.68%. This 

result leads to conclude that the analyzed pigment corresponds to the Azurite pigment 

(see Fig. 5.40). 

 
Fig. 5.39: Unknown Raman spectrum (in blue) and same spectrum after being filtered (in red) 

 

Fig. 5.40: Unknown Raman spectrum (in blue) together with the reference spectra of the pigment 
identified Azurite (in red) in spectral space (at the top) and in PCs space (at the bottom) 
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Example 2: 
 

This example presents an analysis of a Raman spectrum (see Fig. 5.41) obtained in a 

reddish area of the artwork. When the identification criteria were applied to the 

unknown Raman spectrum (after filtering its baseline) two candidates were found, the 

Vermilion pigment with a Reliability Factor of RF(Vermilion) = 31.03% and the White 

Lead pigment with a Reliability Factor of RF(White Lead) = 18.71%. Since these RFs 

are lower than the one established for mixture criterion (75%), the ICA methodology 

was applied to the unknown Raman spectrum, and after being applied iteratively, three 

candidates were found automatically: the Vermilion pigment with a Reliability Factor of 

RF(Vermilion) = 83.05%, the White Lead pigment with a Reliability Factor of 

RF(White Lead) = 84.65%, and the Barite pigment with a Reliability Factor of 

RF(Barite) = 75.01%. This result led to conclude that the analyzed sample corresponded 

to a mixture of the pigments Vermilion and White Lead and Barite (see Fig. 5.42 and 

Fig. 5.43). 
 

 

 
Fig. 5.41: Unknown Raman spectrum (in blue) and same spectrum after being filtered (in red) 
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Fig. 5.42: Unknown Raman spectrum (a) together with the reference spectra of the 

pigments identified Vermilion (b), White Lead (c) and Barite (d) 

 
 

 
Fig. 5.43: Unknown Raman spectrum (blue) together with the reference spectra of the 

pigments identified Vermilion (red), White Lead (green) and Barite (black) in PCs space 
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6. SUMMARY AND CONCLUSIONS 
 

The main purpose of this Master Thesis was to study, analyze and apply chemometrics 

to Raman spectroscopy in the application of artistic pigments identification for the 

designing, developing an implementation of an automatic identification system of 

Raman spectra of pigments and pigment mixtures. 

The automation of the identification process has become a hot topic of research 

nowadays since identifying Raman spectra of organic pigments may turn out to be a 

complex and tedious task due to their large number of bands located close together, 

further complicated if the analyzed samples come from pigment mixtures, which 

usually are not in the reference spectral libraries. 

In this Master Thesis the use of chemometrics was proposed in order to perform the 

artistic pigment identification in a systematic and objective way, as well as to automate 

and to speed up the decision-making process. The main conclusions of the developed 

work are summarized hereafter: 

- Firstly, the so-called PCA-based searching algorithm was presented. This 

methodology is based on building fictitious spectra. These “spectra” are 

obtained in the reduced space generated by the chemometric technique of 

Principal Components Analysis (PCA) applied on a reference spectral library. 

This strategy avoids the manufacturing of reference mixtures from all possible 

mixtures of pure pigments, with all the variability regarding to relative 

intensities that this could involve, and allows the application of the proposed 

identification criteria without adding complexity. That is, the developed 

algorithm speeds up the identification process saving computing resources and 

having a very short processing time (of around 100ms). 

 

- The major challenge in the identification analysis of mixtures lies in determining 

the most suitable patterns to built the fictitious spectra. The mixture-building 

criteria have demonstrated good results for a simulation stage and for different 

experimental cases. The impact of measurement conditions on the spectral 
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identification as the variation of the relative intensities between bands due to 

fluorescence was analyzed providing boundaries for proper performance. 

Moreover, it has been shown that this methodology is focused on the 

identification of binary mixtures, discussing the limitation when analyzing 

Raman spectra coming from mixtures of more than two components. 

 
- To overcome the limitations of the first algorithm, the so-called ICA-based 

searching algorithm was presented. Without any previous knowledge of the 

analyzed sample, the main point of this developed methodology is that it is able 

to distinguish if an unknown spectrum comes from a single pigment identifying 

the corresponding reference, or if it comes from a mixture it is able to identify 

all its components. This algorithm is based on the technique of Independent 

Component Analysis (ICA), which is a general method that recovers a set of 

independent signals from a set of measured signals, in combination with the 

Principal Component Analysis. When dealing with mixtures, the presented 

solution does not require to know beforehand how many components the 

mixture is composed of.  

 
- It has been shown the correct performance of the implemented methodologies 

for the identification of Raman spectra of pigments in experimental cases, 

presenting several examples of Raman spectra measured in both handmade 

samples and art works. 

 
- The results showed that the proposed methodologies and the implemented 

algorithms work correctly. The developed system allows the identification of 

spectra without the need of locating the position of their Raman bands, using the 

reduced expression of the full spectrum provided by the Principal Component 

Analysis, which is a simplified representation that avoids redundancy without 

causing losses of information. In this way a significant saving of time and 

computing resources is obtained. 

 
- The squared cosine proved to be a valid tool for assessing the quality of the 

spectral representation in the new transformed space generated by the PCA, as 

the representation of an unknown spectrum can be affected when projected onto 

the reduced space generated by the reference spectral library. 



Summary and Conclusions 
 

 103 

 
- The Euclidean distance has resulted in a ideal tool to quantify the similarity 

between spectra. From this single tool, applied to the expression of the Raman 

spectra in the space of PCs, have been defined some criteria that allow the 

spectral recognition. When an unknown spectrum fulfills any of these criteria, 

the system generates a candidate, associating a parameter related to the degree of 

reliability on the identification, based on spectral similarity.  

 
- Finally, the system is fully automated, and it should be noted that the Reliability 

Factor is intended to provide guidance in the identification process and should 

be taken as a value to help the user to make a final decision, becoming a useful 

tool for the analyst in the decision-making process. 

In short, the implemented system was based on using the squared cosine, the Euclidean 

distance and the chemometric techniques of Principal Component Analysis (for 

dimensional reduction) and Independent Components Analysis (for separating 

components in mixtures). Thus, it results in an automated, objective, fast, effective and 

computationally simple method in the application of the artistic pigments identification 

through Raman spectroscopy without ambiguity or destructiveness, which allows to 

solve forensic issues and to preserve our cultural heritage. 
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ANNEX 1: Impact analysis of differences 
between relative intensities 
 

In the current annex, the impact analysis of differences between relative intensities is 

presented for the simulated reference spectral library. The results shown hereafter 

illustrate the theoretical bounds obtained by applying the expressions described in 

Chapter 3, confirmed by the identification results of the PCA-based searching algorithm 

for each simulated pattern when the secondary bands are increased (firstly) and 

decreased (secondly). 
 

 

1. First simulated pattern: 

Theoretical bounds when the secondary bands are increased: 
 

• Limitation given by the first identification criterion: 

  𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟑𝟕𝟒𝟗 > 𝑰𝟏 − 𝑰𝟐 = 𝟎.𝟐𝟏𝟕𝟏
 
→ Differences in intensity does not limit 

• Attending to the second identification criterion: 

If 
kmin
libminunk _)(cos2 >   and if dist(unk, k-th pattern)<mink 

then the k-th pattern is candidate 

The minimum distance of the library is given by this first simulated pattern and 

the second one (𝑚𝑖𝑛_𝑙𝑖𝑏 = 𝑚𝑖𝑛1 = 𝑚𝑖𝑛2). Then, when applying the squared 

cosine condition: 

𝑚𝑖𝑛_𝑙𝑖𝑏
𝑚𝑖𝑛𝑘

=
𝑚𝑖𝑛_𝑙𝑖𝑏
𝑚𝑖𝑛1

= 1 

Since the squared cosine of an unknown spectrum is always lower than 1, the 

second identification criterion does not apply. 

 

      Methodology performance when increasing secondary bands in steps of 0.025 (note 

      that  A  stands  for  the  difference  between  the  secondary  band  of  the unknown   

      simulated spectrum and the original one, ranging from 0 to 𝐼1 − 𝐼2): 

 

A Candidate dist(unk, pattern 1) cos2(unk) R.F. (%) 
0 1 0 1 100 
0.025 1 1.7377 0.9971 96.28 
0.05 1 3.4755 0.9891 92.55 
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0.075 1 5.2132 0.9769 88.82 
0.1 1 6.9511 0.9617 85.11 
0.125 1 8.6887 0.9446 81.37 
0.15 1 10.4265 0.9266 77.65 
0.175 1 12.1642 0.9084 73.92 
0.2 1 13.9021 0.8906 71.21 

 

 
 

Theoretical bounds when the secondary bands are decreased: 
 

• Limitation given by the first identification criterion: 

  𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟏.𝟑𝟓𝟒𝟏 > 𝑰𝟐 = 𝟎.𝟕𝟖𝟐𝟖
 
→ Differences in intensity does not limit 

 

      Methodology performance when decreasing secondary bands in steps of 0.025: 

 

A Candidate dist(unk, pattern 1) cos2(unk) R.F. (%) 
0 1 0 1 100 
0.025 1 0.4798 0.9997 99.18 
0.05 1 0.9597 0.9991 98.69 
0.075 1 1.4397 0.9978 97.53 
0.1 1 1.9196 0.9961 96.37 
0.125 1 2.3995 0.9938 95.22 
0.15 1 2.8794 0.9910 95.06 
0.175 1 3.3592 0.9877 94.29 
0.2 1 3.8391 0.9838 93.75 
0.225 1 4.3191 0.9794 92.59 
0.25 1 4.7989 0.9745 91.43 
0.275 1 5.2788 0.9691 91.28 
0.3 1 5.7587 0.9631 90.12 
0.325 1 6.2386 0.9567 89.96 
0.35 1 6.7185 0.9499 88.81 
0.375 1 7.1984 0.9427 87.65 
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0.4 1 7.6783 0.9351 86.49 
0.425 1 8.1582 0.9271 86.34 
0.45 1 8.6381 0.9188 85.18 
0.475 1 9.1181 0.9103 84.02 
0.5 1 9.5978 0.9015 83.87 
0.525 1 10.0777 0.8926    82.71 
0.55 1 10.5576 0.8835 82.55 
0.575 1 11.0375 0.8744 81.4 
0.6 1 11.5174 0.8651 80.24 
0.625 1 11.9973 0.8558 79.08 
0.65 1 12.4772 0.8466 78.93 
0.675 1 12.9571 0.8374 77.77 
0.7 1 13.437 0.8282 77.61 
0.725 1 13.9169 0.8192 76.36 
0.75 1 14.3968 0.8103    75.53 
0.775 1 14.8767 0.8015 74.75 

 

 
 

2. Second simulated pattern: 

Theoretical bounds when the secondary bands are increased: 
 

• Limitation given by the first identification criterion: 

  𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟏.𝟗𝟐𝟒𝟗 > 𝐼𝟏 − 𝑰𝟐 = 𝟎.𝟕𝟔𝟖𝟐
 
→ Differences in intensity does not limit 

• Attending to the second identification criterion: 

If 
kmin
libminunk _)(cos2 >   and if dist(unk, k-th pattern)<mink 

then the k-th pattern is candidate 
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As commented for the previous case, the minimum distance of the library is 

given by this second simulated pattern and the first one (𝑚𝑖𝑛𝑙𝑖𝑏 = 𝑚𝑖𝑛1 =

𝑚𝑖𝑛2). Then, when applying the squared cosine condition: 

𝑚𝑖𝑛_𝑙𝑖𝑏
𝑚𝑖𝑛𝑘

=
𝑚𝑖𝑛_𝑙𝑖𝑏
𝑚𝑖𝑛2

= 1 

Since the squared cosine of the unknown spectrum is always lower than 1, the 

second identification criterion does not apply. 
 

