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CONTEXT 

LIBS is fast and with Echelle spectrometers high dimension spectra 

can be acquired 

 MUCH data can be easily collected in a short time 
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Chemometrics has been extensively applied to LIBS data for ~ 

20 years, to perform samples identification (PCA, SIMCA, PLS-

DA, ANN…) or quantitative measurements (PCR, PLS, ANN…) 
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LIBS spectra do not contain only chemical but also instrumental and physical information. 



AN INSPIRING EXAMPLE 

C. Ruckebusch et al. / Journal of Photochemistry and Photobiology C: Photochemistry 

Reviews 13 (2012) 1– 27 

Femtosecond time-resolved absorption spectroscopy of benzophenone 

 

 

Identification of an intermediate state (IS) of benzophenone and determination of its 

spectrokinetic properties using chemometrics (EFA, MCR-ALS, HS-MCR) 
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OTHER EXAMPLES 
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OUTLINE 

Can we apply chemometric techniques to LIBS data in order to: 

 

1. Diagnose the instrumentation? 

 

2. Optimize the analytical process? 

 

3. Better understand the LIBS physics?... 
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DIAGNOSING THE INSTRUMENTATION: 

SAMPLE FLATNESS, DRIFT 

1st PC: 

Scores: slow drift + temporal periodicity (sample flatness) 
 

Loadings: different behaviour UV / VIS  Laser energy drift? Plasma temperature 
drift? 
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Data: 625 spectra of steel (repeatability) acquired with an 
Echelle spectrometer. Matrix 25x25 on the sample. 



DIAGNOSING THE INSTRUMENTATION : 

THERMAL DRIFT 

Data: 600 spectra of a glass sample (repeatability) acquired with an Echelle spectrometer. 

 

|  PAGE 7 CEA | Jean-Baptiste Sirven | Improving the understanding and optimization of LIBS analysis using chemometrics 

1. First spectra 2. PCA of 

all spectra 

3. PC1 

3. PC1 (zoom) 

4. Spectra 

of both 

groups 5. Scores 

VS time 

 spectral shift 
 slow thermal 

drift (~ 1 hour) 



OPTIMIZING A SIMCA MODEL: 

ROBUSTNESS OF PREDICTIONS 

Data: 13 steel samples, 25 spectra each acquired with an Echelle spectrometer 

Objective: robust samples identification using a SIMCA model 
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2011 data 

80% spectra  model calibration 

20% spectra  model test 

(reference performances) 

2012 data (same samples) 

100% spectra  test of model 

robustness 



OPTIMIZING A SIMCA MODEL: 

ROBUSTNESS OF PREDICTIONS 

2011 test set: 

3.1% error rate 
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                        2012 data – confusion matrix 

            Real class 

1 2 3 4 5 6 7 8 9 10 11 12 13 

P
re

d
ic

te
d
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s
s

 

1 47 32 0 0 0 0 0 0 0 0 0 0 0 

2 3 18 0 0 0 0 0 0 0 0 0 0 0 

3 0 0 45 0 0 0 0 0 0 0 0 0 0 

4 0 0 0 50 0 0 0 0 0 0 0 0 0 

5 0 0 0 0 34 0 0 0 0 0 0 9 0 

6 0 0 0 0 0 50 0 0 0 0 0 0 0 

7 0 0 0 0 0 0 50 0 0 0 0 0 0 

8 0 0 3 0 0 0 0 47 0 0 0 0 0 

9 0 0 0 0 0 0 0 0 29 0 1 0 0 

10 0 0 2 0 0 0 0 3 20 50 14 0 0 

11 0 0 0 0 0 0 0 0 1 0 35 0 0 

12 0 0 0 0 16 0 0 0 0 0 0 41 0 

13 0 0 0 0 0 0 0 0 0 0 0 0 50 

 2012 data:  

