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ABSTRACT: Laser-induced breakdown spectroscopy (LIBS) provides rapid elemental fingerprints, but multiclass
classification often requires both interpretable variable selection and a transparent classification rule. In this study, we propose a
combined framework that links one-to-the-others wavelength-dependent interclass distance (OTTO-WDID) with sequential
threshold-rule classification. OTTO-WDID evaluates each wavelength by comparing one target class with all remaining classes,
thereby identifying class-specific emission lines suitable for one-to-the-others decisions. A local baseline-drift correction was applied
using adjacent non-emission wavelengths to estimate the emission-line-specific contribution to the observed interclass distance. The
framework was applied to LIBS spectra of five edible salt products. OTTO-WDID identified the emission peaks of Ba II at 455.4
nm, Si I at 288.2 nm, Ca I at 612.2 nm, Sr II at 407.8 nm, and Li I at 670.8 nm as class-specific variables for the corresponding
sample classes (S1 — S5, respectively). These variables included weak trace-element lines, showing that highly discriminative
information is not necessarily associated with the strongest emission peaks. The selected variables were then used to construct a
sequential threshold-rule classifier, in which each step separates one target class from the remaining classes using a single class-
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INTRODUCTION characteristics have made LIBS an increasingly attractive tool for

classification problems across materials science, geology,

Laser-induced breakdown spectroscopy (LIBS) is a versatile biomedical analysis, and food authenticity assessment *°. A
elemental analysis technique that combines rapid measurement, practical bottleneck, however, is the dimensionality of LIBS data:
minimal sample preparation, and simultaneous detection of a wide a single broadband spectrum routinely contains more than ~10,000
range of elements in solid, liquid, and gaseous samples '-3. These spectral data points, the vast majority of which carry redundant or
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non-informative content. Atomic and ionic emission lines occupy
only a few data points each, and the remaining intensity values
largely reflect baseline fluctuations, continuum emission, or stray
light. Effective variable selection is therefore not a peripheral
preprocessing step but a central determinant of model accuracy,
interpretability, and resistance to overfitting, particularly when the
sample-to-variable ratio is unfavorable.

A wide spectrum of variable-selection and dimensionality-
reduction strategies has been deployed for LIBS-based
classification, including principal component analysis (PCA),
partial least squares (PLS) loading-based selection, genetic
algorithms, least absolute shrinkage and selection operator
(LASSO) regression, and feature-importance ranking from tree-
based ensembles 710, While these approaches often yield high
classification accuracy, the selected features rarely admit a
transparent physical interpretation: principal components and
latent variables are linear combinations of all wavelengths, and
importance scores from black-box models do not, on their own,
reveal why a given wavelength contributes to discrimination. For
analytical chemists, who reason in terms of specific elements and
individual emission lines, an interpretable variable-selection
criterion grounded in elementary statistics is highly desirable—
both for validating model behavior and for connecting spectral
discriminants to the underlying chemistry of the samples.

The notion of normalizing a between-class mean difference by
a within-class spread has a long statistical lineage, dating back to
Student’s t-statistic and Cohen’s standardized mean difference ',
and is closely related to Fisher’s discriminant ratio '2, which has
been widely used as a filter-type criterion for feature selection in

13, In chemometrics, the term interclass

pattern recognition
distance itself was introduced in the context of soft independent
modeling of class analogy (SIMCA) '*!5 and has subsequently
been adopted in partial least squares discriminant analysis (PLS-
DA) and orthogonal projections to latent structures discriminant
analysis (OPLS-DA) score-space evaluations '° and in SIMCA-
based food classification studies using Fourier-transform near-
infrared (FT-NIR) and Fourier-transform mid-infrared (FT-MIR)
spectroscopy 718, Here, we adopt this elementary metric—
essentially a Cohen-type standardized mean difference computed
at the level of individual emission-line intensities—and
progressively develop it into a wavelength-resolved, multi-class,
class-specific variable-selection framework tailored for LIBS
classification.

Motivated by this need, we have progressively developed a
family of variable-selection metrics built on the elementary
concept of interclass distance, defined as the ratio of mean-to-
mean separation to the pooled within-class standard deviation
along a given variable axis. In its simplest two-class form, this
metric directly identified Mg II (279 nm) and K I (766 nm)
emission peaks as the dominant discriminators between domestic
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and imported kimchi, supporting a k-nearest neighbors (k-NN)
model that achieved 92.8% accuracy from only two emission-line

intensities 1.

For multi-class problems, the metric was
generalized to an inter-to-intraclass variation ratio, in which the
interclass variation is measured as the standard deviation of class-
mean intensities and the intraclass variation as the pooled standard
deviation. This generalization successfully ranked Rb I (780 nm),
Li I (671 nm), and Na I (589 nm) emission peaks as the most
discriminative variables among twelve roasted-coffee bean classes,
with the resulting three-variable &~-NN model exceeding 96.0%
accuracy after z-score normalization 2°. The framework was
further extended to wavelength-dependent interclass distance
(WDID), which evaluates the metric at every wavelength of the
surfaces weak ~ but  highly

discriminative emission lines that would be overlooked by

spectrum  and  thereby
methods restricted to dominant peaks. WDID has proven effective
on infrared absorption spectra, supporting a LIBS—IR fused model
for kimchi origin verification with 96.8% accuracy 2!. Subsequent
studies established that the resulting variable pools are robust to
the choice of classifier and to common preprocessing variations 22,
and that proper scaling—via z-score normalization—is essential
when combining variables of widely different magnitudes 2.
Taken together, these results outline a coherent, physically
interpretable framework for variable selection in LIBS-based
classification.