As for the previous case, the following table shows the methodology performance 

when increasing secondary bands in steps of 0.025: 
 

A Candidate dist(unk, pattern 2) cos2(unk) R.F. (%) 
0 2 0 1 100 
0.025 2 0.3375 0.99944 98.82 
0.05 2 0.6751 0.99776 97.64 
0.075 2 1.0128 0.99497 97.58 
0.1 2 1.3503 0.99108 96.77 
0.125 2 1.6879 0.98612 95.97 
0.15 2 2.0255 0.98012 95.16 
0.175 2 2.3631 0.97313    94.36 
0.2 2 2.7007 0.96518 94.08 
0.225 2 3.0383 0.95635 93.34 
0.25 2 3.3759 0.94669 92.60 
0.275 2 3.7135 0.93627 91.86 
0.3 2 4.0511 0.92515 91.12 
0.325 2 4.3886 0.91341 90.38 
0.35 2 4.7262 0.90113 89.64 
0.375 2 5.0638 0.88837 88.91 
0.4 2 5.4014 0.87521 88.16 
0.425 2 5.739 0.86171 87.42 
0.45 2 6.0766 0.84795 86.68 
0.475 2 6.4141 0.83399 85.94 
0.5 2 6.7517 0.81989 85.20 
0.525 2 7.0893 0.80571 84.46 
0.55 2 7.4269 0.7915 83.72 
0.575 2 7.7645 0.77731 82.98 
0.6 2 8.1021 0.76318    82.25 
0.625 2 8.4397 0.74916 81.51 
0.65 2 8.7773 0.73528 80.77 
0.675 2 9.1148 0.72157 80.03 
0.7 2 9.4524 0.70807 79.29 
0.725 2 9.7911 0.69478 78.55 
0.75 2 10.1276 0.68174 77.81 
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Theoretical bounds when the secondary bands are decreased: 

• Limitation given by the first identification criterion: 

  𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟐.𝟔𝟑𝟔𝟗 > 𝐼𝟐 = 𝟎.𝟐𝟑𝟏𝟕
 
→ Differences in intensity does not limit 

As for the previous case, the following table shows the methodology performance 

when decreasing secondary bands in steps of 0.025: 
 

A Candidate dist(unk, pattern 2) cos2(unk) R.F. (%) 
0 2 0 1 100 
0.025 2 0.2464 0.9998 99.52 
0.05 2 0.4928 0.9994 98.04 
0.075 2 0.7393 0.9987 97.56 
0.1 2 0.9857 0.9977 96.08 
0.125 2 1.2322 0.9964    95.61 
0.15 2 1.4786 0.9949 94.12 
0.175 2 1.7251 0.9931 93.63 
0.2 2 1.9715 0.9910 92.15 
0.225 2 2.2179 0.9887 91.67 

 



Chemometrics in Raman Spectroscopy Applied to Art Works Analysis 
 

 114 

3. Third simulated pattern: 

Theoretical bounds when the secondary bands are increased: 
 

• Limitation given by the first identification criterion: 

  𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟖𝟏𝟕𝟏 > 𝑰𝟏 − 𝑰𝟐 = 𝟎.𝟓𝟗𝟎𝟐
 
→ Differences in intensity does not limit 

• Limitation given by the second identification criterion: 

- due to squared cosine:  

𝑨𝒎𝒊𝒏𝟐𝒏𝒅−𝒄𝒐𝒔 = 𝟏.𝟏𝟔𝟒𝟕 > 𝑰𝟏 − 𝑰𝟐 = 𝟎.𝟓𝟗𝟎𝟐
 
→ Does not limit 

- due to distances: 𝑨𝒎𝒊𝒏𝟐𝒏𝒅 = 𝟏.𝟐𝟒𝟏𝟖 > 𝐼𝟏 − 𝑰𝟐 = 𝟎.𝟓𝟗𝟎𝟐
 
→ Does not limit 

 

As for the previous case, the following table shows the methodology performance 

when increasing secondary bands in steps of 0.025: 

 

A Candidate dist(unk, pattern 3) cos2(unk) R.F. (%) 
0 3 0 1 100 
0.025 3 0.7953 0.9993 97.87 
0.05 3 1.5907 0.9972 95.74 
0.075 3 2.3861 0.9939    93.6 
0.1 3 3.1814 0.9893 91.47 
0.125 3 3.9768 0.9837 89.34 
0.15 3 4.7721 0.9770 87.21 
0.175 3 5.5675 0.9695 85.08 
0.2 3 6.3628 0.9611 83.95 
0.225 3 7.1582 0.9521 81.81 
0.25 3 7.9536 0.9425 79.68 
0.275 3 8.7489 0.9324 77.55 
0.3 3 9.5443 0.9220 75.42 
0.325 3 10.339 0.9113 73.29 
0.35 3 11.135 0.9003 71.16 
0.375 3 11.930 0.8893 69.02 
0.4 3 12.725 0.8782 67.89 
0.425 3 13.521 0.8670 65.76 
0.45 3 14.316 0.8560 63.63 
0.475 3 15.111 0.8450    61.75 
0.5 3 15.907 0.8342 59.36 
0.525 3 16.702 0.8235 57.23 
0.55 3 17.497 0.8131    55.71 
0.575 3 18.293 0.8028 53.97 
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Theoretical bounds when the secondary bands are decreased: 
 

• Limitation given by the first identification criterion: 

  𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟏.𝟏𝟏𝟔𝟐 > 𝐼𝟐 = 𝟎.𝟒𝟎𝟗𝟕
 
→  Differences in intensity does not limit 

• Limitation given by the second identification criterion: 

- due to squared cosine: 

𝑨𝒎𝒊𝒏𝟐𝒏𝒅−𝒄𝒐𝒔 = 𝟐.𝟑𝟓𝟖𝟕> 𝑰𝟏 − 𝑰𝟐 = 𝟎.𝟒𝟎𝟗𝟕 
 
→ Does not limit 

- due to distances: 𝑨𝒎𝒊𝒏𝟐𝒏𝒅 = 𝟏.𝟔𝟗𝟔𝟔 > 𝐼𝟏 − 𝑰𝟐 = 𝟎.𝟒𝟎𝟗𝟕 
 
→ Does not limit 

 

As for the previous case, the following table shows the methodology performance 

when decreasing secondary bands in steps of 0.025: 
 

A Candidate dist(unk, pattern 3) cos2(unk) R.F. (%) 
0 3 0 1 100 
0.025 3 0.5821 0.9997 98.26 
0.05 3 1.1643 0.9988 97.23 
0.075 3 1.7465 0.9974 95.79 
0.1 3 2.3287 0.9955 94.06 
0.125 3 2.9108 0.9929 92.32 
0.15 3 3.4931 0.9898 91.59 
0.175 3 4.0752 0.9861 89.85 
0.2 3 4.6574 0.9818 88.11 
0.225 3 5.2395 0.9770 86.38 
0.25 3 5.8217 0.9717 85.64 
0.275 3 6.4039 0.9659 83.91 
0.3 3 6.9861 0.9595 82.17 
0.325 3 7.5682 0.9528 80.44 
0.35 3 8.1504 0.9451 79.37 
0.375 3 8.7325 0.9381 77.97 
0.4 3 9.3147 0.9301 76.23 
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4. Fourth simulated pattern: 

Theoretical bounds when the secondary bands are increased: 
 

• Limitation given by the first identification criterion: 

  𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟑𝟔𝟐𝟗 > 𝐼𝟏 − 𝑰𝟐 = 𝟎.𝟐𝟏𝟗𝟓
 
→ Differences in intensity do not limit 

• Limitation given by the second identification criterion: 

- due to squared cosine:  

𝑨𝒎𝒊𝒏𝟐𝒏𝒅−𝒄𝒐𝒔 = −𝟏𝟐.𝟒𝟒𝟖𝟗 < 𝟎
 
→ Does not limit 

- due to distances: 𝑨𝒎𝒊𝒏𝟐𝒏𝒅 = 𝟎.𝟓𝟖𝟓𝟏 > 𝐼𝟏 − 𝑰𝟐 = 𝟎.𝟐𝟏𝟗𝟓
 
→ Does not limit 

 

As for the previous case, the following table shows the methodology performance 

when increasing secondary bands in steps of 0.025: 

 
A Candidate dist(unk, pattern 4) cos2(unk) R.F. (%) 
0 4 0 1 100 
0.025 4 1.7902 0.9987 95.28 
0.05 4 3.5805 0.9952 91.55 
0.075 4 5.3707 0.9903 87.83 
0.1 4 7.1611 0.9841 82.91 
0.125 4 8.9512 0.9770 78.38 
0.15 4 10.7414 0.9695 74.65 
0.175 4 12.5317 0.9616 70.93 
0.2 4 14.3219 0.9535 65.82 
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Theoretical bounds when the secondary bands are decreased: 
 

• Limitation given by the first identification criterion: 

  𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟓𝟑𝟗𝟒 𝐼𝟐 = 𝟎.𝟕𝟖𝟎𝟒
 
→  Correct identification until 𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟓𝟑𝟗𝟒 

• Limitation given by the second identification criterion: 

- due to squared cosine: 

𝑨𝒎𝒊𝒏𝟐𝒏𝒅−𝒄𝒐𝒔 = −𝟐.𝟐𝟑𝟐𝟒 < 0
 
→ Does not limit 

- due to distances: 𝑨𝒎𝒊𝒏𝟐𝒏𝒅 = 𝟎.𝟖𝟔𝟗𝟓 > 𝐼𝟏 − 𝑰𝟐 = 𝟎.𝟕𝟖𝟎𝟒
 
→ Does not limit 

 

Although the first criterion limit the identification when the differences between 

the secondary band of the unknown simulated spectrum and the corresponding 

original one are higher than 0.5394, the second criterion does not limit. Therefore, 

the identification is always correctly achieved. 
 

