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Calibrating with proper standard lead to quantitative results.
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Exploration of megapixel hyperspectral LIBS
images using principal component analysis†

Samuel Moncayo,a Ludovic Duponchel, b Niloofar Mousavipak,a Gérard Panczer,a

Florian Trichard,a Bruno Bousquet,c Frédéric Pelascinid and Vincent Motto-Ros *a

Laser-Induced Breakdown Spectroscopy (LIBS) has achieved promising performance as an elemental

imaging technology, and considerable progress has been achieved in the development of LIBS over the

last several years, which has led to great interest in the use of LIBS in various fields of applications. LIBS is

a highly attractive technology that is distinguished by its table top instrumentation, speed of operation,

and operation in ambient atmosphere, able to produce megapixel multi-elemental images with

micrometric resolution (10 mm) and ppm-scale sensitivity. However, the points that limit the

development of LIBS are undeniably the expertise and the time required to extract a relevant signal from

the LIBS dataset. The complexity of the emission spectra (e.g., elemental responses, structure of the

baseline), the high dynamic range of measurement (i.e., possibility to image major to trace elements),

and the large number of spectra to process require new data analysis strategies. Such new strategies are

particularly critical for multi-phase materials. In this paper, we report a new methodology based on the

well-known Principal Component Analysis (PCA) approach for the multivariate hyperspectral analysis of

LIBS images. The proposed methodology is designed for large, raw, and potentially complex series of

LIBS spectra, that allows various and exhaustive levels of information to be extracted (including the

characterization of mineral phases, assessment of the measurement and identification of isolated

elements) and facilitates the manipulation of such hyperspectral datasets.

1. Introduction

Laser-induced breakdown spectroscopy (LIBS) imaging has

been demonstrated to be a suitable technique to performmulti-

element imaging analysis, thus arousing great interest among

researchers in several areas of science.1–10 In LIBS, a laser beam

is focused onto the sample surface to generate a hot plasma.

The optical emission, resulting from the electronic relaxation of

excited atoms and ions, is collected by adequate optical

components and is then analyzed by an optical spectrometer to

generate an emission spectrum characteristic of the elemental

composition of the sample.11,12 In imaging mode, the sample

surface is scanned, pixel by pixel, in a raster scan mode using

a computer-controlled motorized translation stage. Plasma

emission (i.e., spectrum) is obtained at each position of the

mapping sequence following the raster scan pattern. The

spectral dataset is then processed with the aim of extracting the

relevant elemental intensities before generating elemental

images.13 This approach has many advantages, such as high

speed of operation, ease of use, multi-elemental capabilities,

accessibility to a wide spectral range and operation at atmo-

spheric pressure. LIBS enables the imaging analysis of all types

of samples (e.g., rocks, alloys, biological tissues) without any

size restriction (up to several tens of cm2).1,14 Such advantages,

coupled with reachable spatial resolution of approximately 10

mm and limit of detection on the order of ppm, make LIBS-

based imaging highly attractive for many elds of applica-

tions, with a great potential of development in both academic

and industrial elds.

In homogenous matrices (i.e., similar physical properties of

the sample surface), several cases of study have already been

reported in the literature (e.g., speleothems,1,9,15 crystals,7 cata-

lysts,10,16,17 or biological tissues18,19), thus demonstrating the

maturity of the technique. In this type of sample, knowledge of

the spectral structure of the matrix (main emission lines) allows

selection of the emission lines free of the interferences associ-

ated with the elements of interest, thereby providing fast and

reliable data extraction. This approach is what we call standard

data processing.13 In contrast, when complex samples that

contain several phases and thus different matrices are screened,
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data analysis becomes much more challenging. This multi-

phase analysis is particularly difficult and time-consuming

when one or several phases are associated with elements that

present complex spectral structures with hundreds or thou-

sands of emission lines, such as iron (Fe) or titanium (Ti). In

such cases, selecting an appropriate spectral lines requires the

analyst's expertise and a rigorous case-by-case evaluation of the

spectral dataset. Occasionally, it is even impossible to nd

specic lines for the elements of interest. The standard data

processing approach has other weaknesses. First, manual line

selection leaves behind no possibility of full data interpretation.

