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ARTICLE INFO ABSTRACT
Keywords: Ensuring consistent quality of recycled aggregates is essential for their wider use in circular construction. Laser-
Recycled aggregates induced breakdown spectroscopy (LIBS) enables rapid elemental inspection, yet its performance in automated

Construction and demolition waste
Laser-induced breakdown spectroscopy
Spectral representation

sorting systems is strongly shaped by how raw spectra are represented. This study adopts a representation-first
benchmarking perspective and evaluates four representative feature families, namely variance-driven Principal
Quality control Component Analysis (PCA), manifold learning-based Isomap, label-driven Partial Least Squares Discriminant
Conveyor-belt sorting Analysis (PLS-DA), and cepstral envelope-line separation, together with a raw-spectrum logistic-regression
Circular construction baseline and a histogram gradient boosting (HGB) reference model. The benchmark uses 24,000 single-shot
spectra collected from ten material classes under conveyor-belt conditions, and repeated stratified random-
split evaluation is used to assess the robustness of the comparative results across data splits. Across the evalu-
ated models, cepstral features deliver the strongest overall performance, while PCA and the raw-spectrum lo-
gistic-regression baseline remain closely competitive. Isomap broadens the comparison toward non-linear
manifold-based embeddings but does not improve performance in the present dataset, and PLS-DA shows the
weakest stability under strong channel collinearity and class overlap. The results indicate that explicit feature
extraction is not uniformly beneficial across all methods, but that spectral representation remains a major source
of performance variation under controlled conveyor-like LIBS acquisition. In particular, cepstral features provide
the most favourable balance among classification performance, robustness to baseline variation, and compact-
ness, whereas PCA remains attractive when interpretability is prioritised. These findings provide a controlled
benchmark and practical guidance for designing reliable and explainable LIBS-based quality-assurance pipelines
for recycled-aggregate processing.

1. Introduction concrete represents the dominant fraction, and its upcycling into recy-
cled coarse and fine aggregates (RCA and RFA) offers a promising route

The large-scale recycling of construction and demolition waste has to reduce reliance on virgin raw materials [4-6]. However, the quality of
become a key component of circular construction and sustainable these secondary aggregates is often compromised by contaminants such
resource management [1-3]. Among these waste streams, end-of-life as brick, foam, glass, gypsum, mineral fibres, plastics, and wood [7-10].
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Even at low concentrations, these impurities can significantly deterio-
rate the mechanical and durability properties of recycled concrete,
limiting its structural performance and raising safety concerns. Accurate
and efficient contaminant identification is therefore a prerequisite for
ensuring that recycled aggregates meet the quality requirements of
high-grade applications. In practice, inline quality assurance must meet
industrial throughput requirements, where latency and computational
footprint can be as critical as accuracy.

Laser-Induced Breakdown Spectroscopy (LIBS) has become a widely
recognised analytical technique for this purpose due to its ability to
perform rapid, in-situ elemental analysis across a wide variety of ma-
terials. A high-energy laser pulse focused on the sample surface gener-
ates a transient microplasma whose emission spectrum reflects the
elemental composition of the ablated material [11-14]. The emitted
light is dispersed and recorded by a spectrometer, producing
high-dimensional spectra that capture both major and trace elements.
LIBS has already been applied in environmental monitoring, geological
exploration, and industrial quality assurance because of its speed,
versatility, and minimal sample preparation [15-17]. In the context of
recycled aggregates, LIBS offers particular advantages: it can be inte-
grated into conveyor-belt sorting lines, enabling the single-shot detec-
tion of contaminants during high-throughput processing.

Nevertheless, LIBS data pose unique challenges for industrial
deployment. Each single-shot spectrum contains thousands of wave-
length channels, with substantial redundancy, noise, and baseline drift
caused by varying plasma conditions or environmental factors. More-
over, many contaminants produce overlapping emission signatures,
particularly when RCA particles retain cementitious residues [18].
Direct classification on raw spectra is therefore suboptimal. Effective
feature extraction is required to reduce dimensionality, suppress irrel-
evant variation, and highlight the discriminative information needed for
reliable classification.

