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Abstract

We present the results of the regression contest organized for the LIBS 2022 conference. While the
motivation and design of the contest are briefly presented, the work focuses on the methodologies of
the three best-performing teams. The employed spectral preprocessing strategies, choice of regression
models and its optimization are detailed for each team separately. The aim of the contest reflects the
long-term challenges faced by quantitative laser-induced breakdown spectroscopy (LIBS) analysis. Thus,
the contest was designed with the purpose of providing a transparent platform for comparing and
evaluating the large range of data processing tools available in the LIBS literature. Namely, the contest
consisted of the quantification of two major (Cr, Ni) and two minor (Mn, Mo) elements in 15 steel
targets. For constructing an appropriate regression model, spectra of 42 targets were provided. The
spectra were collected using a commercially available laboratory-base d LIBS system and made publicly
available. The contest lasted 53 days during which the teams did not rece. ‘e feedback. In total, 21 teams
participated out of which the three best-performing methodologies are ,resented here. A single linear
partial least squares model and two artificial neural network r.g =s.ion models are presented. The
corresponding feature selection strategies included emission lir2 _=ler tion, spectral range selection, and
automatized wavelength selection. Various spectral normaliza.ion strategies and data augmentation
strategies are also presented.

Keywords: laser-induced breakdown spectroscopy, qu~:-*iiication of alloying elements, regression
analysis, artificial neural networks, partial least square - es ression, feature selection

1. Introduction

Laser-induced breakdown spectroscopy {'IBS) [1,2] is a prominent elemental spectroscopic technique
with rapid sensing capabilities and vers=tile ‘nstrumentation. As such, LIBS boasts a rich portfolio of
applications, e.g., in the industrial analysi, oy metals [3], mining [4], forensic analysis [5], medical [6,7],
analysis of geological materials [8], ¢ na ~oace exploration [9—11]. In most of these applications, LIBS is
used in a qualitative manner, i.=,, n.~terial classification. Meanwhile, quantitative analysis is often
regarded as the Achilles’s heel o, ' Ib’. In fact, LIBS, at best, offers semi-quantitative [12] results. This is,
in most practical applications, dor.e based on a regression model—either univariate or multivariate
[13,14].

At a glance, quantitative arlysis using LIBS is straightforward. In an ideal case, increasing the analyte
concentration corresponds to a linear increase of its emission signal in the recorded spectra [15,16].
However, altering the material composition (i.e., changes in the analytes’ concentrations) generally
corresponds to changes in the material properties as well. Consequently, the laser-matter interactions
and the resulting plasma formation and emission are also affected [17]. As such, the stoichiometric
assumptions are often perturbed [18,19]. Changing plasma properties (e.g., the presence of LTE,
temperature, electron number density, homogeneity) introduce additional deviation from the optimal
linear signal response [20—-22]. Moreover, spectral interference in emission spectra rich in emission lines
presents further challenges.

These limitations are commonly addressed by various spectral normalization strategies, e.g., the
application of an internal standard [23]. More advanced techniques attempt the normalization of
spectra to common temperature and electron number density [24]. These approaches generally require
considerable expertise, effort, and the optimization of the detection parameters. Consequently,



multivariate approaches have been increasingly adopted with the aim of finding correlations between
spectral data and the analyte concentration [25,26]. These approaches range from linear partial least
squares regression [27-29] and support vector machines (with a linear kernel) [30,31], decision trees
[32,33] and random forests [34], to deep learning [35—38]. There are countless models to choose from
as well as countless pre-processing strategies to be paired with. Hence, the various methodologies of
guantitative LIBS should be frequently systematically reviewed and compared. The latter falls within the
scope of the present work which presents details of such an effort.

Similar efforts have been made in the past. Namely, two public contests addressing the quantification of
the elemental composition of steel alloys by LIBS were organized by Dr. Igor Gornushkin and BAM
(Berlin, GE). As part of these two contests, steel targets were distributed among the contesting
laboratories that carried out their measurements data analysis. The results of these contests were
presented at conferences but yielded no publications. A different apour.ch was taken by the French
LIBS community which distributed only spectra among participating abo. atories [39]. This approach (of
sharing only data) has been repeated in the context of classifica*iu. as part of a contest organized for
the EMSLIBS 2019 conference [40,41]. More recently, another ' eg ~=s<ion contest was launched by BAM
(Berlin, Ge), which addressed the quantification of chlorine ir ~0:.-rete targets [42].

In this work, we present the details of a regression contes. urganized for the LIBS 2022 conference
together with the methodologies used by the three te,, ~erforming teams. We strongly believe that the
presented results will aid the choice of regression .- ett.odologies applied to LIBS data. In addition,
presenting the successes and limitations of ea~.. m.*hod, we hope to inspire new research directions
addressing the analytical performance of LI.'S. " he next section presents the design of the contest,
including the target preparation, data collectic, data preparation, and evaluation. Subsequently,
Section 3 presents the methodologies o/ the teams achieving the top three ranks. Then, the
methodologies and results are discussec

2. Contest description

The aim of the contest was to ~on.pare the various calibration-based quantification methodologies
available in the literature and .~ ir.spire the development of novel regression strategies, including the
implementation of state-of the- irt data modeling techniques devised in other fields.

2.1. Motivation

A commonly considered limitation of LIBS is its relatively poor quantitative performance compared to
other spectroscopic techniques [43]. Thus, this regression analysis contest was motivated by a desire to
improve the accuracy and predictive power of statistical models applied to LIBS data. As regression
analysis is a statistical technique that models the relationship between a dependent variable and one or
more independent variables, we hoped to not only compare different regression models, but also
different approaches to feature selection and engineering strategies. By holding this contest, we hoped
to encourage the development of new and innovative approaches to regression analysis, as well as
compare and evaluate different methods in a systematic way. The goal of the contest was to identify the
best-performing methodologies. Lastly, the contest was also aimed to serve as a learning opportunity
for participants, as it allowed them to hone their skills in statistical modeling and gain experience
working with LIBS data that might differ from what they can usually access.



2.2. Design of the contest

The contest played out in a straightforward fashion. LIBS data were collected and made public by the
Group of Laser Spectroscopy of CEITEC BUT. The online data repository Figshare was used to host the
datasets [44—47]. The contest was announced through the conference website and mailing list. To
motivate the application of multivariate techniques, the initially published datasets (training and testing)
contained spectra normalized to unit maxima. This proved to be an oversight, as it made univariate
regression analysis impossible. As such, 2 weeks after the contest’s launch, raw datasets were also
published. The deadline of the submissions was postponed accordingly.