16% error rate 

 

 poor robustness 

2011 test set – confusion matrix 

  Real class 

1 2 3 4 5 6 7 8 9 10 11 12 13 

P
re

d
ic

te
d

 c
la

s
s
 

1 4 0 0 0 0 0 0 0 0 0 0 0 0 

2 1 5 0 0 0 0 0 0 0 0 0 0 0 

3 0 0 5 0 0 0 0 0 0 0 0 0 0 

4 0 0 0 5 0 0 0 0 0 0 0 0 0 

5 0 0 0 0 4 0 0 0 0 0 0 0 0 

6 0 0 0 0 0 5 0 0 0 0 0 0 0 

7 0 0 0 0 0 0 5 0 0 0 0 0 0 

8 0 0 0 0 0 0 0 5 0 0 0 0 0 

9 0 0 0 0 0 0 0 0 5 0 0 0 0 

10 0 0 0 0 0 0 0 0 0 5 0 0 0 

11 0 0 0 0 0 0 0 0 0 0 5 0 0 

12 0 0 0 0 1 0 0 0 0 0 0 5 0 

13 0 0 0 0 0 0 0 0 0 0 0 0 5 

 



OPTIMIZING A SIMCA MODEL: 

ROBUSTNESS OF PREDICTIONS 

Optimization using a full 

factorial DOE: 
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                        2012 data – confusion matrix 

            Real class 

1 2 3 4 5 6 7 8 9 10 11 12 13 

P
re

d
ic

te
d

 c
la

s
s

 

1 50 0 0 0 0 0 0 0 0 0 0 0 0 

2 0 50 0 0 0 0 0 0 0 0 0 0 0 

3 0 0 50 0 0 0 0 0 0 0 0 0 0 

4 0 0 0 50 0 0 0 0 0 0 0 0 0 

5 0 0 0 0 50 0 0 0 0 0 0 0 0 

6 0 0 0 0 0 50 0 0 0 0 0 0 0 

7 0 0 0 0 0 0 50 0 0 0 0 0 0 

8 0 0 0 0 0 0 0 50 0 0 0 0 0 

9 0 0 0 0 0 0 0 0 50 0 0 0 0 

10 0 0 0 0 0 0 0 0 0 50 0 0 0 

11 0 0 0 0 0 0 0 0 0 0 50 0 0 

12 0 0 0 0 0 0 0 0 0 0 0 50 0 

13 0 0 0 0 0 0 0 0 0 0 0 0 50 

Factors Levels 

Input data 4 

Preprocessing 6 

Distance to the 

model 
3 

Classification 

threshold 
6 

2011 test set – confusion matrix 

  Real class 

1 2 3 4 5 6 7 8 9 10 11 12 13 

P
re

d
ic

te
d

 c
la

s
s
 

1 5 0 0 0 0 0 0 0 0 0 0 0 0 

2 0 5 0 0 0 0 0 0 0 0 0 0 0 

3 0 0 5 0 0 0 0 0 0 0 0 0 0 

4 0 0 0 5 0 0 0 0 0 0 0 0 0 

5 0 0 0 0 5 0 0 0 0 0 0 0 0 

6 0 0 0 0 0 5 0 0 0 0 0 0 0 

7 0 0 0 0 0 0 5 0 0 0 0 0 0 

8 0 0 0 0 0 0 0 5 0 0 0 0 0 

9 0 0 0 0 0 0 0 0 5 0 0 0 0 

10 0 0 0 0 0 0 0 0 0 5 0 0 0 

11 0 0 0 0 0 0 0 0 0 0 5 0 0 

12 0 0 0 0 0 0 0 0 0 0 0 5 0 

13 0 0 0 0 0 0 0 0 0 0 0 0 5 

Optimal parameters: 

Selection of lines using PCA 

components and an intensity 

threshold 

Preprocessing: normalization 

by the sum of emission lines + 

mean centering 

Distance criterion: residuals 

Any classification threshold 

 

 



PHYSICALLY INTERPRETING A MODEL: 

SELF-ABSORPTION 

Data: calibration of lead concentration in liquid sodium by the standard addition method. 

100 spectra per concentration, 67 for calibration, 33 for test. Only the Pb line at 283.3 nm 
is used in order to directly compare PLS and the calibration curve. 
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 Results for 

test spectra. 