A range of feature extraction methods has been adopted in LIBS
research. Common LIBS representations include unsupervised
compression such as Principal Component Analysis (PCA) [19-22] and
supervised latent-variable representations such as Partial Least Squares
Discriminant Analysis (PLS-DA) [23-27], which can reduce sensitivity
to baseline variations. More recently, Cepstrum analysis, traditionally
developed for speech signal processing, has been applied to spectro-
scopic data to separate slow-varying spectral envelopes from fine
emission structures, thereby improving robustness to baseline fluctua-
tions. Despite their frequent use, their comparative behaviour in
multi-contaminant recycling streams, including robustness and compu-
tational cost under throughput constraints, remains insufficiently
documented. This motivates a focused benchmark of representative
feature spaces under conveyor-like acquisition.

From both an industrial quality assurance and a data-processing
viewpoint, this gap is critical. Feature extraction is not a neutral step:
the way spectral information is represented determines the stability,
interpretability, and efficiency of subsequent classification. Yet most
prior work has focused either on proposing new classifiers or on incre-
mental variations in preprocessing [28-31]. In particular, whether
representation choice matters more than classifier complexity for sta-
bility under baseline drift remains underexplored.

This study introduces a representation-first framework for deploying
LIBS-based quality assurance systems in recycling plants, and validates
the framework through case studies. In the revised benchmark, we
compare four representative spectral representations—PCA, Isomap,
PLS-DA, and Cepstrum—using the same lightweight classifier to isolate
the effect of representation under conveyor-belt LIBS acquisition. We
further include a raw-spectrum logistic-regression baseline and an end-
to-end histogram gradient boosting (HGB) [32-35] reference model to
contextualise the contribution of explicit feature extraction. Evaluation
covers accuracy-oriented metrics, error structure, and repeated strati-
fied random-split performance, together with indicators relevant to
real-time deployment. Here, the term “representation-first” is used in a
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controlled benchmarking sense rather than as an exhaustive survey of all
possible spectral embeddings. The selected methods are intended to
span several practically relevant feature families, including linear
variance-based, non-linear manifold-based, supervised latent-variable,
and transform-based representations.

The main contributions of this work are threefold. First, we propose a
representation-first framework that explicitly treats spectral represen-
tation as a design choice under robustness and deployment constraints.
Second, we conduct a controlled benchmark of four representative
feature families on a ten-class conveyor-belt LIBS dataset using a
consistent classifier and evaluation protocol, and further contextualise
these results with a raw-spectrum logistic-regression baseline and an
HGB reference model. Third, we summarise practical considerations for
selecting representations in inline recycled-aggregate quality assurance
while clarifying the scope and limits of the present benchmark.

The remainder of this paper is organised as follows. Section 2 reviews
related work and situates the present study within existing LIBS and
feature extraction research. Section 3 describes the dataset and experi-
mental setup. Section 4 presents the feature extraction methods under
study, while Section 5 outlines the evaluation protocol. Section 6 reports
the comparative results and discusses their implications for both signal
processing methodology and industrial practice. Section 7 concludes the
paper and outlines directions for future research.

2. Related work

LIBS has been widely applied for rapid material characterisation, and
numerous studies have demonstrated its potential for recycling and
resource recovery applications. Early work on LIBS in construction and
demolition waste mainly focused on demonstrating feasibility, for
instance by distinguishing concrete particles from contaminants such as
glass or brick under controlled laboratory conditions [36]. More recent
efforts have advanced towards inline sorting systems, integrating LIBS
with conveyor belts and automated data processing pipelines [4]. These
studies consistently confirm that while LIBS provides rich elemental
information, the spectral data are high-dimensional and subject to
strong variability, requiring dedicated processing strategies to extract
reliable discriminative features [29,37].