A fundamental limitation, however, persists in multi-class
problems whose dominant emission lines arise from common
matrix elements. In such cases, the strongest peaks are present in
every class with comparable intensity and consequently offer
limited discriminative power, while a small subset of weak
emission peak intensities of minor or trace elements may each be
uniquely informative for distinguishing one specific class from the
others. Both the inter-to-intraclass variation ratio and conventional
WDID evaluate each wavelength against the entire multi-class
structure simultaneously and therefore tend to reward variables
that contribute on average across all classes; they do not
preferentially expose lines that are decisive for a single class. This
represents a real and recurrent obstacle for LIBS-based
classification of materials whose bulk composition is shared but
whose minor-element signatures differ.

To address this gap, we introduce one-to-the-others wavelength-
dependent interclass distance (OTTO-WDID) as a class-specific
variable-selection strategy for multiclass LIBS classification and
combine it with a sequential threshold-rule classifier. OTTO-
WDID recasts a multiclass problem as a set of one-to-the-others
comparisons at each wavelength, thereby identifying emission
lines that are most effective for distinguishing each individual class
from all remaining classes. Because the selected variables are
inherently class-specific and tend to provide complementary
discriminating information, they are naturally suited to a
sequential threshold-rule classification scheme, in which one
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target class is separated at each step using a single class-specific
variable and threshold. For a K-class problem, this strategy
requires only K — 1 active threshold rules because the final class
can be assigned as the residual class. We demonstrate this
framework using LIBS spectra of five edible salt products.
Although edible salts are dominated by a common NaCl matrix,
commercial products can differ in salt type, such as sea salt, rock
salt, refined salt, or processed salt, as well as in raw material source,
production process, purification degree, and brand or product
type.?*?7 These differences can be reflected not only in minor and
trace elemental signatures, such as Mg, Ca, K, Sr, Ba, Li, and Si,*
26 but also in nonmetallic constituents or additives, such as sulfate-
or iodine-containing species.?*?’ Therefore, classification of edible
salt products is practically relevant for product-type verification,
quality control, product authentication, and screening of possible
mislabeling. At the same time, edible salts provide a useful test
case for LIBS-based multiclass modeling because the strongest
matrix-related emissions are common to all classes, whereas
discriminating information may be hidden in weaker class-specific
spectral features. After applying a local baseline-drift correction to
the OTTO-WDID values, class-specific emission lines were
selected for the five salt classes and used to construct a sequential
threshold-rule classifier. In particular, the least reliable class-
specific variable was excluded from the active rule sequence, and
the corresponding class was assigned as the residual class. The
resulting OTTO-WDID-based sequential threshold-rule classifier
achieved complete classification in leave-one-out cross-validation
(LOO-CV). This study therefore presents a compact, transparent,
and physically interpretable pipeline for multiclass LIBS
modeling, linking class-specific variable selection directly to rule-
based classification.

EXPERIMENTAL

Sample preparation. Five edible salt products were purchased
from local markets in India for this study. These products were
selected as readily available commercial edible salts in local
Indian markets and were intended to represent different product
types and commercial sources rather than an exhaustive survey
of all edible salts. The sample set included local Sendha Namak
(Indian rock salt), ordinary locally sold salt, branded vacuum-
dried iodized table salts, and branded Sendha Namak. Thus, the
five products provided a practical multiclass test set in which all
samples shared a NaCl-dominated matrix but were expected to
differ in raw material source, processing, brand, and minor or
trace elemental signatures. Three of the five samples were
branded iodized salts and the remaining two were locally produced
non-branded salts. The sample codes (S1 — S5), product names,
and manufacturers are summarized in Table 1. Each salt was
milled and homogenized using a ball mill (8000M Mixer/Mill;
SPEX SamplePrep, Metuchen, NJ, USA). A 20 g portion of each
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Table 1. Codes, descriptions, and brands of the salt samples

Sample code Description Brand
S1 Sendha Namak (Indian rock salt) Purchased from local markets
S2 Vacuum-dried iodized table salt Catch
S3 Ordinary sea salt Purchased from local markets
S4 Vacuum-dried iodized table salt Tata Salt
S5 Sendha Namak (Indian rock salt) Tata Salt

sample was loaded into an agate vial together with two agate balls
and milled at 1450 rpm for 10 min. The resulting powder was then
pressed into a pellet of 13-mm diameter by applying a load of 6
tons (corresponding to ~452 MPa) for 5 min using a hydraulic
press (CrushIR; PIKE Technologies, Madison, WI, USA), with
0.5 g of powder used per pellet.

LIBS experimental setup. The LIBS spectra of the salt pellets
were recorded using a commercial LIBS instrument (RT100-EC;
Applied Spectra, Inc., Sacramento, CA, USA) equipped with a
flash-lamp-pumped Q-switched Nd:YAG laser (1064 nm) and a
multi-channel CCD-array spectrometer. The laser pulses were
focused onto the pellet surface through an objective lens (5x
magnification, 35 mm working distance), producing an ablation
spot of approximately 100 um in diameter. The pulse duration,
pulse energy, and repetition rate were 10 ns, 17 mJ/pulse
(corresponding to 60 % of the maximum laser output), and 10 Hz,
respectively. The optical emission from the laser-induced plasma
was collected and delivered to the CCD spectrometer, which
provided a spectral resolution of ~0.1 nm over the 187-887 nm
wavelength range. The CCD integration time was fixed to 1.05 ms,
with a delay of 0.5 us relative to the laser pulse to minimize the
continuum background emission and Stark broadening of the
spectral lines. Each LIBS spectrum was obtained by accumulating
80 laser shots while the sample stage was linearly translated at 1
mm/s over an 8 mm line. Thirty-line scans were acquired per salt
sample.