As for the previous case, the following table shows the methodology performance 

when decreasing secondary bands in steps of 0.025: 
 

A Candidate dist(unk, pattern 4) cos2(unk) R.F. (%) 
0 4 0 1 100 
0.025 4 1.2047 0.9998 97.25 
0.05 4 2.4094 0.9993 94.25 
0.075 4 3.6142 0.9983 91.75 
0.1 4 4.8189 0.9969 88.55 
0.125 4 6.0236 0.9949    89.62 
0.15 4 7.2283 0.9922 87.14 
0.175 4 8.4331 0.9888 85.67 
0.2 4 9.6378 0.9846 83.19 
0.225 4 10.8425 0.9794 81.71 
0.25 4 12.0472 0.9732 79.24 
0.275 4 13.2519 0.9659 77.76 
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0.3 4 14.4566 0.9575 75.28 
0.325 4 15.6614 0.9478 73.81 
0.35 4 16.8661 0.9368 71.33 
0.375 4 18.0708 0.9247 69.86 
0.4 4 19.2755 0.9113 67.38 
0.425 4 20.4802 0.8969    65.19 
0.45 4 21.6851 0.8817 63.43 
0.475 4 22.8897 0.8658 61.88 
0.5 4 24.0944 0.8494 61.05 
0.525 4 25.2991 0.8331 60.44 
0.55 4 26.5038 0.8169 60.15 
0.575 4 27.7085 0.8012 59.13 
0.6 4 28.9133 0.7864 58.14 
0.625 4 30.1181 0.7727 57.04 
0.65 4 31.3227 0.7601 56.95 
0.675 4 32.5274 0.7490 56.05 
0.7 4 33.7321 0.7393 55.45 
0.725 4 34.9369 0.7311 55.12 
0.75 4 37.7573 0.7267 53.98 
0.775 4 39.0511 0.7712 53.47 

 

 

 
 

 

 

5. Fifth simulated pattern: 

Theoretical bounds when the secondary bands are increased: 
 

• Limitation given by the first identification criterion: 

  𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟓𝟏𝟎𝟕 > 𝐼𝟏 − 𝑰𝟐 = 𝟎.𝟎𝟐𝟔𝟗
 
→ Differences in intensity do not limit 

• Limitation given by the second identification criterion: 

- due to squared cosine:  
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𝑨𝒎𝒊𝒏𝟐𝒏𝒅−𝒄𝒐𝒔 = 𝟐.𝟔𝟐𝟏𝟒 > 𝐼𝟏 − 𝑰𝟐 = 𝟎.𝟎𝟐𝟔𝟗
 
→ Does not limit 

- due to distances: 𝑨𝒎𝒊𝒏𝟐𝒏𝒅 = 𝟎.𝟗𝟏𝟔𝟔 > 𝐼𝟏 − 𝑰𝟐 = 𝟎.𝟎𝟐𝟔𝟗
 
→ Does not limit 

 

As for the previous case, the following table shows the methodology performance 

when increasing secondary bands in steps of 0.025: 

 
A Candidate dist(unk, pattern 5) cos2(unk) R.F. (%) 
0 5 0 1 100 
0.025 5 1.2724 0.9989 97.27 

 

 
 
Theoretical bounds when the secondary bands are decreased: 
 

• Limitation given by the first identification criterion: 

  𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟕𝟓𝟒𝟔 𝐼𝟐 = 𝟎.𝟗𝟕𝟑
 
→  Correct identification until 𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟕𝟓𝟒𝟔 

• Limitation given by the second identification criterion: 

- due to squared cosine: 

𝑨𝒎𝒊𝒏𝟐𝒏𝒅−𝒄𝒐𝒔 = 𝟎.𝟖𝟒𝟕𝟖 𝑰𝟏 − 𝑰𝟐 = 𝟎.𝟗𝟕𝟑
 
→ Correct identification until 𝑨𝒎𝒊𝒏𝟏𝒔𝒕 =

𝟎.𝟕𝟓𝟒𝟔 

- due to distances: 𝑨𝒎𝒊𝒏𝟐𝒏𝒅 = 𝟏.𝟑𝟓𝟒𝟓 > 𝐼𝟏 − 𝑰𝟐 = 𝟎.𝟗𝟕𝟑
 
→ Does not limit 

 

Although the first criterion limit the identification when the differences between 

the secondary band of the unknown simulated spectrum and the corresponding 

original one are higher than 𝐴𝑚𝑖𝑛
1𝑠𝑡 = 0.7546, the second criterion does not limit until 

𝐴𝑚𝑖𝑛
2𝑛𝑑−𝑐𝑜𝑠 = 0.8478. Therefore, the identification is correctly achieved up to 

𝐴𝑚𝑖𝑛
2𝑛𝑑−𝑐𝑜𝑠 = 0.8478. 

 
 

As for the previous case, the following table shows the methodology performance 

when decreasing secondary bands in steps of 0.025: 
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A Candidate dist(unk, pattern 5) cos2(unk) R.F. (%) 
0 5 0 1 100 
0.025 5 0.8611 0.9998 98.54 
0.05 5 1.7222 0.9991 96.39 
0.075 5 2.5832 0.9980 94.46 
0.1 5 3.4443 0.9964 92.61 
0.125 5 4.3054 0.9942 90.77 
0.15 5 5.1665 0.9914 88.92 
0.175 5 6.0276 0.9880 87.08 
0.2 5 6.8886 0.9838 85.24 
0.225 5 7.7497 0.9788 83.38 
0.25 5 8.6108 0.9729 81.54 
0.275 5 9.4719 0.9662 79.69 
0.3 5 10.333 0.9585 77.85 
0.325 5 11.1941 0.9498 76.01 
0.35 5 12.0551 0.9400 74.11 
0.375 5 12.9162 0.9291 72.31 
0.4 5 13.7773 0.9171 70.46 
0.425 5 14.6384 0.9038 68.62 
0.45 5 15.4995 0.8894 66.77 
0.475 5 16.3605 0.8731 64.93 
0.5 5 17.2216 0.8564 63.08 
0.525 5 18.0827 0.8381 61.21 
0.55 5 18.9438 0.8197 59.34 
0.575 5 19.8049 0.7994 57.59 
0.6 5 20.6659 0.7781 55.73 
0.625 5 21.5271 0.7561 53.87 
0.65 5 22.3881 0.7330 52.02 
0.675 5 23.2492 0.7093 50.16 
0.7 5 24.1103 0.6851 48.32 
0.725 5 24.9714 0.6606 46.47 
0.75 5 25.8324 0.6359 44.62 
0.775 5 26.6935 0.6112 44.59 
0.8 5 27.5546 0.5866 45.64 
0.825 5 28.4157 0.5623 46.64 
0.85 1 29.2768 0.5386 13.23 
0.875 1 30.1378 0.5155 14.73 
0.9 1 30.9989 0.4931 16.14 
0.925 1 31.8612 0.4717 17.84 
0.95 1 32.7211 0.4513 20.35 
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6. Sixth simulated pattern: 

Theoretical bounds when the secondary bands are increased: 
 

• Limitation given by the first identification criterion: 

  𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟏𝟔𝟐𝟗 > 𝑰𝟏 − 𝑰𝟐 = 𝟎.𝟐𝟎𝟒
 
→ Correct identification until 𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟏𝟔𝟐𝟗 

• Limitation given by the second identification criterion: 

- due to squared cosine:  

𝑨𝒎𝒊𝒏𝟐𝒏𝒅−𝒄𝒐𝒔 = −𝟎.𝟗𝟎𝟏𝟐 < 0
 
→ Does not limit 

- due to distances: 𝑨𝒎𝒊𝒏𝟐𝒏𝒅 = 𝟎.𝟐𝟖𝟔𝟏 > 𝑰𝟏 − 𝑰𝟐 = 𝟎.𝟐𝟎𝟒
 
→ Does not limit 

 

Although the first criterion limit the identification when the differences between 

the secondary band of the unknown simulated spectrum and the corresponding 

original one are higher than 0.1629, the second criterion does not limit. Therefore, 

the identification is always correctly achieved. 
 

As for the previous case, the following table shows the methodology performance 

when increasing secondary bands in steps of 0.025: 
 

A Candidate dist(unk, pattern 6) cos2(unk) R.F. (%) 
0 6 0 1 100 
0.025 6 3.989 0.9953 91.61 
0.05 6 7.9779 0.9844 82.22 
0.075 6 11.9669 0.9707 73.83 
0.1 6 15.9558 0.9559 65.44 
0.125 6 19.9448 0.9412 56.05 
0.15 6 23.9337 0.9272 47.66 
0.175 6 27.9227 0.9140 38.27 
0.2 6 31.9116 0.9018 30.88 
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Theoretical bounds when the secondary bands are decreased: 
 

• Limitation given by the first identification criterion: 

  𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟓𝟔𝟓𝟒 𝐼𝟐 = 𝟎.𝟕𝟗𝟔
 
→  Correct identification until 𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟓𝟔𝟓𝟒 

• Limitation given by the second identification criterion: 

- due to squared cosine: 

𝑨𝒎𝒊𝒏𝟐𝒏𝒅−𝒄𝒐𝒔 = 𝟎.𝟓𝟑𝟑𝟐 𝑰𝟏 − 𝑰𝟐 = 𝟎.𝟕𝟗𝟔
 
→  Correct identification until 

𝑨𝒎𝒊𝒏𝟐𝒏𝒅−𝒄𝒐𝒔 = 𝟎.𝟓𝟑𝟑𝟐 

- due to distances: 𝑨𝒎𝒊𝒏𝟐𝒏𝒅 = 𝟎.𝟗𝟗𝟑 > 𝐼𝟏 − 𝑰𝟐 = 𝟎.𝟕𝟗𝟔
 
→ Does not limit 

 

The first criterion limit the identification when the differences between the 

secondary band of the unknown simulated spectrum and the corresponding 

original one are higher than 𝐴𝑚𝑖𝑛
1𝑠𝑡 = 0.5654, and the second criterion limit when are 

higher than 𝐴𝑚𝑖𝑛
2𝑛𝑑−𝑐𝑜𝑠 = 0.5332. Therefore, the identification is correctly achieved up to 

𝐴𝑚𝑖𝑛
2𝑛𝑑−𝑐𝑜𝑠 = 0.5654. 

 
 

As for the previous case, the following table shows the methodology performance 

when decreasing secondary bands in steps of 0.025: 
 

 

A Candidate dist(unk, pattern 6) cos2(unk) R.F. (%) 
0 6 0 1 100 
0.025 6 1.1492 0.9996 97.51 
0.05 6 2.2983 0.9984 95.01 
0.075 6 3.4475 0.9963 93.52 
0.1 6 4.5967 0.9931 91.02 
0.125 6 5.7459 0.9886 89.53 
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0.15 6 6.8951 0.9826 87.03 
0.175 6 8.0442 0.9750 86.27 
0.2 6 9.1934 0.9656 84.74 
0.225 6 10.3426 0.9542 82.21 
0.25 6 11.4917 0.9405 81.41 
0.275 6 12.6409 0.9245 79.55 
0.3 6 13.7901 0.9064 77.69 
0.325 6 14.9393 0.8852 75.83 
0.35 6 16.0884 0.8616 73.97 
0.375 6 17.2376 0.8358 71.11 
0.4 6 18.3868 0.8079 69.25 
0.425 6 19.5361 0.7782 67.39 
0.45 6 20.6851 0.7471 66.53 
0.475 6 21.8343 0.7152 64.67 
0.5 6 22.9835 0.6831 62.81 
0.525 6 24.1326 0.6514 60.95 
0.55 6 25.2818 0.6207 59.34 
0.575 2 26.4311 0.5915 63.43 
0.6 2 27.5802 0.5643 64.16 
0.625 2 28.7293 0.5395 66.48 
0.65 2 29.8731 0.5165 67.74 
0.675 2 31.0025 0.4917 68.82 
0.7 2 32.1432 0.4683 69.77 
0.725 2 33.2939 0.4468 70.15 
0.75 2 34.4537 0.4277 70.89 
0.775 2 35.6222 0.4110 72.76 

 

 

 
 

 

7. Seventh simulated pattern: 

Theoretical bounds when the secondary bands are increased: 
 