2.1. Feature extraction in LIBS studies

Feature extraction has been a central concern in LIBS research. PCA
is the most common unsupervised approach, employed for dimension-
ality reduction, data visualisation, and clustering of spectral signatures.
Numerous studies report that PCA can separate major classes of mate-
rials such as metals, plastics, and mineral-based aggregates [38]. How-
ever, PCA is variance-driven and not optimised for class separation,
which limits its effectiveness in cases where inter-class differences are
subtle or confounded by background variation.

Non-linear manifold-learning methods provide another relevant
family of spectral representations [39,40]. Approaches such as Isomap
seek a low-dimensional embedding that preserves geodesic neighbour-
hood structure in the original high-dimensional space, and may there-
fore capture non-linear class geometry that is not well represented by
linear projections [39]. Although such methods are less common in
deployment-oriented LIBS pipelines, they offer a useful reference for
assessing whether non-linear structure provides discriminative value
beyond linear and transform-based representations [40,41].

PLS-DA introduces supervision by constructing latent variables that
maximise covariance between spectra and class labels. Several studies in
LIBS have employed PLS-DA for contaminant identification, particularly
in binary or few-class problems [36]. PLS-DA can outperform PCA when
class labels correlate strongly with systematic variance, but it is also
sensitive to noise and collinearity, which are prevalent in LIBS spectra
containing thousands of highly correlated channels [30].

More recently, Cepstrum analysis has been proposed as a feature
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extraction tool for spectral data. Originally developed in speech pro-
cessing and widely used in vibration analysis, the Cepstrum operates on
the log-spectrum to separate slowly varying envelopes from rapidly
oscillating structures. When applied to LIBS, this transformation can
attenuate baseline drift and enhance discriminative emission peaks.
While promising, its application to LIBS remains relatively unexplored,
and few systematic comparisons with PCA or PLS-DA exist.

2.2. Classification and machine learning approaches

Beyond feature extraction, numerous classifiers have been applied to
LIBS spectra, ranging from traditional linear discriminants to modern
machine learning. Support Vector Machines (SVM), Random Forests,
and Gradient Boosted Trees have shown competitive performance in
various LIBS datasets [18,42]. More recently, convolutional neural
networks (CNNs) have been explored for end-to-end spectral classifica-
tion [43-45]. These methods highlight the feasibility of direct classifi-
cation from raw or minimally processed spectra. However, such
approaches often trade interpretability and robustness for accuracy, and
their performance is highly dependent on dataset size, hyperparameter
optimisation, and regularisation strategies.

2.3. Limitations in current literature

Despite these advances, several limitations persist. First, many LIBS
studies report results on relatively simple datasets (e.g., binary classifi-
cation of one contaminant vs. clean aggregate), which do not reflect the
multi-class, noisy conditions encountered in industrial recycling. Sec-
ond, comparisons are often made between different classifiers rather
than between feature extraction strategies [46]. As a result, it remains
unclear whether performance differences arise from the choice of clas-
sifier or from the underlying representation of the spectra. Third, sys-
tematic evaluation across multiple contaminants with rigorous metrics
(e.g., macro-F1, ROC, and error structures) is rare, although such eval-
uation is essential to assess robustness in realistic settings [4].

2.4. Positioning of the present study

The present work builds on this literature by focusing specifically on
the role of feature extraction in LIBS-based contaminant identification.
Instead of emphasising classifier novelty, we benchmark four concep-
tually distinct feature extraction approaches—variance-driven (PCA),
manifold-based (Isomap), label-driven (PLS-DA), and envelope/fine-
structure separation (Cepstrum)—within a unified experimental
framework. To ensure fairness, all feature-based pipelines are evaluated
with a common classifier (Logistic Regression), while a raw-spectrum
logistic-regression baseline and an HGB reference model provide addi-
tional points of comparison. This design enables us to isolate the impact
of representation and to identify the mechanisms that govern robust-
ness, interpretability, and efficiency in LIBS classification.