The predicted concentration values (1 value per each of the 4 chosen alloying elements Mn, Mo, Ni, and
Cr) were submitted for each of the 15 test targets. The submission was made possible in various forms
to facilitate the participation. No additional information was c»l'ected regarding the applied
methodology at this stage. This turned out to be another potential ¢ ‘ersight as the contest was
concluded and the final rankings were announced, the participants had little incentive to provide the
requested information. Consequently, we have limited informat.on 3bout the methodologies used by
the teams not reaching the top three spots.

2.3. Targets and data
Target preparation

The dataset was collected from steel targets whici we. e designed and created for the regression
contest. The target materials were prepare” b, melting in an electric induction furnace. The
composition of the materials was adjusted by allo,ing with pure metals or ferroalloys. After melting, the
melt was homogenized by stirring it in @ magneic field (using the Lorentz force) for a minimum of 5
minutes at a temperature of 1550 to 1600 °“. Subsequently, the melt was cast into metal molds. The
sampling was carried out in such a way a1 -t to affect the concentration of the basic metal elements
according to standards commonly usr.u *n...etallurgical plants. Targets for chemical composition analysis
were designed so that the chemicz! c. mposition of the steels ranged from non-alloyed to low alloyed to
high alloyed.

Reference measurement

The certified concentratic vilues of the created targets were determined using spark-discharge optical
emission spectrometry on i commercial Q4 Tasman (Bruker, GE) instrument. The instrument was
calibrated using a reference calibration set prior to the analysis of the target set. The analysis was
performed under Argon 5.0 atmosphere. The chemical homogeneity of the measured targets was
ensured both by the preparation of the melt itself (mixing) and by the cooling and solidification
conditions of the targets in the metal mold of the sampler.

LIBS spectra acquisition

Each target's surface was homogenized using 800 grid sandpaper and cleaned with isopropyl alcohol
using paper towels. The targets were sampled at 200 distinct spots in single-shot mode, collecting a
single spectrum from each individual spot. The spectra were then outlier filtered using principal
component analysis (PCA) [48,49]. Namely, PCA was applied to the spectra obtained from each target
individually and the distance of the spectra’s PCA scores from their mean was evaluated. Spectra with a
larger-than-average distance from the center were removed [50]. The remaining spectra were randomly



sampled. Consequently, there was a total of 50 spectra made available for each target in both the
training and testing datasets. A 1064 nm Nd:YAG laser (Litron TRLi D-DP, Litron, UK) was used for
ablation with a pulse energy of 95 mJ, 10 ns pulse width. The laser pulse was focused into a spot with a
diameter of 0.2 mm. The collected emission was resolved with an echelle spectrograph (EMU 65,
Catalina Scientific, US; resolving power 6000) in the 240—1000 nm spectral range (40002 resolved
wavelength values). The resolved emission was recorded using an EMCCD camera (Falcon Blue, Raptor
Photonic, IR) with a 1.5 ps delay and 50 ps gate width (exposition time). The spectra were not intensity
calibrated. Thus, in combination with the long gate width, calibration-free approaches were
discouraged.

Datasets

Two training and two testing datasets were made available. The cor. =st was launched with spectra
normalized to unit maxima [44,45]. This normalization was user. .~ niotivate the application of
multivariate techniques. On the contrary, normalization made the uisc of univariate methodologies (and
the necessary normalization techniques) impossible to apply. £s su h, after a two-weeks delay, raw
spectra were also made available [46,47]. Both training datasc 's contained 2100 spectra (50 spectra of
42 targets). The corresponding concentration values (Figure 1, /3bie S1 (Appendix A)) were appended to
the intensity values as additional columns. The test datasel. contained 750 spectra (50 spectra of 15
targets). The test datasets contained no concentration .. 'ues.
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Figure 1 Histograms representing the concentrat n Ji. *~/butions in the training and test datasets for the four alloying elements
of interest.

2.4.Rules

The contest lasted 53 days. Durir, this time, the contestants were allowed to submit their predictions
repeatedly. However, they re~ei. =7, no feedback during the duration of the contest and only their latest
submission was evaluat~d.

The evaluation of the conte t presented a challenge. The four alloying elements covered concentration
ranges which differed by an order of magnitude. Thus, when comparing the performance of various
predictions, the following questions had to be addressed:

1) How to correctly aggregate the errors across the full range of the predicted values: does a 0.1
wt.% error at a nominal concentration value of 0.2 wt.% have the same impact as the same 0.1 wt.%
error at a nominal concentration of 20 wt.%?

2) How to compare the prediction errors across distinct elements? This is an especially
important question if the nominal concentration ranges of the distinct elements differ widely.

Naturally, while answering these questions, one must take into account the target application of the
regression models. However, this regression contest was not designed with a practical application in
mind but rather to provide a platform to compare various distinct regression methodologies.



Consequently, we opted for evaluating the predictions in terms of root-mean-square error (RMSE)
values:

RMSE, =

where the subscript e denotes the element, ¥, is the concentration predicted for target i, y; denotes
the corresponding ground truth, and N is the number of targets. In addition, the mean absolute error
(MAE) was also considered, as it is less sensitive to outlier values:

N
1
MAE, = ¥ )y =9l (2)
i=1

Nevertheless, the final ranking was made based on the RMSE metric. Ti * contestants’ performance was
evaluated separately for the individual elements. To determine the fi.i1a. rai.king, the contestants’ ranks
across the 4 elements was averaged. The aim was to avoid overwi.~lrmng the final ranking with the
performance on major alloying elements of Ni and Cr whose con “enti ations covered the 0—35 and 0—
25 wt.% ranges, respectively. As reference, the concentration . anges of the minor alloying element Mn
and Mo were 0—2 and 0—3.5 wt.% ranges. This is, however, 1.~ from being the only possible approach
for comparing the performance of the methodologies. ~ nore exhaustive comparison (but still
incomplete) is presented in Appendix B.

3. Methodologies of the top-perfurn.ing participants

The following sections describe the methodo.. c.es devised by the three top-performing teams. These
teams and their ranking have been det.rminea according to the rules described above. While the
unique aspects of each methodology are ' ~ta..~d below, a general introduction to the chosen regression
models (artificial neural networks and par .ia' 1east-squares regression) is not provided, as there is ample
literature available for the interested rea.'er. These are referenced in the text below.

