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Abstract

The project is based on the study of human teeth samples of various age
groups (5-60 years) and classifying them using laser-induced breakdown spec-
troscopy (LIBS) coupled with multivariate analysis. The hardness of calcified
tissue varies with the aging process due to various environmental conditions,
dental infections, mineral deficiencies, and many more. Therefore, our objec-
tive here is to estimate the hardness of human teeth samples for various age
groups and perform age-wise classification, considering hardness as a varying
factor. A human tooth is calcified, crystalline tissue composed of mineralized
hydroxyapatite, Ca10(PO4)6(OH2) and consists of enamel(96% of mineral-
ized inorganic material and 4% organic material), dentin(70% mineralized in-
organic material, 20% organic material and 10% water) and cementum(65%
mineralized inorganic material 23% organic mineral and 12% water) sections.
Therefore, Ca, P, O, and H are the major elements of a human tooth along
with the presence of trace elements like Cl, F, Na, K, Sr, Mg, Mn, Cu, Zn,
Pb. The hardness of a calcified tissue can be estimated by measuring the
ratio of ionic to neutral emission lines of Ca and Mg. LIBS is the most ro-
bust spectroscopic method for performing elemental and ratiometric analysis
of dental samples. Here, we study the enamel and cementum sections of the
teeth separately as the hardness is found to vary differently between these
two sections. To examine which section is better suited to classifying the
teeth samples, three different multivariate approaches were taken. First, we
establish a quantitative picture of the variation of hardness in the two sec-
tions independently with a histogram plot (1D classification). The variation
in ratio values of Ca and Mg estimated from the 1D classification is further
defined and supported using the 2D classification. Further, the variation in
the LIBS spectra obtained for six different age groups for each of the enamel
and cementum sections is classified with multidimensional PCA analysis.
By using LIBS, we have detected the presence of Ca, P, H, and O as the ma-
jor elements. In addition, we also detected Mg, Sr, Na, and Zn as trace ele-
ments. By evaluating the ratios of CaII(422.7nm)

CaI(442.67nm)
, CaII(500.14nm)
CaI(442.67nm)

, MgII(526.443nm)
MgI(517.16nm)

,
for both sections, we have investigated the variation in the hardness with age.
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The variation in the evaluated ratio was prominent in cementum as compared
to enamel. Our results show that cementum is better suited to performing
classification of human teeth as variation in hardness and intensity are clearly
observed. Further, we verified this with various multivariate analysis like 1D,
2D and PCA. Our findings support the robustness of LIBS to perform the
elemental analysis of calcified biological samples and the importance of the
laser in the fields of odontology, archeology, and forensic science.
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Chapter 1

Introduction

1.1 Introduction

Laser-induced breakdown spectroscopy

Laser-induced breakdown spectroscopy (LIBS) is a rapidly growing atomic

emission spectroscopic technique in the field of elemental analysis. It com-

prises a high-power pulsed laser of short duration which is targeted at the

study material or sample. A laser-induced plasma plume is formed, which

bears the fingerprints of elements present in the sample. Using emission spec-

tra obtained from the plasma, a range of elements present in the sample can

be detected and studied [1, 2, 3]. The advantages that are associated with

the technique are: It effectively reduces the time for sample preparation, and

is versatile as a range of samples (solids, liquids, gases, and so on) can be

analyzed with ease. The amount of sample does not influence the outcome

of analysis and is a robust and rapid process. Therefore, with these benefits

of LIBS, the growth in qualitative and quantitative elemental analysis of di-

verse samples is extremely fascinating [4, 5, 6]. The features of the technique,
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such as laser source, regulation of pulse energy and duration, resolution of

spectrometer, optical setup for collection of emission lines, modification in

plasma conditions, have improved since the day its first useful application

was achieved [2, 4]. At present, the desired amount of data can be generated

with LIBS, which allows to study the material extensively with accuracy and

precision. The application of LIBS is not limited to laboratory examination

of the sample. Rather, real-time analysis of samples at site through portable

LIBS is also possible. In-vivo, in-vitro analysis of biomedical samples, space

exploration with remote LIBS, and underwater examination of samples are

made possible with LIBS. The other standard atomic emission spectroscopic

techniques, such as atomic absorption spectroscopy (AAS), atomic emission

spectroscopy (AES), inductively coupled plasma mass spectroscopy (ICP-

MS) and x-ray fluorescence (XRF), are as efficient as LIBS. The disadvan-

tages of these methods are related to strict sample preparation protocols,

therefore all kinds of samples can not be analysed. The quantity of sample

and its homogeneity play a major role in the outcome and detection of lighter

elements such as C, H, O, N is difficult with these techniques. In the matter

of sensitivity and accuracy, few of these techniques have greater advantages

over LIBS. This discrepancy can be resolved to some extent by introducing

the double-pulsed LIBS (DP-LIBS) and multi-pulsed LIBS (MP-LIBS) [14]-

[24]. With these advancements, LIBS is very useful in space exploration, in

the elemental analysis of environmental, industrial, archeological, geological,

nanomaterial, and forensic materials. Higher energy materials, plant and

animal physiology, human biology, and many more.
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Principal component analysis (PCA)

With the ability of LIBS to generate thousands of variables and huge spectral

data, it is crucial to handle the exhaustive data adequately. There arises the

need to introduce sophisticated algorithms for effective and fast processing

of data. Therefore, in this scenario, multivariate analysis efficiently handles

the LIBS data [11]. Multivariate methods are of two kinds, namely super-

vised and unsupervised pattern recognition methods. In the former method,

a model is constructed based on known samples and is further used to pre-

dict unknown samples as well. Partial least square discriminant analysis

(PLS-DA), linear discriminant analysis (LDA), k-nearest neighbor (kNN),

artificial neural networks (ANN), and soft independent modelling class ana-

log (SIMCA) fall under this method. The unsupervised method is an initial

step of data analysis used for dimension reduction and pattern formation

of the dataset by maintaining the originality of the data. Principal compo-

nent analysis (PCA), cluster analysis such as K-mean and hierarchical cluster

analysis (HCA) are unsupervised pattern recognition methods for classifica-

tion. The most widely used multivariate analysis in laser physics (LIBS,

NIR, FTIR, etc) is PCA, for classification of samples and as a preliminary

step for further analysis [11]. PCA was first planned in statistics by Pearson

and was brought to its present state by Hotelling. In PCA, the dataset is

expressed as a linear combination of a few linearly independent variables or

principal components (PCs). These PCs can explain the maximum variables

present in the dataset. The multidimensional data is reduced to the subspace

defined by new PCs, making the interpretation of data easier. An additional
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set of basis will eliminate noise and bring out the actual pattern of the set.

By correlating the properties of samples to the patterns, classification of the

samples can be performed. To perform PCA, the sample matrix should be

covariance or correlated, and multiple variables must be present. Linearity

among the variables must be maintained and should be correlated. Each

value needs to follow a normal distribution and must be free from outliers.

The two important aspects of PCA are the loading plot and the score plot.

The loading is linear coefficients of the inverse relation of linear combinations.

It helps to understand the dependence of variables on PCs and establish a

correlation between them. The score plot is the projection of original sample

data onto the new PCs and is the actual output of PCA [7]-[11].

We come to know that in the present era, LIBS with multivariate analysis

is the fastest growing technique in the laser community and spectrochemical

analysis of samples. The technique of coupling LIBS with multivariate anal-

ysis is found to be very useful in the fields of biomedical and forensic science.

Identification of various pathological diseases, malignant tissue, classification

of organs, and pathological bacteria is made possible with LIBS and a mul-

tivariate technique. The study of calcified tissue is important as they are

stable compounds and can retain biological information for a long duration.

The identification of principal elements along with trace elements present in

the calcified tissues is possible with LIBS. Along with this, changes in the

concentration of principal elements due to environmental, habitation con-

ditions, etc. can also be observed with LIBS. By identifying normal and

pathological conditions, variation in elements with aging or environmental

factors, biomedical and forensic sciences can be better understood with LIBS
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in combination with chemometrics.

In this project, we aim to study the human teeth samples of various age

groups. A human tooth is one of the hardest calcified tissue, crystalline in na-

ture, and is composed of mineralized compound hydroxyapatite Ca10(PO4)6

(OH2). Therefore, Ca and P are major elements found in a human tooth

along with the presence of trace elements like Cl, F, Na, K, Sr, Mg, Mn,

Cu, Zn, Pb which are incorporated due to various environmental conditions

during teeth formation. The human tooth is divided into three regions viz.,

enamel, and dentin which forms the crown region, and cementum forms the

root. Enamel is composed of 96% of mineralized inorganic material and 4%

organic material and is the hardest and most mineralized section. Dentin

consist of the pulp and is made of 70% mineralized inorganic material, 20%

organic material and 10% water. Cementum contains 65% mineralized in-

organic material, 23% organic mineral and 12% water [5, 103, 104]. The

elements that are investigated as shreds of evidence for forensic information

and examined for human pathological conditions are present in human teeth.

Therefore, it is easy to access and laser science is one of the most extensively

applied techniques in dentistry. Also, the hardness of a calcified tissue can

be estimated by the ratio of intensities for the ionic and atomic lines of Ca

and Mg. CaII
CaI

and MgII
MgI

are proportional to the hardness of tissue. Therefore,

our motive here is to analyze the hardness of teeth samples for the enamel

and cementum section by utilizing these ratios. Studies show that hardness

varies between the enamel and cementum sections and remains unchanged

for dentin [12]. The variation of these ratio values is observed for all the age

groups for both sections. Age classification based on these values is analyzed
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with histogram plot as 1D classification and with 2D classification. Lastly,

PCA is applied for age-wise classification of samples considering the entire

LIBS spectra for the enamel and cementum section. A comparative study

was performed to check which section is better suited for the classification of

teeth samples with varying ages.
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1.2 Objective

There are three main objectives of this work which are as follows :

1. To perform elemental analysis of human teeth samples with LIBS for

the age group between 5-60 years. The two sections of the teeth sam-

ples, viz., enamel and cementum part of the samples are examined.

2. The next motive is to estimate the hardness of these two sections by

taking the intensity ratio of ionic to neutral lines of Ca and Mg. These

values are obtained for all the age groups and the classification of teeth

samples based on varying hardness with aging is obtained with 1D and

2D classification.

3. Finally PCA is done on the entire LIBS spectra for both the section

and classification of teeth samples with ascending age is estimated.

The application of LIBS with PCA to study the hardest section among

enamel, dentin, and cementum of a human tooth is reported in the liter-

ature by Pathak, et al, [12]. They have evaluated the hardness of teeth

samples by observing the ratio intensities for the ionic to atomic lines of

Ca and Mg, CaII
CaI

and MgII
MgI

. The results show enamel to be the hardest

section and hardness varies for the enamel and cementum section with age

but remains the same for dentin. The study is limited to the application of

PCA to identify the hardest section of the sample [12]. The variation of the

hardness and corresponding changes in the LIBS spectra with age remain

untouched. Therefore, our aim here is to classify human teeth samples with

varying ages on the basis of hardness and the variation in the LIBS spectra
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by using various multivariate techniques. This study shows which of the two

sections of enamel and cementum can be better suited to classifying human

teeth samples with age.
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1.3 Review of Literature

1.3.1 Introduction to laser induced-breakdown spec-

troscopy (LIBS)

Based on the Albert Einstein theory of stimulated emission, laser-induced

breakdown spectroscopy (LIBS) marks its development with the invention of

the pulsed ruby laser in the year 1960. The first useful laser-induced plasma

produced for spectrochemical analysis of surfaces in the year 1963 led to the

birth of LIBS. Over the years, there has been a significant development in this

technique and has created an opportunity to explore a wide range of samples

[5, 12]. LIBS is a technique based on atomic emission spectroscopy. The pro-

cess involves the excitation of atoms in the ground state by the application of

an external energy source. The atoms in an excited state spontaneously emit

radiation to reach the lower or ground state. The emission intensity while

returning to the lower state is directly proportional to the concentration of

atoms in the ground state [1]. Based on this principle, in LIBS, a high-power

pulsed laser of short duration is targeted at the surface of a study material

(solid, liquid, gas). When the laser power irradiance exceeds the breakdown

threshold, the illuminated section of the sample gets ablated. The process is

accompanied by phenomena like local heating, melting, and intense evapora-

tion. The evaporated material expands and, because of its high temperature,

it forms a plasma plume above the surface of a sample. Plasma is the local

assembly of atoms, ions, molecules, free electrons, neutral and excited species

present in a sample. Collection of emissions from plasma while it is cooling
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down, gives the idea about the content of the sample [1, 2, 3, 4, 5].

Due to its monochromatic, directionality, generation of high-power pulsed

beam, and coherence properties, the laser has gained importance in mod-

ern spectroscopy. The Q-switched Neodymium-doped Yttrium Aluminum

Garnet (Nd: YAG) is a laser system used in LIBS because it has properties

such as higher repetition rates, better pulse-to-pulse repeatability, improved

optical-beam characteristics, durability, reduced size, and better energy effi-

ciency. Generally, it is operated at the fundamental wavelength of 1064 nm,

although other wavelengths (532 nm, 355 nm, and 266 nm) can be generated.

The laser operating conditions such as wavelength, pulse duration, and pulse

energy are the factors that affect laser ablation and laser-induced plasma

formation. [2, 4, 5].

We briefly discuss the working function of a few other widely used atomic

spectroscopy techniques in table 1.1 and the disadvantages related to them.

These disadvantages are overcomed with LIBS, which makes it a convenient

technique compared to other methods.
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Table 1.1: Comparision between the atomic spectroscopy techniques other
than LIBS.

Methods Working Principals Disadvantages

AAS

Absorbs ultraviolet/ visible
light to measure the

concentration of metallic
elements in the gas phase.

The flame or graphite
furnance dries, ashes and
vaporizes the sample to

produce free analyte
atoms[1, 14].

