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Introduction: Laser-induced breakdown spec-

troscopy (LIBS) will be used by the Mars Science La-
boratory rover, Curiosity, to analyze soil and rock. 
Quantitative elemental analysis from LIBS spectra 
presents challenges to statistical analyses due to noise 
and the fact that each element has many peaks with 
highly-correlated intensities. Several different regres-
sion methods eliminate the collinear nature of the co-
variates by shrinking some model coefficients and re-
ducing others to zero. Two of these are compared here: 
the lasso (least absolute shrinkage and selection opera-
tor) [1] and the elastic net [2]. 

Samples and Experimental Methods: LIBS was 
used to analyze a suite of 100 igneous rocks at Los 
Alamos National Laboratory as described in [3]. Sam-
ples were analyzed from a standoff distance of 9 m; 
they were placed in a chamber filled with 7 Torr CO2 
to simulate the Mars surface pressure. A 1064-nm 
Nd:YAG laser operating at 17 mJ/pulse was used to 
ablate the samples. Three Ocean Optics HR2000 spec-
trometers with UV (223-326 nm), VIS (328-471 nm), 
and VNIR (495-927 nm) wavelength regions were 
used to collect the optical emission from the sample 
plasma. Major element oxide concentrations were 
measured by XRF at the Univ. of Massachusetts, Am-
herst, in the lab of Dr. Michael Rhodes [4].  

Statistical Methods: The lasso is a penalized 
shrunken regression method that selects specific chan-
nels for each element that explain the most variance in 
its concentration. It creates a sparse model by shrink-
ing some coefficients and setting others equal to zero. 
Coefficients are constrained by values of the t and α 
penalties, where t controls the level of sparsity of the 
model and α controls the balance between averaging 
correlated features and the number of non-zero coeffi-
cients. The model finds a smaller subset of predictor 
variables that have the strongest effects on the re-
sponse variable. This reduces a large model to a sparse, 
more interpretable model [1]. In these models, yi is the 
elemental abundance in sample i and xij is the intensity 
at wavelength j of sample i. The lasso shrinks the mod-
el coefficients (βj) according to the following penalty. 
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In the lasso penalty, t ≥ 0. 
Elastic net regression is a generalization of the las-

so. It retains the sparse properties of lasso regression 
and the stability of a saturated model when the number 
of observations (wavelength channels) per sample (p) 
is much greater than the numberof samples (N) (the 
p>>N case). It can also select groups of correlated var-
iables. “It is like a stretchable fishing net that retains 
‘all the big fish’” [3]. The elastic net shrinks the model 
coefficients as shown below, with t ≥ 0, 0 ≤ α ≤ 1. The 
lasso is a special case of the elastic net with α = 0.  
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The second term of the elastic net penalty promotes 
averaging of highly correlated features. Thus, unlike 
the lasso, which indiscriminately selects a feature from 
a cluster of highly correlated features to represent in 
the model, the elastic net retains information about all 
of the features in the cluster by averaging them.  

The lasso and the elastic net penalties are compared 
using their mean-squared error (MSE) values for the 
elemental oxide compositional predictions [5]. The 
MSE values are compared for the ten major elemental 
oxides: SiO2, Al2O3, MnO, MgO, CaO, Na2O, K2O, 
TiO2, P2O5, and Fe2O3. 

Statistical Analysis: Wavelength calibration was 
performed for each of the three spectral regions to 
standardize the wavelength scale. Laser shots were 
averaged and smoothed; the baseline was modeled and 
subtracted. Both lasso and elastic net models were built 
using the R statistical software package glmnet [6]. 
The elastic net penalty used the literature standard val-
ue of α = 0.5 to calculate the model [2]. The number of 
components for both models was chosen using a heu-
ristic that selects the component number with a MSE 
of prediction within one SE of the minimum (Fig. 1). 
As such, the elastic net is only partially tuned: t has 
been optimized but not α. Further work with cross-
validation procedures will optimize prediction results  
by manipulating α values. 

Discussion: Root mean squared errors of predic-
tion (RMSEP) for both lasso and elastic net have a 
maximum value of <3.0 in units of wt.% oxide for 
SiO2 (Table 1) and are smaller for all other elements. 
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For seven of the ten major elemental oxide composi-
tions, the elastic net model produces a smaller RMSEP 
value. The values for both models, however, are large-
ly comparable. The elastic net model has more non-

zero coefficients than the lasso for each of ten major 
elemental oxides. This is due to the averaging nature of 
the elastic net penalty. This should provide a more 
stable model than the lasso model while retaining the 
sparse property inherent in the lasso. 

Without tuning of α, the lasso and the elastic net 
produce roughly comparable results. They are useful 
for feature selection in different situations because of 
the number of variables that they select for their mod-
els. In cases where the amount of data is fairly substan-
tial, the elastic net model is preferable for feature se-
lection because it provides more information and a 
more stable model. In instances where the amount of 
data is lacking, the lasso allows for feature selection 
without overwhelming the data with too many model 
variables. Thus, both methods are useful.  

Implementation of these methods not only yields 
robust elemental compositions, but also provides chan-
nel selections for each element that can be directly 
related to known atomic emissions, reflecting underly-
ing physical processes. The sparser sets of correlation 
coefficients make them well-suited for understanding 
LIBS spectra (with other external variables in addition 
to spectral features) that require lower dimensional 
data with easily-interpreted features. Further work is in 
progress to compare these results to PLS and other 
shrunken regression methods for this same data set. 
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Table 1.  Prediction Errors for Tuned Models 

 
Lasso Elastic Net 

 
RMSEP MSE SE RMSEP MSE SE 

SiO2 2.61 6.82 1.87 2.69 7.25 1.78 
Al2O3 2.41 5.81 1.26 2.18 4.76 0.88 
TiO2 0.40 0.16 0.03 0.41 0.17 0.04 
Fe2O3 1.78 3.15 0.63 1.77 3.15 0.77 
MgO 1.91 3.65 0.52 1.76 3.10 0.51 
MnO 0.03 0.00 0.00 0.03 0.00 0.00 
CaO 1.03 1.06 0.17 1.04 1.08 0.17 
K2O 0.52 0.27 0.04 0.47 0.22 0.06 
Na2O 0.74 0.54 0.10 0.70 0.49 0.07 
P2O5 0.16 0.03 0.01 0.14 0.02 0.00 
RMSEP = root mean squared error of prediction, in the 
same units as the original measurements (wt.% oxide). MSE 
is the mean squared error, and SE is the standard error of the 
MSE. 

 
Figure 1. Mean square error (in units of wt% oxides squared) 
plotted against the log of the t value for Si, Al, and Fe. The 
global minimum MSE on each plot indicates the value of t 
for which the smallest prediction error was obtained. The 1 
SE heuristic model is the value of t used for predictions be-
cause this value of t strikes a balance between accuracy and 
model simplicity. 
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