3.1. Panagiotis Siozos, Victo: Pi. an, Pavlos Pavlidis, Demetrios Anglos (FORTH team)

The first place was attaineu by the FORTH team. Their methodology used for calculating the
concentration of Ni, Cr, Min, .nd Mo from the LIBS spectra of the steel targets has already been
presented by their group ‘'E__ fORTH) for the discrimination of individuals’ archeological human bones
based on LIBS spectra com oined with artificial neural networks (ANNs) [51]. The methodology was
established using existing open-source machine-learning algorithms rather than developing or adjusting
such algorithms to LIBS applications. In addition, a significant effort has been applied to the preparation
and preprocessing of the data to achieve optimum results.

The open-source machine learning algorithms have the potential to be a reliable tool for LIBS
applications. These algorithms have several advantages as they continue to evolve, have reduced
associated cost, and exhibit high adaptability and interoperability concerning existing requirements.
Therefore, using open-source machine learning software and tools can boost the application of
advanced machine learning methods, particularly in the field of LIBS analysis. Several machine-learning
algorithms (K-Nearest Neighbors, Random Forests, and Support Vector Machines) have been tested for
bone discrimination by our team [52]. It was concluded that the ANN method provided the most
accurate results.



3.1.1. Spectral pre-processing
Logit transformation of element concentration values

The ANN model may predict negative values of elemental concentration, particularly for elements with
low concentration. Thus, the concentration values were transformed using the logit function to
eliminate this effect by forcing the ANN model to predict only positive values. The logit function
transforms a finite range of values, which in our case is from 0 to 100%, to real numbers:

o = logit(p) = In

, p €(0,100), 0 € (— 0, + ) (3)

_pP
100 —p
where p is the concentration value of the element and ¢ is the output of the transformation. The o
values calculated from equation (1) are used as the ANN model’s utput instead of the elemental
concentration values. Finally, the predicted o values are transformed bac:- to concentration p values by
the inverse transformation using the standard logistic function:

1
=100———— (4)
p 1+e @

Figure 2a displays the predicted values of nine targets f.:"m 11e dataset with known concentrations
versus the actual Mo concentration percentage. The model was built without applying any
transformation to the datasets and predicted values \/ere derived by training the ANN algorithm on the
dataset of the remaining 32 known targets. A wide uisu - dtion of the predicted values was observed for
the lowest concentration values. Moreover, t*vo f 1. = predicted values were negative and thus were
replaced by zero to calculate the root mean sq.'~red error (RMSE) and root mean squared relative error
(RMSRE) values.

a) . b)
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Figure 2 The predicted values of the ANN model of nine targets versus the known Mo concentration values a) without applying
any transformation on the Mo concentration values and b) applying logit transformation to the Mo concentration values.

Figure 2b displays the predicted Mo concentration values of the same nine targets with the logit
transformation. A significant improvement in the model's accuracy is observed using logit
transformation. The distribution of the predicted values of the low concentration targets is smaller if
logit transformation is applied than the distribution of the predicted values by training using the actual
concentration values (without applying transformation). The R? values are similar in both cases.
However, the RMSE values decreased from 0.34 to 0.24 and the RMRSE values significantly fell from
10.8 to 0.9 by applying the logit transformation.



Dataset normalization

Four different normalization methods were applied for standardizing the spectral data in both the
training and the test sets and their effect on the robustness of the model was examined. These were: 1)
normalization by the sum of the intensity values, 2) normalization by the square root of the sum of the
squared intensity values, 3) normalization by the maximum intensity value and 4) normalization by the
variance of the spectral part used as the input. The RMSE values from the model's predicted values of all
four elements were calculated and the computer processing time required for the ANN model to
converge was measured for each normalization method. All normalization methods provided
comparable RMSE values. The two most accurate ones were the normalization by the sum of intensities
(2) and the unit vector normalization method (3). However, there was a significant difference in the
processing time with the unit vector requiring almost half of the tirie to converge than the sum of
intensities method. Thus, we selected the unit vector method to be used i>r the ANN analysis.

Lastly, an attempt was made to reduce the variance of the providec <o’:ctra. Namely, the accuracy of
the trained ANN models was evaluated using different datasets. The ‘irst one used the whole available
dataset, i.e., 50 LIBS spectra for each target. The second «oroach used 25 spectra calculated by
averaging 2 spectra from the initial dataset, the third used 7.0 s, ectra calculated by averaging 5 spectra,
and the fourth used 5 spectra calculated by averaging 10 s, ~ctra. The ANN model built using all the
whole dataset provided the least accurate concen*..*ion predictions. The accuracy of the model
improved significantly by averaging two spectra. Ti.-- models built from the datasets produced by
averaging 5 and 10 spectra had similar accu-.-ie. and were better than those from the first two
datasets. Thus, we concluded that the ANN': pr.formance was improved by improving the signal-to-
noise ratio of the dataset. Therefore, we <electeu the ANN model built using the 10 spectra/target (i.e.,
by averaging 5 of the initial spectra) to calcu.. te the concentrations of the unknown targets.

3.1.2. Model selection and optimizr*iol

The open-access R-package “neurali, *t” (version 1.44.2) was used to perform the ANN analysis [53]. R is
a programming language appropn.*e for statistical computing and graphics that provides a wide range
of statistical and graphical too!s |>*]. The advantage of R is its availability as free, open software under
the terms of the Free Sof*..~re roundation GNU General Public License in source code form. The
‘neuralnet’ package we. ok *ain :d from the CRAN repository and applied to develop and construct the
corresponding ANN model. in R (Version 4.1.3). The globally convergent algorithm of ‘neuralnet’ is
based on resilient back-piopagation without weight back-tracking [53]. This particular package was
selected based on its frequent use by experts in biology and other scientific disciplines and its continued
maintenance and testing.

Table 1 Atomic emission lines in the LIBS spectra used as an input in the ANN model.

Element® Wavelength (nm)° Element® Wavelength (nm)°

Crl 357.869 Ni | 336.957
359.349 337.199
360.533 337.422
520.452 337.464
520.604 337.897
520.844 338.057
Mo | 550.649 338.085
553.305 339.105

Mn | 403.076 339.299



403.307 340.105

403.449 340.958
403.573 341.348
403.873 341.394
404.136 341.476
475.404 342.371
476.153 343.356
476.238 343.728
476.586 344.626
476.643 345.289
478.342 345.847
482.352 346.165
Fel 282-288 range 351.505
352.454

a
I: neutral atom.

b The emission lines and spectral ranges were identified based on the M5 atomic spectra database [55] and
have been used as input to the ANN model.