RESULTS AND DISCUSSION

LIBS spectra and peak assignments. Fig. 1 shows
representative LIBS spectra of the five salt samples, together
with the assignments of matrix-related and minor-element
emission peaks. For clarity, the common intense emission lines
observed in the salt spectra are labeled in the S5 spectrum. In
addition, the candidate class-specific emission lines identified
later by the OTTO-WDID analysis are indicated by colored
arrows in the corresponding sample spectra. These include Ba II
455.4 and 493.4 nm for S1, Si 1212.4, 250.7, and 288.2 nm for
S2, Cal443.5 and 612.2 nm for S3, Sr 11 407.8 and 421.6 nm for
S4, and A11396.2 and Li I 670.8 nm for S5. The finally selected
representative emission line for each class is marked with an
asterisk. Although some of these class-specific peaks are weak
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Fig. 1 Representative LIBS spectra of the five salt samples with emission peak assignments of matrix and minor elements. Common intense emission lines
observed in the salt spectra are labeled in the S5 spectrum for clarity. Colored arrows indicate candidate class-specific emission lines that later showed large
OTTO-WDID values: Ba IT 455.4 and 493.4 nm for S1, Si1212.4, 250.7, and 288.2 nm for S2, Ca 1443.5 and 612.2 nm for S3, Sr IT 407.8 and 421.6 nm
for S4, and A11396.2 and Li I 670.8 nm for S5. Asterisks indicate the finally selected representative emission lines for the corresponding classes.

and may not appear as prominent features in the raw LIBS spectra,
they showed large OTTO-WDID values, as discussed in the
following section. Since edible salts are primarily composed of
NaCl, the LIBS spectra were dominated by matrix-related
emission features. In addition to the matrix elements, several
minor elements commonly present in sea salts and processed salts,
such as Mg, Ca, and K, were clearly observed. These elements are
known to vary depending on the type of salt, production process,
degree of purification, and residual mineral composition, and thus
can provide useful chemical information for discriminating salt
samples 2*. Besides these relatively abundant minor elements,
weaker emission lines from trace-level alkali and alkaline-earth
elements, including Li, Rb, Sr, and Ba, were also detected in some
spectra 2%%°. Although their emission intensities were much
weaker than those of the matrix and major minor-element lines,
these trace elements can still carry strong class-specific
information if their concentrations differ systematically among salt
types. In addition, several rock-forming elements, such as Al, Ti,
Si, and Fe, were observed 2. These elements may originate from
mineral impurities, clay or soil particles, raw-material sources, or
contamination introduced during solar evaporation, harvesting,
drying, or processing. Previous studies have also shown that such
rock-forming elements can contribute to the discrimination of salt
samples by reflecting differences in geological origin or
production environment >>%°, Nonmetallic elements, including C,
H, O, and S, were also identified in the spectra. Among them, S
may be related to sulfate-containing species such as sulfates or
sulfides ?7, whereas C, H, and O can originate from residual
moisture, impurities,

organic carbonates, the surrounding

atmosphere, or matrix-related molecular and atomic emissions.
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The relationship between the chemical composition of the salts
and the observed LIBS spectra suggests that salt classification is
not necessarily governed by the strongest matrix-related peaks. In
many cases, the concentrations of Mg, Ca, and K differ
considerably depending on salt type and production method,
making their emission lines useful for classification. However,
trace elements with much lower concentrations can also exhibit
high discriminating power when they are selectively enriched or
depleted in a particular class. Likewise, even for relatively
abundant elements, the strongest resonance lines are not always
the most reliable variables because their intensities can be distorted
by self-absorption or saturation effects. Weaker emission lines
with sufficient signal-to-noise ratios may therefore provide more
class-discriminating Accordingly, the
objective of this study was not simply to select the most intense
emission peaks in the LIBS spectra, but to identify emission lines
that provide the highest class-specific discriminating power. This
includes weak trace-element lines, such as those of Li, Rb, Sr, and

robust information.

Ba, as well as weaker emission lines of more abundant elements
when they are more suitable for classification than the dominant
peaks. To accomplish this in a systematic manner, the OTTO-
WDID values were calculated over the LIBS spectra. This
approach enables the identification of wavelengths that most
effectively distinguish each salt class from all remaining classes,
as discussed in the following section.

