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Introduction: ChemCam is a Laser-Induced 

Breakdown Spectroscopy (LIBS) instrument on-board 
the Mars Science Laboratory (MSL). It can analyze the 
chemical composition of geological samples at a dis-
tance by detecting the light emission of constituent 
elements [1, 2]. The instrument has now successfully 
acquired >100000 in situ spectra. Each spectrum con-
sists of intensity signals distributed over 6144 chan-
nels. The structure of the spectral data can be handled 
by multivariate data analysis techniques for classifica-
tion [3] as well as quantification purposes. The Chem-
Cam team uses a Partial Least Squares (PLS) algo-
rithm, regressed against a database of 66 standards 
measured by ChemCam prior to flight, to provide rapid 
elemental abundances on the tactical (day-to-day) 
timeline [4, 5, 6]. PLS can correct for chemical matrix 
effects which can obscure a linear relationship between 
abundance and peak areas [e.g. 7, 8]. Since MSL land-
ing and the start of operations, an updated database for 
chemical predictions has been generated in the labora-
tory [9] that has been shown to improve significantly 
the PLS prediction accuracies [10]. In this work, we 
compare the PLS accuracy results [6, 10] with those 
obtained through comparable techniques to consolidate 
the accuracy and optimization of the prediction models 
for the current and updated databases.  

ChemCam data quantification procedure: 
One of the most used and most accurate techniques 

for LIBS instruments is the PLS regression [4, 5]. Us-
ing a database of standards of known compositions 
analyzed under laboratory conditions replicating Mars, 
it is possible to use the PLS regression on the spectra 
obtained on martian targets to accurately predict their 
chemical composition [6, 7]. The algorithm currently 
used (PLS1) predicts the abundance of one chemical 
element at a time to prevent inferring false correlations 
amongst elements present in the training set.  

In order to determine the accuracy, a classic “leave-
one-out” (LOO) cross-validation procedure was used, 
where one standard is removed at a time and predicted 
using the remaining standards as training set. The ac-
curacy of the model is obtained using the root mean 
square of error prediction: 
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of standards, yi the composition of the sample for a 
given element and yip is the prediction of that composi-
tion for the LOO model. The PLS algorithm is closely 
related to the Principal Components Analysis tech-

nique, where the eigenvectors and eigenvalues (also 
called loadings and Principal Components, PC) of the 
variance-covariance matrix of the dataset are computed 
as they correspond to the directions of largest variance 
in the dataset and allow to describe the data set with a 
smaller number of dimensions. The RMSEP value de-
scribing the accuracy of the model for each element 
varies as a function of the number of dimensions used 
to describe the dataset. It typically decreases as the 
number of principal components (NP) increases before 
reaching a minimum and an asymptotic behavior. The 
variation of the RMSEP as a function of NP is used to 
select the best training model for the predictions by 
taking the NC for which the RMSEP value is about 1σ 
above its minimum [see e.g. 6, 11].  

The RMSEP values obtained for the current PLS 
algorithm, applied to the current database of 66 geo-
logical standards used to analyse ChemCam data are 
given in table 1 [6]. The best number of components 
(NC) is shown and differs from element to element 
based on the optimization done.  

Several techniques have been used to validate the 
PLS algorithm with ChemCam data. The loadings used 
to predict the elements have been checked to be corre-
lated with the emission lines of the relevant elements 
in the spectra. The PLS components also compare 
qualitatively well with the Independent Components 
Analysis classification of the LIBS spectra based on 
the separation of the emission lines of each chemical 
elements [5]. Furthermore, the ChemCam calibration 
targets on-board the MSL rover have been used to veri-
fy the PLS predictions. The table also gives the preci-
sion of the instrument based on measurement repetabil-
ity on targets from [12] and the distribution of the 
chemical compositions of the standards in the database 
by indicating the minimum, median, maximum and 1st 
and 3rd quartile values for each oxide.   

Analysis using other multivariate regression 
methods: 

Other multivariate regression methods can poten-
tially be more robust to non-linear behavior than PLS. 
Sparse methods such as the Least Absolute Shrinkage 
and Selection Operator (LASSO) or the elastic net will 
only regress with selected values of the spectra that are 
most correlated with the element to predict, which 
makes for more robust regression models. Their mod-
els and accuracies are quite comparable to the ones 
obtained using the PLS technique [13].  