The wavelengths of the LIBS spectra that correspond to emis. an Iines of one of the four elements of
interest (Cr, Mn, Mo, and Ni) were selected as the input «f ti.2 ANN model. Moreover, a wavelength
range corresponding to multiple emission lines of the matri.. <iement (Fe) was also included as input.
The considered emission lines are summarized in Tw.'e 1. The input neurons corresponded to the
wavelength values covering the emission lines’ whe' « p.ofile (Figure 3). Thus, the number of input
neurons was reduced from 40000 points [*..~ i imber of wavelengths in the raw spectra) to
approximately 1300 points (= 3% of the inii.xl spectral range). Previous work of our group concluded
that selecting all the data points of the reak prc€iles as input neurons provides the highest degree of
accuracy of the model [52]. Other works rec“firmed this conclusion [56]. A single hidden layer with 10
neurons was selected. The output layer crn.sted of a single neuron predicting the concentration value
of one of the four elements. In other w.+as, a separate model was trained for each element.

\
| Fe
-~ Cr Cr Cr

Fe Fe

Intensity (-)

T T T
358 359 360 361
Wavelength (nm)

Figure 3 Segment of the average LIBS spectrum of target 22 with a known composition. The wavelength ranges corresponding to
3 Cr emission lines used as input for the ANN model for predicting the Cr concentrations are highlighted in pale blue.

The ANN model was optimized by training the model using the spectra of 32 of the total 42 known
targets (training dataset). The performance of the model was evaluated by measuring the accuracy of
the predicted values of the dataset of the nine remaining targets (validation dataset). The spectra of
target 35 consistently provided inaccurate results and thus were excluded from both the training and



validation datasets as outliers. The optimized ANN models were then used to predict the composition of
the 15 unknown targets. For each element, 16 models were trained. Each model yielded concentration
prediction for a single chemical element. The final concentration prediction was then calculated as the
mean of the 16 predicted values. Correspondingly, the prediction error was determined as the 2o error
of the predicted values.

3.2.Tong Chen, Lanxiang Sun, Guanghui Lu (SIA team)

By observing the given element concentrations, we found that the elemental contents of the 42
different targets fluctuate greatly. Taking Cr element as an example, its content ranged from 0.05 to
27.16 wt.% in the training set, which certainly leads to the variance of matrix effect and self-absorption
effect. As a result, plenty of experience and time was required to establish a univariate model with
appropriate spectral line input, so we first established full-spectru.n model based on partial least
squares regression (PLSR). Due to the limited training set size, we e'alu~ted the performance of the
different models using leave-one-out cross-validation. With two diffe rent input forms and two different
output forms (more details below), we have established 4 differer.c n, “dels for each element.

Observing different spectra of the same target we found relati. ~ly large fluctuations, which lead to the
large uncertainty in the regression model’s predictions. M- reo. er, the provided full spectra (with over
40000 wavelengths, i.e., dimensions) contained plenty o1 vedundant and correlated information.
Consequently, the PLS model could not perform effective feature extraction, and the predictive ability of
the model was found to be limited. To address trasc crallenges and to improve the accuracy of the
regression model, we employed the featur. _=le.tion method named spectral distance variable
selection (SDVS), which has been proposed by 2'.r team for the analysis of iron ore slurry samples [57].
With the thousands of selected features, ‘ve buil. 4 new models. Finally, the performance of 8 models
was compared via leave-one-out cross-valida.'on and the best-performing model for each element was
selected.

3.2.1. Spectral pre-processing

We only applied feature selecticn ..~ a pre-processing step. Our feature selection method utilized ideas
of linear discriminant analysis (LD#,. The training dataset consisted of 2100 spectra from 42 iron alloy
targets. The spectra from th.e ."me target were regarded as the same category (or class). Subsequently,
the ratio of between: ..>ss 2rd within-class scatter was used to measure the importance of each
variable. Thus, the ratio vec\ or (feature importance) is defined as:

-5

where S}, is the between-class scatter vector defined as:

d (5)

C
Sy =N (U -m)O@-p) (6
c=1

and §,, is the within-class scatter vector given by:

Sw =zc:i(xﬁ—ﬂc)0(x%—ﬂc) (7)
c=1n=1



where © represents the Hadamard product of two vectors, x5, is the spectrum of the n'" spectrum of
the ¢ target, u¢ is the mean spectrum of the ¢ target, and u is the mean spectrum of the whole
training dataset.

A large d value (element of the vector d) corresponds to a low within-class scatter and a high between-
class scatter, which is beneficial for improving the accuracy of the regression model. When the SDVS
method is employed for spectral feature selection, d values are arranged in a descending order.
Commonly, the optimal number of features is determined by evaluating the model’s performance on
the validation dataset. However, considering that the provided training dataset contained spectra of
only 42 targets, the number of feature variables was directly set as 1000. In addition, in order to rank
the importance of each feature dimension more comprehensively, the top 1000 features with the
highest correlation between the spectrum with each element were calculated separately. Finally, the
selected important spectral features were further filtered by taking the \.~tersection of the four sets of
features (one for each element of interest). The spectral range obta1ed n this fashion was used as the
input of the PLS model. The complete methodology is shown as a “iu. ‘cliart in Figure 4.

Training set
(raw spectral data)

dimensionality Yes
reduction?
A 4 - U - h 4
Calculating the betweer class scatter, Calculating the correlation between
within-class scatter ana “e’, ratio d each element and spectral features
! |
Ranking features in .">scending order Ranking features in descending order
of d value of correlation value
¢ !
r
No lectin | the f Selecting the first 1000 features for
Selectin 4 the “rst 1000 features each element, respectively
i
Takii. ~ the tersection of the selected .
RIS Feature selection
— ~— T

P

— —
Building the PLS nodel for
each eleme it

Figure 4 Flowchart representing the SIA team’s methodology.

3.2.2. Model selection and optimization

We first fitted 4 PLSR models on the full spectra. As shown in Figure 5, observing the variation of the
training RMSE and the validation RMSE with the changing number of PLS latent variables, using more
than 15 latent variables does no longer improve the PLS model’s performance. Considering the limited
size of the training dataset, we did not optimize the number of latent variables individually for each
model (with one model used to predict one element’s concentration). Instead, the number of latent
variables was set to 15 for every PLS model.
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Figure 5 Selecting the optimal .. mbe - Jf latent variables based on training and validation errors.