Formulation of baseline-drift-corrected OTTO-WDID. For
multiclass classification of LIBS spectra, each wavelength can be
regarded as an individual spectral variable whose intensity may
contain class-discriminating information. In this study, we used the
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OTTO-WDID to evaluate how effectively each wavelength
separates one target class from all remaining classes. Let the LIBS
dataset consist of N spectra measured at P wavelength variables.
The intensity of the i-th spectrum at wavelength 4; is denoted as
X)) withi=1,2, ..., Nandj =1, 2, ..., P. Assume that the
samples belong to K classes, Ci1, (s, ..., and Ck. For a given target
class Ce, all other classes are grouped into a single complementary
class, denoted as Co. Thus, the multiclass discrimination problem
is locally converted into a binary one-to-the-others comparison: Ce
versus C,. At each wavelength 4;, the mean intensity of the target
class is calculated as Eq. (1)

Xe(%) = - Ticc Xi(%) (1)

where 7. is the number of spectra in C.. The mean intensity of
the others is calculated as Eq. (2)

Xo(hy) = o Bice, Xu() @

where 1o = N — ne. The within-group standard deviations of Ce
and C, at wavelength /;, sc(ij) and s, (/lj), respectively, are
given by Egs. (3) and (4).

se() = \/n:—_IZiECE[Xi(/lj) S ACh) )

so(%) = \/ﬁZifca[Xi(i;) -5 @

The pooled standard deviation between C. and C, is then
defined as Eq. (5).

N2, “1s2( 4,
Sp’co(ﬂ]') =\/(nc 1)s2(4;)+mo—1)s3(4;) )

Ne+ng—2

The signed OTTO-WDID for class C. at wavelength /; is
defined as Eq. (6).

Xc(2)=%o(4))

Sco (lf) = Sp.co(25) 6)
The absolute OTTO-WDID is then given by Eq. (7).
Xc Aj _Xg Ai

speo(2))

A large Dco(/4;) value indicates that the intensity at /; provides
strong separation between the target class C. and the others Co,
relative to the within-group spectral variability. Conversely, a
small value indicates that the intensity at that wavelength has little
class-specific discriminating power. By calculating Deo(4)) over all
wavelength variables, a wavelength-dependent interclass-distance
profile is obtained for each target class: Dco = [Dco(41), Deo(22), ..,
Deo(4r)]. Repeating this procedure for all classes yields a set of
class-specific OTTO-WDID spectra. Therefore, OTTO-WDID
does not produce a single global wavelength-ranking result for the
entire multiclass problem. Instead, it provides a class-specific
discriminative spectrum for each class. This allows wavelengths
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that are particularly effective for distinguishing one specific class
from the others to be identified. In LIBS analysis, peaks in an
OTTO-WDID spectrum can be associated with wavelengths at
which emission intensities differ strongly between the target class
and the remaining classes. Thus, OTTO-WDID can be used not
only as a feature-selection criterion but also as an interpretable
spectral tool for identifying class-discriminating emission lines.

Although OTTO-WDID is useful for identifying class-
discriminating wavelengths, the distance value calculated at a
given wavelength may not originate solely from an emission-line
intensity difference. In practical LIBS spectra, the observed
intensity can contain both an emission-line component and a local
baseline component. The measured intensity may therefore be
expressed as X(4) = E(4) + B(4) + (1), where E(4) is the emission-
line contribution, B(Z) is the baseline component, and e(4)
represents random noise. Neglecting the average noise
contribution, the class-mean difference at an emission-line
wavelength Az can be written as AXeo(Ar) = AEco(AL) + ABeo(AL),
where AXco (M) = Xc(A) — X, (X)), AE,,(A) = E.(A,) —
E,(A;) and AB.,(A;) =B.(A,) — B,(A;) . Therefore, the
signed OTTO-WDID observed at the emission wavelength is
expressed as Eq. (8).

AEco (A1) +ABco (A1)
Sp,co(AL)

Sco(Ay) = ®

Also, the pooled standard deviation, spco(AL), in the above
equation reflects the combined variability of the emission-line
intensity, local baseline fluctuation, and random noise. Therefore,
rather than explicitly decomposing the pooled variance into
separate components, the baseline contribution was estimated on
the observed standardized scale using an adjacent non-emission
wavelength. This expression shows that the observed OTTO-
WDID at an emission wavelength can include two contributions:
one from the true emission-line intensity difference and the other
from baseline drift. To estimate the baseline-drift contribution, we
used an adjacent non-emission-line wavelength As, located close
to the emission wavelength Az but outside the emission-line profile.
Since LIBS emission lines generally occupy narrow wavelength
regions, whereas the baseline varies more smoothly over a local
spectral window, the intensity at Az can be approximated as X(1z)
= B(A8) = B(Ar). The class-mean difference at the adjacent baseline
wavelength is approximately AXeo(As) =~ ABceo(A). If A is
sufficiently close to Az, the local baseline drift at the two
wavelengths can be assumed to be similar: ABeo(Ar) = ABeo(AB).
The signed OTTO-WDID at the adjacent baseline wavelength is
expressed as Eq. (9).

AXeo(lg) _ ABeo(Ag)
Sco(Ap) = B = z

Sp,co (18) - Sp,co (1)

©

Therefore, the local baseline mean difference can be estimated
as ABco(AB) = Sco(AB)sp.co(AB). To express this baseline contribution
on the same standardized scale as the OTTO-WDID at the
emission wavelength Az, it is divided by sp.co(AL). The standardized
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baseline-drift contribution at the emission wavelength is then
estimated as Eq. (10).

sp,co(ﬂB)
~ B 1
SB.co (L) = Sco(Ap) Sp,co(AL) (10)

The emission-line-specific ~ signed  contribution can
consequently be obtained by subtracting the estimated baseline-
drift contribution from the observed signed OTTO-WDID at the
emission wavelength as Eq. (11).
Sp,co(4B)
SE,co (A1) = Sco(A) — Sco(AB) pco 2 (1)

sp,co(ﬂL)

Finally, the baseline-adjusted emission-line-specific OTTO-
WDID is defined as Eq. (12).

