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Introduction: The problem of improving the 

accuracy of models to predict the elemental composition 

of rock samples observed on Mars from laser induced 

breakdown spectroscopy (LIBS) remains an open 

research question. Existing methods use a hybrid of 

blended submodels of linear regression techniques [1-3] 

and Independent Component Analysis [4] to 

approximate this inherently nonlinear transformation. 

Deep learning has also been used to successfully 

denoise and calibrate LIBS spectra [5] but these “black-

box” models face the problem of a lack of easily 

explainable feature importance. In this work, we explore 

the application of ensemble methods (Random Forests, 

ExtraTrees, and Gradient Boosting Regression) to fit 

explainable models for spectral calibration that 

eliminate the need for blended submodels. Further, we 

use permutation importance to find the most weighted 

features for each model and show that they match 

relevant LIBS wavelengths for that element. We 

compare the metrics of our best models with the existing 

methods and point out the need for standardized ways 

of reporting model errors when using LIBS spectra. 

Methods:  Dataset.  The dataset used to train all the 

models in this work is the same as the dataset used by 

[3] with the following constraints: “standards” and 

samples with < 0.01 wt% for all nine elemental oxides 

(SiO2, TiO2, Al2O3, FeOT, MgO, CaO, Na2O, K2O and 

MnO) were removed. This resulted in 470 samples in 

total, each containing 5 spectra aside from one which 

only contained 4. All sample spectra used were “Clean 

Calibrated Spectra” as described in [6] and masking was 

applied such that wavelengths at the edges of the 

spectrometers were removed. The resulting ranges for 

the three spectrometers are UV: 240.8–340.8 nm, VIO: 

382.1–469.1 nm, and VNIR: 473.2–905.6 nm. The 

intensity values for each detector (UV, VIO, and VNIR) 

were normalized separately (Norm3) and no Earth-to-

Mars correction [2] was applied. Finally, stratified folds 

were generated using PyHAT [7] such that for each of 

the nine oxides a separate train and test set were 

generated using an 80/20 split with the constraint that 

calibration targets were always kept in the test set. 

Ensemble Methods.  The ensemble methods [8] used 

in this work were built and trained using Scikit-learn [9]. 

For each oxide, separate models of the following three 

types were trained: Random Forest Regression (RF), 

Extra Trees Regression (XT), and Gradient Boosting 

Regression (GBR). With the training set for K2O and the 

GridSearchCV algorithm, optimal values for the depth, 

number of trees and learning rate for the models were 

found (RF: depth=20, #trees=100; XT: depth=16, 

#trees=100; GBR: depth=3, #trees=1000, alpha=0.01). 

Using these optimal parameters and setting the others at 

default values, the three types of models were trained on 

the training sets for each of the oxides, resulting in a 

total of 27 separate models. These models were then 

tested on the respective test sets and the predictive 

RMSE (RMSE-P) was calculated as follows, where N is 

the number of samples (t) and observed and predicted 

are the respective oxide wt% of the ground truth and the 

model prediction: 

Eqn. 1  

Permutation Importance. For each of the resulting 

models, permutation feature importance was also 

calculated using Scikit-learn [9]. The importance, 𝑖𝑗,  of 

feature 𝑗 can be calculated as in Eqn. 2, where 𝐾 is the 

number of permutations for each feature; 𝑠 is the 

reference score of the model; and sk,j is the model score 

for the 𝑘th permutation of feature 𝑗.  Here, we used a 

value of 𝐾 =  10.  

Eqn. 2  

Results and Discussion:  Model Predictions. The 

performances (RMSE-P) for all the trained models are 

given in Table 1. Models highlighted in green 

outperform the existing MOC method while those in 

yellow underperform by less than 25%. The ensemble 

method of the best model varies by oxide, but XT tends 

to outperform RF and GBR overall due to increased 

randomness in choosing splits. Using the best models, 

we see that these methods provide a net positive 

improvement on most oxides and a minimal loss on 

FeOT and MnO. 

Permutation Importance. Figure 1 and Table 2 show 

an example of the permutation plots generated for each 

model. In this case, the XT model trained on MnO was 

used to highlight specific LIBS lines used by the model 

which had been previously elucidated by [3]. The 

relevant data in Table 2 was taken from the NIST 

Atomic Spectra Database [10]. 

Comparison To Existing Methods. We compared the 

performance of our models with the existing methods 

published in [5]. Table 3 gives the RMSE-P values for 

the best ensemble methods (EM) as well as the blended 

submodels method (SM-PLS) from [1], a linear neural 

network (NN), the currently used method that integrates 

ICA (MOC) and a deep convolutional neural network 
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(DL). Fig. 2 shows the true and predicted values of the 

K2O testing test for the best model (XT) trained on the 

K2O training set. While the model successfully predicts 

with reasonable accuracy at low wt% (0-5%), the 

limited number of samples at higher wt% (6-13%) pose 

a challenge to training effective models. 

 

Table 1 Model Predictions (RMSE-P) 

 
Table 2 NIST ADS Lines for MnO XT model 

 
Fig. 1 Permutation Importances for MnO XT model 

 
Conclusions and Future Work: Based on this 

preliminary investigation, ensemble methods seem to 

provide an advantage over existing methods for 

predicting the elemental composition of rock samples 

using LIBS spectra. However, there are still areas in 

need of improvement, including the investigation of 

potential outliers in our dataset (Fig. 2) and 

development of better feature importance techniques. It 

has recently been shown that permutation importance 

techniques are subject to confusion as they do not 

consider correlated features [11], but they are still 

widely used in current literature. The development of 

new methods for ensemble feature importance for LIBS 

data is the subject of current research. Furthermore, 

techniques are being explored to account for 

heterogeneity in data density.  

 

Table 3 Comparison to Existing Methods (RMSE-P) 

 
Fig. 2 One-to-One Predictions for K2O XT on Test Set 
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