With two different input forms (i - w spactra and spectra normalize to unit maxima) and two different
output forms (single element prodiction and combined elemental prediction), we could establish 4
different models for each e'=nm,>r.. The optimal model for each element was selected based on the
RMSE performance of leave -one -out cross-validation, as shown in Figure 6.
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Considering the regression result. in tigure 6, the models based on the full spectra were found to
underperform. Exploring the re.~tic ~ship between the normalized intensity of Mn | 279.48 nm and
Ni | 341.48 nm emission lines . nd ne predicted Mn and Ni concentration, respectively (Figure 7), we
generally found large fluct 1aticns among the spectra of the same targets. This is consistent with the
large uncertainty of the . “eu..ted concentration values. In addition, owing to the number of features
exceeding 40000 waveleneta values, the PLS model cannot effectively extract features, thus affecting
the model’s prediction accuracy.
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concentration. (a) Mn 279.48 nm. 'b) Ni 341.48 nm. The error bars represent the standard deviation of the values obtained from
the 50 distinct spectra.

Consequently, to improve the accuracy of the regression model, we applied the SDVS method and
calculated the correlation among the spectral features and the corresponding elemental compositions.
After ranking the importance of each feature, the first 1000 features were extracted. The final feature
subset was obtained by taking the intersection. Figure 8 shows the position of the selected features in
the LIBS spectrum of an iron alloy sample.
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Figure 8 Position of the selected featur.:

Based on the selected features, we built 4 new PLS models for cach element. Finally, 8 regression
models were established for each element. The leave-one ou* ¢.0ss-validation model performance in
terms of RMSE of every model is summarized in Table 2. Ba.~" on these results, the optimal model for
each element was selected and their performance is sh~wi in Figure 9.
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Table 2 Leave-one-out cross-validation pc rfo, mance in terms of RMSE of every model for each of the considered elements The
best-pe. “arming models are highlighted for each element.

Input Feature~

Full Spectra

Feature Selection

input Spectra Output Model Mn Cr Mo Ni
Single-output  0.56 4.93 1.02 3.84
Raw Spectra
Multiple-output 0.57 4.94 1.01 3.98
Single-output 0.54 5.02 1.07 3.16
Normalized Spectra
Multiple-output 0.56 5.08 1.05 3.39
Single-output 0.32 583 0.72 243
Raw Spectra
Multiple-output 0.31 5.70 0.72 2.53
Single-output 0.32 6.05 0.86 2.35
Normalized Spectra
Multiple-output  0.33 6.20 0.75 2.27

Lastly, we found that for Cr, using the full spectra yielded better performance than using a selected
feature subset. Upon further investigation, we found an outlier target in the training dataset in terms of
Cr elemental content. The spectral comparison between this target and another target with similar Cr



content is shown in Figure 10. An obvious difference between these spectra can be observed, which
explains the abnormal predictions yielded by the model. Nevertheless, as there were only 42 training
targets available, and this target was not found to be an outlier considering other elements, we did not
remove it from the training.
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Figure 10 Spectral comparison of the outlier target r onsi. ~ring its provided Cr content.

3.3. Dillam Jossue Diaz-Romero, Simon Van dzi. fvade, Isiah Zaplana, Jef Peeters (DD

team)

To estimate the concentrations of the four a..~ ing elements (Cr, Mn, Mo, Ni) in the test targets, we
used a deep learning regression model. The mosc novel aspect of the method is the application of a
multi-loss function in the deep learning r.~de:, first proposed for quantitative LIBS analysis by our team
[58]. The method was inspired by the 10’ s-ronditional training [59] which is motivated by the idea of
training a single model that covers 2l co. fficients of the loss terms instead of training a separate model
for each set of coefficients. The lcss te.m is the error function [60] quantifying the difference between
the output of the DL model and .>e specified target value. The advantage of using a multi-loss function
over a separate loss function fo. e7.ch element is that the concentration of multiple elements is learned
simultaneously when trainig tt 2 model. As such, the model can learn the relation between the spectral
features and the concenti tions of the different alloying elements so that improving the performance
on one element does not ~~.cessarily compromise the performance on the other elements.

3.3.1. Spectral pre-processing

The proposed method does not require the application of filtering, normalization, baseline correction, or
dimensional reduction. The only applied pre-processing step is reducing the signal from 40002 to 8190
data points to reduce the computational cost for the DL algorithms. The 8190 wavelengths used by the
model, defined as the region of interest (ROI), span the wavelength range between 340 nm and 503.8
nm. As such, only 20.4% of the provided data is used for the regression, as shown in Figure 11.
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Figure 11 Example of the raw spectra with the pr~nc_~~ R0I.

The ROI was chosen to include the significant atomic and inaic >-iission lines corresponding to the
alloying elements Cr, Mn, Mo, and Ni. The wavelengths ¢! “he emission lines per element that are
considered critical for the quantitative analysis are shown ..~ T7ole 3. The wavelengths in Table 3 have
been successfully used in previous research as well as *o predict the composition of certified steel
targets [61-63]. The selected ROl is fed entirely intc t.1e DL model, allowing the regression model to
learn from all data points in the selected waveleng h range rather than just the specific emission lines.
This approach makes the system more rokuJst aigainst matrix effects that typically complicate the
application of regression methods. In additio.” the reduced ROI size (compared to the originally
provided data) allows the use of large. batches for training the DL model while keeping the
computational cost reasonable.

Table 3 Relevant spectral lines to determine t'ie . ~ion of interest (ROI).

Element Wavelength (hm)® Elem.nt__ Wavelength (nm)®

Cr 374.59 NI 440.115
397.6 471.442
426.135 503.3
454
438.4 Mn 403.307
Mo 386." 403.449

® The emission lines and spectral ranges were identified based on the NIST atomic spectra database [55].

3.3.2. Model selection and optimization

In order to avoid overfitting the proposed DL model, and thus, to improve the prediction performance
and accuracy, we performed data augmentation as a first step. Our data augmentation strategy was the
same as the one proposed in our previous works [58,64,65], and it consisted of creating synthetic data
and increasing the number of training epochs. For the creation of synthetic data from existing data, the
methods random intensity and random wavelength masking, inspired by the Pytorch audio feature
augmentation [66] were used. Random intensity changes the intensity of the original signal between
—35% and +35% to mimic the change in spectral intensity caused by imperfect laser-object
interaction, e.g., due to surface contamination. Meanwhile, random wavelength masking is adopted to



produce a mask with a width between 0 and 50 nm somewhere in the range between 340 and 503.8
nm, reducing the intensity value to zero in the masked region.

The chosen DL model is a fully connected ANN and was initially proposed in [64] for the purpose of
aluminium scrap classification. Figure 12 depicts the schematic representation of the proposed ANN
architecture, which consists of three fully connected (FC) layers (which are the same as in the
classification model proposed in [58,64]) followed by four FC layers in parallel. The dimensions of each
one of the layers are (4096,2048), (2048,1024), (1024,2048), and (2048,1)x4, respectively (where the
first integer denotes the input’s size, while the second integer denotes the output’s size). The Rectified
Linear Unit (ReLU) activation function was used after every layer.