Second, the study of the association between elements is not

straightforward. Moreover, considering the current speed of

analysis and instrumentation, it is easy to obtain daily spectral

data sets with several millions of spectra; as a result, the data

processing step becomes the bottle neck of the analysis. In this

sense, more sophisticated extraction approaches must be

developed to streamline the process.

In this paper, we propose a new data processing method-

ology, based on the hyperspectral images (HSI) analysis of the

large LIBS dataset (i.e., millions of pixels spread on thousands

of wavelength channels) by Principal Component Analysis

(PCA). This methodology allows the exhaustive characterization

of the dataset under analysis without any spectral pre-

processing or prior knowledge of the sample composition.

The present work has been conducted on a megapixel dataset

(�2 millions of LIBS spectra) obtained by measuring a blue

Iranian turquoise hosted in pyrite and silicate matrices. As

mentioned above, this type of mineralogical analysis represents

a real challenge for performing LIBS data analysis because of

the complex spectral structure, spectral interferences, and high

dynamic concentration ranges as well as the added difficulty of

line saturation. The hyperspectral analysis coupled to PCA has

been largely used in numerous imaging techniques, such as

Raman,20,21 Maldi,22,23 FT-IR24,25 and LIBS.26,27 Herein, our

approach focuses on the exploration of raw data, without any

further consideration or pre-processing. To the best of our

knowledge, this is the rst time that such a methodology has

been applied tomegapixels images containingmillions of pixels

and thousands of spectral channels (wavelength). This paper

introduces the use of PCA in the hyperspectral analysis of a LIBS

dataset as a new exploration tool for the analysis of complex and

heterogeneousmaterials; this novel tool opens new perspectives

for LIBS-based imaging measurement.

2. Experimental methods
2.1 Sample description

The turquoise sample was obtained from the Nishâpûr

turquoise deposit (Iran). A thin section bloc was prepared and

polished for LIBS imaging. This sample is composed of three

main mineral phases: turquoise, pyrite and silica (mainly

quartz). Turquoise, Cu2+Al3+6(PO4)4(OH)8$4H2O, is a microcrys-

talline copper aluminum phosphate mineral that occurs as

a secondary phase in the alteration zone of hydrothermal

porphyry copper deposits or during the weathering of alumi-

nous igneous or sedimentary rocks. Turquoise is oen

associated with pyrite FeS2 and chalcopyrite CuFeS2. Turquoise

can present a continuous series with chalcosiderite Cu2+ Fe6
3+

(PO4)4(OH)8$4H2O, faustite (Zn2+,Cu2+)Al6(PO4)4(OH)8$4H2O

and aheylite (Fe2+,Zn2+)Al6(PO4)4(OH)8$4H2O. Therefore, Fe is

oen identied in turquoise, whether substituted as Fe2+ to

copper (“aheylite”) or as Fe3+ to aluminum (“chalcosiderite”). In

addition, the presence of Zn is associated with its substitution

to Cu (“faustite”). The precise spatial distribution of Fe and Zn

is therefore a challenge because it is a precious indication of its

genetic condition of formation. In the present work, we focus

only on the iron distribution.