The samples are dissolved
hence information about

the concentration and
spatial location is

destroyed. Only single
element can be analysed at

a time and detection of
organic components such as

C, H, N, O is difficult
[15, 16].

AES

The concentration of
analyte atoms are

determined with optical
emission. The desolvated,
vaporized and atomized
atoms are excited into

higher energy levels with
high-temperature

atomization source. It
emits radiation while

decaying to lower levels
[17].

Simultaneous detection of
elements are possible, but
the spectra are narrow and

congested. Therefore, it
requires high-resolution

spectrometer[14].

LA-ICP-MS

The laser ablated samples
are vapourised and ionized
in the ICP. Based on the
production of ions in ICP

elements are detected
through their mass to
charge ratio. Precise
identification of trace

elements is possible for
sample concentration less

than 1 ppm [18, 19].

In terms of sensitivity and
precision LA-ICP-MS is a
better techinique but the
results highly depends in

the method of sample
preparation [20, 21].

XRF

Targeted X-rays on finely
powdered and

homogeneous sample,
knocks out electrons from
inner orbitals of atom. A

photon with characteristics
of particular element is

ejected as electrons from
outer orbitals falls in to fill

the void.

Condition for detection are
weight >1 g, Z ≥12. The
spatial resolution is low

and interference can mask
identification of elements.
Portable field XRF has a
low peneration[14, 12, 5,

22, 23, 24].



CHAPTER 1. INTRODUCTION 12

1.3.2 Importance of LIBS with multivariate analysis.

In recent years, a dynamic advancement has been recorded in LIBS, with the

improved repetition rate, resolution, and sensitivity of the laser and detection

unit. Henceforth, a desired number of spectra can be generated with LIBS

to accurately examine the composition of a sample. With an increase in

the repetition rate of a laser, the number of measurements is high and the

corresponding variables for each measurement are also large.Therefore, to

characterize the sample by processing a large dataset requires the application

of multivariate data analysis. The purpose of using multivariate analysis is to

determine all the variations in the data matrix and to find the relationships

between the samples and variables in a given data set and convert them

into new latent variables. The multivariate algorithm efficiently classifies

the sample matrix based on its spectral features. The advantage of using

multivariate analysis is due to the efficient reduction of multi-dimensional

variables into lower dimensions by preserving the originality of data. The

detection of outliers helps to identify the pattern present in the sample,

which is helpful for sample classification [10] [25]. Of the various multivariate

analysis methods, the most widely used in the LIBS community is PCA.

The main motive of PCA is to extract important data from the sample

matrix and compress the data set, keeping only important features. The

new information is expressed as a set of new orthogonal variables called

principal components, which simplifies the description of a dataset. It helps

us to observe the structure of measurements and variables, which eventually

helps in sample classification [9]. The mathematical details of PCA will be
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discussed in chapter 2. Here we briefly review the application of LIBS with

PCA in various fields.

Pharmaceuticals, Medicinal herbs.

All pharmaceuticals are composed of organic active substances known as ac-

tive pharmaceutical ingredients (API) and excipients, which consist of various

inorganic elements present as additives or impurities. Therefore, LIBS is ap-

plicable here as it can detect both organic and inorganic elements at once. A

study was conducted by Myakalwar et al.,[26] to investigate the effectiveness

of LIBS for monitoring commercial pharmaceutical tablets based on their

compositions and for further investigation using PCA and SIMCA. PCA

has been employed to classify Brufen (coated and uncoated), Glucosamine

(coated and uncoated), Paracetamol, and Vitamin C. A fair classification of

samples has been observed and their results conclude that PCA can iden-

tify the primary elements existing in the sample composition, which helps in

distinguishing the various samples [26]. P.K. Tiwari, et al., studied various

brands of Type 2 diabetes drug tablets containing voglibose (C10H21NO7) as

an API having dose strengths of 0.2 and 0.3 mg with LIBS and processed the

data using PCA and PLSR for classifying and also developing the calibration

models of drug samples. For this, the LIBS spectrum was recorded from five

uncoated samples in argon and air medium. Although the same elemental

composition was found in all the samples, PCA has given distinguishable

clusters for all the samples in both air and argon medium [27]. The same

group has studied the composition and classification of pain-relief drugs in

the air and argon atmosphere. The elemental analysis from the LIBS shows
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the presence of C, Hα, O, N, Na, Mg, Ca, Si, along with the presence of CN

and C2 bands. A satisfactory classification of these samples has been per-

formed with PCA showing its ability to discriminate/classify a huge number

of drugs having nearly similar or different compositions [28]. The work of

Doucet et al., points out the capability of LIBS to detect molecular bands

of CN, CH, C2, atomic lines of C, H, Mg, and ionic lines of Ca. With the

detection of these elements, one can predict all the ingredients present in

a complex matrix of a pharmaceutical formulation. Therefore, using LIBS

coupled with chemometric tools, a complete study of pharmaceutical tablets

can be done both qualitatively and quantitatively [29]. LIBS has been ap-

plied to study multielement tablets and the results obtained agree with those

obtained from the ICP OES technique. Henceforth, LIBS could be a suitable

alternative to the current wet chemistry method [30].

In recent studies, LIBS has been efficiently used to perform the elemental

analysis of medicinal plants of various kinds. The application of multivariate

analysis to classify the herbs from different provinces has gained importance.

Here we highlight a few applications of LIBS with multivariate analysis in

this field. J.Wang et al., has investigated three kinds of Chinese medicinal

herbs i.e., angelica pubescens, Ligusticum wallichii and Codonopsis pilosula

taking its root section. The effectiveness of Chinese medicinal herbs is be-

lieved to depend on factors like origin, collection time, and processing meth-

ods. Therefore, qualitative and quantitative characterization of the herbs is

required. The samples were taken from different places and have been clas-

sified with PCA and back-propagation artificial neural network (BP-ANN).

Incorporating the NIST database with LIBS, identification of elements like
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K, Ca, Na, Mg, Al, Fe, Li, Ba, Si, and C were possible. PCA has suc-

cessfully classified the roots of angelica pubescens originating from different

places. For classification of the other two samples, PCA has been coupled

with BP-ANN [31]. The same group has performed the elemental analysis

of Puer tea leaves, which is a kind of fermented dark tea, with LIBS. Here

quantitative analysis of Pb which is a toxic heavy metal is done by three

methods: external standard method, internal standard method, and multi-

ple linear regression method. The study confirms that LIBS combined with

multiple linear regression method is a favorable method for analyzing the

concentration of Pb in Puer tea leaves [32]. Also, the different kinds of tea

samples has been analyzed with LIBS and classified using discriminant anal-

ysis(DA). The spectral lines of Mg, Mn, Ca, Al, Fe, K, CN, and C2 were used

from the LIBS spectra for evaluation of the samples. Out of 300 samples,

286 samples were identified correctly with the average identification rate of

95.33% [33]. The study of Artemisia annua, a traditional Chinese herb has

been done with LIBS using wavelengths of 532 nm and 1064 nm. Its pur-

pose was to investigate the influence of laser wavelengths on the detection of

metals in the elemental analysis of the herb [34]. The work of D.K Tripathi

et al., investigates the micro-and macro-elements distribution in the leaves

of four Ocimum species viz. Ocimum basilicum, Ocimum sanctum, Ocimum

gratissimum and Ocimum americanum. Analysis of the sample was done

with LIBS and ICP-AES which confirms the presence of K, Na, Ca, Mg, Si,

C, H, O, N, with Ca in abundance. The lighter elements like C, H, O, N were

not detected by the latter method. PCA formed separate clusters for all four

species of Ocimum, proving that there is a difference in mineral accumulation



CHAPTER 1. INTRODUCTION 16

and its distribution among them [35]. Similarly, X.Liu et al., has performed

the elemental analysis of Blumea balsamifera, collected from different origins

with LIBS and employed PCA and PLS-DA to classify them. LIBS spectra

mark the presence of Ca, K, Na, Mg, Al, H, N, and O. Their study shows

that better classification is obtained with PLS-DA [36].

Environmental analysis

Due to the capability of LIBS to perform remote and on-site investigation

of a sample, it is finding a wide application in environmental monitoring of

toxic water samples, soil contamination, and rocks. The work of G. Kim and

his group highlights the application of LIBS to perform elemental analysis

of soil contaminated with heavy metals or oil and classify them using PCA

and PLS-DA. The emission lines of C, Ca, Cd, Cr, Cu, Fe, Mg, Al, Mn,

Nb, Pb, Si, Sr, Ti, V, and Zn were observed in LIBS spectra. The con-

centration of Cu, Pb, and Zn were found to be higher in the contaminated

soil. The concentration of Al, C, Cu, Fe, Pb, Si, and Zn were found to de-

crease with the increase in water content of the soil. PCA with two principal

components (PC1 and PC2) formed a separate cluster for the soil contam-

inated with heavy metals and overlapping was observed between the clean

soil and oil-contaminated soil. By including the third principal component

(PC3), classification of all three samples was possible [37]. S.Chatterjee and

the group have investigated the soil from the Manuguru geothermal area,

located in the Telangana state, with LIBS and PCA. The soil samples were

collected from spots near the thermal discharge and away from it. The chem-

ical analysis and LIBS show the abundance of trace elements like Li, Rb, Cs,
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B, Sb, Cu, Pb, Mn, Co, rare earth elements; Sc, Ce, Eu, Tb, and transition

metals; Hf, Ta, in the soil samples collected near the thermal discharge. PCA

when run through the entire LIBS spectra showed the clustering of samples

near the thermal site and away from it. Therefore, the concept of an arbi-

trary parameter named PCA coefficient threshold (T c) was introduced to the

maximum Cartesian distance in the loading plot. This allows selecting only

the important wavelength region to perform the classification. By applying

this criterion to PCA, better classification was obtained. The chemical data

showed a distinct cluster for both the regions, classifying the sample with

an accuracy of 85% [38]. Similarly, LIBS with PCA and PCR has been em-

ployed to investigate soil bacteria from un-mined bauxite soil and historically

mined bauxite soils. Femtosecond LIBS has been employed to study isolated

bacteria and mark the emission lines of Na, Mg, K, Zn, Ca. PCA has been

applied to classify the bacteria found at individual sites. This result shows

the efficiency of LIBS in identifying the chemical composition of bacteria and

accordingly classifying them [39].

The study by J.B Servine and his group focuses on the remote identifica-

tion of rocks by LIBS under Martian conditions. This is the laboratory

investigation of ChemCam before it was equipped for the Mars Science Lab-

oratory (MSL) in 2007. ChemCam (Chemistry and Camera) is NASAs 2011

MSL rover named Curiosity, designed to evaluate whether the Martian en-

vironment is capable of supporting microbial life. It consists of two standoff

sensing instruments: LIBS and a Remote Micro-Imager (RMI), mounted on

the rover body to perform elemental analysis at a distance of 2 to 9 m. LIBS

performs the elemental analysis while RMI places the LIBS analyses in the
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geomorphological context [40]. Here, six different kinds of rocks, viz. Gab-

bro, Limestone, Obsidian, Basalt, Trachyte, and Trachy-andesite, have been

examined with LIBS and have been classified using three different multivari-

ate methods, i.e., PCA, SIMCA, and PLS-DA. With PCA, four of the rock

samples could be classified except for basalt and gabbro as they possess simi-

lar spectral features. The drawback of PCA is that automatic predictions can

not be performed. Therefore, SMICA has advantages for remote identifica-

tion of Martian rocks as it avoids misclassification even if most of the spectra

remain unidentified [40]. A similar study has been conducted to examine ig-

neous and highly-metamorphosed rock samples with the application of PLS

and PCA, mainly to create a calibration system for ChemCam [41]. Simi-

larly, the work of Lanza and his group examines the weathered rocks with

LIBS in a martian atmosphere to improve interpretations of ChemCam rock

analyses on Mars as the composition of rocks changes with the addition and

removal of substances. Rock coating and rinds are two kinds of weathering

processes observed in situ on the Martian surface. Therefore, four naturally

weathered Basaltic rocks were taken as the sample and were examined in

both interior (fresh) and exterior (weathered) environments. O, Si, Fe, Al,

Mg, Ca, Na, and K are the major elements found in all the samples. With

the help of PCA, the variety of elements from the exterior to the interior

interior region has been observed and classification has been performed [42].

A significant application of LIBS with PCA was found in the investigation of

mineral ores, as shown in the work of P. Pozka, where they studied igneous

rocks from various provinces. The study is divided into two parts: In system

1, a high energy Nd: YAG laser of 1064 nm wavelength was used to irradiate
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the sample, and in system 2, a diode-pumped solid-state (DPSS) laser was

used. The outliers for PCA were more clear in system 2 and the classifica-

tion was more distinct [43]. Similarly, the application of LIBS with PCA was

found in the analysis of geomaterial classification and mineral ores [44, 45].

Liquid analysis by LIBS is difficult due to various factors. The free surface of

the liquid and the presence of microbubbles and particles hinder the results.

The high density and cooling effects of a liquid sample cause quenching of

laser-induced plasma, therefore the plasma has a lower temperature, lower

emission intensities, shorter lifetimes, and smaller maximum dimensions. A

double-pulsed LIBS is widely applied to study liquid samples, where the first

laser pulse creates a cavitation bubble and the second pulse, which is slightly

time-delayed, excites the plasma within them. This aids in the production

of more intense and narrow spectral lines. The other method is to analyze

the liquid sample in bulk form where the laser is focused on the free surface

or within some depth of the liquid. The first analysis of bulk aqueous liquid

was reported by Cremers et al., using a single and double pulsed laser [4, 46].