Intensity (-)

Figure 12 Schem~tic -epresentation of the ANN architecture used by the DD team.

As for the training, a weightea ~i'.tiple-component loss function (henceforth referred to as multi-loss
function) has been used. Ti is m Jlti-loss function, inspired by [59], has been used by the authors for the
purpose of aluminium clas -ification and plastics detection, and plastic mass estimation [58,65,67]. The
global loss L used for the ~* schastic gradient descent algorithm is calculated as

L=Lc+Lyn+ Lyo + Ly (8)
where the four sub-loss functions £, (with their subscripts e referring to the four elements of interest)
are of the L; type loss function (i.e., the sum of the absolute values of the differences between the
model’s prediction and the corresponding ground truth value). In addition, we weighted the sub-loss
functions to prioritize the learning of one or more of the outputs. We used two different sets of weights,
namely @ = (W¢r, Oyn, Oyo, Wyi) ANd W = (Wep, Warn, Wyo, W), Which are applied as according to:
I = {wCrLCr + WynLvin + OpmoLmo + Wnilni i.f epoch < steps (9)
WerLer + WynLvin + WaoLmo + WyiLni  if epoch > steps
The first set of weights is assigned to the multi-loss function during the first epochs (until reaching a
predefined limit defined by the input parameter steps), while the latter is assigned in the last epochs of



the training. For the present task, the used weighted vectors were w = (1.25,1,1.25,1), w =
(1,1,1,1), with a value for the parameter steps equal to 250. The first weight vector, w, prioritizes the
learning of Cr and Mo which are more challenging to predict than Mn and Ni. Meanwhile, the second
weight vector, w, does not prioritize learning any of the elements. Finally, the Adam optimizer [68] was
used with an initial learning rate of 0.0001 with weightless decay and a learning schedule of
[50,80,100,150,800] and a scheduler gamma of 0.5. Batch sizes of 10 and over 60 epochs are used.
The models were implemented using the Pytorch DL framework [66]. The provided training dataset was
randomly divided into two datasets, namely 80% for training and 20% for validation. The experiments
were carried out using a NVIDIA RTX3090 24 GB GPU, an AMD Ryzen Thread ripper 3990x 64-core CPU,
and 128 GB DDR4 RDIMM memory.

Finally, the performance of the proposed regression method has be :n evaluated with the following
three metrics: the root-mean-square error (RMSE, ( 1 )), mean absc'ite error (MAE, ( 2 )), and
coefficient of determination (R’ ( 10 )) metrics, where:
R2 — 2i(yi _JA’L')Z
Y — )
Here, ¥y is the mean concentration across the N targets. RM e ‘s Whe standard deviation of the residuals
(prediction errors), MAE is the arithmetic average of the ab_~l.te errors on the predictions, regardless
of the direction of over- or under-prediction, and R” i< tae pruportion of variation in the dependent
variable that is predictable from the independent vari %ie. Therefore, R* represents how well the model
fits the dependent variables.

(10)

Final concentration prediction

With the developed DL regression model, an estn. ate of the alloying element concentrations for the 15
test targets can be made. The regression mou =l provides alloying element concentration prediction from
a single spectrum. Since 50 spectra wer : re..ided for each of the 15 test targets, the regression model
yielded 50 different sets of estimates \* sct consisting of the 4 concentration values) for the alloying
element concentrations of each tz.ge> Since the contest's goal was to provide a single number for the
concentration of each of the fou. elcments in each target, the 50 sets of concentrations per target were
first compared to each other. Mos\ estimates were (relatively) close to each other. However, several
outliers were observed. Tnus, the corresponding spectra were manually inspected. If a spectrum
corresponding to one ut .he _utliers had a significantly weaker overall intensity than the other spectra
of the target, the outlier wa , deleted from the set of estimates since that estimate would most likely be
less accurate than those corresponding to the other spectra. The distribution of the estimated alloying
element concentrations of the 15 target targets after filtering the outliers is shown in Figure 13 in the
form of box plots. For Cr and Ni, most of the estimates based on the spectra that passed the filtering
step were very close to each other. More variation in the estimated concentrations was noticed for Mn
and Mo, specifically for targets 6, 9, and 10.
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Figure 13 Distribution of the estimated alloying eleme’.c cc 1cen . -ation predictions of the 15 test targets after filtering

The same data was also visualized in the form of histograms to facilitate their interpretation (an
example is shown in Figure 14). The fina' e: imate was selected based on the shape of these histograms.
When the distribution was approxim~*ely r.ntered around the median of the estimates corresponding
to the spectra that passed the fili. ving step, the median of these estimates was used as the final
estimate. However, if the distrib.*ion was heavily skewed in one direction, the final estimate was
chosen not as the median val'ie b.+ the quartile value of the distribution in the direction in which the
distribution was skewed. T ... w.. expected to give a more accurate result than the median value in

these cases.

outliers. The boxes summarize the ‘al’ es obtained from the individual spectra.
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Figure 14 Histograms of the estimated alloying element concentrations of the test target 6.




4. Results and Discussion

This section presents several observations that could be made from the contest. Note that only the
mean ranking determined by RMSE is considered here. Additional approaches for ranking the
contestants are presented in Appendix B.

Two out of the three approaches were centered around ANNs, while the third approach combined an
extensive feature selection optimization with a linear PLS regression model. All three teams addressed
the sparsity and redundancy of the LIBS spectra [69], although the three approaches varied significantly.
Namely, the FORTH team manually selected full emission lines. This allowed the employed ANN to
potentially consider changes in the line shape, even if the intensity did not necessarily differ. This could
have arisen as a consequence of self-absorption or spectral intensity with less intense emission lines.
However, the simplicity of the FORTH team’s ANN model (5 hidden ne." ons) limits the ANN's encoding
capabilities. Hence, whether the ANN is truly capable of detecting cr.a. @es in the line shape should be
further explored. Nevertheless, this is beyond the scope of the prese ~t v ork. Meanwhile, the SIA team
applied an automatic wavelength selection methodology, whic't dic not ensure that whole emission
lines are available for the subsequent analysis. Neverthele.=. the SIA team relied on a linear PLS
algorithm which considers the individual wavelengths sepa atc'v. Lastly, the DD team used a subset of
the available spectral range. This approach potentially lei. zienty of redundant information in the
datasets.
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contestant_4 cantestant_4 Panagiotis Siozos . Tong Ghen - -
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Figure 15 Ranking of the participants on the individual elements as determined by RMSE. A smaller value (at a higher position)
represents better performance. Here, Panagiotis Siozos represents the FORTH team, Tong Chen represents the SIA team, and
Dillam Diaz represents the DD team.



