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Introduction: The task of proper baseline or con-

tinuum removal is common to nearly all types of spec-

troscopy. Its goal is to remove any portion of a signal 

that is irrelevant to features of interest while preserving 

any predictive information. Despite its importance, 

spectroscopists typically employ default parameters or 

use commercially-available software supplied with 

their instruments for the baseline removal task. 

There are two current applications in planetary sci-

ence where baseline removal may be critical to obtain-

ing quantitative results. The first is laser-induced 

breakdown spectroscopy (LIBS), currently deployed as 

part of the ChemCam instrument on Mars Science La-

boratory [1,2]. The LIBS signal used for measuring the 

chemical composition of surface materials on Mars is 

complicated by a Bremsstrahlung continuum and ion-

electron recombination processes that are not relevant 

to the atomic emission signal of interest. The 

ChemCam team removes this continuum via decompo-

sition into a set of cubic spline undecimated wavelet 

scales in which local minima or convex hulls are 

found. A spline function is then interpolated through 

the different minima [3]. The second important appli-

cation with a need for careful baseline removal is Fou-

rier transform infrared spectroscopy (FTIR) reflectance 

spectroscopy. For example, the Compact Reconnais-

sance Imaging Spectrometer for Mars (CRISM ) expe-

rienced challenges from spectral artifacts due to resid-

ual atmospheric contributions and detector-based ef-

fects as the flight hardware aged for which careful 

noise suppression techniques were developed [4,5].  

 Because the baseline signal in these two types of 

spectroscopy comes from very different phenomena, 

they provide a useful basis for comparison of baseline 

removal techniques. We here treat the issue of finding 

the best baseline removal procedure as an optimization 

problem in which the method used and its parameters 

are adjusted to mazimize the predictive accuracy of the 

resulting models. 

Background: Baseline removal techniques fall into 

three general categories: methods that smooth spectra, 

those that fit a function to the baseline, and models that 

project the spectra onto a basis that captures the struc-

ture of the baseline.  

Smoothing Methods are often single-pass tech-

niques that output a smoothed version of the original 

spectrum [6,7]. As a result, these methods can be used 

directly for baseline correction methods, although 

smoothing is often used as a sub-procedure in more 

complex correction methods. 

Fitting Methods optimize a loss function to learn 

the baseline. Because the baseline is either always be-

low or above the peaks in the spectrum, these methods 

account for this asymmetry by considering points on 

the peaks as less important than points on the baseline. 

One approach uses an asymmetric weighting scheme, 

as in Asymmetric Least Squares (ALS) [8]; others use 

peak detection to assign a weight to each band that 

controls how much that band’s intensity value influ-

ences the fit. Due to error in peak detection, methods 

using the fitting approach tend to rely on iteration, 

where estimates in an iteration are improved by build-

ing on results from prior iterations.  

Projection Methods compute a baseline by project-

ing the original spectrum onto a basis that captures the 

structure of the baseline but not the peaks. Basis func-

tions may be learned in an unsupervised way (Empiri-

cal Mode Decomposition, or EMD, and Ensemble-

EMD, or EEMD) [9], chosen beforehand ([10], which 

uses P-splines), or computed using frequency-

analyzing transformations (Orthogonal Basis uses 

SVD, wavelet methods, etc.) [11]. 

 In this project, we evaluate three algorithms based 

on Whittaker smoothing (ALS, airPLS, and FABC), 

two that include iterative thresholding based on mean 

and variance (FABC, Dietrich), and two that involve 

fitting polynomial functions (Kajfosz-Kwiatek, 

Parente), as described in [4] and listed in Table 1. 

Samples: This study uses two data sets for the op-

timization problem. The LIBS data set includes 93 

randomly-chosen geological samples for which spectra 

Table 1. Baseline Correction Methods Tested 

Name Acronymn AP Ref. 