2.2 Experimental setup and data acquisition

The LIBS instrumental setup was based on a homemade optical

microscope. The methodology used in the present work for LIBS

data measurement and the advantages of using advanced

experimental conditions have been previously described.1,14

Briey, the experiment was conducted by using a Nd:YAG laser

with a 5 ns pulse duration operating at 100 Hz at the funda-

mental wavelength (1064 nm). The laser beam was focused onto

the sample by a 15� magnication objective (LMM-15X-P01,

Thorlabs). The sample was placed on a three axes XYZ motor-

ized translation stage, with a travel range of 50 mm in each

direction. The LIBS measurements were performed at room

temperature under ambient pressure. An autofocus system was

used during the analysis to maintain a constant objective-to-

sample distance. The system can control the vertical position

of the plasma emission by compensating for any atness vari-

ation of the sample surface via a feedback loop operating at

high repetition rate.1,28 All spectra were obtained using a single

laser pulse at each position of the sample, without any accu-

mulation or averaging. The light emitted by the plasma was

collected by a quartz lens and then focused onto the entrance of

a round-to-linear ber bundle connected to the spectrometer.

This ber bundle is composed of 19 bers, each with a 200 mm

core diameter. The entrance slit of the Czerny-Turner spec-

trometer (Shamrock 500, Andor Technology) was 30 mm. The

spectrometer was equipped with a 600 l mm�1 grating blazed at

300 nm and an intensied charge-coupled device (ICCD)

camera (iStar, Andor Technology) dened by 2048 � 512 pixels.

In this conguration, a spectral range of 80 nm with a spectral

resolution of approximately 0.15 nm was achieved. The ICCD

camera was synchronized with the Q-switch of the laser, and the

spectrum was acquired with a delay of 500 ns and a gate of 3000

ms in the full vertical binning mode. The laser energy was

stabilized throughout the experiment by using a servo control

loop consisting of a power meter and a computer-controlled

attenuator (ATT1064, Quantum Composers). Finally, home-

made soware developed in the LabVIEW environment was

used to control the entire LIBS imaging setup, thereby allowing

an automatic spectral acquisition of any selected region of

interest of a given sample with a pre-set lateral resolution.

The LIBS image was recorded with a step resolution of 15 mm

over a surface area of 468 mm2 and represents more than 2

million pixels (1300 by 1600 pixels along the x- and y-axes,

respectively). The ablation craters, as observed aerward using

This journal is © The Royal Society of Chemistry 2018 J. Anal. At. Spectrom., 2018, 33, 210–220 | 211
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optical microscopy, were approximately 8 mm in diameter.

Because one LIBS spectrum contains 2048 spectral channels,

the whole data set represents a total of 4.2 billion of numerical

values. The duration of the LIBS imaging measurement was

approximately 6 hours, limited by the laser frequency rate (i.e.,

100 Hz). The detection range of the spectrometer was set from

250 nm to 330 nm, covering the main emission lines of all

elements of interest, including phosphorus (P I 253.6, P I 255.3

nm), copper (Cu I 324.7, Cu I 327.4 nm), aluminum Al (Al I

308.2, Al I 309.3 nm) and numerous iron lines (for example, Fe II

257.9 and Fe I 302.1 nm). A slight and continuous wavelength

dri (lower than 0.05 nm) was observed between the rst and

last spectra of the dataset. Although this shi was visually

negligible, all spectra were recalibrated in wavelength before

performing multivariate analysis.

2.3 PCA of a LIBS dataset

The spectral data set is a 3-D structure, also known as a hyper-

spectral cube, that simultaneously contains all the spatial and

spectral information (cf. Fig. 1). It is formed by two spatial

dimensions (m and n), where m and n are the numbers of pixels

(spectra) along the x- and y-axes, respectively, and one spectral

dimension (l).29 In the present case, each pixel (x–y coordinate)

was related to a LIBS spectrum of 2048 values corresponding to

the signal intensity at each wavelength (z-values). The PCA

calculation was performed on the unfolded dataset X corre-

sponding to a 2-D matrix of dimension N (m � n) by 2048 (i.e.,

the number of wavelength l).