Here we would like to cite some applications of LIBS in liquid analysis. LIBS

has been used to detect Cr as a toxic metal in waste released from a refuse

incineration power plant near Poyang Lake, China. The experiment was car-

ried out with a single-pulsed laser and the optimization of laser pulse energy,

signal delay, and repetition rate improved the intensity of the spectra. The

obtained results have been compared with the AAS technique and a stan-

dard deviation of 8.5% is recorded [47]. To detect Pb and Cr in an aqueous

solution with LIBS, an ordinary printing paper is used as a liquid absorber

which is immersed in Pb(NO3)2 and Cr(NO3)3. This method enhances the



CHAPTER 1. INTRODUCTION 20

sensitivity and limit of detection (LOD) of metal ions in solution for LIBS.

The reproducibility of line intensity is improved with a relative standard de-

viation of ∼ 4% [48]. Similarly, the presence of arsenic (As) in underground

water with LIBS has been tested using zinc oxide (ZnO). This allows us to

measure the concentration of as low as 1 ppm [49].

Food and industrial application

The application of LIBS in the food industry for the analysis of milk, bakery

products, tea, vegetable oils, water, cereals, flour, potatoes, palm dates, and

different types of meat is increasing rapidly. Also, its application is widely

found in the analysis of alloys, plastics, waste, ceramics, glasses, and nuclear

plants [50, 51]. LIBS has been employed to classify the different natures of

fertilizers using multivariate analysis like PCA and PLSR. Phosphate rocks

and organomineral fertilizers of different origins and composition are stud-

ied with single and double pulsed LIBS. The presence of P, Ca, and Fe has

been verified with LIBS and the concentration is measured with ICP-OES.

PCA is performed on the raw as well as on normalized spectra which success-

fully classifies the phosphate and organomineral fertilizers [52]. The study

of genetically modified (GM) and non-GM maize samples was analyzed with

LIBS in combination with PCA, PLS-DA, SIMCA, and ELM. The mineral

elements detected were Mg, Al, Ca, Fe, K, Ti, and also the molecular bands

of CN were identified. The concentration of minerals in GM maize samples

was less than in non-GM maize. The PCA results could classify the sam-

ples, where the variables mainly remained dependent on PC1. According to

the PCA results, 30 main emission lines were taken to further analyze them
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with PLS-DA, SIMCA, and ELM [53]. The applicability of LIBS is also

found in quality control, traceability, and detection of adulteration in milk.

The combination of PCA and neural networks (NN) was used to achieve

classification of pure and mixed milk samples. Also, the quantification of

melamine in toddler powder milk samples was studied by NN [54]. Similarly,

qualitative classification between pure meat and offal samples and their adul-

teration is quantitatively studied with LIBS and PCA. Offal samples consist

of the kidney, liver, heart, lungs, and spleen of beef. Therefore, LIBS anal-

ysis of all these parts was taken, which marks the presence of Na, Fe, K,

Mg, and Ca in different concentrations for different parts. PCA was success-

fully used to classify among the different types of offal samples and PLS was

employed to study the adulteration of offal mixtures [55]. The analysis of

animal fat extracted from different animals is done with LIBS. The samples

were frozen using the freezer method and liquid nitrogen (LN2), and have

shown enhancement in the amplitude of LIBS spectra. PCA was success-

fully applied to classify the samples frozen with the above mentioned two

techniques, though extracted from the same sample. Also, discrimination

between samples extracted from different species under the two freezing pro-

cesses is analyzed with PCA, showing (LN2) as a better method of freezing

[56].

The application of LIBS is equally important in the classification of alloys.

The time-resolved LIBS is employed to study materials made of carbon steel,

stainless steel, high-temperature steel, mild steel, zirconium alloy, nickel al-

loy, brass, copper, and aluminium [58]. The multivariate analysis employed

are PCA, cluster analysis, multiple discriminant method, and the spectral
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matching method. The classification between samples having similar ele-

mental composition could not be classified with PCA but provides a spec-

tral identification for general elements. The multiple discrimination method

brings more accuracy in the classification of samples [58]. The analysis and

classification of coal ash are studied with LIBS in combination with PCA

and independent component analysis-wavelet neural network (ICA-WNN),

as it is useful in the management of metallurgical waste. The identification

of coal ash with WNN requires the formation of a training model. The opti-

mization of input variables, pre-processing method, model parameters, and

validation of the training model are required. Therefore, PCA with Maha-

lanobis distance (MD) was first employed to identify the abnormal spectra

in LIBS to optimize the training set. The refined input obtained with PCA

and ICA was used to classify the samples with WNN [59]. The practice of

remote detection using LIBS has increased the possibility of its application

in a hostile environment. A study explores the ability of LIBS to discrimi-

nate between pre-irradiated nuclear Pile Grade A (PGA) graphite moderator

rods and domestic lump wood charcoal, which causes nuclear waste. The

emission lines of C(I), C2, Ca(II), Ca(I), CN, Fe, Mg, Na re recorded for

charcoal lump. PCA could classify between groups of graphite moderators

and charcoal lumps with different pulse energies. Further clustering meth-

ods, molecular and atomic discrimination methods are employed to improve

the classification [60].
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Archeology and forensic

The properties of LIBS to perform rapid elemental analysis of samples at

the site with minimal destruction and with depth-profile analysis have at-

tracted people to investigate archeological sites with its application. Several

historical artifacts, which include ancient buildings, paintwork, coins, and

ceramics, are explored by LIBS [61]. The historical buildings were character-

ized according to the building materials mined from different quarries around

Spain with LIBS and XRF. The samples were divided into two groups. The

first consisted of samples of known origin and the second group consisted of

samples of unknown origin. A relatively small number of major and trace

elements are detected with LIBS, which are Mn, Cr, Pb, Cu, Sr, Ti, Si, Mg,

Fe, Ca. XRF measures a large set of elements such as As, Ba, Cl, Co, Cr,

Cu, Ga, Hf, La, Mo, Nb, Nd, Ni, Pb, Rb, Sc, Sm, Sr, Ta, Th, Tl, V, U, W,

Y, Yb, Zn, and Zr. Therefore, the latter method is applied here to resolve

incomplete classification based on LIBS data. LDA is employed on the XRF

data to classify the materials, which could discriminate against only four

kinds of building materials. PCA was applied to LIBS data with the first

two principal components. The first group of samples could classify two kinds

of materials, but the rest remained clustered together. This was resolved by

introducing successive principal components which showed scattered data,

which is attributed to the intrinsic heterogeneous nature of study samples.

The further classification is carried out with SIMCA to bring clarity to the

classification [62]. Archaeological coins obtained from the excavations in

Kausambi, Uttar Pradesh, India are studied with LIBS. Five coins belonging
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to different dynasties have been investigated. The LIBS spectra of coins show

the emission lines of Ag, Cu, Ca, Si, Fe, Mg, and Sn. PCA could successfully

classify the samples, forming five separate clusters, proving that it can clas-

sify samples with different compositions as well as of different matrices. Also,

the loading plot establishes the correlation among all the elements detected

and their dependence on the principal components [63]. The application of

LIBS is reported for the analysis of ancient ceramics of different origins. Si,

Al, Fe, Ca, Mg, Ti, Mn, Na, K, Sr, and Ba were found in abundance, re-

flecting their quality and production. Ca, Fe, and Mn are common elements

whose concentration tends to vary for different samples. The application of

kernel principal component (KPCA) with PCA and backpropagation neural

networking (BP-NN) is used for the classification of ceramics. KPCA is a

nonlinear form of standard PCA, where an integral operating kernel function

computes the principal components in a high-dimensional feature space. It

implicitly relates the input space to a feature space through nonlinear map-

ping [64, 65, 66].

With the recent advancements in laser spectroscopy techniques and chemo-

metrics, the potential growth in the applications of these techniques in foren-

sic science can not be ignored [67, 68]. LIBS with PCA is applicable in exam-

ining the ink pen spectra of questioned documents. LIBS was implemented to

study the composition of black gel pens samples of different brands with min-

imal damage to the specimens. The samples were then successfully classified

with PCA, proving the combination of these two methods is a way to rapid,

in-situ characterization of forensic samples [69]. Soil serves as good evidence

for forensic purposes as it has a large variety of minerals and trace elements
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present in it. The chemical characterization of soil samples from similar and

different origins could be beneficial for forensic purposes. Therefore, soil sam-

ples collected from five different sites were studied under LIBS and LA-ICP-

MS techniques. In addition to that, a forensic spatial/sampling heterogeneity

study was conducted to check the variability on spatial scales between sites,

within sites, within sub-plots, and within samples. This avoids misclassifica-

tion of samples that are similar-looking and aids in forensic casework. The

elements selected for classification with the LA-ICP-MS technique are the

isotopes of Al, Ba, Ca, Li, Mg, Sr, Ti, U, V, Zr, and those obtained with

LIBS are Ba, Ca, Cr, Cu, Fe, Li, Mg, Mn, Pb, Sr, Ti, and V. Ratios between

SrII
T iI

, Ba−II
MgI

, CaI
MgI

, FeI
MgI

and LiI
MgI

are considered to perform the classification.

PCA could successfully discriminate between the soil samples of two different

sites and three standard reference materials. Also, the classification between

the three study sites was successfully done with PCA [70]. Glass samples are

major evidence in the case of forensic investigations. Therefore, extensive

studies have been done to characterize the glass samples with LIBS. The

work of E. M. Rodriguez-Celis and his group demonstrates the application of

LIBS with refractive index (RI) determination to identify glass samples with

similar RI. Here, the sample classification is done by recording the unique

spectral fingerprints of LIBS with linear and rank correlation methods. The

linear relationship between two intensity variables is estimated using the lin-

ear correlation method. In the case of the rank correlation method, these

variables are replaced with their respective ranks. Apart from this, spec-

tral masking, which allows the elimination of analytically useless parts of

the spectra and retains selected peaks through the multiplicative process, is
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employed. This approach makes LIBS a robust technique to analyze foren-

sic glass samples [71]. Similarly, comparative studies have been conducted

to analyze glass samples with different spectroscopic methods. The results

show the superiority of LIBS and LA-ICP-MS techniques. The accuracy and

precision of the latter method are better compared to LIBS. The advantage

associated with LIBS is that the classification of glass samples with similar

RI is possible just by comparing the emission spectra [23, 24]. The impor-

tance of LIBS with a combination of chemometrics is recorded for classifying

various biomaterials and chemical warfare simulants. Biological agent stim-

ulants, which include various kinds of bacteria, biological interferents which

consist of pollen grains, geological interferents, and chemical stimulants are

elementally analyzed with LIBS and classified with PCA and SIMCA. The

classification with PCA is performed for single-shot and averaged spectral

data for all classes of samples. The classification results are better obtained

for averaged spectral data and are verified with SIMCA as well. [72].

Plastics and Explosives

The use of plastic goods in our daily activities has become inevitable. The

accumulation of plastic waste and disposal issues are major consequences

arising out of it. Therefore, a necessity arises to discriminate between the

various classes of plastics and perform qualitative and quantitative analy-

sis. Henceforth, the application of LIBS is beneficial in this field as well.

The identification of plastic samples such as acrylonitrile-butadiene-styrene

(ABS), polycarbonate (PC), polystyrene (PS), styrene-butadiene (SB), high-

density polyethylene (HDPE), polyethylene (PE), polytetrafluoroethylene
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(PTFE), polyamide (PA), low-density polyethylene (LDPE), polyphenylene

oxide (PPO), polyoxymethylene (POM), polyethylene terephthalate (PET),

polymathy methacrylate (PMMA), high impact polystyrene (HIPS), polypropy-

lene (PP), thermoplastic polyester (TPO), chlorotrifluoroethylene (CTFE)

and polyvinyl chloride (PVC) with LIBS are reported in literature [73]. The

study by V. K. Unnikrishnan, et al, explores the application of LIBS to iden-

tify four kinds of plastic samples, viz., PET, high-density PE, PP, and PS.

The recycling of these samples is required for economic, environmental and

biological safety. The emission spectra obtained for all samples mark the

presence of CN molecular bands, C and H, which identify the presence of

organic compounds. The classification between samples is done with PCA,

which forms distinct clusters for all samples. To further aid the results ob-

tained with PCA, Mahalanobis distance (M-distance) was calculated for all

samples [74]. In recent decades, there has been an exponential growth in

the generation of waste electronic and electrical equipment (WEEE or e-

waste). Therefore, six different kinds of polymers, ABS, PS, PE, PC, PP,

and PA, which are mainly found in e-waste, are examined with LIBS. The

emission lines of C, H, N, O and the molecular band of C2 were taken as

the variables. Classification was performed using PCA, SIMCA, DSC, and

KNN. The classification between ABS and PS was not clear with PCA as

they possess similar properties. Therefore, the results were further refined

with other chemometric techniques [75]. Similarly, e-waste generated from

different polymer parts of mobile phones of different brands was studied with

LIBS. Emission lines of different elements were observed for different kinds of

polymers. Classification of polymers is successfully performed with PCA. As
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polymers are made of organic elements, LIBS with chemometrics is a suitable

approach to explore them [76].