• Limitation given by the first identification criterion: 
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  𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟎𝟗𝟖𝟏 > 𝐼𝟏 − 𝑰𝟐 = 𝟎.𝟎𝟒
 
→ Differences in intensity do not limit 

• Limitation given by the second identification criterion: 

- due to squared cosine:  

𝑨𝒎𝒊𝒏𝟐𝒏𝒅−𝒄𝒐𝒔 = 𝟎.𝟒𝟑𝟕𝟒 > 𝐼𝟏 − 𝑰𝟐 = 𝟎.𝟎𝟒
 
→ Does not limit 

- due to distances: 𝑨𝒎𝒊𝒏𝟐𝒏𝒅 = 𝟎.𝟐𝟑𝟎𝟏 > 𝑰𝟏 − 𝑰𝟐 = 𝟎.𝟎𝟒
 
→ Does not limit 

 

 

As for the previous case, the following table shows the methodology performance 

when increasing secondary bands in steps of 0.025: 
 

A Candidate dist(unk, pattern 7) cos2(unk) R.F. (%) 
0 7 0 1 100 
0.025 7 6.6215 0.9899 89.33 

 

 
 
 

Theoretical bounds when the secondary bands are decreased: 
 

• Limitation given by the first identification criterion: 

  𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟑𝟗𝟐 𝐼𝟐 = 𝟎.𝟗𝟔
 
→  Correct identification until 𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟑𝟗𝟐 

• Limitation given by the second identification criterion: 

- due to squared cosine: 

𝑨𝒎𝒊𝒏𝟐𝒏𝒅−𝒄𝒐𝒔 = −𝟓.𝟒𝟏𝟐 < 0
 
→  Does not limit 

- -    due to distances: 𝑨𝒎𝒊𝒏𝟐𝒏𝒅 = 𝟎.𝟗𝟖𝟗 > 𝐼𝟏 − 𝑰𝟐 = 𝟎.𝟗𝟔
 
→ Does not limit 

 

Although the first criterion limit the identification when the differences between 

the secondary band of the unknown simulated spectrum and the corresponding 

original one are higher than 𝐴𝑚𝑖𝑛
1𝑠𝑡 = 0.392, the second criterion does not limit. 

Therefore, the identification is always correctly achieved. 
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As for the previous case, the following table shows the methodology performance 

when decreasing secondary bands in steps of 0.025: 
 

 

 

A Candidate dist(unk, pattern 7) cos2(unk) R.F. (%) 
0 7 0 1 100 

0.025 7 1.6577 0.9998 97.28 
0.05 7 3.3153 0.9994 94.59 
0.075 7 4.9731 0.9987 98.39 
0.1 7 6.6307 0.9976 89.18 

0.125 7 8.2884 0.9960 83.98 
0.15 7 9.9461 0.9938 83.77 
0.175 7 11.6037 0.9911 80.57 
0.2 7 13.2614 0.9873 78.36 

0.225 7 14.9191 0.9827 75.51 
0.25 7 16.5767 0.9771 72.95 
0.275 7 18.2344 0.9701 70.75 
0.3 7 19.8921 0.9615 67.35 

0.325 7 21.5498 0.9513 64.34 
0.35 7 23.2074 0.9390 61.14 
0.375 7 24.8651 0.9244 59.93 
0.4 7 26.5228 0.9072 56.73 

0.425 7 28.1805 0.8872 53.52 
0.45 7 29.8381 0.8642 51.32 
0.475 7 31.4958 0.8382 48.11 
0.5 7 33.1535 0.8091 45.91 

0.525 7 34.8112 0.7774 42.87 
0.55 7 36.4688 0.7435 40.15 
0.575 7 38.1265 0.7083 37.43 
0.6 7 39.7842 0.6727 35.98 

0.625 7 41.4419 0.6381 57.85 
0.65 7 43.0995 0.6058 60.56 
0.675 7 44.7572 0.5768 62.91 
0.7 7 46.4149 0.5523 65.84 

0.725 7 48.0726 0.5325 67.25 
0.75 7 49.7302 0.5185 67.02 
0.775 7 51.3879 0.5094 67.99 
0.8 7 53.0456 0.5051 66.97 

0.825 7 54.6339 0.5021 66.13 
0.85 7 56.1132 0.4957 65.98 
0.875 7 57.6187 0.4949 65.67 
0.9 7 58.0682 0.4942 65.06 

0.925 7 58.9713 0.4937 64.87 
0.95 7 59.6871 0.4934 64.16 
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8. Eighth simulated pattern: 

Theoretical bounds when the secondary bands are increased: 
 

• Limitation given by the first identification criterion: 

  𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟎𝟕𝟏𝟔 𝑰𝟏 − 𝑰𝟐 = 𝟎.𝟕𝟔𝟕
 
→ Correct identification until 𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟎𝟕𝟏𝟔 

• Limitation given by the second identification criterion: 

- due to squared cosine:  

𝑨𝒎𝒊𝒏𝟐𝒏𝒅−𝒄𝒐𝒔 = −𝟐.𝟎𝟔𝟏 < 0
 
→ Does not limit 

- due to distances: 𝑨𝒎𝒊𝒏𝟐𝒏𝒅 = 𝟎.𝟏𝟒𝟕𝟑 𝑰𝟏 − 𝑰𝟐 = 𝟎.𝟕𝟔𝟕
 
→ Correct identification 

until 𝑨𝒎𝒊𝒏𝟐𝒏𝒅 = 𝟎.𝟏𝟒𝟕𝟑 
 

The first criterion limit the identification when the differences between the 

secondary band of the unknown simulated spectrum and the corresponding 

original one are higher than 𝐴𝑚𝑖𝑛
1𝑠𝑡 = 0.0716, and the second criterion limit when are 

higher than 𝐴𝑚𝑖𝑛
2𝑛𝑑 = 0.1473. Therefore, the identification is correctly achieved up to 

𝐴𝑚𝑖𝑛
2𝑛𝑑 = 0.1473. 

 

 

As for the previous case, the following table shows the methodology performance 

when increasing secondary bands in steps of 0.025: 
 

 

A Candidate dist(unk, pattern 8) cos2(unk) R.F. (%) 
0 8 0 1 100 
0.025 8 8.6962 0.9868 83.34 
0.05 8 17.3936 0.9614 67.66 
0.075 8 26.0924 0.9345 51.96 
0.1 8 34.7923 0.9099 34.23 
0.125 8 43.4936 0.8883 18.47 
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0.15 0 52.1961 0.8697 0 
0.175 0 60.8998 0.8538 0 
0.2 0 69.6049 0.8400 0 

… … … … … 
0.75 0 290.9426 0.6096 0 

 

 
 
 
 

Theoretical bounds when the secondary bands are decreased: 
 

• Limitation given by the first identification criterion: 

  𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟏𝟒 𝐼𝟐 = 𝟎.𝟐𝟑𝟑
 
→  Correct identification until 𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟏𝟒 

• Limitation given by the second identification criterion: 

- due to squared cosine: 

𝑨𝒎𝒊𝒏𝟐𝒏𝒅−𝒄𝒐𝒔 = 𝟎.𝟏𝟗𝟕 𝐼𝟐 = 𝟎.𝟐𝟑𝟑
 
→  Correct identification until 

 𝑨𝒎𝒊𝒏𝟐𝒏𝒅−𝒄𝒐𝒔 = 𝟎.𝟏𝟗𝟕 

-    due to distances: 𝑨𝒎𝒊𝒏𝟐𝒏𝒅 = 𝟎.𝟐𝟖𝟖 > 𝐼𝟐 = 𝟎.𝟐𝟑𝟑
 
→ Does not limit 

 

The first criterion limit the identification when the differences between the 

secondary band of the unknown simulated spectrum and the corresponding 

original one are higher than 𝐴𝑚𝑖𝑛
1𝑠𝑡 = 0.14, and the second criterion limit when are 

higher than 𝐴𝑚𝑖𝑛
2𝑛𝑑 = 0.197. Therefore, the identification is correctly achieved up to 

𝐴𝑚𝑖𝑛
2𝑛𝑑 = 0.197. 

 

 
 

As for the previous case, the following table shows the methodology performance 

when decreasing secondary bands in steps of 0.025: 
 

 

A Candidate dist(un, pattern 8) cos2(unk) R.F. (%) 
0 8 0 1 100 
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0.025 8 4.6309 0.9963 91.38 
0.05 8 9.2618 0.9819 82.76 
0.075 8 13.8926 0.9504 76.87 
0.1 8 18.5235 0.8933 68.16 
0.125 8 23.1544 0.8045 62.01 
0.15 8 27.7853 0.6869 54.05 
0.175 8 32.4162 0.5599 51.15 
0.2 2 37.0471 0.4531 33.82 
0.225 2 41.6779 0.3859 30.48 

 

 

 
 

 

 

9. Ninth simulated pattern: 

Theoretical bounds when the secondary bands are increased: 
 

• Limitation given by the first identification criterion: 

  𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟐𝟓𝟗𝟑 > 𝐼𝟏 − 𝑰𝟐 = 𝟎.𝟏𝟎𝟏
 
→ Does not limit 

• Limitation given by the second identification criterion: 

- due to squared cosine:  

𝑨𝒎𝒊𝒏𝟐𝒏𝒅−𝒄𝒐𝒔 = 𝟎.𝟑𝟒𝟗 > 𝐼𝟏 − 𝑰𝟐 = 𝟎.𝟏𝟎𝟏
 
→ Does not limit 

-     due to distances: 𝑨𝒎𝒊𝒏𝟐𝒏𝒅 = 𝟎.𝟏𝟒𝟕𝟑 > 𝐼𝟏 − 𝑰𝟐 = 𝟎.𝟏𝟎𝟏
 
→ Does not limit 

 

 

As for the previous case, the following table shows the methodology performance 

when increasing secondary bands in steps of 0.025: 
 

 
 
 

A Candidate dist(unk, pattern 9) cos2(unk) R.F. (%) 
0 9 0 1 100 
0.025 9 2.9574 0.9971 94.97 
0.05 9 5.7116 0.9896 90.28 
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0.075 9 7.0368 0.9790 88.04 
0.1 9 8.3634 0.9658 85.78 

 

 
 
 
 
 

Theoretical bounds when the secondary bands are decreased: 
 

• Limitation given by the first identification criterion: 

  𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟔𝟑𝟒 𝐼𝟐 = 𝟎.𝟗
 
→  Correct identification until 𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟔𝟑𝟒 

• Limitation given by the second identification criterion: 

- due to squared cosine: 

𝑨𝒎𝒊𝒏𝟐𝒏𝒅−𝒄𝒐𝒔 = 𝟐.𝟏𝟗 > 𝐼𝟐 = 𝟎.𝟗
 
→  Does not limit 

-    due to distances: 𝑨𝒎𝒊𝒏𝟐𝒏𝒅 = 𝟏.𝟒𝟑𝟒 > 𝐼𝟐 = 𝟎.𝟗
 
→ Does not limit 

 

Although the first criterion limit the identification when the differences between 

the secondary band of the unknown simulated spectrum and the corresponding 

original one are higher than 𝐴𝑚𝑖𝑛
1𝑠𝑡 = 0.634, the second criterion does not limit. 

Therefore, the identification is always correctly achieved. 
 