PCA is one of the most exible and effective chemometric

methods for exploratory data analysis applied to hyperspectral

imaging. In PCA, the unfolding spectral data matrix X (m*n, l) is

decomposed into a scores matrix T (x*y, a), a loadings matrix P

(a, l) and a residual matrix E (x*y, l), where a is the number of

principal components considered, following eqn (1):30

X ¼ TP + E (1)

The loading vector of each principal component (PC) is

a direction in the original wavelength space. The loading vector

represents a new set of variables calculated by linear combina-

tion of the original variables along the direction of maximal

Fig. 1 Flow chart of hyperspectral LIBS imaging coupled with PCA analysis. The hyperspectral data cube is composed of two spatial dimensions,
x and y, corresponding to the image pixels and one spectral dimension (l), where each cell of the cube represents a single-shot LIBS spectrum.
The unfolding of the hyperspectral data cube generates successive N spectra (x*y). PCA is applied to generate the score and loading matrices
with dimensions ofN by a and a by l, respectively, where a is the number of selected PCs. A scoresmatrix can be refolded for each PC to generate
the scores image associated with its corresponding loading vector.
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variance. The corresponding scores represent the projection of

all spectra (pixels of the image) onto these new axes, allowing

observation of the similarities and differences between the

original spectra. Aer the PCA transformation, the score matrix

is refolded considering the x and y coordinates of each pixel,

displaying the results in a so-called score image or score map.

The score image displays the contribution for each principal

component of the original hypercube, thus allowing the distri-

bution of the different elements within the surface to be visu-

alized, considering the main sources of variability.

Because the turquoise stone was embedded in a polymeric

resin for xation, the LIBS spectra associated with the pixels

related to resin were not considered for the PCA calculation. For

this purpose, a mask index (matrix representing the spectrum

index of all pixels associated with the turquoise stone) was used.

The mask index was obtained by integrating the emission

spectrum for each pixel (i.e., global signal) and then using

a threshold value to discriminate between pixels related to the

resin and pixels related to the stone. Following this procedure,

a total of approximately 1 200 000 spectra was used as the input

to the PCA model. Before applying PCA, the raw data cube was

mean-centered, which caused all of the spectral variables to

have a zero mean. This data-centering step is generally used to

increase the differences between pixels.25 All PCA calculations

were performed in the Matlab 2016b environment.

3. Results and discussion
3.1 Conventional data analysis

The proposed dataset was rst processed by the conventional

univariate method, which has been described elsewhere.1,14

This methodology is optimal for revealing the heterogeneous

distribution of major and/or trace elements in samples with

a unique and homogenous matrix. In this case, the mean

spectrum (computed with the whole spectral dataset) provides

a good overview of the spectral structure dataset, identifying the

main elements bymatching the observed emission lines with an

atomic spectra database. The knowledge of the matrix compo-

sition enables the selection of the lines, free of interference

from the element of interest. Next, an algorithm extracts the net

intensity of the lines by retrieving their intensity and subtract-

ing the baseline for each selected line in every single spectrum

to generate a 2-D matrix (i.e., relative abundance image). This

procedure is rather fast, with a megapixel dataset typically

analyzed in less than 10 minutes. However, for multi-phase

material (i.e., the present case), this procedure is not well

adapted; nevertheless, it is still important to apply it rst to

highlight the encountered issues and evaluate the potential of

PCA.

The optical image of the gem stone analyzed and univariate

LIBS images of Fe II (line at 259.939 nm), Si I (288.158 nm), Cu I

(327.395 nm), P I (253.399 nm), and Al I (309.271 nm) that were

extracted following the conventional procedure are represented

in Fig. 2a. The lines selected to generate these images were

carefully chosen to fulll two criteria; (i) the line must present

one of the highest intensities in the detection range, and (ii) the

line must be as isolated as possible with regard to other

emission lines of different phases of the sample. Because of the

complex spectral structure of the sample, only the iron line met

the line selection criteria. The presence of multiple mineral

phases indeed makes the conventional data extraction tricky to

perform and inaccurate. This is clearly visible in Fig. 2a (red

regions of the image), where Cu and P are strongly affected by

spectral interferences from iron.