Recent multivariate data analysis developments 
have included another family of algorithms based on 
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the so-called Support Vector Machines (SVM). These 
techniques initially developed for multivariate data 
clustering can also be for regression modeling. In 
terms of clustering, the principle of the technique is to 
reduce the relevant number of data points from each 
cluster to the few data points whose position best de-
fines the hyperplane that separate the data clusters and 
optimizes the margins of clusters separation [14]. Re-
ducing the number of data points in such a way makes 
for a robust and fast computation of the clustering sep-
aration. Moreover, non-linear borders between data 
points can be defined by introducing specific kernel 
functions that map the initial data set into spaces where 
the hyperplanes are more easily calculated.  

 
Figure 1: Illustration of the SVM regression principle. In-

stead of minimizing the distance between the regression line 
and each data point, a subset of points (the Support Vector 
Machines, in red) that defines the hyperplane is used to op-
timize the distance ε. Some outliers (green) can be included 

in the model with δ and δ’ weights.  

The adaptation of the technique to the regression 
problem is similar in scope to the clustering technique 
by finding the hyperplanes that follow the regression 
of data points and optimizing their position using few 
data points located at the extreme of the regression 
cluster. Similarly to the clustering problem, in the case 
of nonlinear regression, the hyperplane can be best 
defined after mapping the data point by an appropriate 
kernel function optimized to give the best results. This 
method has been shown to compare favorably with the 
more common PLS technique [15, 16]. 

We have generated multivariate predictive models 
using the SVM technique and based on the initial 
ChemCam database of 66 geological standards. The 
parameters used in this procedure were a cost of 1 and 
the best kernel function chosen amongst linear, radial 
and polynomial models. The cross-validation used in 
this case was to randomly select a test set of one third 
of the samples, and a training set of two-thirds of the 
samples, 40 different times. The training set is used to 
generate the predictive regression model and the test 
set predictions are used to calculated the RMSEP for 
this model. The results of these calculations are shown 
in Table 1. The optimized PLS1 algorithm gives better 
accuracies than the SVM method while both sets of 
values are of the same order of magnitude. We can 

therefore expect to confirm in the same way the strong 
improvements obtained on the accuracy of the PLS 
predictive models based on the updated ChemCam 
database [9, 10].  

 
SiO2 TiO2 Al2O3 FeOT MgO CaO Na2O K2O 

TRAIN MIN. 0.2 0 0 0 0 0.1 0 0 
TRAIN 1ST 
QUART. 40.8 0.27 5 2.7 0.8 2.5 0.3 0.3 

TRAIN 
MEDIAN 48.6 0.68 13.1 6 2.2 7.1 2.4 0.8 

TRAIN 3RD 
QUART. 59.3 1.47 16.1 12.1 6.4 12.8 3.4 1.8 

TRAIN MAX. 75.4 5.9 38.8 36.2 49.2 54.9 5.9 6.4 
NORM 3 1 1 1 1 3 1 3 
NC PLS 8 10 4 7 8 8 10 4 
RMSEP PLS 7.1 0.55 3.7 4 3 3.3 0.7 0.9 
RMSEP SVM 8.2 0.7 4.5 5 4.6 4.8 1 0.9 
PRECISION 1.5 0.14 0.57 1.8 0.49 0.42 0.49 0.14 

Table 1: Comparison between RMSEP values obtained at the 
best NC for the PLS method and the SVM regression method 
and instrument precision. All values in wt.%. Upper part of 
the table correspond to the training data set quartiles values 

for each oxide composition. (adapted from [5, 12])  

Conclusion: All these tests give us confidence in 
the fact that the PLS results give optimized predictions 
for the chemical content of the martian targets, and that 
in the few cases of absolute value biases, at least the 
trends calculated follow an actual composition change 
between targets. Similar to APXS, the precision of the 
method is normally much lower than the predictive 
models accuracy as indicated by the RMSEP. We have 
verified the fact that PLS and other multivariate tech-
niques generate consistent accuracies for the models 
predicting the chemical composition of Mars targets 
from ChemCam LIBS data.  
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