DE,co (A) =

CcO }’
Seo(An) = Seo(25) 222 (12

Sp,co(AL)

@) . . .

This local correction does not require full baseline correction of
the entire spectrum. Instead, it estimates the baseline-drift
contribution directly from the OTTO-WDID behavior at a
neighboring non-emission wavelength. The approach is based on
the assumption that the baseline varies smoothly in the local
spectral region and that the selected adjacent wavelength is free
from emission-line contribution. Therefore, Dgco(dr) can be
interpreted as an approximate emission-line-specific interclass
distance after removing the local baseline-drift contribution.

Calculation of baseline-drift-corrected OTTO-WDID values.
Fig. 2a shows the OTTO-WDID spectra of the five salt sample
classes. Two or three most prominent interclass-distance peaks are
indicated by red arrows for each class. For the S1 sample,
particularly large S1-to-the-others interclass distances were observed
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Fig. 2 (a) OTTO-WDID spectra of the five salt sample classes. (b) One-to-the-others interclass distance values before and after baseline-drift correction for
the candidate emission peaks for classifying each class. (¢ — g) Expanded LIBS spectra showing the finally selected peaks: Ba II at 455.4 nm, Si I at 288.2
nm, Calat 612.2 nm, Sr II at 407.8 nm, and Li I at 670.8 nm, respectively. In a, two or three most prominent interclass-distance peaks are indicated by the

red arrows for each class. In b, the finally selected peaks are indicated by “*””.
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at 455.442 and 493.394 nm. These two emission lines were
assigned to Ba II, indicating that the S1 class was mainly
distinguished from the other salt classes by the presence of Ba-
related spectral features. To select the most representative
wavelength for the final classification model, the baseline-drift-
corrected OTTO-WDID values were calculated for these two Ba
II emission lines. The local baseline contribution was estimated
using the intensities at adjacent non-emission wavelengths,
455.121 nm for the 455.442 nm line and 492.737 nm for the
493.394 nm line. For the Ba II line at 455.442 nm, the raw
interclass distance was 3.02, which decreased to 2.68 after
baseline-drift correction. In contrast, for the Ba II line at 493.394
nm, the interclass distance increased slightly from 2.54 to 2.67
after correction. Therefore, although the 455.442 nm line showed
a clearly larger interclass distance than the 493.394 nm line before
correction, the two Ba Il lines exhibited almost identical interclass
distances after removing the local baseline-drift contribution. This
result is physically reasonable because both lines originate from
electronic transitions of Ba II from the excited 6p orbital to the 6s
ground state, differing only in the total angular momentum of the
excited state. Since Ba is expected to be present only at trace levels
in the S1 salt sample, significant intensity distortion due to self-
absorption is unlikely 2®. Therefore, the two Ba II lines are
expected to provide comparable class-discriminating information.
The convergence of their corrected interclass distances supports
the validity of the proposed baseline-drift correction approach and
suggests that the correction effectively extracts the emission-line-
specific contribution from the observed OTTO-WDID values.
Based on these results, the Ba II peak intensity at 455.442 nm was
selected as the representative variable for distinguishing the S1
class from the other classes.

For the S2 sample, the major peaks in the S2-to-the-others
OTTO-WDID spectrum were observed at 212.382, 250.637, and
288.166 nm, all of which were assigned to Si I emission lines. The
adjacent non-emission wavelengths used as local baseline
references were 211.927, 255.552, and 290.439 nm for the Si I

emission lines at 212.382,250.637, and 288.166 nm, respectively.

This indicates that the S2 class was mainly distinguished from the
other salt classes by Si-related spectral features. The corrected
interclass distances of the Si I lines at 212.382, 250.637, and
288.166 nm were 7.82, 7.59, and 8.45, respectively. Among them,
the Si I line at 288.166 nm showed the largest interclass distance
after baseline-drift correction, indicating that this line provided the
most favorable combination of class-dependent intensity
difference and within-class reproducibility. Therefore, the Si I
peak intensity at 288.166 nm was selected as the representative
variable for distinguishing the S2 class from the other classes.

For the S3 sample, the OTTO-WDID spectrum indicated that
S3 was clearly distinguished from the other classes by Ca-related
spectral features. Many of the major peaks observed in the S3-to-
the-others OTTO-WDID spectrum, including those at 612.172
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and 443.597 nm, were assigned to Ca I emission lines. Among
them, the interclass distance before baseline-drift correction was
largest at 612.172 nm, followed by 443.597 nm. Therefore,
baseline-drift-corrected OTTO-WDID values were calculated for
these two Ca I emission lines using adjacent non-emission
wavelengths as local baseline references. The local baseline
wavelengths were 611.130 nm for the Ca I 612.172 nm line and
441.320 nm for the Ca I 443.597 nm line. For the Ca I line at
612.172 nm, the raw interclass distance decreased from 11.26 to
10.86 after baseline-drift correction. In contrast, the interclass
distance at 443.597 nm changed only slightly from 10.70 to 10.71.
It is noteworthy that both Ca I lines at 612.172 and 443.597 nm
are relatively weak emission lines. Nevertheless, they exhibited
larger discriminating power than the much stronger Ca II lines at
393.34 and 396.84 nm and the Ca I line at 422.66 nm. This result
suggests that, under conditions where sufficient signal-to-noise
ratios are maintained, weak emission lines that are less affected by
self-absorption can provide stronger and more reliable class-
discriminating information than intense resonance lines ?. The Ca
I peak intensity at 612.172 nm was selected as the representative
variable for distinguishing the S3 class from the other classes.