Average 

spectra 
PLS 

components 

Components 

2 and 3 show 

that non 

linearity due 

to self-

absorption is 

taken into 

account 

Calibration 

curve 

 R² = 0.9988 



PRINCIPLE OF ICA 

Independent Components Analysis (Blind Source Separation or 

Cocktail party): how to retrieve independent conversations from a mixture 
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Independent Components  pure elements spectra (? In LIBS ?) 

 

Experimental spectra = linear combination of components (like in PCA) 

 



ICA VS PCA: LIBS OF A PURE AL 

SAMPLE IN AIR 

Data: pure Al sample spectra in air, gate delay 0.2 to 15 µs, 50 acc. laser shots (from R. 

Saad’s PhD work) 
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PC1 scores monotonic 

decrease (OK) 

PC2 scores are not 

monotonic and can be 

negative 

~ average spectrum 

Physical interpretation? 
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ICA VS PCA: LIBS OF A PURE AL 

SAMPLE IN AIR 
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ICs are not « pure components » 

BUT easy physical interpretation 

of the data: 

-AlO bands are identified (≠ PCA) 

-Coupling between Ions / Neutrals / 

Molecules / Air 

-Kinetics 

(IC2 ~ PC2) 

Data: pure Al sample spectra in air, gate delay 0.2 to 15 µs, 50 acc. laser shots (from R. 

Saad’s PhD work) 
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SUMMARY 

Chemometric techniques are very powerful to efficiently extract relevant 

information from complex, highly multi-dimensional experimental data 

 

They proved efficient for « classical » applications of LIBS analysis: 

Samples identification 
Quantification  

 

But they can also be used for other purposes: 

Instrumentation diagnosis 
System / method optimization 
Description / understanding of physical phenomena 

 

Independent Components Analysis is a very promising technique for this last 

point, e.g. for the treatment of time-resolved and / or molecular LIBS data 

 

Physical interpretation of chemometric models is always possible (and desirable) 
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Direction de l’énergie nucléaire 

Direction déléguée aux activités nucléaires de Saclay 

Département de physico-chimie 

Service d’études analytiques et de réactivité des surfaces 

Laboratoire de développement analytique nucléaire, 

isotopique et élémentaire  

Commissariat à l’énergie atomique et aux énergies alternatives 

Centre de Saclay | 91191 Gif-sur-Yvette Cedex 

DEN/DANS/DPC/SEARS/LANIE – Bât. 467 – PC 56 

T. +33 (0)1 69 08 21 00 | F. +33 (0)1 69 08 78 84 

Etablissement public à caractère industriel et commercial 

RCS Paris B 775 685 019 

Thank you for 

your attention! 

 
 
 

jean-baptiste.sirven@cea.fr 
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Special thanks to: 

 

D. N. Rutledge 

(AgroParisTech, 

France) for codes 

and advice on ICA 

 

R. Saad (CEA) for 

experimental data on 

time-resolved Al 

plasmas 



ABSTRACT 

Laser-Induced Breakdown Spectroscopy is relatively simple to implement experimentally, 

but its underlying physics is very complex. This is especially due to two main factors. First, 

sampling and excitation occur in the same process, driven by the laser-matter interaction, 

and therefore are strongly coupled. Secondly, laser ablation, plasma formation and 

emission are transient by nature, and plasma features vary very rapidly with time. 

As a consequence, this observation has stimulated the use of more empirical approaches 

based on chemometrics, which have been more and more widespread in LIBS for a dozen 

years. The power of multivariate methods for LIBS data treatment was indeed 

demonstrated in many papers. However, in most cases, those approaches aim at 

retrieving some chemical information on the sample, either qualitative (presence of some 

elements, sample nature) or quantitative (concentration measurements). 

But LIBS spectra contain more information than the chemical one that could also be 

exploited by chemometric methods. Thus, multivariate models can be used or interpreted 

in order to diagnose possible instrumental issues, to optimize a LIBS system or analysis 

for a given application, or to improve our physical understanding of LIBS data. The talk will 

illustrate the use of chemometric methods to address these objectives. 
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