As for the previous case, the following table shows the methodology performance 

when decreasing secondary bands in steps of 0.025: 
 

A Candidate dist(unk, pattern 9) cos2(unk) R.F. (%) 
0 9 0 1 100 
0.025 9 1.0252 0.9997 98.31 
0.05 9 2.0503 0.9990 96.63 
0.075 9 3.0755 0.9977 94.95 
0.1 9 4.1007 0.9959 93.27 
0.125 9 5.1258 0.9933 91.58 
0.15 9 6.1511 0.9900 89.90 
0.175 9 7.1762 0.9859 88.22 
0.2 9 8.2013 0.9809 86.54 
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0.225 9 9.2265 0.9749 84.85 
0.25 9 10.2517 0.9678 83.17 
0.275 9 11.2768 0.9596 81.49 
0.3 9 12.3021 0.9502 79.81 
0.325 9 13.3272 0.9394 78.12 
0.35 9 14.3523 0.9274 76.44 
0.375 9 15.3775 0.9139 74.76 
0.4 9 16.4027 0.8990 73.08 
0.425 9 17.4278 0.8826 71.39 
0.45 9 18.4531 0.8648 69.71 
0.475 9 19.4782 0.8455 68.03 
0.5 9 20.5033 0.8248 66.35 
0.525 9 21.5285 0.8029 64.66 
0.55 9 22.5537 0.7797 62.98 
0.575 9 23.5788 0.7555 61.30 
0.6 9 24.604 0.7305 59.62 
0.625 9 25.6292 0.7048 57.93 
0.65 9 26.6543 0.6786 56.25 
0.675 9 27.6795 0.6523 54.57 
0.7 9 28.7047 0.6259 52.89 
0.725 9 29.7298 0.5999 51.21 
0.75 9 30.7551 0.5744 49.52 
0.775 9 31.7802 0.5496 47.84 
0.8 9 32.8053 0.5258 46.16 
0.825 9 33.8305 0.5031 44.48 
0.85 9 34.8557 0.4818 42.79 
0.875 9 35.8808 0.4618 41.11 
0.9 9 36.9061 0.4433 39.43 

 

 

 

10.  Tenth simulated pattern: 

Theoretical bounds when the secondary bands are increased: 
 

• Limitation given by the first identification criterion: 
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  𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟎.𝟖𝟏𝟒𝟑 > 𝐼𝟏 − 𝑰𝟐 = 𝟎.𝟔𝟓𝟗
 
→ Does not limit 

• Limitation given by the second identification criterion: 

- due to squared cosine:  

𝑨𝒎𝒊𝒏𝟐𝒏𝒅−𝒄𝒐𝒔 = 𝟎.𝟐𝟑𝟏 𝑰𝟏 − 𝑰𝟐 = 𝟎.𝟔𝟓𝟗
 
→ Correct identification until 

𝑨𝒎𝒊𝒏𝟐𝒏𝒅−𝒄𝒐𝒔 = 𝟎.𝟐𝟑𝟏 

-     due to distances: 𝑨𝒎𝒊𝒏𝟐𝒏𝒅 = 𝟎.𝟖𝟖𝟐 > 𝐼𝟏 − 𝑰𝟐 = 𝟎.𝟔𝟓𝟗
 
→ Does not limit 

 

Although the second criterion limit the identification when the differences 

between the secondary band of the unknown simulated spectrum and the 

corresponding original one are higher than 𝐴𝑚𝑖𝑛
2𝑛𝑑−𝑐𝑜𝑠 = 0.231, the first criterion 

does not limit. Therefore, the identification is always correctly achieved. 
 

As for the previous case, the following table shows the methodology performance 

when increasing secondary bands in steps of 0.025: 
 

 

A Candidate dist(unk, pattern 10) cos2(unk) R.F. (%) 

0 10 0 1 100 
0.025 10 0.798 0.9987 97.16 
0.05 10 1.596 0.9950 94.33 
0.075 10 2.3941 0.9892 91.50 
0.1 10 3.1921 0.9816 88.67 
0.125 10 3.9901 0.9726 85.83 
0.15 10 4.7881 0.9624 83.00 
0.175 10 5.5862 0.9512 80.17 
0.2 10 6.3842 0.9393 77.34 
0.225 10 7.1822 0.9269 74.51 
0.25 10 7.9802 0.9142 71.67 
0.275 10 8.7783 0.9011 68.84 
0.3 10 9.5763 0.8889 66.01 
0.325 10 10.3743 0.8752 63.18 
0.35 10 11.1723 0.8626 60.34 
0.375 10 11.9703 0.8497 57.51 
0.4 10 12.7684 0.8373 54.68 
0.425 10 13.5664 0.8251 51.85 
0.45 10 14.3644 0.8133 49.01 
0.475 10 15.1624 0.8017 46.18 
0.5 10 15.9605 0.7901 43.35 
0.525 10 16.7585 0.7797 40.52 
0.55 10 17.5565 0.7692 37.69 
0.575 10 18.3545 0.7591 34.85 
0.6 10 19.1526 0.7493 32.02 
0.625 10 19.9506 0.7398 29.19 
0.65 10 20.7486 0.7307 26.36 
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Theoretical bounds when the secondary bands are decreased: 
 

• Limitation given by the first identification criterion: 

  𝑨𝒎𝒊𝒏𝟏𝒔𝒕 = 𝟏.𝟎𝟖 > 𝑰𝟐 = 𝟎.𝟑𝟒
 
→  Does not limit 

• Limitation given by the second identification criterion: 

- due to squared cosine: 

𝑨𝒎𝒊𝒏𝟐𝒏𝒅−𝒄𝒐𝒔 = 𝟎.𝟐𝟗𝟒 𝑰𝟐 = 𝟎.𝟑𝟒
 
→  Correct identification until  

𝑨𝒎𝒊𝒏𝟐𝒏𝒅−𝒄𝒐𝒔 = 𝟎.𝟐𝟗𝟒 

-    due to distances: 𝑨𝒎𝒊𝒏𝟐𝒏𝒅 = 𝟏.𝟏𝟕𝟔 > 𝐼𝟐 = 𝟎.𝟑𝟒
 
→ Does not limit 

 

Although the second criterion limit the identification when the differences 

between the secondary band of the unknown simulated spectrum and the 

corresponding original one are higher than 𝐴𝑚𝑖𝑛
1𝑠𝑡 = 0.294, the first criterion does 

not limit. Therefore, the identification is always correctly achieved. 
 

As for the previous case, the following table shows the methodology performance 

when decreasing secondary bands in steps of 0.025: 

 

 

A Candidate dist(unk, pattern 10) cos2(unk) R.F. (%) 
0 10 0 1 100 
0.025 10 0.5985 0.9994 98.57 
0.05 10 1.1971 0.9977 97.14 
0.075 10 1.7956 0.9947 95.71 
0.1 10 2.3942 0.9905 94.28 
0.125 10 2.9927 0.9849 92.85 
0.15 10 3.5913 0.9780 91.42 
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0.175 10 4.1898 0.9699 90.01 
0.2 10 4.7884 0.9604 88.57 
0.225 10 5.3869 0.9496 87.14 
0.25 10 5.9855 0.9376 85.71 
0.275 10 6.5841 0.9245 84.28 
0.3 10 7.1826 0.9103 82.85 
0.325 10 7.7811 0.8952 81.43 
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ANNEX 2: Identification analysis through the 
ICA-based searching algorithm for ten binary 
mixtures coming from the simulated reference 
spectral library 
 

In the current annex, the identification analysis through the ICA-based searching 

algorithm for ten binary mixtures coming from the simulated reference is presented. For 

each simulated mixture (pattern_i + B∙pattern_j ), the results show hereafter the PCA-

based theoretical bound (PCA-based algorithm just identifies correctly if B>Bmin), and 

the identification results for the ICA-based searching algorithm, decreasing in steps of 

0.025 the intensity of all bands of one of the patterns that the mixture is composed of. 
 

 

1. First simulated mixture: Pattern 2 + Pattern 4 
• Theoretical bound (𝐵𝑚𝑖𝑛) for a correct identification as a mixture with the PCA-

based searching algorithm: 

𝑩𝒎𝒊𝒏 = 𝟎.𝟔𝟑𝟏𝟔 

• ICA-based algorithm results for the mixture (decreasing bands of pattern 4): 
 

B Mixture 
candidate 1 R.F. (%) Mixture 

candidate 2 R.F. (%) 

0.975 4 0.94546 2 0.8941 
0.95 4 0.94546 2 0.8941 
0.925 2 0.95326 4 0.8771 
0.9 2 0.95326 4 0.8941 

0.875 2 0.95326 4 0.8771 
0.85 4 0.94546 2 0.8941 
0.825 2 0.95326 4 0.8771 
0.8 4 0.94826 2 0.8941 

0.775 4 0.94546 2 0.8941 
0.75 4 0.94546 2 0.8941 
0.725 2 0.95326 4 0.8771 
0.7 2 0.95326 4 0.8941 

0.675 2 0.95326 4 0.8941 
0.65 4 0.94546 2 0.8941 
0.625 2 0.95326 4 0.8941 
0.6 2 0.95326 4 0.8941 

0.575 2 0.95326 4 0.8771 
0.55 4 0.94826 2 0.8941 
0.525 4 0.94546 2 0.8941 
0.5 2 0.95326 4 0.8771 

0.475 4 0.94826 2 0.8941 
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0.45 4 0.94826 2 0.8941 
0.425 4 0.94826 2 0.8941 
0.4 4 0.94826 2 0.8941 

0.375 4 0.94546 2 0.8941 
0.35 4 0.94546 2 0.8941 
0.325 2 0.95326 4 0.8771 
0.3 2 0.95326 4 0.8771 

0.275 2 0.95326 4 0.8771 
0.25 4 0.94546 2 0.8941 
0.225 2 0.95326 4 0.8941 
0.2 2 0.95326 4 0.8941 

0.175 2 0.95326 4 0.8941 
0.15 4 0.94826 2 0.8941 
0.125 4 0.94546 2 0.8941 
0.1 2 0.95326 4 0.8941 

0.075 4 0.94826 2 0.8941 
0.05 4 0.94826 2 0.8941 
0.025 4 0.94826 2 0.8941 

 

 
Fig. A2.1: Pattern 2 (in red), pattern 4 (in green), mixtures (in blue) 

 
2. Second simulated mixture: Pattern 4 + Pattern 7 

 

• Theoretical bound (𝐵𝑚𝑖𝑛) for a correct identification as a mixture with the PCA-

based searching algorithm: 

𝑩𝒎𝒊𝒏 = 𝟎.𝟑𝟔𝟏𝟐𝟑 

• ICA-based algorithm results for the mixture (decreasing bands of pattern 7): 
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B Mixture 
candidate 1 R.F. (%) Mixture 

candidate 2 R.F. (%) 

0.975 4 0.99567 7 0.9284 
0.95 7 0.93609 4 0.9284 
0.925 4 0.99568 7 0.9284 
0.9 7 0.9361 4 0.9284 

0.875 4 0.99627 7 0.9284 
0.85 4 0.99567 7 0.9284 
0.825 4 0.99568 7 0.9284 
0.8 4 0.99568 7 0.9173 