The application of stand-off and remote LIBS for the detection of high-energy

materials (EM) is a fast growing technique. With the improvement in laser

wavelength, signal enhancement of LIBS, and most importantly, the capabil-

ity of LIBS to detect organic elements, it has become suitable for analyzing

explosive materials and classifying them with chemometric techniques like

PCA, SIMCA, and PLS-DA. Femtosecond pulses are advantageous for the

detection of explosives because short-duration energy is captured by the ma-

terial and less attenuated by the environment. Therefore, rapid ionization

with less thermal and mechanical damage makes it precise for laser ablation

[77]. The application of standoff and remote femtosecond LIBS was reported

for the detection of explosives like Nitroimidazoles and Nitropyrazoles, which

are nitro-rich energetic molecules. Standoff LIBS were employed to examine

five kinds of nitroimidazoles at different distances. Considering the impor-

tant spectral features of C, CN, PCA has successfully classified the samples

at all studied distances. Remote LIBS was used to examine nitroimidazoles

and nitropyrazoles along with metal and alloy targets at a distance of 8.5

m away. C, H, N, O, and molecular bands of CN, C2 are the main spectral

features of HEM’s. A successful classification of HEM’s and target metals

was achieved with PCA for remote LIBS analysis as well. This highlights

the potential of LIBS and PCA to analyze and classify HEM at a distance

location [78]. The study of pure explosives and residual explosives as an or-

ganic interferent is done with single-pulsed LIBS. Atomic lines of C, H, N,

and O were observed along with the emission lines of Al, Fe, K, Mg, Ca,
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and Na, which are due to impurities. In addition, molecular lines of CN and

C2 were also detected. The ratio between O/N, O/C, H/C, N/C, and O/H

was taken for PCA classification. Classification of three explosive samples

was successfully achieved using PCA. To improve the classification, differ-

ences in chemical reactions occurring in plasma were taken into account as a

parameter for PCA [79]. The study has been further extended by the same

authors to obtain a clear distinction between residual and organic interfer-

ents by taking into account various spectral parameters. The result suggests

nonuniform variation in plasma temperature and electron density for types of

samples is a factor to be considered to improve the classification of energetic

samples with LIBS [80].

1.3.3 Importance of LIBS with PCA in the analysis of

biological samples.

The first biomedical application of laser was found in 1968. The Ruby laser

was used to fragment urinary calculi, but due to continuous heat generation,

its clinical application was not found to be feasible. The invention of laser

lithotripsy in the mid-1980s for the treatment of stones marked the era of the

laser in the field of biomedicals. Over the years, the application of laser in

this particular field has extended to the analysis of bones, teeth, hair, blood

fluid, eyes, skin, cancer, etc. The development of laser technology in the

field of medicinal science was further aided by the advent of LIBS. It opens

wide opportunities for analytical inspection of biomedical samples due to

the various versatile properties that are associated with the technique. The
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biomedical application of LIBS is classified into the following two categories:

1. Mineralized tissues which involve the analysis of bones, teeth, hair,

kidney/urinary/gallbladder stones.

2. Soft tissues which involve the analysis of organs, detection of pathogenic

microorganism and malignant tissue [5].

Study of the biological sample and its classification was further enhanced by

the introduction of the multivariate analysis technique. Marvelous progress

has been made in LIBS-based classification of biological samples related to

forensic purposes, cancer diagnosis, dental care, characterization of stones,

age classification, etc [5],[13, 14, 81]. Here we discuss some major progress

made in this particular field by the application of LIBS with multivariate

analysis

Application of LIBS for the analysis of soft tissue.

There are two methods for detection of human soft tissue with LIBS, viz.

pathological and physiological detection. The former method involves the

detection and classification of malignant and normal tissue, and the lat-

ter method deals with the identification and classification of normal tissue

[82]. The pathological application of LIBS is found in the discrimination

between cancerous and normal human tissue from the breast, colon, larynx,

and tongue. In-vitro analysis of trace elements for normal and malignant tis-

sue extracted from these parts is compared. Higher concentrations of trace

elements were recorded for malignant tissues compared to normal tissues.
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Malignant breast tissues had the highest concentration of trace elements and

the lowest concentration of trace elements were found in malignant colon

tissues. Apart from the concentration of trace elements, the plasma tem-

perature and electron density are found to differ for both kinds of tissue.

Therefore, the concentration of elements along with plasma temperature can

be utilized to discriminate between samples. The results of LIBS are fur-

ther supported by ICP-OES and QP-MS [83]. The application of LIBS was

reported for the identification of cervical cancer from normal tissue, which

is the most widely occurring cancer in women. The LIBS spectra show the

presence of Ca, Al, Na, K, and Mg in both normal and malignant tissue.

A higher concentration of trace elements like Na, K, and Mg are found in

infected tissues. The classification between two samples was performed with

PCA, where clear classification could not be achieved. Therefore, support

vector machine (SVM) and combination of PCA-SVM is done to improve the

identification [84]. Similarly, a vitro study for the identification of malignant

and non-neoplastic breast and colorectal tissue at different stages is explored

with LIBS. Emission lines of Ca and Mg are recorded from the LIBS spec-

tra for both tissues, but the concentration of these elements is higher for

malignant tissue. The intensities of these elements are compared at differ-

ent stages of growth for both malignant and non-neoplastic samples and are

found to vary at each stage. This shows the capability of LIBS to perform

vitro analysis of malignant cells and is a promising technique for clinical ap-

plication for detection of cancer in the near future [85]. The feasibility of

LIBS to examine cutaneous malignant melanomas and surrounding dermis

tissue is being studied. Here, melanoma tissues were implanted on mice and
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samples were divided into two classes: in the form of pellets and surgically

extracted. C, Mg, Ca, Na, H, Na, K, O, and Cl were detected with Ca

and Mg showing major variance in malignant and normal tissue. PCA was

employed to classify between melanoma and dermis cells and better classifi-

cation was obtained for samples in pellet form. The classification was further

testified by LDA as well. Therefore, these studies highlight the advantages

of using LIBS over histological methods [86]. LIBS has emerged as a good

candidate for real-time investigation of hepatic cirrhosis. Different stages of

hepatic fibrosis in rat liver tissue are studied with LIBS. An increase in the

intensity of Ca is observed as the stages of fibrosis progress. The application

of PCA is found here to classify among different phases of the disease [87].

The physiological application of LIBS is reported for the identification of

normal tissue from the brain, lung, spleen, liver, kidney, and skeletal muscle

extracted from a chicken. The emission lines of Ca, Al, Fe, Cu, Na, Zn, Cr,

Mg, K, P, C, Li, Ni, Mo, Sn, and Sc are observed in the LIBS spectra of

samples, but Ca shows maximum intensity and variance for different organs.

PCA, ANN, PLS-DA, HCA, and DFA are the approaches adapted to perform

the classification. PCA is used as a preliminary technique for the reduction

of collinearities in data and data reduction. The classification was further

refined with PLS-DA and ANN [88].

Application of LIBS for the analysis of hard tissue.

The contribution of LIBS can not be ignored when it comes to the analy-

sis of several calculi and stones occurring in different organs of the human

body. In the year 2005, for the first time, LIBS was used to analyse sev-
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eral types of urinary calculi [81]. Here, major and trace elements present

in the samples were identified from the LIBS spectra. After this, a series

of works have been published in this particular field that have proved LIBS

as a promising technique for identification and classification of various kinds

of human stones. A quantitative analysis of gallstones was performed with

calibiration free LIBS (CF-LIBS). The results obtained from LIBS are com-

pared with those obtained from the ICP-AES technique. The gallstones are

classified into pigmented, cholesterol and mixed types based on their choles-

terol, bilirubin content and colour. Emission lines of Ca, Mg, Mn, Cu, Fe,

Na, K, Sr, Zn, C, H, N, O, and P are recorded for the pigmented type, where

as Zn and Sr are absent in the cholesterol type. The presence of Mg and Fe

was not recorded with the ICP technique, but LIBS showed large emission

lines of these elements. Detection of C, H, N, and O marks the presence of

organic compounds which were not detectable with ICP methods. Ca is the

most abundant element recorded. Therefore, the ratio of all other elements

with respect to Ca is evaluated and compared to calssify the samples. Study

concludes that the origin of all kinds of gallstones are the same but their

properties are altered by their growing process[89]. This study was further

extended to study the concentric rings inside the gallstones with LIBS in

air and argon medium. Cu, Fe, Na, and K were found in variable amounts

in the light and dark bands, whereas C was abundantly found in both the

bands as it is the major constituent of cholestoral and bilirubin. Here, the

evolution of swan bands of C2 and voilet bands of CN are studied to estimate

their presence in gallstone. Also, the evaluation of these bands allows easy

calssification of samples. The results track the origin of C2 are from sput-
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tering of cholesterol, bilirubin, and hydrocarbons already present in stones.

The origin of CN is mainly due to decomposition of organic compounds or

due to recombination of excited carbon atoms in hot plasma plume and ni-

trogen in air. This has been resolved by performing the experiment in an

argon atmosphere and confirming its presence is due to organic decomposit-

tions [90]. The study was further extended to classify the cholesterol and

pigmented gallstones with PCA based on emission lines of C2, C, and Mg

as these are the signature elements found in both kinds of stones. A clear

classification between two kinds of samples are obtained with PCA which is

shown in fig.1.1 [91]. This shows the robustness of LIBS for identification of

gallstones and its importance in the clinical application [91].

Kidney stone is again one of the major human ailments which needs to

be examined closely. It occurs in various locations and is named accordingly,

such as renal/kidney stones, ureteral stones, bladder stones, and urethral

stones. Due to the ability to perform rapid elemental analysis and to detect

a wide range of elements, LIBS is found applicable for studying varieties of

kidney stones. Five different kinds of stones extracted surgically are studied

cross-sectionally and by taking samples from the surface, shell and center.

The LIBS spectra obtained for pulse energy ranging from 10-40 mJ per pulse

show the emission lines of Ca, Mg, Cu, Fe, Zn, Sr, Na, K, P, S, Cl, and

lighter elements like C, H, N, and O. The presence of Ca and P indicates

the stones are calcium phosphate, whereas the elements such as S and Ca,

Mg and Ca suggest they are gypsum and dolomite. The presence of Na,

K, and Cl indicates the formation of halides during the initial precipitation

phase. The results obtained with LIBS were verified with those obtained from
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Figure 1.1: The figure shows the application of PCA used to classify between
cholesterol and pigment gall stone.[91]

ICP-MS and as Ca was the most abundantly occurring element, it concludes

that the stones were calcium oxalate in nature. The concentration of trace

elements was estimated through calibration curves and the intensity ratio of

elements with Ca was done to find the spatial distribution of elements inside

the samples. Therefore, LIBS allows one to estimate the origin of kidney

stones through quantitative estimation of elements [92]. The application of

single pulsed LIBS is found to estimate the carcinogenic elements in kidney

stones that result in harmful kidney disorders. The toxic elements detected
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were Cr, Pb, Cd, along with Ca, P, Zn, Ni, and V. The concentration of

these elements is measured with a calibration curve and compared with the

ICP technique. Apart from this, the dependence of intensity on laser energy,

time delay, and other plasma parameters are listed in this work [93]. Urinary

stones were first studied with LIPS and were divided into seven categories

according to colour and composition. With the advancement of LIBS, it

was restudied and divided into four categories, viz., oxalate, phosphate, uric

acid, and cystine stone. About 70% f the urinary stones are composed of

calcium oxalate. Uric acid and cystine are less frequently occurring urinary

calculi and do not contain Ca [94, 95]. To classify between organic and

inorganic calculi, a micro-LIBS system consisting of a higher-energy laser

and an Echelle spectrograph with an ICCD camera is designed [96].

Human nails are hard tissue that consists of keratine and stable proteins.

Therefore, it bears trace elements for a long period, which upon elemental

analysis can be useful for detection of various mechanisms that are going

on inside the human body [81]. A study focuses on the diagnosis of nails

infected with onychomycosis, a fungal disease, through elemental analysis

with LIBS. The normal region and pathological region with yellow and brown

colours are examined under LIBS, which shows the emission lines of Ca, Na,

and K. The intensity of these elements is found to vary across the various

normal and affected regions of samples. The intensity ratio of elements with

K is evaluated as it has weak emission lines and less self-absorption effect.

The transient temperature is studied for all the inspected regions with violet

bands of CN radical, which allows one to estimate the error in the intensity of

emission lines [97]. The utility of LIBS is tested for discrimination of human
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fingernails based on sex and age. The elements detected with LIBS were Al,

C, Ca, Fe, H, K, Mg, N, Na, O, Si, Sr, Ti, as well as the CN molecule. A

higher concentration of Al, CN, Fe, H, K, Mg, Na, O, and Si was observed in

men’s fingernails. Whereas, a higher concentration of Ca and Ti was obtained

for women’s samples. The correlation between the concentration of elements

is achieved with the Pearson correlation technique. O, N, H, CN, Fe, and Ca

are elements useful for discrimination of sex and age indication with DFA.

Though a clear classification of age could not be obtained, identification of

a particular age group was possible with these methods [98]. Discrimination

function analysis (DFA) is utilized to discriminate the sex and five age groups

with the fingernail samples which is shown in fig.1.2 [98].

Human bone is a calcified tissue of organic and inorganic origin which

mainly consists of hydroxyapatite, water, carbonates, phosphates, collagen

and proteins. Calcified tissue has a longer decay time and can preserve re-

sources that occur due to environmental, nutritional, pathological changes

etc. Therefore, its study is important for archeological, anthropological,

forensic, and medical purposes [81, 5]. With LIBS, the study and classi-

fication of bones are extensively performed, few of which are discussed here.

The study of ancient cattle bovine bones that are 4600 years old and re-

cent bovines are studied with LIBS that is enhanced by biosythesized silver

nanoparticles (NELIBS). The sample classification is based on the fodder

that was consumed in ancient times and contemporary times. The spectra of

ancient bones showed sharp emission lines of Si, Fe, Ca, Ti, Mg, Na, but the

recent samples had the emission lines of C, CN along with Ca, Fe, Mg, Na.

The hardness of both samples are compared by taking the ratio of atomic
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Figure 1.2: The figure shows the application of DFA used to classify human
nails on the basis of sex and age [98].

to ionic lines of Ca and Mg and the LIBS spectra of both are classified with

PCA shown in fig.1.3 [99].

Apart from bones, different kinds of fodder used to feed cattle were stud-

ied as well, to trace the presence of elements that might have been incor-

porated into bones. Clover, barley, and artificial feed are the three samples

studied under NELIBS where elements like Si, Ti, Fe, Ca, Mg, and Na are

detected. The PCA plot is observed for each of the fodder with bone samples

to examine the correlation between dietary habits and bone samples. Here,



CHAPTER 1. INTRODUCTION 39

Figure 1.3: The figure shows application of PCA used to classify the ancient
and recent bovine bone samples of animals [99].