The performance of the three approaches on the individual elements is summarized in Figure 15. Most
participants were kept anonymous (the numbering of these participants is done based on the final
ranking, Figure 16). Note that only the FORTH team ranked among the top three contestants
consistently across all four elements. Nevertheless, no team managed to claim first place across all four
elements. This is in line with the common observation that the regression methodologies must generally
be tailored to the considered material constituent [70]. Overall, comparable prediction errors were
obtained by the three teams on Mn. On the contrary, while the three top teams provided the most
accurate predictions for Ni, the DD team significantly outperformed the other two teams. In turn, Mo
presented a limitation for the DD team’s methodology.
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Figure 16 Overall performance of the partici, nts v ; determined by averaging their obtained ranks across the 4 elements. Here,
Panagiotis Siozos represents the FORTF' -eam, Tong Chen represents the SIA team, and Dillam Diaz represents the DD team.

The prediction errors obtainec' by 1. e 3 teams are discussed in more detail in the following paragraphs.
Let us begin with the FORT:4 «~am, who combined the careful selection of spectroscopic features with
data normalization. In it ~n the team applied a bootstrapping approach [71] to reduce the dataset’s
variance. However, we belie re that this step could have benefited the team further, by producing larger
training (and testing) datasets. In this respect the FORTH team was unique. In contrast with the DD team
(who also used an ANN regression model), the FORTH team kept only the profiles of selected emission
lines for further analysis. This minimized the redundancy in the dataset and enabled the application of a
relatively simple ANN regression model, especially compared to the elaborate architecture used by the
DD team. This is in line with earlier works, which show that relatively simple ANNs can perform well in
the context of LIBS analysis [72].

The FORTH team’s performance is shown in Figure 17, which shows the nominal vs. predicted
concentration values. Consistent prediction accuracy can be observed for Mn, Ni, and Cr. On Mo, the
FORTH team’s ANN based methodology provided the most consistent predictions in the low
concentration range. This is an obvious outcome of the employed logit transformation which was used
exactly for this reason. On the contrary, for higher Mo concentrations, the proposed methodology
considerably overestimated the element’s concentration.
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Figure 17 Nominal vs. predicted concentration va ue . . *he FORTH team. The error bars represent the standard deviation of the
16 concentration values obtained using the 14 d, “tir ct models, each of which is the average of the 50 concentration values
predict<d for “he 50 spectra available for each target.

The SIA team was the only on~ a.~ong the top three with a linear regression model. The achieved
performance is not surprising, s it .«as been shown in the context of support vector machine classifiers
that linear and non-linear mo.'els tend to learn the same features provided a wide enough spectral
range [73]. Neverthelcs., ti.~ “LS regression model proved to be the least robust: The spectral pre-
processing (feature selectio | and normalization) had to be optimized for each element separately. On
the contrary, the FORTH and DD teams employed the same spectral preprocessing steps for every
element. It is noteworthy that the linear PLS model of the SIA team yielded the best performance on
Mo: the approach performed consistently on concentrations above 0.5 wt.%. However, lower
concentrations were overestimated in most cases, suggesting a relatively high limit of quantification via
the approach.
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Figure 18 Nominal vs. predicted concentration vc ue, ~f*ne SIA team. The error bars represent the standard deviation of the 50
predicted concentratinn v 'lu s from the 50 spectra available for each target.

Lastly, Figure 19 represents the prc.dic ion errors of the DD team. The methodology proposed by the DD
team relied on a relatively simp.~ fecture selection approach combined with robust data augmentation
to improve the generalization -apecvilities of their model. Note that the predictions yielded by the DD
team exhibit the largest dif ere. ces between RMSE and MAE values. As MAE is less sensitive to outliers,
this suggests that whie the proposed methodology is less prone to overfitting over most of the
concentration ranges, it is rot immune to it. Consequently, a few outlier predictions cost the DD team
the first place, since their proposed DL approach based on the multi-loss function performed remarkable
well on the two major elements and on most of the minor elements: The Ni and Cr concentration were
predicted almost perfectly. Nevertheless, a single target’s Cr concentration was overestimated quite
significantly.

Interestingly, the two worst predictions yielded by the DD team originate from the low concentration
range of Mo, where training data were abundant. A potential reason could be the small number of Mo
emission lines present in the considered spectral range. At low concentrations, these emission lines are
expected to be weak. Consequently, the model is more likely to overtrain on features unrelated to Mo
and is, hence, more prone to overfitting this concentration range. An alternative could be exploring the
combination of the logit transformation proposed by the FORTH team with the multi-loss approach of
the DD team could offer potential benefits. Another aspect of the multi-loss approach is the weighting
of the sub-loss functions. Namely, these weights (and the step parameter used to change the weights)



introduced additional parameters to be optimized. As the impact of these parameters is currently not
well known, the study of their impact and their optimization could lead to further improvements.
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Figure 19 Nominal vs. predicted concen*: atior, “‘alues of the DD team. The error bars represent the standard deviation of the
predicted coi. ~enw. “tion values after the filtering step described in the text.

We conclude this section by . -o\:.ing a comparative summary of the three presented approaches. The
highlights of the three ~opnaces are summarized in Table 4. The strengths and weaknesses of each
method (from the organizi 3 team’s perspective) are further highlighted in Table 5. Overall, there is a
vast difference between uie number of trainable parameters of the models chosen the three teams;
namely, the small ANN used by the FORTH team contains approximately 1.3 - 10* trainable parameters
(although the final prediction was obtained by an ensemble model consisting of 16 such ANNs,
essentially increasing the total parameter count by an order of magnitude). On the contrary, the SIA
team’s PLS model contained 1.5 - 10 to 6 - 10° parameters, depending on the input’s type (features
selected by the proposed algorithm versus using the full spectra). Nevertheless, the parameters in the
PLS model essentially perform a linear transformation of the input data. In contrast, an ANN with a non-
linear activation function (such as the piece-wise linear rectified linear unit, ReLU) can fit non-linear
functions. Nevertheless, both models’ parameter counts are dwarfed by the approximately 2.4 - 107
parameters contained in team DD’s model, out of which the majority are shared for predicting the 4
analytes’ concentrations simultaneously. Such a large number of parameters (4 orders of magnitude
higher than the number of predictive variables) is generally susceptible to overfitting. Nevertheless,
team DD battled this challenge by implementing robust data augmentation into their model; in fact,



team DD was the only team who performed data augmentation. As a result of the vast difference in
model complexity (in terms of both architecture and number of trainable parameters), the training of
the DD team’s ANN required more machine learning expertise, which practically replaced the
spectroscopic expertise applied by the SIA team; namely, the team employed advanced machine
learning techniques (for spectroscopic standards), such as learning rate scheduling, longer training
(more epochs), and carefully choosing the specialized loss function’s weights. A popular approach of
reducing the model complexity (in terms of parameter count) while maintaining or even improving the
model’s capabilities is the use of more sophisticated neural networks, such as ANNs with convolutional
layers [74]. These layers perform weight sharing, essentially adding a negligible number of trainable
parameters while performing powerful automatized feature selection. Nevertheless, convolutional
neural networks have been designed for tasks which exhibit translational invariance, which is not
directly the case in spectroscopic analysis. As such, despite the 1. any successful applications of
convolutional neural networks in LIBS (and other spectroscopic fields®, .~ey do not always yield superior
results [75].