0.775 4 0.99567 7 0.9173 
0.75 7 0.93609 4 0.9284 
0.725 4 0.99568 7 0.9284 
0.7 7 0.9361 4 0.9284 

0.675 4 0.99627 7 0.9284 
0.65 4 0.99567 7 0.9173 
0.625 4 0.99568 7 0.9173 
0.6 4 0.99568 7 0.9173 

0.575 4 0.99567 7 0.9284 
0.55 7 0.93609 4 0.9284 
0.525 4 0.99568 7 0.9284 
0.5 7 0.9361 4 0.9284 

0.475 4 0.99627 7 0.9284 
0.45 4 0.99567 7 0.9284 
0.425 4 0.99568 7 0.9284 
0.4 4 0.99568 7 0.9284 

0.375 4 0.99567 7 0.9284 
0.35 7 0.93609 4 0.9284 
0.325 4 0.99568 7 0.9284 
0.3 7 0.9361 4 0.9173 

0.275 4 0.99627 7 0.9173 
0.25 4 0.99567 7 0.9173 
0.225 4 0.99568 7 0.9284 
0.2 4 0.99568 7 0.9284 

0.175 4 0.99567 7 0.9284 
0.15 7 0.93609 4 0.9284 
0.125 4 0.99568 7 0.9284 
0.1 7 0.9361 4 0.9284 

0.075 4 0.99627 7 0.9284 
0.05 4 0.99567 7 0.9284 
0.025 4 0.99568 7 0.9284 
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Fig. A2.2: Pattern 4 (in green), pattern 7 (in red), mixtures (in blue) 

 

3. Third simulated mixture: Pattern 7 + Pattern 9 
• Theoretical bound (𝐵𝑚𝑖𝑛) for a correct identification as a mixture with the PCA-

based searching algorithm: 

𝑩𝒎𝒊𝒏 = 𝟎.𝟓𝟖𝟑𝟗𝟔 

• ICA-based algorithm results for the mixture(decreasing bands of pattern 9): 
 

B Mixture 
candidate 1 R.F. (%) Mixture 

candidate 2 R.F. (%) 

0.975 7 0.92899 9 0.8817 
0.95 7 0.96175 9 0.8817 
0.925 9 0.85666 7 0.8817 
0.9 7 0.92899 9 0.8817 

0.875 7 0.96175 9 0.8722 
0.85 7 0.96074 9 0.8722 
0.825 7 0.98034 9 0.8817 
0.8 9 0.85666 7 0.8817 

0.775 7 0.92899 9 0.8722 
0.75 7 0.96175 9 0.8722 
0.725 9 0.85666 7 0.8817 
0.7 7 0.92899 9 0.8817 

0.675 7 0.96175 9 0.8817 
0.65 7 0.96074 9 0.8722 
0.625 7 0.98034 9 0.8722 
0.6 9 0.85666 7 0.8722 

0.575 7 0.92899 9 0.8817 
0.55 7 0.96175 9 0.8817 
0.525 9 0.85666 7 0.8817 
0.5 7 0.92899 9 0.8817 

0.475 7 0.96175 9 0.8817 
0.45 7 0.96074 9 0.8722 
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0.425 7 0.98034 9 0.8722 
0.4 9 0.85666 7 0.8722 

0.375 7 0.92899 9 0.8817 
0.35 7 0.96175 9 0.8817 
0.325 9 0.85666 7 0.8817 
0.3 7 0.92899 9 0.8817 

0.275 7 0.96175 9 0.8817 
0.25 7 0.96074 9 0.8722 
0.225 7 0.98034 9 0.8722 
0.2 9 0.85666 7 0.8722 

0.175 7 0.92899 9 0.8817 
0.15 7 0.96175 9 0.8817 
0.125 9 0.85666 7 0.8817 
0.1 7 0.92899 9 0.8817 

0.075 7 0.96175 9 0.8817 
0.05 7 0.96074 9 0.8722 
0.025 7 0.98034 9 0.8817 

 

 Fig. A2.3: Pattern 7 (in green), pattern 9 (in red), mixtures (in blue) 

 

 

4. Forth simulated mixture: Pattern 5 + Pattern 8 
• Theoretical bound (𝐵𝑚𝑖𝑛) for a correct identification as a mixture with the PCA-

based searching algorithm: 

𝑩𝒎𝒊𝒏 = 𝟎.𝟓𝟑𝟏𝟒𝟐 

• ICA-based algorithm results for the mixture (decreasing bands of pattern 8): 
 

B Mixture 
candidate 1 R.F. (%) Mixture 

candidate 2 R.F. (%) 

0.975 8 0.9734 5 0.9167 
0.95 5 0.92554 8 0.8379 
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0.925 8 0.9734 5 0.8379 
0.9 8 0.9734 5 0.8379 

0.875 5 0.92559 8 0.9167 
0.85 8 0.9734 5 0.9167 
0.85 8 0.9734 5 0.9167 
0.8 5 0.87045 8 0.9167 

0.775 8 0.9734 5 0.8379 
0.75 5 0.92554 8 0.8379 
0.725 8 0.9734 5 0.9167 
0.7 8 0.9734 5 0.9167 

0.675 5 0.92559 8 0.8379 
0.65 8 0.9734 5 0. 8379 
0.625 8 0.9734 5 0.8379 
0.6 5 0.87045 8 0.9167 

0.575 8 0.9734 5 0.8379 
0.55 5 0.92554 8 0.9167 
0.525 8 0.9734 5 0.8379 
0.5 8 0.9734 5 0.8379 

0.475 5 0.92559 8 0.9167 
0.45 8 0.9734 5 0.9167 
0.425 8 0.9734 5 0.9167 
0.3 5 0.87045 8 0.8379 

0.375 8 0.9734 5 0.8379 
0.35 5 0.92554 8 0.8379 
0.325 8 0.9734 5 0.8379 
0.3 8 0.9734 5 0.8379 

0.275 5 0.92559 8 0.9167 
0.25 8 0.9734 5 0.9167 
0.225 8 0.9734 5 0.9167 
0.2 5 0.87045 8 0.8379 

0.175 8 0.9734 5 0.9167 
0.15 5 0.92554 8 0.9167 
0.125 8 0.9734 5 0.8379 
0.1 8 0.9734 5 0.9167 

0.075 5 0.92559 8 0.9167 
0.05 8 0.9734 5 0.8379 
0.025 8 0.9734 5 0.8379 

 



Annex 2: Identification Analysis for Simulated Binary Mixtures 
 

 141 

 Fig. A2.4: Pattern 5 (in green), pattern 8 (in red), mixtures (in blue) 

 

 

5. Fifth simulated mixture: Pattern 1 + Pattern 10 
• Theoretical bound (𝐵𝑚𝑖𝑛) for a correct identification as a mixture with the PCA-

based searching algorithm: 

𝑩𝒎𝒊𝒏 = 𝟎.𝟑𝟔𝟎𝟏𝟑 

• ICA-based algorithm results for the mixture (decreasing bands of pattern 10): 
 

B Mixture 
candidate 1 R.F. (%) Mixture 

candidate 2 R.F. (%) 

0.975 10 0.96547 1 0.9037 
0.95 1 0.9917 10 0.9037 
0.925 1 0.9917 10 0.9316 
0.9 1 0.9917 10 0.9316 

0.875 1 0.99441 10 0.9037 
0.85 1 0.9917 10 0.9316 
0.825 1 0.9917 10 0.9316 
0.8 10 0.96749 1 0.9037 

0.775 10 0.96547 1 0.9037 
0.75 1 0.9917 10 0.9037 
0.725 1 0.9917 10 0.9316 
0.7 1 0.9917 10 0.9316 

0.675 1 0.99441 10 0.9037 
0.65 1 0.9917 10 0.9037 
0.625 1 0.9917 10 0.9037 
0.6 10 0.96749 1 0.9037 

0.575 10 0.96547 1 0.9037 
0.55 1 0.9917 10 0.9037 
0.525 1 0.9917 10 0.9316 
0.5 1 0.9917 10 0.9316 
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0.475 1 0.99441 10 0.9316 
0.45 1 0.9917 10 0.9316 
0.425 1 0.9917 10 0.9037 
0.4 10 0.96749 1 0.9316 

0.375 10 0.96547 1 0.9037 
0.35 1 0.9917 10 0.9037 
0.325 1 0.9917 10 0.9316 
0.3 1 0.9917 10 0.9037 

0.375 1 0.99441 10 0.9037 
0.35 1 0.9917 10 0.9316 
0.325 1 0.9917 10 0.9037 
0.3 10 0.96749 1 0.9037 

0.275 10 0.96547 1 0.9037 
0.25 1 0.9917 10 0.9316 
0.225 1 0.9917 10 0.9037 
0.2 1 0.9917 10 0.9316 

0.275 1 0.99441 10 0.9037 
0.25 1 0.9917 10 0.9037 
0.225 1 0.9917 10 0.9316 

 

 
Fig. A2.5: Pattern 1 (in green), pattern 10 (in red), mixtures (in blue) 

 

 

6. Sixth simulated mixture: Pattern 3 + Pattern 6 
• Theoretical bound (𝐵𝑚𝑖𝑛) for a correct identification as a mixture with the PCA-

based searching algorithm: 

𝑩𝒎𝒊𝒏 = 𝟎.𝟐𝟑𝟑𝟕 

• ICA-based algorithm results for the mixture (decreasing bands of pattern 6): 
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B Mixture 
candidate 1 R.F. (%) Mixture 

candidate 2 R.F. (%) 

0.975 6 0.98258 3 0.9291 
0.95 6 0.98258 3 0.9291 
0.925 3 0.99688 6 0.9314 
0.9 3 0.99688 6 0.9291 

0.875 3 0.99688 6 0.9314 
0.85 3 0.99688 6 0.9314 
0.825 3 0.99688 6 0.9291 
0.8 3 0.99688 6 0.9291 

0.775 6 0.98258 3 0.9291 
0.75 6 0.98258 3 0.9291 
0.725 3 0.99688 6 0.9314 
0.7 3 0.99688 6 0.9291 

0.675 3 0.99688 6 0.9314 
0.65 3 0.99688 6 0.9314 
0.625 3 0.99688 6 0.9291 
0.6 3 0.99688 6 0.9291 

0.575 6 0.98258 3 0.9291 
0.55 6 0.98258 3 0.9291 
0.525 3 0.99688 6 0.9314 
0.5 3 0.99688 6 0.9291 

0.475 3 0.99688 6 0.9314 
0.45 3 0.99688 6 0.9314 
0.425 3 0.99688 6 0.9291 
0.4 3 0.99688 6 0.9291 

0.375 6 0.98258 3 0.9291 
0.35 6 0.98258 3 0.9291 
0.325 3 0.99688 6 0.9314 
0.3 3 0.99688 6 0.9291 

0.275 3 0.99688 6 0.9314 
0.25 3 0.99688 6 0.9314 
0.225 3 0.99688 6 0.9291 
0.2 3 0.99688 6 0.9291 

0.175 6 0.98258 3 0.9291 
0.15 6 0.98258 3 0.9291 
0.125 3 0.99688 6 0.9314 
0.1 3 0.99688 6 0.9291 