3. Dataset and experimental setup
3.1. Material samples

The experimental dataset was derived from end-of-life (EoL) con-
crete and demolition waste collected at multiple dismantling sites in the
Netherlands. To minimise cross-contamination, selective demolition
procedures were adopted, ensuring that concrete was removed with
minimal admixture of foreign materials. Additional contaminants,
including brick, foam, glass, gypsum, mineral fibres, plastics, cement
paste, and wood, were manually separated from the demolition streams.
Together with the RCA and RFA, these materials constituted the ten
target classes used in this study.

For each class, materials collected from multiple sites were pooled to
form a representative reference batch. Samples were prepared to reflect
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typical particle sizes encountered in industrial recycling operations.
Material geometry therefore varies by class, ranging from granular ag-
gregates to irregular fragments or fibrous pieces, and discrete physical
specimens are not defined in this pooled design. During acquisition, all
materials were measured in an air-dried state and spread on the
conveyor to a bed thickness of approximately 4 cm. This dataset design
reflects the compositional heterogeneity of demolition waste and sup-
ports controlled benchmarking under realistic multi-class conditions.

3.2. Experimental setup

The experimental setup (Fig. 1) was designed to emulate inline
quality inspection on conveyor belts, as encountered in industrial
recycling facilities. It comprised three main components: a laboratory-
scale conveyor belt, a Q-switched Nd:YAG laser source, and an Echelle
spectrometer for plasma emission capture.

The Q-switched Nd:YAG laser (TRLi DPSS Series) operated at the
fundamental wavelength of 1064 nm, with a pulse energy of 170 mJ, a
repetition rate of 100 Hz, and a pulse width of 8-10 ns. The pulse energy
was chosen to ensure reliable plasma formation and adequate signal
strength under in-air, conveyor-like acquisition on heterogeneous par-
ticle surfaces; we note that such conditions can increase shot-to-shot
variability, which is reflected in the single-shot benchmark reported in
this study. The beam was focused vertically onto the sample stream
using a 300 mm focal length lens. Each pulse ablated a small volume of
material, producing a transient plasma.

Plasma emission was collected through a collection lens module and
transmitted via optical fibre to an Iris series Echelle spectrometer
(SPECTRAL Industries, the Netherlands), covering a spectral range of
approximately 179-1200 nm. To reduce the influence of the early
plasma continuum, a detection delay of 1.5 ps was introduced,
controlled by a digital delay generator (Quantum Composers).

The conveyor belt was operated at a constant speed of 20 cm/s.
Combined with the 100 Hz pulse repetition, this configuration yielded
one laser shot every ~2 mm along the belt, ensuring dense spatial
sampling of moving particles. All measurements were performed under
standard atmospheric conditions, replicating the non-vacuum environ-
ment typical of industrial practice.

The optical system operated in a fixed-focus configuration without
automatic focus adjustment. During acquisition, the material layer was
levelled to an approximately consistent height, while residual small
height variations were treated as part of the single-shot variability of the
benchmark.

3.3. Data acquisition

Each laser shot generated a single LIBS spectrum corresponding to a
localised spot on the particle surface. For each material type, 2400
single-shot spectra were acquired during a single conveyor pass (Fig. 2),
resulting in a balanced dataset across all ten classes. Materials were not
recirculated and no repeated passes were performed; shots were taken at
spatially separated locations along the belt to avoid repeated firing on
the same spot. The 2400 spectra per class correspond to all acquired
single-shot spectra used in this study, and no additional post hoc
filtering or discarding of unstable events was performed. The raw
spectra [47], consisting of 11,790 intensity channels per shot, served as
the basis for subsequent feature extraction and classification analyses.

4. Feature extraction methods

LIBS spectra contain thousands of wavelength channels per mea-
surement, with strong collinearity and significant noise originating from
plasma fluctuations, baseline drift, and surface heterogeneity. Directly
applying classifiers to such high-dimensional raw data often leads to
overfitting, computational inefficiency, and reduced robustness. Feature
extraction therefore plays a critical role: by transforming spectra into
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Fig. 2. Representative LIBS spectra of cement paste samples (multi-shot measurements).

compact and discriminative representations, it reduces dimensionality,
suppresses irrelevant variation, and emphasises spectral information
that aligns with class boundaries.