PCA could provide a clear classification between ancient and recent bovine

bones, but it failed to establish a correlation or influence of the primitive

and recent feeding habits on the bone samples [99]. The Temporomandibular

joint (TMJ) leads to restricted movement and pain in the cartilaginous dis-

cus articularis, the cartilaginous surface of the condyle, or bone. Therefore,

removal of TMJ-affected tissue with a laser may damage the non-affected

tissues as well. A study aims at the identification of cartilage and cortical

bone tissue with LIBS to set a basis for laser surgery and widen its clini-

cal application. Tissues were extracted from pigs in an ex-vivo time frame

to avoid time alteration. The emission lines of Ca, Na, K, and CN were

recorded and the intensity ratio between Ca, Na, and K was evaluated and
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compared with both the samples to differentiate them. As sharp emission

lines were obtained for the cortical bone, ratio values were higher for it as

compared to cartilage tissue. PCA is applied here to classify between the

two samples for the entire LIBS spectra. Firstly, PCA is used to classify

the tissues for all five samples and is again projected for a single sample.

Better results are obtained when PCA is applied to individual samples, as

shown in fig.1.4 [100]. The dimension is highly reduced by PCA and the first

ten PCs are used as input data for LDA to further refine the results. This

shows the efficiency of LIBS with multivariate analysis as a clinical tool for

real-time investigation of tissues [100]. The application of laser in dentistry

Figure 1.4: The figure shows application of PCA to classify the cartilagious
and cortical bone tissue [100].

cannot be ignored, laser is found applicable in curing many dental amalgams.

The properties of LIBS to perform rapid elemental analysis for solid samples
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and the identification of both organic and inorganic elements has made it

a versatile technique for teeth analysis. Again, teeth and bones are stable

calcified tissue that can bear biological fingerprints and contaminations that

are retained for ages. Therefore, it serves a great purpose in understanding

the changes that have occurred in animal and human physiology with the

advancement of civilization. Its importance cannot be ignored in the field of

forensics as teeth can preserve DNA for human remains. By estimating the

hardness of teeth age estimation could be performed. The study of human

teeth for medical, archeological, forensic purposes has increased to the mani-

fold with LIBS as it can retain biological information and is easily accessible

[5, 13, 81, 101, 102]. Here we highlight recent progress made in the field of

dentistry with the application of LIBS. A human tooth is one of the hardest

calcified tissue, crystalline in nature and is composed of a mineralized com-

pound hydroxyapatite [Ca10(PO4)6(OH)2] [5, 103, 104]. Therefore, Ca and P

are major elements found in a human tooth along with the presence of trace

elements like Cl, F, Na, K, Sr, Mg, Mn, Cu, Zn, Pb which are incorporated

due to various environmental conditions during teeth formation and dental

conditions [103, 105]. The human tooth is divided into three regions viz.,

enamel and dentin which forms the crown region, and cementum forms the

root. Enamel is composed of 96% of mineralized inorganic material and 4%

organic material and is the hardest and mineralized section. Dentin consist

the pulp and is made of 70% mineralized inorganic material, 20% organic

material and 10% water and cementum contains 65% mineralized inorganic

material 23% organic mineral and 12% water [106, 107].

The first study on human teeth samples with LIBS was reported by Samek,
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et al, where trace elements in human teeth due to a whitening agent in

toothpaste and dental fillings were examined. Quantitative detection of both

major elements along with detection of elements like Ag, Al, Ca, Cr, Hg, K,

Mg, Mn, Na, Ni, P, Sn, Ti, and Zn were reported. The presence of Al and Ti

are due to whitening agents found in different kinds of toothpaste. These are

beneficial trace elements as they prevent teeth from corrosion. The presence

of Hg, Sn, Zn, Ag is due to fillings of amalgams that contain a mixture of

some metals. They have investigated the study for infant, child, and adult

teeth samples [108]. The same author has extended the work to investigate

the clinical application of LIBS to analyze teeth and dental materials. Here

they have elaborately discussed the effect of whitening agents, dental fillings,

and orthodontic braces on the accumulation of trace elements in teeth. The

spatial distribution of elements across the teeth section and detection of el-

ements with depth profiling technique were studied [109]. This provides an

initiating point for the investigation of teeth with LIBS and brings out the ro-

bustness of the technique for clinical application. The next important study

in this field is the identification of caries-infected teeth samples. Dental caries

or tooth decay, is one of the leading problems associated with dental health.

Caries infection occurs when the acid corrodes the surface of the enamel by

replacing the matrix elements like Ca and P with trace elements like Mg, Sr,

etc. Therefore, there arises the need to examine the infection at the initial

stages to prevent pain and loss of a tooth. A study of caries with LIBS shows

that there is an increase in the concentration of trace elements like Mg, C, Cu,

Zn, Sr, Na, and K in the affected region. The intensity ratio of these elements

with Ca (C/Ca, Mg/Ca, Na/Ca, Sr/Ca, and K/Ca) shows the higher concen-
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tration in the infected region compared to the healthy once [105]. Therefore,

the strength of enamel decreases with the infection of caries, making the

teeth porous and brittle. The LIBS spectra of the healthy and infected re-

gion within the range of 200-850 are shown in fig.1.5 [105]. The importance

Figure 1.5: The figure shows LIBS spectra for the healthy and caries infected
teeth samples. [105].

of LIBS as a real-time in-vivo and in-vitro investigation of caries is reported

by Samek, et al., an algorithm was designed for Discriminant Analysis which

serves two purposes: detection of material purity/quality determination, and



CHAPTER 1. INTRODUCTION 44

material identification/screening. After the identification of samples by DA,

Mahalanobis Distance (M.Dist) is the technique adopted for matching the

LIBS spectra of tooth samples and mapping of caries teeth. The intensity

ratio values of Ca to Mg were evaluated for each healthy and affected sample

batch. Classification between two samples was obtained for both in-vivo and

in-vitro experiments. This study sets a principle for in-vivo identification of

caries, bringing out the ability of LIBS in combination with algorithms, to be

a promising technique for caries treatment [110]. The application of PLS-DA

is reported for the classification of healthy and caries-infected teeth for the

enamel and dentin parts of the sample. Here, classification is based on the

emission lines of P, Ca, Mg, Zn, K, Sr, C, Na, H, and O for both parts of

the sample. Clear classification of healthy and caries for both sections has

been achieved. Also, classification of unknown samples from both sections

has been achieved [111]. Apart from this, many works are found in literature

where the robustness of LIBS for caries identification and the morphological

changes that occur in it due to infection are well studied. Also, LIBS pro-

vides the platform to understand the original tooth matrix and the spatial

arrangement of elements in it [103, 104].

To discuss the forensic and anthropological application of human tooth sam-

ples with LIBS, it is noted that elements like Ca, Mg, and Sr are important

for forensic investigation. These elements are readily found in human teeth

samples, therefore identification becomes easier [81]. Sea-water drowning has

been investigated by LIBS by examining dental samples. Spectral features

of dentin and enamel were recorded, which showed the higher concentra-

tion of Sr was observed in the dentin part of the drowned body [112]. The
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other application is in the classification of human bones and teeth fragments

to identify remains. As discussed earlier, teeth bones can retain biological

imprints, therefore LIBS can provide less costly and rapid identification of

human remains. This classification has been achieved by the application of

neural networking (NN) based on the emission lines of Ca, Sr, and Mg. Sat-

isfactory results are obtained and the method is less costly and more rapid as

DNA analysis is not required [113]. The teeth samples from different civiliza-

tions and different historic periods, based on their habitats and adaptations,

have been studied with LIBS. A significant difference in the concentration

of Ca, Pb, Al, Sr, Mg has been recorded [114]. Also, the difference in the

concentration and different types of trace elements are detected in the sam-

ples of people involved with smoking, drug addiction and dietary deficiencies

[115].

The hardness of a calcified tissue can be measured by estimating the ratio of

ionic to neutral lines of Ca and Mg. In a study, the hardness obtained from

the ratio of spectral lines was compared with the standard Vickers hardness

number (VHN) for different calcified tissues. It confirmed that the ratio of

ionic to neural lines of Ca and Mg gave correct values. Furthermore, it was

more accurate for Mg as it is less abundant and the effect of self-absorption

is neutralized [116, 117]. Utilizing this factor, micro spatial analyses of pre-

historic bear dentin were studied with LIBS, LA, and ICP-MS. Sr, Ba, Fe,

Ca, P, Na, and Mg are elements observed. The ratio between Sr/Ca and

Sr/Ba helped to estimate seasonal fluctuations that proved the migration of

this bear between his hibernation location and the place where fossils were

located. The ratio of ionic to neutral lines of Ca and Mg was used to esti-
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mate the hardness of the sample [118]. A study was conducted to analyze

the hardness of enamel, dentin, and cementum parts of human teeth samples

by estimating the ratio of ionic to neutral lines of Ca and Mg was taken from

the LIBS spectra. Here, the hardness estimated for different age groups was

found to vary with age for the enamel and cementum sections. The study

concluded with the application of PCA to classify the different sections of

human teeth samples, and it showed that enamel is the hardest section of

human teeth samples [12]. From the above review of literature, we conclude

that LIBS is a rapidly emerging technique in the field of laser science. Sat-

isfactory applications of LIBS are found in almost every scientific field. The

biological application of LIBS is a rapidly growing scientific advent, espe-

cially in the investigation of calcified tissues. Its importance is not limited to

biomedical only, but is important from a historical and forensic point of view

as well. Therefore, the motive of our work is to estimate human teeth sam-

ples of varying ages with LIBS and to perform age classification by combining

various multivariate techniques.



Chapter 2

Materials and Methods

2.1 Materials

The clinically removed teeth samples from the age group of 5-60 years were

collected from Kalimpong Sub-Divisional Hospital. The samples were divided

into six different age groups. A total of 12 samples has been analyzed. The

samples were dissected vertically into two halves and examined, with the

help of a dental surgeon, to study the enamel and cementum part separately.

The samples were then cleaned with distilled water to remove all the surface

contaminations and then dried at room temperature. The sample image is

shown in fig.2.1. The drawback faced during the samples collection is the

absence of a proper medical history of the patients. Since these are clinically

extracted samples a hint of caries infection is present in all the samples.

Though, care has been taken during the experiment so that the healthy

section is exposed to the laser. However, the presence of contamination

cannot be ruled out.

47
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Enamel

Dentine

Pulp

Cementum

(a) (b)

Figure 2.1: a) Clinically removed teeth samples between the age group of
5-60 years collected for the study. b) The vertical crossection of a tooth
showing different parts of it.

2.2 Methodology

2.2.1 Experimental setup

LIBS is adapted to experimentally examine the teeth samples due to its effi-

ciency to perform the rapid elemental analysis of biological samples specially

for the hard calcified tissue. The schematic diagram of the experimental setup

is shown in fig.2.2. For each age group, two different target points were set

and the LIBS spectra for both the enamel and cementum sections of the

samples are obtained for the study. A beam of pulsed Q-switched Nd:YAG

laser(Litron Laser, LPY 707G-10) at wavelength 1064 nm is employed for the

experiment. The pulse is focused on the enamel and cementum part, using a

quartz lens of focal length 15 cm. The emission from plasma is collected at
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45 degree angle to the incident laser beam, with the help of radiation collec-

tion optics and spectrometer (Ocean Optics USB 2000+ working in windows

2007 professional; mode) equipped with a charge coupled device (CCD).

Laser source

Laser beam

Focusing lens

Tooth samples
Plasma Optical fiber

Spectrograph

Detector

Data acquisition system

Figure 2.2: Figure shows schematic diagram of the experimental setup.

2.2.2 1D Classification

The hardness of samples, which is proportional to the ratio of ionic to neu-

tral lines of Ca and Mg, is first analyzed with 1D classification method

with a histogram plot. Following three ratios were evaluated: CaII(422.7nm)
CaI(442.67nm)

,

CaII(500.148nm)
CaI(442.67nm)

, MgII(525.44nm)
MgI(517.169nm)

. A histogram shows a statistical distribution of

data over a range of variables. This method tests the variation of these three

ratios concerning age groups for both the studied teeth sections. It provides

us with information about the ratio having more variations with ascending
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age and could contribute to the classification. Also, variation of these ratios

in the enamel and cementum part for every age group is tested with a his-

togram. This allows one to establish a comparative figure amongst the two

sections of the same sample

2.2.3 2D Classification

To bring out the classification image hidden in these ratio values 2D anal-

ysis is performed. For this the values of ratios CaII(500.148nm)
CaI(442.67nm)

, MgII(525.44nm)
MgI(517.169nm)

were taken in the form of a matrix, which forms the two variables X and

Y of analysis. The method is based on the multivariate normal distribution

function given by the following equation

f(x) =
1

(2π)r/2|σ|1/2
exp[−(X − µ)′σ−1(X − µ)

2
] (2.1)

Where, r are the number of dimensions, σ is the covariance matrix, and X,

µ are the matrix of variables and its mean respectively [120]. The expres-

sion (X − µ)′σ−1(X − µ) is the square of distance between the experimental

point X and the mean µ. A multivariate normal distribution is a constant

on the surface where the square of distance is a constant. Such paths are

called the contours and contours of constant density for r dimensional normal

distribution forms an ellipsoids defined by the paths of X shown in fig.2.3.

(X − µ)′σ−1(X − µ) = (a)2 (2.2)
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These ellipsoids are centered at µ whose axes are defined by ±a
√
λiei, where

λi and ei are the eigenvalues and eigenvectors of the covariance matrix.