0.075 3 0.99688 6 0.9314 
0.05 3 0.99688 6 0.9314 
0.025 3 0.99688 6 0.9291 
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Fig. A2.6: Pattern 3 (in green), pattern 6 (in red), mixtures (in blue) 

 
 

7. Seventh simulated mixture: Pattern 7 + Pattern 2 
• Theoretical bound (𝐵𝑚𝑖𝑛) for a correct identification as a mixture with the PCA-

based searching algorithm: 

𝑩𝒎𝒊𝒏 = 𝟎.𝟓𝟖𝟑𝟗𝟔 

• ICA-based algorithm results for the mixture (decreasing bands of pattern 2): 
 

B Mixture 
candidate 1 R.F. (%) Mixture 

candidate 2 R.F. (%) 

0.975 7 0.98255 2 0.97902 
0.925 2 0.97902 7 0.98039 
0.9 2 0.97902 7 0.98173 

0.875 2 0.97902 7 0.98629 
0.85 2 0.97902 7 0.99086 
0.825 2 0.97902 7 0.99543 
0.8 2 0.97902 7 0.98039 

0.775 7 0.98255 2 0.97902 
0.725 2 0.97902 7 0.98039 
0.7 2 0.97902 7 0.98173 

0.775 2 0.97902 7 0.98629 
0.65 2 0.97902 7 0.99086 
0.625 2 0.97902 7 0.99543 
0.6 2 0.97902 7 0.98039 

0.575 7 0.98255 2 0.97902 
0.525 2 0.97902 7 0.98039 
0.5 2 0.97902 7 0.98173 

0.475 2 0.97902 7 0.98629 
0.45 2 0.97902 7 0.99086 
0.425 2 0.97902 7 0.99543 
0.4 2 0.97902 7 0.98039 

0.375 7 0.98255 2 0.97902 
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0.325 2 0.97902 7 0.98039 
0.3 2 0.97902 7 0.98173 

0.275 2 0.97902 7 0.98629 
0.25 2 0.97902 7 0.99086 
0.225 2 0.97902 7 0.99543 
0.2 2 0.97902 7 0.98039 

0.175 7 0.98255 2 0.97902 
0.125 2 0.97902 7 0.98039 
0.1 2 0.97902 7 0.98173 

0.075 2 0.97902 7 0.98629 
0.05 2 0.97902 7 0.99086 
0.025 2 0.97902 7 0.99543 
0.975 7 0.98255 2 0.97902 
0.925 2 0.97902 7 0.98039 
0.9 2 0.97902 7 0.98173 

0.875 2 0.97902 7 0.98629 
0.85 2 0.97902 7 0.99086 

 

 
Fig. A2.7: Pattern 7 (in green), pattern 2 (in red), mixtures (in blue) 

 

 

8. Eighth simulated mixture: Pattern 5 + Pattern 9 
• Theoretical bound (𝐵𝑚𝑖𝑛) for a correct identification as a mixture with the PCA-

based searching algorithm: 

𝑩𝒎𝒊𝒏 = 𝟎.𝟓𝟑𝟏𝟒𝟐 

• ICA-based algorithm results for the mixture (decreasing bands of pattern 9): 
 

B Mixture 
candidate 1 R.F. (%) Mixture 

candidate 2 R.F. (%) 

0.975 5 0.91028 9 0.85984 
0.95 9 0.86065 5 0.85743 
0.925 9 0.86065 5 0.86603 
0.9 5 0.91033 9 0.85173 

0.875 5 0.91962 9 0.85173 



Chemometrics in Raman Spectroscopy Applied to Art Works Analysis 
 

 146 

0.85 9 0.86065 5 0.94641 
0.825 9 0.86001 5 0.83873 
0.8 5 0.91033 9 0.85984 

0.775 5 0.91028 9 0.85984 
0.75 9 0.86065 5 0.85743 
0.725 9 0.86065 5 0.86603 
0.7 5 0.91033 9 0.85173 

0.675 5 0.91962 9 0.85173 
0.65 9 0.86065 5 0.94641 
0.625 9 0.86001 5 0.83873 
0.6 5 0.91033 9 0.85984 

0.575 5 0.91028 9 0.85984 
0.55 9 0.86065 5 0.85743 
0.525 9 0.86065 5 0.86603 
0.5 5 0.91033 9 0.85173 

0.475 5 0.91962 9 0.85173 
0.45 9 0.86065 5 0.94641 
0.425 9 0.86001 5 0.83873 
0.4 5 0.91033 9 0.85984 

0.375 5 0.91028 9 0.85984 
0.35 9 0.86065 5 0.85743 
0.325 9 0.86065 5 0.86603 
0.3 5 0.91033 9 0.85173 

0.275 5 0.91962 9 0.85173 
0.25 9 0.86065 5 0.94641 
0.225 9 0.86001 5 0.83873 
0.2 5 0.91033 9 0.85984 

0.175 5 0.91028 9 0.85984 
0.15 9 0.86065 5 0.85743 
0.125 9 0.86065 5 0.86603 
0.1 5 0.91033 9 0.85173 

0.075 5 0.91962 9 0.85173 
0.05 9 0.86065 5 0.94641 
0.025 9 0.86001 5 0.83873 

 

 
Fig. A2.8: Pattern 5 (in green), pattern 9 (in red), mixtures (in blue) 
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9. Ninth simulated mixture: Pattern 1 + Pattern 6 
• Theoretical bound (𝐵𝑚𝑖𝑛) for a correct identification as a mixture with the PCA-

based searching algorithm: 

𝑩𝒎𝒊𝒏 = 𝟎.𝟑𝟔𝟎𝟏𝟑 

• ICA-based algorithm results for the mixture (decreasing bands of pattern 6): 
 

B Mixture 
candidate 1 R.F. (%) Mixture 

candidate 2 R.F. (%) 

0.975 1 0.99047 6 0.95496 
0.95 1 0.99047 6 0.95496 
0.925 1 0.99047 6 0.95496 
0.9 6 0.95488 1 0.99046 

0.875 1 0.99047 6 0.95496 
0.85 6 0.94504 1 0.9787 
0.825 6 0.95488 1 0.99046 
0.8 1 0.99047 6 0.95496 

0.775 1 0.99047 6 0.95496 
0.75 1 0.99047 6 0.95496 
0.725 1 0.99047 6 0.95496 
0.7 6 0.95488 1 0.99046 

0.675 1 0.99047 6 0.95496 
0.65 6 0.94504 1 0.9787 
0.625 6 0.95488 1 0.99046 
0.6 1 0.99047 6 0.95496 

0.575 1 0.99047 6 0.95496 
0.55 1 0.99047 6 0.95496 
0.525 1 0.99047 6 0.95496 
0.5 6 0.95488 1 0.99046 

0.475 1 0.99047 6 0.95496 
0.45 6 0.94504 1 0.9787 
0.425 6 0.95488 1 0.99046 
0.4 1 0.99047 6 0.95496 

0.375 1 0.99047 6 0.95496 
0.35 1 0.99047 6 0.95496 
0.325 1 0.99047 6 0.95496 
0.3 6 0.95488 1 0.99046 

0.275 1 0.99047 6 0.95496 
0.25 6 0.94504 1 0.9787 
0.225 6 0.95488 1 0.99046 
0.2 1 0.99047 6 0.95496 

0.175 1 0.99047 6 0.95496 
0.15 1 0.99047 6 0.95496 
0.125 1 0.99047 6 0.95496 
0.1 6 0.95488 1 0.99046 

0.075 1 0.99047 6 0.95496 
0.05 6 0.94504 1 0.9787 
0.025 6 0.95488 1 0.99046 
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Fig. A2.9: Pattern 1 (in green), pattern 6 (in red), mixtures (in blue) 

 

 

10.  Tenth simulated mixture: Pattern 7 + Pattern 5 
• Theoretical bound (𝐵𝑚𝑖𝑛) for a correct identification as a mixture with the PCA-

based searching algorithm: 

𝑩𝒎𝒊𝒏 = 𝟎.𝟓𝟖𝟑𝟗𝟔 

• ICA-based algorithm results for the mixture (decreasing bands of pattern 5): 
 

B Mixture 
candidate 1 R.F. (%) Mixture 

candidate 2 R.F. (%) 

0.9175 7 0.9743 5 0.89372 
0.95 5 0.89379 7 0.9742 
0.925 7 0.9743 5 0.89379 
0.9 7 0.9743 5 0.89379 

0.875 7 0.97443 5 0.7986 
0.85 5 0.89372 7 0.9545 
0.825 7 0.97725 5 0.89371 
0.8 7 0.97429 5 0.89379 

0.775 7 0.9743 5 0.89372 
0.75 5 0.89379 7 0.9742 
0.725 7 0.9743 5 0.89379 
0.7 7 0.9743 5 0.89379 

0.675 7 0.97443 5 0.7986 
0.65 5 0.89372 7 0.9545 
0.625 7 0.97725 5 0.89371 
0.6 7 0.97429 5 0.89379 

0.575 7 0.9743 5 0.89372 
0.55 5 0.89379 7 0.9742 
0.525 7 0.9743 5 0.89379 
0.5 7 0.9743 5 0.89379 

0.475 7 0.97443 5 0.7986 
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0.45 5 0.89372 7 0.9545 
0.425 7 0.97725 5 0.89371 
0.4 7 0.97429 5 0.89379 

0.375 7 0.9743 5 0.89372 
0.35 5 0.89379 7 0.9742 
0.325 7 0.9743 5 0.89379 
0.3 7 0.9743 5 0.89379 

0.275 7 0.97443 5 0.7986 
0.25 5 0.89372 7 0.9545 
0.225 7 0.97725 5 0.89371 
0.2 7 0.97429 5 0.89379 

0.175 7 0.97443 5 0.7986 
0.15 5 0.89372 7 0.9545 
0.125 7 0.97725 5 0.89371 
0.1 7 0.9743 5 0.89379 

0.075 7 0.97443 5 0.7986 
0.05 5 0.89372 7 0.9545 
0.025 7 0.97725 5 0.89371 

 

 Fig. A2.10: Pattern 7 (in green), pattern 5 (in red), mixtures (in blue) 
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ANNEX 3: Software User Manual for the 
implemented Identification System Graphical 
User Interface and main code developed 
 
In parallel to the development of the identification methodologies presented in this 

Master Thesis, a Graphical User Interface (GUI) was implemented. The main goal of 

this GUI was to make easier and to speed up the execution of each methodology test in 

a user-friendly way, during both the code development and the simulation stage.  

 

This GUI has resulted in an automatic identification system of Raman spectra of artistic 

pigments (whether mixtures or not) that includes the developed methodologies (both the 

PCA-based and the ICA-based searching algorithms) as a whole. 

 

It has become a useful and helpful commercial application-like tool used not only for 

the validation and verification of each test result but for the scientific regression in the 

experimental cases as well. 

 

The GUI has two clearly differentiated parts, divided into two separate sections or 

panels: 
 

1. The “Reference Spectral Library” dedicated panel. From a user-friendly 

interface point of view, it handles the processing of the database: loading, 

interpolation, intensity normalization, previewing and reduction of 

dimensionality. 
 

2. The “Unknown Raman Spectrum” dedicated panel. It handles the processing of 

the unknown Raman spectrum (loading, interpolation, intensity normalization 

and projection onto the reduced space), selection of the desired identification 

methodology by means of a pop-up menu, managing and execution of the 

identification algorithms and presenting of the identification results. 