Fig. 2b shows three single-shot spectra associated with each

mineral phase: pyrite in red, silicates in green and turquoise in

blue; the average spectrum of the whole dataset is in black. The

similarity between the average spectrum and the pyrite spec-

trum is due to the strong emission of iron and the sample

composition containing a larger area of pyrite phase compared

to the areas of the other mineral phases. The presence of iron

lines produces a complex spectral structure that hinders the

line selection for all elements. This is critical for P and Al lines,

for which no line can be extracted by following the selection

criteria. In the present case, the average spectrum does not

allow elements to be identied, except for the iron associated

with the pyrite phase. As a result, new strategies for data anal-

ysis must be developed and PCA appears to be a powerful tool

for extracting elemental information from millions of spectra

potentially with interference among the different sample

phases.

3.2 PCA data exploration

In PCA of megapixel-scale images, the maximum number of

principal components that can be potentially calculated is equal

to the number of spectral variables included in the data struc-

ture. However, in the present case, only the rst 10 PCs were

extracted, explaining 99.86% of the total variance. As

mentioned above, each principal component was associated

with an eigenvalue (and, by extension, an explained variance)

and a score columnmatrix (generating a 2-D scores image when

re-folded). Scores can be read in exactly the samemanner as any

other variable and can thus be plotted and interpreted in many

different ways. If desired, the scores can be plotted as score

images, considering the spatial coordinates of the pixels, as

shown in Fig. 3. Pixels with similar values of score are similar in

terms of what the components represent, as dened by the

loading vectors. Scores can be positive or negative. The loading

vector denes the linear combination of the variables repre-

sented by a particular component. In our case, the loading

vectors provide correlations among the emission lines of the

elements present in the same mineral phase. For interpretation

of the loading vectors, the emission spectra were simulated

using the Kurucz database31 for a typical LIBS plasma temper-

ature and electron density (8000 K and 5 � 1017 cm�3,

respectively).

The following results and discussion are organized with

regard to the type of information obtained by PCA. This infor-

mation includes the sample characterization (i.e., identication

of the different mineral phases), the diagnosis of the LIBS

measurement, and the identication of new low concentration

elements associated with isolated pixels. A special Look Up

Table (LUT, false color scale) was applied to represent each

This journal is © The Royal Society of Chemistry 2018 J. Anal. At. Spectrom., 2018, 33, 210–220 | 213
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score image. This LUT was generated by coupling two standard

color scales (i.e., yellow and reversed blue). The black to yellow

scale represents the positive values of the scores, and the black

to cyan scale represents the negative ones. The black color is

used for zero or very small score values (i.e., insignicant ones).

3.2.1 Identication of mineral phases. Fig. 3 shows the

images of the rst, second and fourth principal components

(PCs) and their associated loading vectors. The rst PC (PC1)

represents 95.45% of the total variance; i.e., almost all of the

variation of the raw data is explained by this component.

Fig. 2 (a) Optical images of the gem stone and five LIBS elemental images Fe, Si, Cu, P and Al in a gray color scale. Red areas show regions rich in
P and Al interfered with iron lines. (b) Typical single-pulse spectra from pyrite (red), silicates (green) and turquoise (blue) phases. The mean
spectrum of the whole dataset is represented in black. The vertical arrows indicate the line selected for building up the images (see the text for
details).
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Examining the corresponding loading vector, it can be clearly

seen that the positive contributions in the rst PC correspond

with the LIBS spectrum of iron, whereas the negative ones seem

to be associated with Al and Cu emission lines. Simulated LIBS

spectra related to Fe, Al, and Cu are also shown in the graph of

loadings (vertically shied with arbitrary unit) to facilitate inter-

pretation. Thus, the score image of PC1 displays the spatial

distribution of the pyrite (orange) and turquoise (blue) phases.