For the S4 sample, the largest S4-to-the-others interclass
distances before baseline-drift correction were observed at
407.738 and 421.546 nm. These two peaks were assigned to Sr 11
emission lines, indicating that the S4 class was mainly
distinguished from the other salt classes by Sr-related spectral
features. The baseline-drift-corrected OTTO-WDID values were
calculated using the adjacent non-emission wavelengths at
408.620 and 420.407 nm as local baseline references for the
407.738 and 421.546 nm lines, respectively. The interclass
distance at 407.738 nm decreased slightly from 4.66 to 4.63 after
correction, whereas that at 421.546 nm changed only marginally
from 4.40 to 4.39. Thus, the baseline-drift contribution was very
small for both Sr II lines. Because the Sr II line at 407.738 nm
showed the larger interclass distance both before and after
baseline-drift correction, the Sr II peak intensity at 407.738 nm
was selected as the representative variable for distinguishing the
S4 class from the other classes.

For the S5 sample, large S5-to-the-others interclass distances
were observed at 396.193 and 670.635 nm, which were assigned
to Al and Li I emission lines, respectively. This indicates that the
S5 class was distinguished from the other salt classes mainly by
Al- and Li-related spectral features. To evaluate the influence of
local baseline drift, baseline-drift-corrected OTTO-WDID values
were calculated using adjacent non-emission wavelengths as local
baseline references. The adjacent non-emission wavelengths used
as local baseline references were 395.139 nm for the A11396.193
nm line and 669.796 nm for the Li I 670.635 nm line. The
interclass distance of the Al I line at 396.193 nm changed only
slightly from 9.27 to 9.26 after correction, whereas that of the Li I
line at 670.635 nm decreased from 10.60 to 10.47. Although both
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lines retained large corrected interclass distances, the Li I line
showed the larger value even after baseline-drift correction.
Therefore, the Li I peak intensity at 670.635 nm was selected as
the representative variable for distinguishing the S5 class from the
other classes. It is also noteworthy that, unlike the cases where
multiple emission lines originated from the same element, the
corrected interclass distances of the Al I and Li I lines did not
converge to similar values. This is physically reasonable because
these two lines originate from different elements, and their class-
discriminating powers are determined by different element-
specific concentration differences and within-class variabilities.
Thus, even for trace-level elements, the baseline-corrected
interclass distances can remain different when the corresponding
emission lines reflect intrinsically different chemical contributions
to class separation.

The one-to-the-others interclass distance values before and after
baseline-drift correction for the candidate emission peaks for
classifying each class are shown in Fig. 2b indicating the finally
selected peaks are marked using “*”. Although the preliminary
evaluation was performed using single-point intensities at the
selected wavelengths, the final classification models were
constructed using baseline-subtracted peak areas. For each
selected emission line, a local spectral window was defined, and a
linear baseline was estimated from the intensities at both ends of
the window . The peak area was then calculated by integrating
the baseline-subtracted intensity over the selected window. This
approach reduces the influence of slight wavelength shifts and
provides a more robust representation of emission-line intensity
than a single wavelength point. Figs. 2¢c-2f show the expanded
LIBS spectra around the selected emission peaks based on the
baseline- drift-corrected one-to-the-others interclass distance
values. The emission peaks of Ba Il at 455.4 nm, Si I at 288.2 nm,
Calat612.2 nm, Sr1I at 407.8 nm, and Li I at 670.8 nm show the
strongest intensities for S1, S2, S3, S4, and S5, respectively,
corresponding to the classes for which they exhibit the largest one-
to-the-others interclass distances.

To compare the proposed local baseline-drift correction with
conventional baseline preprocessing, whole-spectrum baseline
subtraction was additionally applied to all 150 LIBS spectra before
calculating OTTO-WDID. The baseline of each spectrum was
estimated using asymmetrically reweighted penalized least-
squares smoothing (arPLS) with a smoothing parameter of 1 x
10°3" and OTTO-WDID spectra were recalculated from the
baseline-subtracted spectra. The purpose of this comparison was
not to replace the local correction procedure, but to evaluate how
the OTTO-WDID peak ranking changes when the baseline
contribution is removed before variable selection. The whole-
spectrum baseline subtraction changed the exact rank order of
some high-OTTO-WDID peaks, which is expected because
several prominent peaks in the OTTO-WDID spectra showed
similar interclass-distance values. For S1, the largest interclass
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distance after whole-spectrum baseline subtraction was observed
at Ba II 493.4 nm, which was one of the two Ba II candidate lines
identified from the raw OTTO-WDID spectrum. For S2, Si1250.7
nm gave the largest value after whole-spectrum baseline
subtraction, again corresponding to one of the three Si I candidate
lines. For S4, Sr II 407.8 and 421.6 nm remained the two most
discriminative peaks in the same order as in the raw OTTO-WDID
spectrum. For S5, the highest interclass distance was observed at
Al 1 308.2 nm, followed by Li I 670.8 nm and Al I 396.2 nm,
indicating that the S5-specific discrimination remained associated
mainly with Al- and Li-related spectral features. In the case of S3,
many wavelengths showed large and similar interclass-distance
values in the S3-to-the-others OTTO-WDID spectrum, making
the exact peak ranking more sensitive to baseline preprocessing.
After whole-spectrum baseline subtraction, the highest interclass
distance was observed at Fe 1 400.9 nm, whereas the original Ca I
candidate lines at 443.5 and 612.2 nm still remained among the
top-ranked peaks. These results show that whole-spectrum
baseline subtraction can influence the detailed ranking of highly
discriminative peaks, especially when several peaks have
comparable OTTO-WDID values. Nevertheless, the major class-
specific spectral features identified from the raw OTTO-WDID
spectra were largely retained after baseline subtraction. Therefore,
whole-spectrum baseline subtraction can be incorporated as a
useful preprocessing step in future OTTO-WDID-based modeling
pipelines, while the proposed local correction provides a simple
emission-line-specific estimate of baseline-drift contribution for
selected candidate peaks without requiring full-spectrum baseline
fitting.