 

Fig. A3.1 in the following page shows the main screen of the implemented GUI. 
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Fig. A3.1: Main screen of the implemented Graphical User Interface for the automatic 
identification system of Raman spectra of artistic pigments (whether mixtures or not), 

showing the two differentiated and dedicated panels: the “Reference Spectral Library” 
panel at the top and the “Unknown Raman Spectrum” panel at the bottom 

 

 

Sections A3.1 and A3.2 summarize the main functionalities of the implemented GUI by 

means of an identification example. The final section (A3.3) presents the main Matlab 

code developed for the purposes of this Master Thesis. 



Annex 3: Identification System GUI User Manual and Main Code Developed 
 

 153 

A3. 1. Reference spectral library handling 
 

Fig. A3.2 shows the “Reference Spectral Library” panel. For a proper operation of the 

database handling the following sequence of steps may be followed: 
 

1. The spectral range must be introduced in the “Select range (cm-1)” boxes. 
 

2. When the “Browse” button is pressed a new menu is open for the selection of 

the reference Raman spectra. This menu allows the multi-selection of items (see 

Fig. A3.3). 
 

3. In case of mistake, the “Clear library” button allows deleting the reference 

Raman spectra selection for restarting the selection process. 
 

4. When a reference Raman spectrum is selected, its name is shown in the list of 

loaded spectra associated with a univocal reference number (see Fig. A3.4). 

 
5. As shown in Fig. A3.4 as well, when a reference Raman spectrum is clicked in 

the list of loaded spectra, it can be previewed in the previewing plot figure. 

 
6. When the “Get PC space” button is pressed the Principal Components Analysis 

is executed and applied to the reference spectral library (see Fig. A3.5), 

generating the reduced space and obtaining the transformation matrix for the 

projection of unknown Raman spectra. 

 

 

 
Fig. A3.2: Reference Spectral Library panel 
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Fig. A3.3: Selection of reference spectra (multi-selection on) 

 

 

 

 
Fig. A3.4: List of patterns and visualization 
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Fig. A3.5: View of transformation process when “Get PC space” button is pressed 

 

 

A3. 2. Unknown Raman spectrum handling 
 

This section describes the main functionalities for the unknown Raman spectrum 

handling. Fig. A3. 6 shows the selection menu when the “Browse” menu is pressed. 
 

 
Fig. A3.6: Selection of unknown Raman spectrum 

Once the unknown Raman spectrum is selected, it is automatically loaded, interpolated 

and its intensity is normalized. It is also previewed as shown in Fig. A3.7. In addition, 
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the unknown Raman spectrum is projected onto the reduced space generated when 

applying Principal Components Analysis to the reference spectral library. 
 

When this point is achieved, the identification methodology (PCA-based or ICA-based) 

must be selected in the corresponding pop-up menu, based on the user preferences 

and/or requirements (see Fig. A3.7). 
 

 
Fig. A3.7: Unknown Raman spectrum panel: loading, previewing and methodology selection 

 

When the “Identify” button is pressed, the selected identification methodology is 

applied to the unknown Raman spectrum and the results are shown in the 

“Candidate(s)” panel. This panel shows the candidate/s referenced by its/their univocal 

reference number (for an easy check with the list of loaded reference spectra) with 

its/their corresponding Reliability Factor/s and a previewing of the candidate/s. 

Attending to the results shown in Fig. A3.8, the unknown Raman spectrum (“Senn547”) 

would correspond to a mixture of the patterns with univocal reference number 2 and 29, 

which are the PR4 pigment and the PY1 pigment respectively. 

 
Fig. A3.8: Identification result: Candidates, RF and previewing 
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A3. 3. Main code developed 
 

This final section presents the main Matlab code, scripts and M-functions developed 

and implemented within the purposes of this Master Thesis. 

 

Spectral interpolation: 
function y = interpolation(x,t) 
    %Interpoles spectrum x in range t: 
    y=interp1(x(:,1),x(:,2),t); 
end 
 

Intensity normalization: 
function x=normalization(x) 
    [m,n]=size(x); 
    %Intensity normalization: 
    for v=1:m 
        Imin=min(x(v,:)); 
        Imax=max(x(v,:)); 
        dif=Imax-Imin; 
        x(v,:)=((x(v,:)-Imin)/dif); 
    end 
end 
 

Variables standardisation: 
%Mean and standard deviation computation: 
sum=0; 
vect(:,:)=0; 
stdev(:,:)=0; 
for k=0:n-1 
    for i=1+(k*m):m+(k*m) 
        sum=sum+x(i); 
    end 
    sum=sum/m; 
    vect(k+1)=sum; 
    stdev(k+1)=sqrt(var(x(:,k+1))); 
    %Mean subtraction and division by standard deviation: 
    v(k+1)=(v(k+1)-sum)/stdev(k+1); 
    sum=0; 
end 
 

Principal Components Analysis: 
function [Sred,Cred,kk,vari]=unnormedPCA(x) 
    [m,n]=size(x); 
 
    %Intensity normalization: 
    x=normalization(x); 
 
    %Standardization: 
    x=standardization(x); 
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    %Covariance matrix computing: 
    c=cov(x); 
     
    %Diagonalization: 
    [cvv,cdd] = eig(c); 
    %Sorting eigenvectors by corresponding eigenvalues: 
    [zz,ii] = sort(diag(-cdd)); 
    vtot=suma(zz); 
    vari=suma(zz(1:3))/vtot*100; 
    evects = cvv(:,ii); 
     
    %Library projection: 
    S=x*evects; 
     
    %Dimensionality reduction (100% original variance criterion): 
    Sred=S(:,1:m-1); 
    Cred=evects(:,1:m-1)'; 
    end 
end 
 

Projection onto transformed space: 
function w=projection(v,C) 
    %Intensity normalization: 
    v=normalization(v); 
 
    %Standardization: 
    v=standardization(v); 
 
    %Projection of spectrum v by means of the matrix transformation C: 
    w=v*C'; 
end 
 

Distance computation: 
function y=distance(x) 
    y=squareform(pdist(x)); 
end 
 

Squared cosine computation: 
function co2=CO2(S,a,K,C) 
    [m1,n1]=size(a); 
    x=standardization(a(1:K+1,:)); 
    a=[x;a(K+2:m1,:)]; 
    [m,n]=size(S(:,:)); 
    co2(:,:)=0; 
    for j=1:m 
        sum=norm(a(j,:))^2; 
        for i=1:K 
            co2(j,i)=(S(j,i)^2)/sum; 
        end 
    end 
    for i=1:m 
        co2(i,K+1)=suma(co2(i,1:K)'); 
    end 
end 
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Reliability Factor (RF) computation: 
function rf=RF(dist,maxmincands) 
    rf=(1-(dist/maxmincands)); 
end 
 

Main identification methodology function - Identification criteria implementation: 
function [res,res_mixture]=IDdecision(unk,library,libraryinPCs,C) 
    m=projection(unk,C); 
    [K1,K]=size(libraryinPCs); 
    dist=distance([libraryinPCs;m]); 
    cos=CO2([S;m],[a;estandariza(unk, library,C)],K); 
    mins=searchmins(dist(1:K+1,1:K+1)); 
    minlib=min(mins); 
    [m1,n1]=size(dist); 
    fc=0; num=0; SM=0; store=0; 
    [meds,vars]=getmeansandvariances(a); 
    i=m1; 
    for i=K+2:1:m1 
        k=1; 
        for j=1:1:K+1 
            if dist(i,j)<minlib 
                candidates(i-(K+1),k)=j; 
                candist(k)=dist(i,j); 
                store(i-(K+1),k)=mins(j); 
                k=k+1; 
            else 
                candidates(i-(K+1),k)=0; 
            end 
        end 
     for q=1:1:K+1 
        threshold=minlib/mins(q); 
        if cos(i,K+1)> threshold 
            if dist(i,q)<mins(q) 
                if dist(i,q)>min(mins) 
                    candidates(i-(K+1),k)=q; 
                    store(i-(K+1),k)=mins(q); 
                    k=k+1; 
                end 
            end 
        end 
     end 
    [rfs,ii]=sort(rf,'descend'); 
    cands=candidates(:,ii); 
    [m2,n2]=size(rfs); 
    res(:,:)=0; 
    k=1; 
    for s=1:1:n2 
        for t1=1:1:m2 
            res(t1,k)=cands(t1,s); 
            res(t1,k+1)=rfs(t1,s); 
        end 
        k=k+2; 
    end 
end 
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Mixture-building criteria implementation: 
[tam1,tam2]=size(dist);  
[newdists,ord]=sort(dist(tam2,1:tam2-1)); 
Snew=[S;mixt(normalize(a),ord(1,1),ord(1,2),S,C,meds,vars);m]; 
SM=mixt(normaliza(a),ord(1,1),ord(1,2),S,C,meds,vars); 
dist=distance(Snew); 
THRESHOLD=0.75 
if rfs(1)<THRESHOLD1 
     if dists(tam2,tam2-1)<searchminlib(dists(tam2-1,1:tam2-1)) 
         rf=RF(dist(tam2,tam2-1),max(searchmins(dist(tam2-1,1:tam2-
1)),max(store))); 
    end 
end 
res1=0; 
[m3,n3]=size(res); 
THRESHOLD2=0.10; 
THERSHOLD3=0.30; 
h=1; 
if n2>1 
   for i=1:1:m2 
       for j=1:1:n2-1 
           for k=j:1:n2 
                 if (j~=k) && (rf(i,j)> THRESHOLD2) && (rf(i,k)> 
THRESHOLD2) 
                     if abs(rf(i,j)-rf(i,k))< THERSHOLD3                                
SM=mixt(normalize(a),candidates(i,j),candidates(i,k),S,C,meds,vars); 
                         dist1=distance([S;SM;m]); 
                         tam=size(dist1); 
                         if dist(tam(2),tam(2)-
1)<searchmins(dist(tam(2)-1,1:tam(2)-1)) 
                                rf=RF(dist(tam(2),tam(2)-
1),max(max(store), searchmins(dist(tam(2)-1,1:tam(2)-1))));                                 
                                if dist(tam(2),tam(2)-1)-
abs((dist(candidates(i,k),tam(2)-1)-dist(candidates(i,j),tam(2)-1)))>0 
                                    rf=RF(dist(tam(2),tam(2)-1)-
abs((dist1(candidates(i,k),tam(2)-1)-dist1(candidates(i,j),tam(2)-
1))),max(max(store), searchmins(dist(tam(2)-1,1:tam(2)-1)))); 
                                end 
                                h=h+1; 
                            end… 
            end 
            if h>1  
                h=h+1; 
            end… 
end 
 

Abstract of ICA-based criteria parallelized implementation: 
%fastICA with the unknown and the closest pattern in PCs space 
%Two outputs are obtained: unknown1 and unknown2 
[unknown1,unknown2]=fastICA([unknown; closest_pattern]); 
%Apply the identification criteria to unknown1 & unknown2 in parallel 
by means of the par-for loop 
data={unknown1, database, transf_matrix}, 
     {unknown2, database, transf_matrix}; 
parfor i=1:length(data) 
    outList{i}=@IdentificationCriteria(data{i}); 
end 
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