Apart from the number of parameters, model complexity ca’'. .~ expressed as the number of steps
taken. In the present context, this would entail feature <~lection, data normalization, architecture
optimization, etc. In this regard, the methodologies used L, tea ns FORTH and DD are relatively simple;
DD incorporated the whole data processing workflow into . sin_le ANN model, whose architecture does
not need to be tailored to the present challenge. Tear. FORTH optimized their approach to a slightly
larger extent, e.g., by selecting the optimal spe‘tra .1ormalization method. In contrast, team SIA
optimized their whole workflow for each ana'yte. Nevartheless, all three approaches are automatable,
making the optimization procedures straightfoi - ard, i.e., not requiring extensive human intervention.

Table 4 Summary table of the three presented methoa. '2gies.

Methodology FORTH SIA DD

Logit tre 'sfor.nation of the  None. None.
analy. ~ corn.centrations;

outlie " removal.

Spectral preprocessing

Wavelength selection
based on the ratio of

Region of interest
selection based on

Zoleclion of spectral ranges
cor esponding to emission

Feature selection

Normalization

Data augmentation

Regression model

lines of the analytes and
matrix element.

Normalization to unit
maxima.

Bootstrapping (averaging

10 spectra).

Fully connected artificial
neural network (final
prediction calculated as
the mean of 16

the within-class and
between-class intensity
variances.
Normalization to unit
maxima.t

None.

Partial least squares
regression without
regularization.

the presence of the
analytes' emission
lines.

None.

Random
wavelength
masking; random
intensity
modulation.
Fully connected
artificial neural
network with 4
output branches.



independent models'
predictions).

Optimization strategy | 75%-25% split of the Leave-one-out cross 80%-20% split of
training data. validation. the training data.
Software Tools | R programming language Python. Python (PyTorch).

(neuralnet package).

tNot applied for every analyte; please see the text for details.

Table 5 Pros and cons of each presented methodology.

TEAM PROS CONS

FORTH | Relatively small model There are no striking limitations .. the methodology. However, in
enables the construction of the context of this work (i.e., rom~ared to the other ANN-based
an ensemble method approach), a separate ensemh,> model has to be trained
consisting of several small separately for each analyt .
models.

SIA Interpretable models (PLS). The methodology h. 1 to )e tailored to each element: both the

input and output we e « ntimized for each analyte. In addition,
the approach l.ck z:d regularization. Lastly, PLS is a linear method,
which fails a’ n, *d«.iing non-linear relationships.

DD Single model for all The ad Jitic 1al 1yperparameters (weights in the loss function,
analytes; simple feature learning - 1te schedule, etc.) introduced might require extended
selection; end-to-end tui.'ng. However, the impact of these hyperparameters is not
methodology with robust st~>igh forward and the tuning might be negligible. The large
regularization. r.u nk er of trainable parameters could be viewed as limitation

\.''1e to the risk of overtraining) but the authors coupled it with
robust data augmentation and regularization strategies.

Considering the dataset, none ~f th. teams attempted to optimize the training dataset. While this is not
common practice—beyond ou.'ier removal—selecting an optimal subset of the training dataset has
shown promise in trar.i o 2raing approaches. In the present context, reducing the training dataset’s
size might have improved t ie prediction accuracy of team DD in the low concentration region of Mo,
where the team’s approach exhibited considerable overtraining. Nevertheless, considering the training
dataset’s limited size, the further trimming of the dataset would be challenging. Indeed, increasing the
training dataset, especially in the underrepresented concentration ranges, would yield more predictable
performance enhancements. This could be attempted without obtaining additional targets by data
augmentation strategies, specifically generative artificial neural networks. Nevertheless, robust
generative models have not yet been demonstrated in the context of LIBS.

5. Conclusion

This work presents three unique approaches applied to a regression task, namely the determination of
the concentrations of four alloying elements (Mn, Mo, Ni, Cr) in steel targets based on LIBS spectra. The
task was presented as a contest during the 2 months foregoing the LIBS 2022 conference. As the
contestants had no access to the testing data, the outcome of the regression challenge is aimed at



providing an objective overview of the state of model-based quantitative LIBS analysis. Without a well-
defined target application and corresponding requirements on prediction accuracy it is impossible to
judge whether LIBS combined with the presented methodologies may finally be considered a reliable
semi-quantitative spectroscopic method. Nevertheless, the three methodologies represent considerable
advances in semi-quantitative LIBS analysis. More importantly, several potential improvements of the
neural network-based methodologies were identified for further research. Meanwhile, similarly to the
EMSLIBS 2019 classification challenge, a well-established PLS-based model provided one of the best
results. However, this time, a neural network-based approach took the top spot. Overall, the three top-
performing teams demonstrated unique approaches, which could be further improved by borrowing
from each other. In addition, none of the applied methodologies is specific to the analyzed dataset.
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Appendix A. Summar:, tasle of the training dataset’s concentrations
Table S1 Summary of the analyt : cor. -entrations of the targets whose spectra were provided for training. All values are wt.%.
Mn Cr Mo Ni
mean 1.14 10.06 1.03 10.78
std 127 10.65 1.33 12.02
min 006 0.5 0.00 0.02
25% 039 0.18 0.04 0.18
50% 0.72 3.76 022 6.08
75% 1.49 2326 2.83 1841

max  6.57 27.16 3.62 37.72

std — standard deviation.



Appendix B. Supplementary data

Supplementary data to this article can be found online at doi
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Highlights:

- World-wide LIBS quantification contest with 21 participating teams

- Highly optimized spectral preprocessing strategies, with focus on feature selection
- Potent data augmentation strategies for avoiding overtraining neural networks

- Linear multivariate models perform on par with artificial neural networks