For this study the above distribution function is reduced to the bivariate

normal distribution function, with following expression

f(x, y) =
1

2π
√
σxxσyy(1− ρ2xy)

exp[
−Z

2(1− ρ2xy)
] (2.3)

Where,

Z = (
x− µx√
σxx

)2 + (
y − µy√
σyy

)2 − 2ρxy
x− µx√
σxx

y − µy√
σyy

(2.4)

Here µx and µy are the mean values and σxx and σyy are varaince of vari-

X
xµ

yµ

yyxxc σσ +

yyxxc σσ −

Y

Figure 2.3: The image shows countour formation in the with 2D distribution
function.

able X and Y respectively. ρxy is the correlation coefficient between X and
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Y [119, 120]. If, λx ,λy and ex , ey are the eigenvalue and eigenvectors of

the covaraince matrix. For a positive covariance σxy, λx will be the largest

eigenvalue and the associated eigenvector ex lies along 45◦ through the mean

points with ±a
√
λxex will form the major axis and ±a

√
λyey will be the

minor axis of the ellipse and vice versa for negative covaraince. The diago-

nal elements of the covariance matix determines the spread of distribution

region.For equal diagonal elements the distribution will be circular otherwise

it is elliptical as shown in fig.2.3. The other important aspect of this method

is the euclidian distance between the mean points of distributed regions. The

countour lying at the center from which all other distribution region are at

equidistant is taken as a focus point. The distance is calculated with respect

to the mean points of this selected region to all the mean point of the rest

region. A larger euclidian distance implies samples are more separated from

each other and classification between them is more prominent.

2.2.4 PCA

The next method adapted to widen the picture of classification is the Prin-

cipal Component Analysis (PCA). In recent years PCA has evolved to be an

efficient tool in handling a large amount of data. Due to this efficiency of

PCA, recently it has a wide application in the LIBS community. It has two

major objectives:

1. Efficient data reduction.

2. Pattern formation of the reduced data without losing the originality of

main data with a suitable [7, 8, 9, 10, 121].
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PCA can be looked upon as the extension of a multivariate distribution

function from two to “n” numbers of variables. Here the data for “r” mea-

surements on “n” variables are taken in a form of a matrix. In the case of

LIBS, “r” measurements are the wavelengths, and “n” variables are the in-

tensity of emission spectra. The wavelengths form the rows, and the intensity

of the spectra forms columns of the sample matrix. The beauty of PCA is

that these “r” measurements on “n” variables are reduced to “r” measure-

ments on “p” Principal Components (PCs). This is of importance as the

entire variables are reduced to space formed by the PCs, without losing the

identity of original data. Also, it enables the formation of patterns that are

actually present in the original data and provides a suitable interpretation.

Now we briefly look into the theory behind PCA. The aim here is to form

a suitable basis to re-express the dataset as a linear combination of its basis

vectors, assuming that there is a continuity in the set. Consider,a random

vector X = [X1, X2, ......Xn] representing a certain variable, with a mean

vector µ and covaraince σ where λ1 ≥ λ2 ≥ ............λn ≥ 0 are eigenvalues

[120]. Let the linear combinations of the above set of variables be represented

by the following equations:

Y1 = ai1X = a11X1 + a12X2 + .........+ a1nXn

Y2 = ai2X = a21X1 + a22X2 + .........+ a2nXn

Yn = ainX = an1X1 + an2X2 + .........+ annXn

(2.5)

Here Y is another vector related to X through the linear transformation a,

which re-represents the data set. Rows of a are the set of new basis vectors
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for expressing the columns of X. Each jth coefficient of Yi is a projection on

the jth row of a and are called the scores of PCA.

Therefore,

Y = aX (2.6)

These linear combinations are actually the PCs of [X1, X2, ......Xn] random

variables. It sets a new coordinate system obtained by rotating the original

set of coordinate axes through the rotation vector, a. The new axes falls in

the direction covering maximum variables and provides a clear description

of the covariance structure. Let the variance and covriance in Y be given by

the following relations:

V ar(Yi) = a
′

i

∑
ai (2.7)

Covar(Yi, Yj) = a
′

i

∑
aj (2.8)

Where i, j = 1, 2, ..........n. The PCs are uncorrelated linear combinations of

Y1, Y2, ........, Yn, whose variance given by eq. 2.7 and these variance are equal

to the eigenvalues of covaraince matrix σ. Also, following relation holds:

n∑
i=1

V ar(Xi) =
n∑
i=1

V ar(Yi) (2.9)

Therefore,

1st PC = linear combination of a
′
1X that maximizes the V ar(a

′
1X) subject

to the condition that a
′
1a1 = 1.

2nd PC = linear combination of a
′
2X that maximizes the V ar(a

′
2X) subject

to the condition that a
′
2a2 = 1 and Covar(a

′
1X, a

′
2X) = 0.

Similarly, ith PC = linear combination of a
′
iX that maximizes the V ar(a

′
iX)
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subject to the condition that a
′
iai = 1 and Covar(a

′
iX, a

′
jX) = 0 for j < i.

Total population of variance= σ11 + σ22 + .......+ σnn = λ1 + λ2 + .......+ λn.

Population of variance for ith PC=
λi

λ1 + λ2 + .......+ λn
If the first few PCs comprises most of the total population variance then

these component can repalce the original n variables and reduce it into the

sapce formed by PCs. As said earlier that the variance in Y is equal to

eigenvalues of the covariance matrix of sample. Therefore, the PCs can be

re-evaluated as following:

Let σ = σij be the n× n sample covariance matrix

Let (λ1, ê1), (λ2, ê2),............., (λn, ên) be the pairs of eigenvalues and eigen-

vectors associated with the matrix.

Therefore,

ithPC = ŷi = ê
′
iX = êi1X1 + êi2X2 + .........+ êinXn (2.10)

Provided, λ̂1 ≥ λ̂2 ≥ .......... ≥ λ̂n ≥ 0 and

Sample variance (ŷj) = λ̂j, where j = 1, 2, ......, n

Sample Covariance (ŷi, ŷj) = 0, i6= j

ρyi,xn =
êin
√
λi√

σnn
(2.11)

The above is correlation coefficient between the Yi components and Xn vari-

ables. Its values reflect the noise and redundancy in measurements. There-

fore in summary

1. In PCA the basis vector taken for the transformation of original dataset
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is assumed to be orthonormal i.e., ai.aj = δij.

2. The generalized rotation vector a, selects a normalized direction in a

“r”-dimensional space created by “r”- measurements along which the

variance in X is maximum. Also it places PCs along the maximally

variant axis.

3. Due to the orthonormality conditions, the search for rest of PCs are

limited only in the directions pependicular to initially selected PCs

directions.

4. Covariance matrix of the sample is of importance as it measures the

degree of linearity between variables. The diagonal terms, which rep-

resent variance among the sample, large values of it indicate a good

variance present in the sample, and small values imply noise. The off-

diagonal, which are the covariance among samples, the large and fewer

values of it implies high and low redundancy respectively. To reduce

the redundancy and maximize the signal it is important to diagonalize

the covariance matrix.

Now we look into the function that guides the formation of distributed re-

gions, which helps to classify the samples. As said earlier that PCA is mul-

tivariate analysis. Therefore, the multivariate normal distribution function

with few modifications guides the formation of contour. In the case of bi-

variate analysis, the samples were distributed in 2D space but in PCA the

samples are distributed in the space created by “r” measurements. Consider

X represent the sample matrix and is normally distributed in the region de-

fined by Np(µ,σ) , where µ and σ are the mean and covariance matrix of
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X. For the “r” dimension the distribution function is given by eq. 2.1 and

for a constant density of X, the distribution function is writen as:

(X − µ)′σ−1(X − µ) = (a)2 (2.12)

This represents an ellipsoids which are µ centered. If (λi,ei) be the set of

eigenvalues and eigenvectors of σ then ±a
√
λiei defines the axes of ellipsiods.

Therfore the length of the ellipsiods are proportional to
√
λi.

Now for convinience set µ = 0. eq. 2.12 reduces to

a2 = X ′σ−1X =
1

λ1
(e′1x1)

2 +
1

λ2
(e′2x2)

2 + ......+
1

λn
(e′nxn)2 (2.13)

In the above equation the factor (e′ixn) are the principal components of

X. Therefore the above equation can be rewritten as:

a2 =
1

λ1
(PC1)

2 +
1

λ2
(PC2)

2 + .......+
1

λn
(PCn)2 (2.14)

Therefore an ellipsiod is formed with PC1, PC2, ....., PCn as the coordinate

axes, in the direction of e1, e2, ....., en. The largest eigenvalues (say λ1) forms

the major axis of the and lies in the direction of e1. The rest of the eigenvalues

forms the minor axis and falls in the direction defined by e2, ........, en. In

general when µ 6= 0, then for λ1>λ2 the contour formed is elliptical and

are µ centered as shown in fig.2.4. For λ1 = λ2, the contour is circular

with the axes lying perpendicular to each other and the sample variation are

homogeneous in all direction, shown in fig.2.5.
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Figure 2.4: The image shows contour formation of the PCA distribution
function when the eigenvalues are unequal.
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Figure 2.5: The image shows contour formation of the PCA distribution
function when the eigenvalues are equal.



Chapter 3

Results and Discussion

3.1 Elemental Analysis

For each age group, two teeth samples were taken. Further, for each sample,

the enamel and cementum parts were studied separately and 30 spectral data

were generated for each segment. Therefore, for one age group, 120 LIBS

spectra were generated. Altogether 720 raw spectral data were analyzed for

this study, these data are evaluated with different approaches which will be

discussed here in detail. The LIBS spectra of the enamel and cementum

section in between the range of 200-1000 nm are recorded and shown in

fig. 3.1.a. The LIBS spectra are taken from the age group of 30-40 years

as it showed sharp emission lines compared to all other groups and is the

average of 30 laser shots. We have further divided the LIBS spectra into

two sections as shown in fig.3.1.b and fig.3.1.c. The former section shows

elements between the range of 200-500 nm and the later section shows the

elements from 580-1000 nm. The elements detected are identified with the

59
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(a)

(b) (c)

Figure 3.1: The figure represents LIBS spectra obtained for the teeth sample.
Fig.(a) shows the spectra for the enamel and cementum sections of the teeth
sample. Fig.(b) shows elements present in between wavelengths of 200-580
nm and fig.(c) shows the elements present in between wavelengths of 580-1000
nm of the sample.
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National Institute of Standard and Technology (NIST)database are listed in

table. 3.1 [124].

The basic tooth matrix of a crystalline enamel and cementum is a mineralized

compound known as hydroxyapatite, with the following chemical formula

Ca10(PO4)6(OH2). Therefore, with reference to the literature it is observed

that Ca is the most abundantly occurring element along with P, O, and H in

the LIBS spectra of teeth samples. Apart from this, the signature of trace

elements like Cl, F, Na, K, Sr, Mg, Mn, Cu, Zn, Pb are also obtained and

found to be in conformity with the reported data in the literature [103, 104,

105, 106]. Of all the trace elements found in the teeth samples, Mg plays

an important role in maintaining crystal stability. It is pointed out in the

literature that Mg mineralizes the deciduous teeth in the early phase of its

development and is later replaced by Ca after it is fully developed. Also, the

deficiency of Ca due to decalcification occurring at the later stages is replaced

by Mg, maintaining the crystal stability. Therefore, the concentration of Mg

is recorded more in the enamel section. But in the case of cementum, the

concentration of Ca is maintained as it is less exposed to dental infections

causing decalcification of the crystal. Also, the Mg embedded during the

development of the teeth samples is dissolved by the body fluids as they are

rooted with the tissues. Due to these reasons, Mg concentrations are found

to be less in the cementum section [122, 123, 133, 132]

With reference to the LIBS spectra obtained for our samples, the elements

detected are listed in table3.1. The elements are detected for both the enamel

and cementum sections but the intensity of the elements are found to vary.

Sharp and abundant emission lines of Ca are observed along with the emission
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Table 3.1: List of elements and their corresponding wavelengths recorded the
LIBS spectra for enamel and cementum section of teeth samples.

Elements Wavelengths
315.8 nm, 317.9 nm,
370.6 nm 393.3 nm,
422.6 nm, 428.3 nm,

Ca 442.5 nm, 458.5 nm,
500.1 nm, 610.2 nm,
714 nm, 720.2 nm,
849.8 nm, 854.2 nm
279.5 nm, 382.9 nm,

Mg 278.6 nm, 517.2 nm, 526.4 nm,
552.8 nm

Sr 407.7 nm, 460.7 nm
Na 588.9 nm, 615.4 nm
Zn 557.9 nm, 747.8 nm
P 643.6 nm, 649.6 nm
O 777.4 nm, 844.6 nm
H 656.3 nm

lines of P, H, and O which reflects the fact that these elements form the basic

tooth matrix. The trace elements detected in our samples are Mg, Sr, Na,

Zn. The variation in the intensity of elements is observed in the LIBS spectra

of the sample with growing age and is illustrated in fig.3.2. The intensity

of elements in the deciduous teeth and in the sample of age group beyond

50 years are found to be very less. Sharp emission lines of LIBS spectra are

obtained for the samples of age above 20 years and less than 50 years. Also,

from the fig.3.2, we can observe a difference in the emission lines of enamel

and cementum. These differences in the LIBS spectra can be utilized to

classify the teeth samples according to growing age which is the main motive

of this study.
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(a) (b)

Figure 3.2: The figure illustrates the variation of LIBS spectra with ascending
age groups for (a) cementum section and (b) enamel section.

3.2 Determination of plasma parameters

Optically thin plasma

The plasma plume so formed must be optically thin, or else the effect of self-

absorption in sepctral lines will hinder the actual LIBS spectra. To verify

this condition, the following relation must hold [119, 125].