Sequential threshold-rule-based classification. Fig. 3a shows
the class-wise mean z-scores of the five OTTO-WDID-selected
peak-area variables. Although these variables were selected
independently for each target class using the one-to-the-others
criterion, the radar chart provides a useful overview of how the
five salt classes are distributed along the selected class-specific
variable axes. The Ba II 455.442 nm variable was characteristic of
S1, but the S1 distribution along this axis showed relatively large
variability. In contrast, the Si I 288.166 nm, Ca I 612.172 nm, Sr
I 407.738 nm, and Li I 670.635 nm variables showed clearer
class-specific separation patterns for S2, S3, S4, and S5,
respectively. This observation suggested that the OTTO-WDID-
selected variables could be used not only as inputs for
conventional multivariate classifiers, but also as direct class-
specific markers for constructing a simple rule-based classification
model. Because OTTO-WDID identifies a wavelength that
separates one target class from all remaining classes, it is naturally
compatible with a sequential one-to-the-others threshold-rule
classifier 3>*3. In this model, each decision step uses one class-
specific variable and one threshold to determine whether a
spectrum belongs to a target class. Spectra that satisfy the threshold
rule are assigned to the target class, whereas the remaining spectra
are passed to the next decision step. For a K-class problem, at most
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Fig. 3 (a) Radar chart of class-wise mean z-scores using baseline-subtracted
peak areas with error bars representing one standard deviations of the
corresponding variables and (b) Sequential threshold-rule classification
process for the sequence of S2 - S3 — S4 — S5 — S1.

K — 1 sequential threshold rules are required, because after K — 1
classes are assigned, all unassigned spectra can be classified as the
remaining class. Therefore, for the present five-class problem, four
threshold rules are sufficient.

The sequential classification process used in this study is
illustrated in Fig. 3b. The classification sequence was set as S2 —
S3 — S4 — S5 — SI. First, S2 was separated from all other
spectra using the Si288.166 nm peak-area variable. Then, among
the remaining spectra, S3 was separated using Ca [ 612.172 nm.
Next, S4 was separated using Sr II 407.738 nm, followed by the
separation of S5 using Li I 670.635 nm. Spectra that were not
assigned to S2, S3, S4, or S5 were finally classified as S1, the
residual class. This sequence was chosen because the S1-specific
Ba II 455.442 nm peak, although selected by OTTO-WDID, was
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relatively weak and showed larger uncertainty than the other class-
specific variables. This resulted in the smallest interclass distance
value among those of the five selected variables (see Fig. 2b).
Assigning S1 as the residual class avoids the need to directly
classify S1 using an uncertain Ba II threshold. The threshold for
each step was determined from the training data. Candidate
thresholds were generated from the midpoints between adjacent
sorted peak-area values, and both decision directions, (x > ) and
(x <), were evaluated with x and ¢ representing the variable score
and threshold value, respectively. The threshold and direction
giving the highest binary training accuracy for the target class
versus the remaining spectra were selected. In LOO-CV, the left-
out spectrum was completely excluded from threshold
determination. Thus, for each fold, all threshold values were re-
optimized using only the remaining 149 training spectra, and the
left-out spectrum was then classified by passing it through the
sequential threshold rules.