The second PC (PC2), which represents 2.35% of the total vari-

ance, shows in negative the presence of Al, Cu and Si, with a small

contribution of Fe. These results may be related to both the

turquoise and silicate phases. The interpretation of the positive

contribution is more difficult because it is weak and not easily

related to any spectral structure. In light of the score image,

positive scores appear to be related to edge effects, probably

because of the sample preparation and holes in the surface of the

sample. The fourth PC (PC4), representing only 0.55% of the total

variance, is clearly associated with Si and Al, as supported by the

simulated spectrum allowing the identication of the silicate

phase. A perfect match can be observed when comparing the

phases obtained by PCA with the optical image (Fig. 2a).

3.2.2 Experimental diagnostic. In addition to composi-

tional information, PCA provides details on the experimental

issues affecting the LIBS imaging measurement. For example,

some matrix effects are illustrated in the score image of the

third PC (PC3) displayed in the top panel of Fig. 4. Indeed, the

corresponding loading vector (black trace) displayed on the

right side of the gure indicates the presence of ionic and

Fig. 3 Score images calculated for PCs 1, 2 and 4. The score values are represented in a false color scale, revealing three mineral phases: from
PC1, turquoise (blue) and pyrite (orange) and from PC4, silicate (orange). The corresponding loadings associated with each component are
shown on the right of the figure, and the simulated LIBS spectra of Fe, Al, Cu and Si are displayed to aid in the interpretation of the loadings.
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atomic lines of Fe with positive and negative values, respec-

tively. This can be highlighted by the spectral simulation of the

iron at two different temperatures: at low temperature (i.e., 6000

K), only atomic lines are observed, whereas at high temperature

(i.e., 12 000 K), the main contribution of Fe emission results in

ionic lines. Therefore, the score image of PC3 shows the balance

between atomic and ionic lines of iron, revealing different

physical conditions of laser–matter interaction that induce

different plasma temperatures and electronic densities. These

differences may be due to local variations in the hardness of the

sample that result in variations of the LIBS spectra, which may

be considered matrix effects. Here, this PC only expresses 0.75%

of the total variance; i.e., this aspect has little implication with

respect to the original data. The bottom panel of Fig. 4 shows

the score image of the sixth PC (PC6). This component repre-

sents only 0.13% of the total variance and can be related to

a saturation effect. Positive lines in the loading of PC6 are

associated with saturated lines. Together with the loading

vector (black trace), a typical experimental spectrum affected by

saturation (gold trace) is also shown with its dynamic range

superimposed. The interpretation of this PC is risky, consid-

ering the elemental composition of the sample; however, this

component provides a clear warning of when saturated signals

could generate artefacts in the scores image, with neither

physical nor chemical meaning.

3.2.3 Detection of low concentration compounds. The last

type of information accessible by PCA concerns the identica-

tion of low-concentration compounds that are present in a very

small number of pixels that somehow present an “unusual”

structure compared to those with the highest percentage of

variance. Finding a few isolated pixels associated with one or

several elements is denitely not an easy task, considering the

size of the spectral hypercube. With PCA, some pixels linked to

a compound of interest can be highlighted in principal

components with a low percentage of variance. Fig. 5 shows the

score images and the loading vector of the seventh and eighth

PCs (PC7 and PC8), which only represents 0.07% and 0.05% of

the total variance, respectively. These results show two typical

cases of elemental identication of isolated pixels. The results

for PC7 clearly indicate the variation in the composition of the

silicate phase compared to PC4 (cf. Fig. 3). This principal

component emphasizes a correlation between Si and Cu and an

anti-correlation between Si and Al. Moreover, magnesium (Mg),

which was not observed previously, is also found in the loading

vector. The loading vector for PC8 is related with the presence of

titanium and is clearly distinguishable in the positive contri-

bution. The associated scores image hence shows the distri-

bution of Ti (orange) within the sample. In spite of the high

number of Ti lines present in the investigated spectral range, no

Ti lines were identied either in the raw data or from the

Fig. 4 Score images calculated from the LIBS hyperspectral data cube for PCs 3 and 6. The score values are represented in a false color scale to
reveal various instrumental distortions. The corresponding loading associated with each component is shown in the right. Simulated LIBS spectra
of iron are shown in the top figure for 2 different plasma temperatures. An experimental single-shot spectrum is shown in the bottom figure to
illustrate the saturation effect and dynamic range of the measurement.
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average spectrum. The hyperspectral analysis of LIBS dataset by