Iki
I

′
ki

=
gkAkiλ

′

g
′
kA

i
kiλ

(3.1)

The intensity ratio of two interference-free emission lines Iki, from a species

having same upper energy level Ek must be comparable to the ratio ob-

tained from the product of transition probability Aki degeneracy factor gk

and the inverse wavelength λ of the respective emission lines. The subscripts

in Iki, represent upper and lower energy transition levels respectively. Inten-

sity ratio for Ca and Mg emission lines, and the ratio obtained using their
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corresponding Aki and gk taken from NIST database are listed in table 3.2.

The approximate consistency between the two ratio values can be seen. This

Table 3.2: The ratio values for the intensity of interference free emission lines
and their spectroscopic parameters are listed in the table which determines
the condition for optically thin plasma.

Elements Iki
I
′
ki

gkAkiλ
′

g
′
kA

i
kiλ

Ca− I(443.635)/Ca− I(442.635) 1.06 0.69
Mg − I(517.169)/Mg − I(516.714) 1.12 0.82

fulfills the condition for optically thin plasma.

Local thermodynamic equilibrium (LTE)

The plasma consists of electrons, atoms, ions, radiations and is the basis of

LIBS. In thermal equilibrium, the population amongst atomic (and ionic)

excited levels, ionization stages, translational states of electrons and heavy

particles, as well as photon energy states can be described by Boltzmann

distribution, Shah-Eggert equations, Maxwell and Planck distributions re-

spectively all taken at the same temperature i.e,

Texcitation = Tionization = Telectron = Theavyparticles = Tphotondistribution (3.2)

Because of the escape of radiation from the plasma, the distribution of photon

energies is always decoupled from the particles in the plasma. As a result the

measured photon temperature Tphotondistribution is different from other temper-

atures. This leads to the establishment of a local thermodynamic equilibrium
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(LTE) given by eq.3.3 [127, 128, 129]

Texcitation = Tionization = Telectron = Theavyparticles 6= Tphotondistribution (3.3)

Here, Saha-Boltzmann equations can be most conveniently used to determine

the temperature of the plasma in LTE, as they hold for the number densities

of the plasma constituents. It also implies the validity of the Maxwell distri-

bution function for describing the energy of the electron and heavy particles.

Also, these distributions adapt themselves to the local values of electron den-

sity and plasma temperature during the process of plasma expansion [128].

Therefore, to determine the plasma temperature in LTE, the intensity (I)

of the emission lines, of n species in the plasma corresponding to a tran-

sition from upper energy level (Ek) to lower energy level (Ei), is given by

Boltzmann population distribution function expressed as:

Inki =
hcNn

4πλki

gkAki
Un(T )

exp
− En

k
KBT (3.4)

Here, Iki is the intensity of a particular emission lines, λki is the transition

wavelength gk = 2Jk + 1 and Aki are the degeneracy factor/ satistical weight

and transition probability for Ek respectively. The values of spectroscopic

parameters are taken from NIST database. Un(T ) = gk exp( −Ek

KBT
) is the par-

tition function, KB is the Boltzmann constant. T is the plasma temperature

and Nn is the electron number density of “n” species in plasma. The above
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eq. 3.4 can be rewritten as:

ln
Inkiλki
gkAki

= − En
k

KBT
+ ln

hcNn

Un(T )
(3.5)

known as the Boltzmann-Shah equation[126, 89, 92, 91], which represents a

straight line whose slope is proportional to − 1
KBT

and the intercept is equal

to ln hcNn

Un(T )
. The plasma temperature is determined by ploting ln

Inkiλki
gkAki

with

Ek, taking the values from NIST database. The Boltzmann plot for the teeth

samples are shown in fig.3.3. From the plot, we have taken the emission lines

Figure 3.3: The boltzmann plot for emission lines of Ca-I to determine the
plasma temperature.

of Ca-I from the LIBS spectra of the cementum section recorded for the age

group of 30-40 years. As mentioned before, the peaks observed in this group

are more prominent compared to the other age groups. Also, Ca is the most

abundantly found element in the sample and the process of decalcification is
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less in the cementum section. From the plot, value of plasma temperature

was found to be 6354.047± 271.165K

In order to validate the existance of LTE, minimum electron number density

must be present in the plasma. Here, the collisional depopulation rate for all

electronic levels of the atom be at least ten times larger than the radiative

depopulation rate. In order to establish, we use the Mc Whirter condition.

According to it the electron number density obtained using eq. 3.6 must be

less than the experimentally measured (through stark broadening) electron

number density obtained using eq. 3.7 [128, 127].

First, we estimate the electron number density with Mc Whirter condition,

using eq. 3.6:

Ne(cm
−3) ≥ 1.6× 1012[T ]1/2[4E]3 (3.6)

where, Ne is the electron density. Substituting the value of plasma temper-

ature T = 6354.047K and 4E = 2.801eV ,obtained from the NIST database

for Ca-I(442.67 nm), the value of Ne is found to be 3.05× 1015cm−3.

Now, we experimentally evaluate the value of Ne with eq. 3.7

Ne ≈ (
4λFWHM

2ω
)× 1016cm−3 (3.7)

where, 4λFWHM are full width at half maxima value of the stark broadened

profile and ω is impact factor. The emission line of Ca-I (442.67 nm) is taken

and fitted with Lorentzian profile as shown in fig.3.4. The value of 4λFWHM

is found to be 4.17 nm. And, the value of ω for Ca-I at 442.67 nm lines for the

plasma temperature between 5000-6000 K is found to be 0.286× 10−1 [131].

Therefore, the value of electron density Ne is found to be 6.3135× 1017cm−3.
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The electron density obtained experimentally using eq. 3.7 is three order of

Figure 3.4: The figure shows Lorentzian fitted curve of CaI (442.67nm)to
determine the FWHM of stark broadened profile.

magnitude higher in comparision to the value obtained using eq. 3.6. As

mentioned, this fullfills the Mc Whirter criteria layout for LTE condition in

our set-up.

3.3 Ratiometric Analysis

The motive of this work is to classify the teeth samples in different age groups

using LIBS. For the classification, we have done the ratiometric analysis by

taking the intensity ratios of Ca−II
Ca−I and Mg−II

Mg−I . In the study of Abdel-Salam

et al,[116, 117] to estimate the hardness of calcified tissue with LIBS, it is

found that the value of repulsive force and the speed of shock wave gener-

ation by the ablated samples is more when the sample is hard. Therefore,
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compared to soft samples ionization is more when a hard sample is ablated.

Due to the difference in the ionization process, the ionic to neutral intensity

ratio is proportional to the hardness of the sample and can be utilized to

differentiate between hard and soft tissue. Firstly, they have measured the

hardness of the enamel with a standard method and have compared it with

hardness obtained by taking the ratio of ionic to neutral intensity lines of Ca

and Mg, as they are elements occurring in abundance. The results were ap-

proximately the same proving that hardness obtained from Ca−II
Ca−I and Mg−II

Mg−I

with LIBS, enables us to establish a qualitative comparison for a calcified

tissue. Also, due to the high abundance of Ca, the effect of self-absorption

is more compared to the minor elements are like Mg. Minor elements are

optically thin and the effect of self-absorption is compensated by its low

abundance. Therefore, better accuracy in the measurement of hardness is

obtained from the ratio values of Mg.

Based on the above discussion to perform the ratiometric analysis emission

lines of Ca-I(442.67 nm), Ca-II(422.70 nm), Ca-II(500.14 nm), Mg-I(517.16

nm), and Mg-II(526.43 nm) are taken for both the enamel and cementum

section. Area given by Iki
gkAki

, under each selected peak is obtained by the

method of deconvolution. The spectroscopic parameters for the above emis-

sion lines are from the NIST database. Therefore, for the ratiometric analysis

following ratios were monitored : CaII(422.7nm)
CaI(442.67nm)

, CaII(500.14nm)
CaI(442.67nm)

, MgII(526.443nm)
MgI(517.16nm)

.

Further in the thesis,the above three ratios are labelled as R1, R2, and R3 re-

spectively. Based on these ratio values, firstly 1D classification is performed

as a univariate analysis to gain a qualitative idea about the variation of these

ratios with aging across the two sections of the sample. Secondly, a 2D clas-
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sification is done to qualitatively classify the sample based on this hardness

with age for both the section.

3.4 1D Classification

For the univariate classification of the samples using hardness, we choose a

histogram plot. The mean and standard deviation values of R1, R2, and R3

were calculated for each of the enamel and cementum parts. Further, we

discuss the outcome of the 1D classification.

Enamel

The mean value of 30 independent data and the standard deviation(SD) are

listed in table 3.3 and shown as histogram in fig.3.5. The ratio values of

R1, R2, and R3 are in the format of Mean ± SD. From fig.3.5 and table

3.3 it is observed that variation in R1 is negligible with the increasing age

group. Whereas R2 calculated for the same element (peak appearing at

a different wavelength) shows negligible variation till the age group of 50

years. For the age above 50 years, a drastic decrease in the value is observed.

Enamel is the most mineralized and hardest section of a tooth and rich in Ca

Table 3.3: Calculation of ionic-to-neutral intensity ratio for different age
groups of enamel section.
Ratio 5-10yrs 10-20yrs 20-30yrs 30-40yrs 40-50yrs 50-60yrs

R1 0.15±0.10 0.17±0.23 0.21±0.11 0.16±0.12 0.15±0.10 0.15±0.11
R2 2.23±0.78 1.78±0.62 2.10±0.74 1.98±1.53 2.49±0.64 1.09±0.74
R3 4.61±0.04 3.13±0.03 2.60±0.08 2.46±0.45 2.37±0.09 3.12±0.35

and Mg content. Studies suggest that the demineralization process occurs
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only on the outer surface of the enamel. The deeper layer of the section

remains mostly unaffected once the teeth develops[123, 132, 133]. As we are

Figure 3.5: The figure shows a histogram plot of the enamel section, where
the variation of ratio intensities with age is illustrated.

examining the inner layer of the enamel, variation in the values of R1 and

R2 is negligible with aging. The drop in R2 beyond the age of 50 years

could occur due to calcium deficiency taking place with the growing age. Mg

plays a major role in the regulation of hydroxyapatite, studies have found

a higher content of Mg in caries infected teeth. Also, the deficient Ca ions

due to various oral infections are replaced by Mg ions to maintain crystal

stability. Therefore, in a few cases, the concentration of Mg increases with a

decrease in the concentration of Ca [133]. As can be seen for R3, the value is

maximum for 5-10 years and followed by the age- group of 50-60 years which
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can be attributed to the above-mentioned scenario. Further, it is important

to mention that these two age groups are in either the developing phase(5-

10 years) or weakening phase (50-60 years) and hence, more likely to such

changes.

Cementum

Secondly, we discuss the 1D classification for the cementum section of the

samples. Here also, the mean value of 30 independent data and standard

deviation (SD) are listed in table 3.4 and its corresponding histogram plot

in fig.3.5. The values of R1, R2, and R3 are in the format of Mean ± SD.

From the fig.3.5 and table 3.4 we observe negligible changes in the values

of R1 but a significant variation in the values of R2 and R3. There is a

significant growth in the values of R2 as it ascends across the minor to older

age groups. Whereas, R3 has higher values for minor(5-20 years) age groups

and it declines with the growing age (30-60 years).

Table 3.4: Calculation of ionic-to-neutral intensity ratio for different age
groups of cementum section.
Ratio 5-10yrs 10-20yrs 20-30yrs 30-40yrs 40-50yrs 50-60yrs

R1 0.19±0.02 0.13±0.12 1.38±0.08 0.154±0.12 0.15±0.07 0.12±0.11
R2 0.15±0.50 3.37±0.15 1.56±0.12 4.231±0.46 4.26±0.45 2.83±0.12
R3 1.75±0.12 3.33±0.10 4.52±0.03 0.514±0.11 0.51±0.15 0.31±0.05

A deciduous (5-10 years) tooth has weak cementum as they are later

replaced by mature ones. Therefore, fewer values for R1 and R2 were recorded

indicating a less concentration of Ca during this premature phase of a tooth.

With the lack of Ca, crystal stability is mainly maintained by Mg and hence,

the value of R3 is more for this particular age group. Also, studies have found
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Figure 3.6: The figure shows histogram plot of cementum section, where the
variation of ratio intensities with age is illustrated.

that cementum is less exposed to caries infection and other dental amalgams.

Therefore, the Ca present in the cementum after it is fully matured (20-60

years) remains preserved throughout the aging process. As the cementum is

intact with the tissues and body fluids the Mg content in it is washed away

as they are the trace elements and are unstable. This leads to the decrease

in the concentration of Mg and so the value of R3 is found to decline for the

cementum section with the growing age. The higher values of R2 indicate

that Ca content is preserved and the cementum is healthy. We have observed

an inconsistency from the regular pattern for the age group of 20-30 years.

This could arise due to the influence of caries infection in the sample, as

discussed earlier, these samples are clinically removed, and the influence of

caries cannot be ruled out.
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A comparative study of both the enamel and cementum section for each

age group is shown in fig.3.7. From the profile, it is observed that in the age

Figure 3.7: The figure shows a histogram plot for each age group to illustrate
a comparative study for enamel and cementum part of the sample.

group of 5-10 years the enamel part is rich in mineral content compared to the

cementum. This suggests that for a deciduous teeth, the enamel are stronger

as compared to the cementum. With increasing age, the hardness of both the

section has increased. From the age beyond 30 year it can be observed that

the value of R2 decreases and R3 increases in the enamel section compared

to the cementum section. As it is the exposed part of a tooth, with aging

the Ca content of enamel tends to decrease and is replaced by Mg. Despite

this, for a healthy teeth sample, the variation in enamel across the growing

age is less compared to that of cementum as it is the most mineralized and

hardest section of a human tooth.
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Conclusion from 1D classification

Following conclusions can be drawn from 1D classification:

1. Enamel is the hardest and abundantly mineralized part of a human

tooth. There exist minor variation in the values of R2 and R3 due to

some clinical conditions, especially caries. In general, the variation of

these ratios with growing age is not so prominent. Therefore, clarity

of classification using the enamel section may not be as desired. The

hardness values for the enamel section as estimated by Abdel-Salam et

al, through the standard method shows that hardness observed with

Ca lines is around 2.5 and 3.4 with Mg lines [116, 117]. Therefore, our

findings are in confirmity with their results.

