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Introduction:  Manganese is an important element that 

sheds light on the past habitability, pH, and redox, of ancient 
Mars surface and subsurface waters [1–4]. The ChemCam 
instrument suite onboard the NASA Curiosity rover uses 
Laser-Induced Breakdown Spectroscopy (LIBS) to measure 
the chemical composition of targets on Mars [5–6]. The 
spectral lines in LIBS data in the 403 nm region that are due 
to Mn atomic emission have been fitted to produce a univari-
ate model for Mn quantification [2]. This work seeks to im-
prove on the current model using multivariate techniques that 
have been shown to accurately quantify elements in Chem-
Cam LIBS data [7], and to compare these results with uni-
variate techniques [e.g., 2]. 

 
Figure 1: JMn-1 Mn nodule standard spectrum centered on 
the Mn feature fitted with 4 Voight peaks and background 

subtracted. 

Methods:  Data Collection and Pre-processing. A 
standard set consisting of ~280 standards was analyzed using 
the ChemCam engineering model in Los Alamos, NM from 
1.6 m distance (5 average spectra were collected on each 
standard consisting of 50 shots averaged in each point) under 
a Mars-like atmosphere. The standard set is larger compared 
to [2]; the range of Mn compositions has increased to 27 
ppm to ~100% Mn (pure Mn metal). We use the Python 
Hyperspectral Analysis Tool [8] and the associated graphical 
interface for point spectra analysis [9] to preprocess the data 
and evaluate multivariate regression models. Each spectrum 
is normalized by the sum of the total emission for each spec-
trometer. A “peak area” (PA) preprocessing technique [10] 
was applied before analysis and compared with unprocessed 
data. The PA technique finds local minima and maxima in an 
average spectrum from the data set and then bins the emis-
sion between each pair of minima and assigns the result to 

the wavelength of the corresponding maximum. This reduces 
the total number of channels by ~10x, speeding up pro-
cessing time, and consolidates emission from emission lines 
into single bins (e.g. Mn signal is summed into the 403.421 
nm bin). 

 
Figure 2: Univariate models for MnO with 95% confi-

dence limits on the fits; a) 4-peak Voight function fit model; 
b) PA pre-processing model. 

Univariate Models.  Two types of peak fitting techniques 
are compared with a univariate model with PA prepro-
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cessing. The PA preprocessed model uses the 403.421 nm 
bin value for the regression. For the peak fitting models, the 
Mn spectral feature at ~403 nm (Figure 1) is fit with either 3 
[2] or 4 Voight line shapes, which can be approximated us-
ing [11]. The 3-peak method uses IDL’s Levenberg-
Marquardt technique [2, 9], and the 4-peak fit uses 
MATLAB’s trust region reflective algorithm after a local 
linear background subtraction. The relationship between 
normalized Mn LIBS feature peak area and standard Mn 
composition is described by a power law [2] in both models. 

Multivariate Models.  Two types of multivariate tech-
niques, partial least squares (PLS) and Local LASSO, are 
compared using PyHAT. PLS uses blended submodels (MnO 
wt%: 0–150 full; 0–1.2 low; and 0.8–150 high) to predict 
MnO compositions. The same test set is held out of all mod-
els (except in [2]) to compare model accuracies. The multi-
variate models are optimized on the training set and the test 
set is used to evaluate the accuracy of the optimized models 
on novel data. Both techniques use PA preprocessing after 
spectral masking and normalization. 

Results:  Table 1 summarizes the RMSE accuracies of 
each model. The model with the best overall accuracy is 
Local LASSO, with ±2.34 wt% MnO. Results are similar for 
blended PLS, with ±2.65 wt% MnO. The “low” PLS sub-
model has the best accuracy (±0.18 wt% MnO), as expected 
for a model trained on a tightly restricted composition range. 
Table 1 shows that univariate models are significantly im-
proved (±10.7 vs ±5.3 wt% MnO) with PA preprocessing. 
Using the new set of standards, a detection limit of 25 ppm 
Mn was determined based on the RMSE of the regression of 
the 4-peak area fitting model at 3σ above the spectral noise 
[cf. 12]. The limit of quantification for all the models is de-
fined by the RMSEP of the model based on the test set (Ta-
ble 1). Figure 1 shows an example of the fit using a 4-peak 
method. Figure 2 shows the univariate calibration for Mn 
comparing the results for PA preprocessing versus non pre-
processed data. Figure 3 shows the results for the PLS test 
set. 

Discussion:  The majority of ChemCam data falls into a 
narrow range of compositions around the average Mars crus-
tal composition of ~0.4 wt% MnO, but some targets can have 
very intense MnO features in ChemCam Mars data [1–4]. 
Hence, it is most important to optimize model accuracy for 

MnO compositions <1 wt%.  PLS appears to be  the best 
method for determining low abundances of MnO on Mars, 
based on the results in Table 1. For univariate methods, data 
that has been preprocessed performed slightly better than the 
peak fitting methods. 

Future Work:  Work is ongoing to assess the perfor-
mance of these models on Mars targets to ensure geochemi-
cally appropriate results. 

 
Figure 3: Test and training set for the PLS model compared 

to a 1:1 line. 
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Table 1: Summary of Root Mean Square Error of Prediction (RMSEP) for each model type in wt% MnO. 

[wt% MnO], N  
(in test set) Local LASSO PLS blended 

submodels 
PLS Full 
submodel 

Univariate (PA 
pre-processed) 

Univariate (no 
pre-processing) 

Lanza et 
al., 2016c 

>5, 40 7.10 8.65 12.18 17.1 22.8  
1–5, 10 3.65 2.84 4.45 0.41 0.9 2.8 
<1, 389a 0.81 0.18 2.00 0.36 0.8  
Full, 439b 2.34 2.65 4.18 5.3 10.7 11.6 
aThe peak fitting univariate model uses N=134. 
bThe peak fitting univariate model uses N=183. 
cThe full model in [1] uses 26 standards, where 8 standards had compositions 0.43–5.95 wt% MnO. 
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