PCA allows trace elements such as titanium or magnesium to be

detected. Although observed in principal components with very

low explained variance, these elements can be identied mainly

via the good signal-to-noise ratio of the data set.

Finally, although only the rst ten principal components

were modeled, aer eight components, no more meaningful

information was observed (cf. ESI†).

3.3 Advanced data manipulation

The reduction of dimensionality by PCA opens other possibili-

ties in the data processing of such a large dataset involving both

PCA and conventional extraction. Instead of plotting the scores

as images (only one score is considered at a time), it is also

possible to represent them in scatter plots, one score vs. another

(i.e., conventional PCA representation). Using basic soware

tools, it is then possible to select different clouds of points and

observe their corresponding spatial distribution. In this way, all

pixels (i.e., spectra) associated with each phase of the sample

can be retrieved and then represented in a mask form. A mask

image is a logical matrix of 0s and 1s, denoting unselected and

selected pixels, respectively. In Fig. 6a, an example of a scatter

plot illustrating PC1 versus PC4 scores shows that there seem to

be certain groupings in the data. These two components were

chosen with regard to Fig. 3 because they appear to be the most

discriminative with regard to the sample composition. This type

of representation allows the similarities and differences among

samples to be assessed in terms of the raw data. Fig. 6b shows

mask images associated with the three main phases; pyrite,

turquoise, and silicate in red, blue, and green, respectively.

Another region, named “intermediate”, can be obtained from

points between groups in the score plot. These points (in yellow)

correspond to pixels separating different phases, with

a composition being a mixture of them. This region is repre-

sented by the mask in yellow color and is not considered in the

following. Using all spectra associated with each cloud of

points, it is straightforward to estimate the average spectrum of

each phase, as shown in Fig. 6c. Then, the conventional data

extraction can be applied to generate the classical elemental

images for each of the 3 phases independently.

As an example of the results, Fig. 7 shows the spatial distri-

bution of iron in the 3 mineral phases. A different color scale

was chosen to represent the variation of Fe in each phase

independently; grayscale for pyrite, cyan hot for turquoise and

red hot for silicate phase. Fig. 7 was generated by merging all of

the images. This type of representation displays a wide dynamic

range of Fe concentration (several orders of magnitude) from

the pyrite phase, where Fe is a major element, to the turquoise

and silicates phases, where trace or minor amounts of Fe are

contained. This representation is likely affected by matrix

effects; hence, it is questionable to compare the Fe concentra-

tion between phases because it is not possible to join the scale

from one phase to another. In addition, the heterogeneous

Fig. 5 Score images for PCs 7 and 8. The score values are represented in a false color scale. The corresponding loading associated with each
component is shown on the right. The simulated LIBS spectrum of Ti is shown in the bottom figure.
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Fig. 6 Example of advanced data manipulation. (a) Scatter plot of PC4 versus PC1 scores with 4 different clouds. For each selected cloud, the
number of corresponding spectra is indicated. (b) Mask images associated with the 4 selected clouds. (c) Average spectra for (A) red mask –

pyrite, (B) blue mask – turquoise and (C) green mask – silicate.

Fig. 7 LIBS image of iron (259.939 nm) obtained by merging three images related to the three mineral phases, namely, turquoise, silicate and
pyrite. A specific color scale is used for each phase.