2. Remarkable changes in the values of R2 and R3 are recorded in the

cementum section of the sample with ascending age. It shows that the

hardness of the root section varies with aging. These changes are more

prominent compared to the enamel section. Hence, a better classifica-

tion may be obtained using the cementum section.

3. From the comparative study between the two sections it is found that

with aging the enamel section is more vulnerable to changes in Ca con-

tent. In the enamel section, Ca deficiency cause due by various dental

infections, and other factors are replaced by Mg ions. The cementum

section is less exposed to such conditions, for this the Ca content of

this section is preserved.

4. The value of R1 does not vary with aging and has no major contribution
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to classification of the sample. This could arise due to the effect of

self-absorption as Ca is the most abundantly occurring element. The

difference in the wavelength values (422.7 nm and 442.65 nm) is not

significant and similar intensities of both the wavelength are recorded.

Therefore, rest of the analysis is carried out by taking the ratio values

of R2 and R3.

5. The outcome of histogram profiles for both the section has given a

rough outlet for the classification of human teeth with age. To further

explore the results of 1D analysis for better clarity of classification, the

2D classification was next approached.

3.5 2D Classification

A comparative figure for the variations in ratio values with growing age

and the possible causes are discussed in the above analysis, for both enamel

and cementum sections. Now the 2D method will enable us to visualize

a classification picture for the comparative analysis done so far. From the

outcome of the 1D analysis, the ratio values of R2 and R3 are taken to

perform 2D classification. The values of R2 along the X-axis and that of R3

along the Y-axis form the two variables for the 2D model.

Cementum

Firstly, we look into the cementum section, as more variations in the ratio

values are recorded for this section. The 2D contour plot is shown in fig.3.8.

The next important aspect of the 2D method is the euclidian distance (E.D)
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Figure 3.8: The figure represents 2D plot of R2 vs R3 for the cementum
section.

calculated between the centers of one contour to another. Greater the dis-

tance better is the classification between two samples. From fig.3.8 we ob-

serve that contour for 10-20 years lies in the mean position concerning all

other groups. Therefore, it is taken as a mean point to calculate E.D values

to all other groups and the obtained values are listed in table3.5. From the

Table 3.5: Determination of euclidian distance from the center of age group
10-20 years to all other points for the cementum section with 2D model.
Euclidian distance 5-10 yrs 20-30 yrs 30-40 yrs 40-50 yrs 50-60 yrs

10-20 yrs to 3.61 2.24 2.96 2.98 3.10

fig.3.8 it is found that the contour of the first three age groups (5-10, 10-20,

and 30-40 years) are distinct. Rest of the groups between 40-60 years are

clustered together. This is because these three age groups have similar his-

togram profiles, with a small difference recorded for a group of 50-60 years.
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The E.D as listed in table3.5 is observed highest for the group of 5-10 and

50-60 years, implying that the deciduous and mature teeth samples are clas-

sified. The age group of 30-40 and 40-50 years have similar values due to the

similarity in their ratio values. Therefore, from the analysis, it is found that

classification of human teeth based on the variation of hardness for different

age grouped samples is possible by examining the cementum section.

Enamel

The 2D contour plot for the enamel section is shown in fig.3.9, we observe

that the contours for all the age groups are clustered together. From the

5 - 10 yrs
10 - 20 yrs
20 - 30 yrs
30 - 40 yrs
40 - 50 yrs
50 - 60 yrs

M
g 

II
/M

g 
I r

at
io

Ca II/Ca I ratio

Figure 3.9: The figure represents 2D plot of R2 vs R3 for the enamel section.

fig.3.9 we observe that contour for 20-30 years lies in the mean position con-

cerning all other groups. Therefore, it is taken as a mean point to calculate

E.D values to all other groups and the obtained values are listed in table 3.6.
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In the 2D analysis of the enamel section, it is observed that the contour of

Table 3.6: Determination of euclidian distance from the center of age group
20-30 years to all other points for the enamel section with 2D model.
Euclidian distance 5-10 yrs 10-20 yrs 30-40 yrs 40-50 yrs 50-60 yrs

20-30 yrs 2.02 0.61 0.18 1.14 0.43

the samples is all clustered together. This is because a negligible variation

in ratio values has been observed with growing age. Being the most mineral-

ized section of a human tooth the variation in Ca and Mg are not significant.

The decalcified part of the enamel due to caries is replaced by Mg therefore

enamel section is always rich in mineral content. The E.D for enamel in

table3.6 shows the highest value for the age group of 5-10 years. Therefore,

this particular age group is classified from the rest of the group. The re-

maining groups have almost similar E.D values and hence a less possibility

for classification. Henceforth, the classification of teeth with age considering

the enamel part is not satisfactory like the one obtained from the cementum

part.

From the analysis, it can be inferred that cementum can be a better choice

to perform classification of sample based on the hardness. Enamel being the

hardest section of a human sample, its hardness barely varies with aging.

The drawback here is that for the cementum section too the classification is

not clear for the age group between 40-60 years. Also, no specific inferences

can be made for the enamel section. Therefore, to bring further clarity to

the results, PCA is performed in the entire LIBS spectra.
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3.6 PCA Classification

The analysis performed so far is based on the ratio values of Ca and Mg

which represent the hardness of the sample. PCA is a multivariate analysis

where it is possible to extend the sample measurements and its variables

to multidimensions. Therefore, for this particular analysis, the entire LIBS

spectra with a suitable background correction is analyzed. Here samples are

arranged in the a form of matrix (i× j), where i rows are the number of ob-

servations or objects and j columns are the variables measured in the sample.

Wavelengths between the range of 300-800 nm forms object or measurements

and the intensity observed for various emission lines of the LIBS data form

the variables of the sample matrix. A matrix of (1100 × 180) is formed for

each of the enamel and cementum parts to perform the PCA.

Enamel

Firstly, let us discuss the PCA for enamel section of the sample. Let us first

discuss the loading plot for the enamel section in fig.3.10. The loading plot of

the PCA shows dependence of the variables and objects in the reduced sapce

formed by the PC’s. Next the score plot, helps to visualize the classification

pattern of samples. The score plot of the enamel section is shown in fig.3.11,

PC1 explains 88.7% and PC2 explains 4% of variation present in the data.

From the loading plot in fig.3.10 it is observed that the intensity of elements

is dependent on both PC1 and PC2. The intensity between the range of

500-600 nm is more towards PC2, these range mostly represents the emission

lines of Mg. From 1D analysis it has been observed that for the enamel
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Figure 3.10: The figure shows loading plot for enamel section, where the
dependence of LIBS spectra on PC1 and PC2 is illustrated.

section, the decrease in Ca is replaced by Mg with growing age. Therefore,

the emission lines of Mg are dependent on PC2. Emission lines of Ca along

with the other minor elements are dependent on both PC1 and PC2. As the

dependence of variables is seen in both the PCs, score plot in fig.3.11 is highly

clustered together. There exist a high correlation between all the age groups

of the samples. From the plot, it is observed that the age group of 5-10, 10-

20, and 40-50 years have formed a distinct cluster. The rest of the age group

(20-30, 30-40 and 50-60 years ) has a scattered distribution. This result is

in accordance to the fig.3.2, where it is observed that the intensity of infant

age is less and it increases with aging. The intensity spectra remain almost

the same for the age group of 20-30, 30-40 and 50-60 years. As the enamel
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Figure 3.11: Score plot for enamel section.

section is highly mineralized, the intensity of elements does not vary much

with aging. Though the Ca eroded due to various medical conditions are

replaced by trace elements mainly Mg, still it remains rich with elements.

For these reasons all the age groups are correlated to each other. A clear

classification of the sample concerning different age groups is not clear by

examining the enamel section of the sample.

Cementum

Secondly, let us discuss the loading plot of the cementum section, in fig.3.12.

From the plot, it is observed that the majority of elements are dependent on

PC1. Elements between the range of 600-650 nm, which mainly represent the
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emission lines of Ca and are more towards PC2. We observe such features

Figure 3.12: The figure shows loading plot for cementum section, where the
dependence of LIBS spectra on PC1 and PC2 is illustrated.

in the loading plot of the cementum because they are less exposed to the

various dental infection and has less amount of trace elements. This is in

accordance with the results obtained in the 1D analysis. The Ca present in

the individual sample is preserved but it is found to vary with age. This

variation in the Ca with aging is reflected in the loading plot of the PCA.

Now let us examine the score plot of the cementum illustrated fig.3.13. PC1

explains 66.6% and PC2 explains 27.0% of the varaince present in data. From

the plot, it is observed that the sample of 5-10 and 50-60 years are correlated

and its variance is explained mostly by PC1. The sample in the age of 5-
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Figure 3.13: Score plot for cementum section.

10 years is deciduous teeth which eventually gets replaced and have weak

intensity spectra. Again at the age of 50-60 years, the root section becomes

weak due to various dental infections and a deficit of minerals. Therefore,

there is a resemblance in the intensity spectra of the two age groups and are

correlated as they both fall in the positive region of PC1. The clusters are

still clearly distinguishable from one another. Sample in the age of 10-20

and 20-30 years are correlated and lies in the PC2 region. At this phase,

the sample is replaced by the permanent teeth and in the developing phase.

From intensity spectra of the cementum in fig.3.2, a small difference in the

intensity between the two age groups is observed. For this, a correlation

exists between the age group but again they are distinguishable from each

other. A strong correlation between the age group of 30-40 and 40-50 is seen

and is dependent on both PCs. At this stage, the sample is fully developed

and has strong cementum. Also, the intensity spectra for this particular
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age group are sharp and similar compared to all other age groups. Hence,

they are clustered together and but are classified from the rest of the sample.

PCA testifies that the cementum section is suitable to classify a human teeth

sample with varying ages.



Chapter 4

Conclusion and Future

prospects

4.1 Conclusion

Here we summarize the results that we have obtained from each of our anal-

ysis:

1. Firstly, with LIBS we have efficiently performed the rapid elemental

analysis of human teeth samples of various age groups. The identifica-

tion of major tooth matrix as well as trace elements could be performed

which are in accordance with the literature.

2. Estimation of all the plasma parameters are performed and it shows

the abundance of Ca is more compared to Mg, which are our major

focused elements for determination of hardness of the tissue.

3. After fulfilling all the criteria for ratiometric calculations, the hardness

86
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of tissue is monitored by observing its variation with ascending age for

enamel and cementum section.

4. The 1D classification provided us a quantitative picture of how hardness

varies with age for the enamel and cementum section independently.

Enamel though subjected to various dental infections, its mineral is

retained and the hardness barely varies with age. The hardness of

cementum is prone to changes with age, initially, it is weak and slowly

the hardness increases with age till the age of 30-50 years but eventually

falls as a person ages. Again, we observe from the comparative study

of enamel and cementum that even for the same age group the there

is a difference in the two sections and enamel is stronger compared to

cementum.

5. Mg plays a major role in regulating the tooth matrix. The Ca that gets

demineralized with caries is mainly replaced by Mg and it maintains

the hardness of the teeth. Also, as Mg is less abundant hardness can be

more accurately estimated by it. Due to the effect of self absorption,

the nearby emission lines of Ca cannot give the required results as we

observed it in the ratio value R1. But it is not the case with Mg the

nearby emission lines can give equally good results.

6. The quantitative picture that has been generated so far is brought into

the picture with 2D classification. It shows that better classification

is obtained for cementum compared to enamel. This aids ratiometric

and 1D results but still, little clarity was required to obtain better

classification results.
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7. The variation in LIBS spectra that was observed in the ascending age

group could be brought into the picture with PCA. A clear clarification

could be made as the contribution of each emission line to classify the

samples could be learned. The classification was better projected and

it confirmed the results obtained with all the above approaches. We

could finally confirm that the cementum section of the human teeth

sample is better suited to perform the age-wise classification of teeth

compared to the enamel.

Therefore, we come to a conclusion that the classification of human teeth

with ascending age can be better performed with the cementum section of a

human tooth. The variation in hardness and intensity spectra of the sample

in various age groups is more vividly observed in this section and has been

testified with 1D, 2D, and PCA analysis. The enamel section comparatively

is found to vary less when the hardness and intensity spectra with ascending

age are concerned. The enamel section is more likely to be affected by several

dental infections and environmental conditions. Therefore, there persists a

fluctuation in the Ca and Mg values when hardness is concerned. In spite of

this, the abundance of elements in this section does not decline with aging.

Hence, its classification with the aging factor is not clear. Therefore, LIBS

of the cementum section is the better fit in order to analyze the difference

and classify human teeth over the range of various age groups. The efficiency

of LIBS to perform elemental analysis of a calcified biological sample is sup-

ported by this work and many others present in the literature. Of the three

different methods applied to analyze the sample, PCA is better suited to

study LIBS data as it can efficiently handle the LIBS data relating to all the
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information. A clear profile of classification for both the section projected

with LIBS which fulfills our main objective.
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4.2 Future prospects

The samples collected for the work were limited because the medical history,

environmental conditions of the person was not documented. The classi-

fication can be further improved by incorporating the parameters, arising

because of the medical backgrounds. Also, classification can be improvised

with the introduction of supervised chemometric techniques like PLS-DA,

SIMCA, and many more. The LTE conditions can be improved by introduc-

ing the time delay between the plasma formation and capturing the emission

lines. The classification of teeth samples with age can serve a useful purpose

in the field of forensic, archeology, and odontology. Therefore, it can be fur-

ther pursued to construct a robust system with LIBS in combination with

multivariate analysis.
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