Asymmetric Least Squares ALS 2 [13] 

Adaptive Iteratively Re-

weighted Penalized Least 

Squares 

airPLS 1 [8] 

Fully Automatic Baseline 

Correction 

FABC 2 [14] 

Iterative Thresholding IT 2 [15] 

Kajfosz-Kwiatek K-K 2 [16] 

Hermite polynomial HP 1 [4,5] 

AP – number of adjustable parameters 
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were acquired at six locations with six laser shots each 

in the LIBS lab at Mount Holyoke. The FTIR reflec-

tance data include 18,880 terrestrial soil samples avail-

able from the U.S. Department of Agriculture’s Natu-

ral Resources Conservation Service (NRCS) at 

(http://websoilsurvey.sc.egov.usda.gov/App/HomePag

e.htm). We arbitrarily chose variables to test prediction 

accuracy of the various baseline removal algorithms: 

nine major elements in wt.% oxide for LIBS, which 

ranges from 0 to 100, and carbon for FTIR, reported in 

wt% NCS, which ranges from 0 to 57.34. 

 Computational Methods: To quantify the 

effectivenss of the baseline removal methods in Table 

1, we compared the root-mean-square error (RMSE) 

and relative-RMSE (the ratio of RMSE to response 

mean) of the calibration curves produced by each 

method. For this, we created a 4-step pipeline: (1) the 

raw LIBS or FTIR data are input, (2) a baseline correc-

tion method is randomly selected with random parame-

ter values (e.g., the smoothness parameter in Whittaker 

smoothing methods) drawn uniformly from appropriate 

ranges, (3) cross validation (CV) is performed with the 

processed spectra and a 10-component partial least 

squares (PLS) model, and (4) the mean RMSE across 

CV-folds and the chosen method and parameters are 

recorded. After running the pipeline repeatedly for 24 

hours, the lowest RMSE for each method is reported.  

LIBS Results: The LIBS results given in Table 2 

illustrate that while baseline correction often improves 

model accuracy, the wrong choice of correction meth-

od or parameters can degrade performance. Reductions 

in mean square errors relative to uncorrected data were 

observed after applying the FABC and IT methods, 

while applying ALS or airPLS had little effect on 

model accuracy. Both the K-K and HP methods in-

creased the RMSE. As a caveat, we note that due to 

computational issues, few parameters were tested for 

the HP method, possibly explaining its poor perfor-

mance. 

FTIR Results: Table 3 contains the performance 

for each correction method applied to FTIR spectra. In 

contrast to the LIBS results, the best performing cor-

rection method was ALS. Improvements were ob-

served after applying each method except for HP and 

FABC, which had little effect on RMSE. These results 

suggest that ALS is good candidate for use with FTIR 

spectra. It is unsurprising that LIBS and FTIR, in 

which fundamentally dissimilar mechanisms give rise 

to baselines, should behave differently as a function of 

baseline removal algorithm. We have yet to evaluate if 

different baseline removal protocols would be favored 

for different spectral regions or variables within the 

same types of spectra, i.e. the H peak in FTIR or minor 

elements in LIBS. 

Future Work: We have tested only six algorithms 

covering only the fitting/smoothing methods for base-

line removal. Future comparisons will include projec-

tion-based methods, such as orthogonal basis (OB) 

methods [11] and Fuzzy Optimal Associative Memory 

(FOAM) techniques [18]. Another promising direction 

is to examine non-quadratic loss functions when using 

least squares based methods [19]. We will continue to 

implement other techniques and optimize them for 

specific applications. It is possible not only that each 

type of spectroscopy will have a preferred correction 

method, but that specific methods will be best suited to 

particular applications as well. As computing power 

continues to expand exponentially, it is feasible that 

future baseline removal will involve on-the-fly optimi-

zation of the types tested here. 
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Table 2. Comparison of Average Oxide Results (LIBS) 

 RMSE Relative RMSE N* 

ALS 1.961 0.1840 21748 

airPLS 2.042 0.1916 9571 

FABC 1.917 0.1797 4009 

IT 1.897 0.1779 23016 

K-K 2.148 0.2015 1371 

HP 2.144 0.2010 11 

No Correction 2.040 0.1913 - 

*N = the number of hits to each method. 

Table 3. Comparison of Carbon Results (FTIR) 

 RMSE Relative RMSE N* 

ALS 2.9119 0.8543 1541 

airPLS 3.2681 0.9588 4576 

FABC 3.3721 0.9893 913 

IT 3.3336 0.9780 6747 

K-K 3.0844 0.9049 137 

HP 4.1861 1.2281 6 

No Correction 3.3712 0.9890 - 

*N = the number of hits to each method. 
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