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 Introduction: ChemCam is a Laser-Induced Break-
down Spectroscopy (LIBS) instrument on-board MSL 
that can analyze the chemical composition of geologi-
cal samples at a distance by detecting the light emis-
sion of constituting elements [1, 2]. Up to sol 100, the 
instrument successfully acquired > 14000 spectra. 
Each spectrum consists of intensity signals distributed 
over 6144 channels. The structure of the spectral data 
can be handled by multivariate data analysis tech-
niques for classification [3] as well as quantification 
purposes. The ChemCam team uses a Partial least 
squares (PLS) algorithm, regressed against a data-
base of 66 standards measured by ChemCam prior to 
flight, to provide rapid elemental abundances on the 
tactical (day-to-day) timeline. PLS can correct for 
chemical matrix effects which can obscure a linear 
relationship between abundance and peak areas [e.g. 
4, 5, 6]. In this work, we report on the current status 
of the PLS technique used to quantify the elemental 
composition of ChemCam’s targets. We describe the 
current capabilities of the method in predicting the 
elemental composition of the target, its sensitivity to 
the different parameters affecting the data, its valida-
tion using other methods, and further improvements to 
be investigated.  
 
PLS current status: One of the most used and most 
accurate techniques for LIBS instruments is the PLS 
regression [4, 5]. Using a database of standards of 
known compositions and analyzed under laboratory 
conditions replicating Mars, it is possible to apply PLS 
regression to the spectral data to obtain quantitative 
predictions and determine the accuracy of the instru-
ment [6]. 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 accuracy of the model is obtained using the root 
mean square of error prediction: 𝑅𝑀𝑆𝐸𝑃 =
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ards, yi the composition of the sample for a given ele-
ment and yip is the prediction of that composition for 
the LOO model. Given in units of the predicted quanti-
ty, it is related to the standard deviation of the errors of 
predictions and gives an indication of its distribution. 
The global RMSEP value (including all elements) 
typically decreases with the number of principal com-
ponents taken for the model before reaching a mini-

mum and an asymptotic behavior. This curve is used to 
select the best training model for the predictions by 
taking the number of components for which the 
RMSEP value is about 1σ above the minimum [e.g. 7].  
The RMSEP values obtained for the current PLS algo-
rithm, applied to the 66 standards in the current spec-
tral database [6], and used to analyse ChemCam data 
are given in table 1. The best number of components 
(NC) is 9 – though this could differ from element to 
element.  
 

Table 1: Comparison between Portage (sol 89) chemical composi-
tions from APXS and ChemCam using PLS. RMSEP values obtained 

at the best number of components NC=9. All values in wt.%. 

 
Validation of the PLS results on Mars: Several tech-
niques have been used to validate the PLS algorithm 
used to quantify ChemCam data. First, the loadings 
used to predict the elements have been checked to be 
correlated with the emission lines present in the spec-
tra. The PLS components compare also qualitatively 
well with the ICA separation of the multivariate classi-
fication algorithm [3] 
Second, it is known that LIBS emission lines’s intensi-
ty usually increases with the proportion of a given 
element present in the sample. The PLS predictions 
have been shown to correlate very well with the inten-
sity of emission lines for the major elements of the 
rocks in the training dataset as well as those detected 
on the martian targets. 
Third, the MSL rover also has a set of 10 calibration 
targets (CCT) on-board that can be used to verify the 
PLS predictions [8, 9]. This is all the more useful since 
some of those calibration targets are not included in the 
training set. 
Figure 1 presents the prediction curve of the training 
model for SiO2 and the prediction curve obtained for 
the CCT on Mars with this model. The linear regres-
sion lines have been indicated as well as the y=x line 
where compositions agree. Note that the CCT with the 
highest SiO2 content (macusanite 73.7 wt%) is well 
predicted though not present in the training set. Similar 

  SiO2 TiO2 Al2O3 Fe2O3T MgO CaO Na2O K2O 
Portage (APXS) 43.69 1.54 9.56 23.111 6.53 7.4 2.22 0.59 
Portage (CCAM) 44.8 0.6 11.3 15.2 7.4 7.4 2.4 0.7 
Std. dev. 
(CCAM) 2.4 0.1 0.8 0.8 1.1 0.9 0.3 0.1 
RMSEP (CCAM) 7.3 0.7 3.1 5.9 4.1 4.4 0.8 0.9 
Relative differ-
ence (%) 2.5 -60.3 18.7 -34.4 13.3 0.1 9.6 16.8 
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curves have been generated for all major elements. The 
calibration curves follow well the actual compositions 
of the samples. For some elements for which few high 
content samples exist or with strong self-absorption, 
the calibration curves tend to underestimate the highest 
contents (Fe2O3, TiO2 and alkali).  

 
Figure 1: Calibration curve of SiO2 for ChemCam’s standards and 

calibration targets on Mars.  
 
Finally a comparison with APXS [10, 11] has been 
performed on martian targets as much as possible, 
keeping in mind that both instruments probe different 
surfaces of the targets (few 100 μm2 for ChemCam vs. 
few cm2 for APXS) and that ChemCam data analysis 
removes the first few shots taken on a target as these 
correspond to the omnipresent dust covering the rocks. 
In table 1, we present a comparison between soils 
measured by APXS and ChemCam (Portage, sol 89). 
Considering the errors mentioned inTable 1 and possi-
ble underestimation for Fe2O3 and TiO2, the results are 
quite comparable. See also [12, 13] for other Chem-
Cam to APXS comparisons. 
All these tests give us confidence in the fact that the 
PLS results give reasonable predictions for the chemi-
cal content of the martian targets, and that in the few 
cases of absolute value biases, at least the trends calcu-
lated do follow an actual composition change between 
targets.  
 
PLS further improvements:  
PLS sensitivity on ChemCam data: We intend to im-
prove the accuracy and precision of the PLS predic-
tions. The first thing to consider is how sensitive the 
algorithm is to ChemCam data changes to avoid as 
much as possible its influence on the results. For ex-
ample, it has been shown that wavelength calibration is 
quite important and that a shift of about 1 pixel would 
lead to 10-20% in the PLS errors and predictions [6]. 
Knowing that the temperatures induce this shift, we are 
implementing an accurate way to correct for this. Sec-
ondly a mask is applied to the spectra to avoid the 
influence of too much noise on the sides of each spec-
tral range, which has been shown not to introduce too 
much effect on PLS.  

Finally the PLS algorithm is quite dependent on the 
calibration samples used for the training model. The 
introduction of a sample with wrong composition can 
change some RMSEP values by up to 50% and modi-
fies significantly the PLS predictions. Moreover, gaps 
in composition in the database lead the algorithm to 
extrapolate values. We are working on improving the 
current database to better reflect the compositions that 
have been detected at Gale crater so far [14]. Similarly, 
removing samples that are poorly known or in doubt 
does improve PLS.  
PLS algorithm further improvements: From 10 to 20% 
improvements can be obtained in the predictions of 
specific elements (Fe2O3 and MgO) using PLS1. This 
algorithm predicts just one chemical element at a time, 
which prevents it from inferring wrong correlations 
between the elements present in the training set. Other 
multivariate methods can potentially be more robust to 
non-linear behavior than PLS. Such methods as 
LASSO or elastic net are compared to PLS results and 
give some promising results towards improvements 
[15]. 
 
Conclusion: We have demonstrated that PLS is a 
technique that generates good predictions of the chem-
ical composition of Mars targets from the ChemCam 
LIBS data. In the near future, we are intending to im-
prove both the accuracy and precision of the predic-
tions by modifying the algorithm and databases used. 
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