Figure 4 shows the distributions of the peak-area values used in
the four threshold decisions. In the first step, S2 was completely
separated from S1, S3, S4, and S5 using the Si I 288.166 nm peak
area. The optimized full-data threshold was 10663.9525, and
spectra with peak areas above this value were assigned to S2. After
removing S2, S3 was separated from the remaining S1, S4, and S5
spectra using the Ca I 612.172 nm peak area, with a threshold of
53612.7535. In the third step, S4 was separated from the
remaining S1 and S5 spectra using the Sr 11 407.738 nm peak area,
with a threshold of 26156.0285. Finally, S5 was separated from
the remaining S1 spectra using the Li 1 670.635 nm peak area, with
a threshold of 13504.5108. These histograms demonstrate that
each OTTO-WDID-selected variable acts as a clear class-specific
marker in its corresponding decision step. Using the sequence S2
— S3 — S4 — S5 — S1, the sequential threshold-rule classifier
achieved 100.0% LOO-CV classification accuracy. All 150
spectra were correctly classified, confirming that complete five-
class discrimination could be achieved using only four class-
specific variables and four simple threshold decisions. This result
is important because it shows that the OTTO-WDID-selected
variables are not merely useful inputs for statistical classifiers;
rather, they can be directly converted into interpretable threshold
rules for multiclass classification. The effect of classification
sequence was further examined because an ordered threshold-rule
classifier can be sensitive to rule order. In such a model, a spectrum
assigned at an earlier step is not passed to later decision steps;
therefore, the position of a less reliable class-specific rule can
influence the final classification result. Fig. 5 compares five
different sequences in which the position of S1 was systematically
varied: S1 - S2 — S3 —S4 — S5,S2 — S1 — S3 — S4 — S5,
S2—»S3 — S1 -S4 —S5,S2— S3 -S4 — S1 —S5,and S2
— S3 — S4 — S5 — S1. The corresponding LOO-CV accuracies
were 94.0%, 94.0%, 96.7%, 99.3%, and 100.0%, respectively. In
addition, when S1 was fixed as the residual class, changing the
order of the preceding four classes, S2, S3, S4, and S5, did not
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affect the final classification performance; all tested permutations
of these four threshold rules still achieved 100.0% LOO-CV
accuracy. This indicates that the key factor was not the specific
ordering among S2 — S5, but rather the assignment of S1 as the
residual class, which avoided the direct use of the less reliable Ba
II threshold rule. The confusion matrices in Fig. 5 show that the
decrease in accuracy was mainly associated with the direct use of
the S1 threshold rule. When S1 was classified early in the sequence,
several S1 spectra were misclassified, and additional errors were
introduced in the subsequent steps. As S1 was moved toward the
end of the sequence, the classification accuracy gradually
improved. The best performance was obtained when S1 was
assigned as the residual class after S2, S3, S4, and S5 had been
sequentially separated. The confusion matrices in Figure 5 further
reveal the detailed error patterns caused by the direct use of the
S1 threshold rule. When S1 was placed as the first or second
active threshold rule, eight S1 spectra were not captured by the
Ba Il-based S1 rule and were finally assigned to the residual S5
class; in addition, one S3 spectrum was falsely assigned to S1.
When S1 was placed after S2 and S3, only one S1 spectrum was
assigned to the residual S5 class, but four S4 spectra were
incorrectly captured by the S1 rule. When S1 was placed after S2,
S3, and S4, the only remaining error was one S1 spectrum
assigned to S5. In contrast, no misclassification was observed
when S1 was assigned as the residual class after S2, S3, S4, and
S5 had been sequentially separated. These patterns indicate that
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the relatively weak and variable Ba II signal caused both false
negatives for S1 and false positives from other classes when it
was used as an active threshold rule. Assigning S1 as the residual
class therefore avoided the direct use of this less reliable
threshold rule and eliminated these misclassifications.

CONCLUSION

In this study, we introduced OTTO-WDID as a class-specific
variable-selection strategy for multiclass LIBS classification. The
central idea of OTTO-WDID is to evaluate each wavelength by
comparing one target class with all remaining classes. This one-to-
the-others formulation is particularly suitable for LIBS spectra
because class-discriminating information is often localized in a
small number of emission lines, including weak emission lines or
those of trace elements that may not be apparent from spectral
intensity alone. The OTTO-WDID analysis identified class-
specific emission-line variables for the five edible salt products:
Ball 455.4 nm for S1, Si1288.2 nm for S2, Cal 612.2 nm for S3,
Sr II 407.8 nm for S4, and Li I 670.8 nm for S5. These selected
variables did not merely represent strong spectral peaks, but rather
wavelengths with high one-to-the-others discriminating power.
The results also showed that the selected variables provided
complementary class-specific information. In this sense, OTTO-
WDID intrinsically promotes a type of discriminative
orthogonality among the selected variables, where different
variables tend to distinguish different target classes from the
remaining classes. This class-specific and complementary nature
of the OTTO-WDID-selected variables makes them particularly
well suited for sequential threshold-rule classification. The
sequential classifier follows the same logic as the variable-
selection criterion: one target class is separated from the remaining
spectra using its class-specific variable and a simple threshold, and
the unassigned spectra are then passed to the next decision step.
Thus, OTTO-WDID and sequential threshold-rule classification
are conceptually aligned. The former identifies the most
appropriate class-specific variable for each one-to-the-others
decision, and the latter implements these decisions as an ordered
set of simple, transparent threshold rules. The proposed
framework also provides a practical strategy for reducing the
number of variables required for multiclass classification. For a K-
class problem, only K — 1 active threshold rules are needed
because the final class can be assigned as the residual class after
the other classes have been separated. This feature is useful when
one of the class-specific variables is less reliable than the others.
In the present study, the relatively weak and variable Ba II line
selected for S1 was excluded from the active threshold-rule
sequence, and S1 was assigned as the residual class. Using the
remaining four class-specific variables, the sequential threshold-
rule classifier achieved 100.0% accuracy in LOO-CV for the five-
class salt classification problem. Overall, the proposed approach
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provides a simple and interpretable pipeline for multiclass LIBS
modeling: OTTO-WDID first identifies class-specific and
mutually complementary emission-line variables, the least reliable
class-specific variable can be excluded from the active threshold-
rule sequence, and the corresponding class can be assigned as the
residual class. The remaining K — 1 variables are then used to
construct a sequential threshold-rule classifier. This strategy
reduces high-dimensional LIBS spectra to a compact set of
chemically meaningful variables and enables transparent
classification without relying on complex multivariate or black-
box models. The proposed OTTO-WDID-based sequential
threshold-rule classification framework may be useful for other
LIBS classification problems in which samples share similar
matrix compositions but differ in minor or trace elemental

signatures.
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