218 | J. Anal. At. Spectrom., 2018, 33, 210–220 This journal is © The Royal Society of Chemistry 2018

JAAS Paper

Pu
bl

is
he

d 
on

 0
4 

Ja
nu

ar
y 

20
18

. D
ow

nl
oa

de
d 

by
 U

ni
ve

rs
ité

 C
la

ud
e 

B
er

na
rd

 L
yo

n 
on

 1
1/

16
/2

01
9 

8:
29

:1
9 

PM
. 

View Article Online



distribution of Fe within the turquoise is noticeable. This effect

is produced during the crystallization of the turquoise, where

the Fe coming from the pyrite is substituted for Al or Cu,

thereby modifying its properties. From the mineralogical point

of view, Fig. 7 is able to display the replacement between Fe2+

and Fe3+ from the pyrite phases to produce a solid solution with

Al3+ and Cu2+, respectively. The images obtained by LIBS are in

accordance with mineralogical studies, highlighting the very

slight substitution of Al3+ by Fe3+ in the turquoise structure

Cu2+(Al,Fe3+)6(PO4)4(OH)8$4H2O. A complete substitution

would have reached the chalcosiderite end-member.

3.4 Discussion

As mentioned above, analyzing a megapixel LIBS dataset is not

an easy task and requires the development of specic tools. It is

impossible to observe and analyze each individual spectrum of

such a large dataset. In such a case, and considering, for

example, 30 seconds of analysis per spectrum, the analyst would

require approximately 1 year to process a dataset of 1 megapixels

in size. This slow data processing is obviously not acceptable

when the experiment is able to provide several megapixel series

a day. Although the conventional method of data extraction can

be rather efficient in simple sample cases, it is clearly not well

adapted for “real world” samples. This paper demonstrates that

the use of PCA is highly desirable in such cases. The results

presented show that PCA analysis can provide an exhaustive

characterization of such large datasets, without prior knowledge

of the sample. This characterization includes the determination

of the mineral phases (i.e., matrices) in terms of both the spatial

distribution and the composition, the assessment of the exper-

iment (such as matrix and saturation effects) and the identi-

cation of minor compounds in isolated pixels. In addition, PCA

represents an efficient methodology to reduce data dimension-

ality, which greatly facilitates the manipulation (e.g., processing,

observation) of such hyperspectral data. Once the PCA calcula-

tion is complete, the observation and analysis of PCA data are

rather fast and efficient. Note that spectroscopic expertise is still

required to interpret the PCA results. However, instead of

considering row datasets (and a huge number of spectra), the

analyst's job consists only of interpreting few loadings.

In addition, the processing of such a large amount of data in

PCA only requires a high computing power combined with, in

particular, a large amount of Random Access Memory (RAM)

(i.e., �256 GB). This computing power is actually necessary

when the calculation must be conducted on the entire

megapixel-scale dataset. However, several tricks can be applied

to reduce the requirement of computing power: binning the

wavelengths, reducing the spectral range, and/or processing

only a certain percentage of spectra (and then building up the

PCA model for all pixels). In such a manner, we were able to

process the same dataset (data not presented here) with an

office computer (i.e., �32 GB RAM). We obtained very similar

results and conclusions. In addition, no prior knowledge of the

sample was required. Overall, these results appear highly

attractive for LIBS-based imaging and open new perspectives for

the development of this technology.

4. Conclusion

The main objective of this work was to evaluate PCA processing

for the analysis of a megapixel LIBS dataset. As a proof of

concept, we examined the potential of multivariate data analysis

applied to the study of minerals. PCA has been demonstrated to

be a powerful tool that is capable of identifying mineral phases

by nding relationships between variables, manifesting exper-

imental issues and detecting low concentration compounds,

and PCA has many possible applications. The interpretation of

principal component images enables a deeper understanding of

the sample, highlighting very delicate ion substitution in

a mineral lattice. This paper critically examined the basic

concepts of the possible use of PCA in extracting information

from megapixel-scale LIBS imaging. Based on the results

provided by the present study, we are convinced that multivar-

iate methods applied to megapixel LIBS images may be applied

to any type of sample.
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