This study considers four feature extraction strategies, PCA, Isomap,
PLS-DA, and Cepstrum analysis, together with a raw-spectrum logistic-
regression baseline and an HGB reference model. The methods represent
four conceptually distinct approaches: variance-driven, manifold-based,
label-driven, and envelope—fine-structure separation. They are chosen as
representative case studies for a deployment-oriented LIBS benchmark,
rather than as an exhaustive survey of all spectral representation
methods. A complete summary of the parameter settings used in the
benchmark is provided in Supplementary Table S1.

4.1. Raw-spectrum logistic-regression (LR) baseline

To isolate the contribution of explicit feature extraction, we

additionally trained a logistic-regression (LR) baseline directly on the
raw spectra. The same train/test protocol and optimisation framework
were used as for the feature-based logistic-regression pipelines, so that
performance differences can be attributed primarily to the input repre-
sentation rather than to the classifier family.

4.2. PCA

PCA is a widely used unsupervised dimensionality reduction tech-
nique that projects high-dimensional data into a lower-dimensional
subspace while retaining the maximum possible variance [48,49]. In
the context of LIBS, where each single-shot spectrum consists of thou-
sands of wavelength-intensity pairs, PCA helps to eliminate redun-
dancy, reduce noise, and reveal latent spectral structures that are not
directly observable in the raw data.

Formally, given a dataset of n single-shot LIBS spectra, arranged in a
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matrix:

X e R™? D

where p is the number of recorded wavelengths (11,790 in our dataset),
PCA proceeds by centering the spectra and computing the covariance
matrix:

1

C= mXTX 2

The eigendecomposition of C yields:

Cvy=iv,j=1,2,....p 3)

where v; are the eigenvectors (principal axes) and 4; are the eigenvalues,
ordered such that A1 > A2 > --- > Ap. The eigenvectors define orthog-
onal directions in spectral space, and their associated eigenvalues indi-
cate the amount of variance explained.

The projection of spectra onto the first k principal components is
given by:

T =XVi, Vi = [V1,Va, ..., V] ()]

where T € R™* contains the principal component scores, representing
compressed and noise-reduced features. In practice, only the first few
components (typically explaining >95 % of the variance) are retained
for subsequent classification.

In this study, each LIBS spectrum was treated as a vector in RP. PCA
was applied globally across all training samples, ensuring that the
resulting projection directions captured the dominant spectral varia-
tions across the ten material classes. The reduced feature vectors T were
then used as input to a LR classifier. This setup allows a fair comparison
between PCA and other feature extraction methods, isolating the effect
of the representation from that of the classifier.

The interpretability of PCA is also valuable in LIBS analysis. Principal
component loadings often highlight specific wavelength regions corre-
sponding to elemental emission lines (e.g., Ca, Si, Fe). This facilitates
physical interpretation of classification boundaries, linking algorithmic
decisions to underlying material properties. However, PCA remains
variance-driven and label-agnostic: the dominant directions may cap-
ture global spectral variation (e.g., baseline shifts or common peaks)
rather than features most relevant for class discrimination. This explains
why PCA achieves competitive but not always optimal performance in
distinguishing contaminants with overlapping emission patterns, such
as foam and glass. For construction quality assurance, PCA preserves
interpretability by linking decisions to elemental emission lines, sup-
porting standards compliance and operator diagnosis.

4.3. Isomap

Isomap is a non-linear manifold-learning method that seeks a low-
dimensional embedding while preserving geodesic distances between
neighbouring samples in the original high-dimensional space. Unlike
PCA, which is restricted to linear projections, Isomap can capture curved
low-dimensional structure when spectral variation is not well approxi-
mated by a single linear subspace.

In the context of LIBS, Isomap is relevant as a reference non-linear
representation because heterogeneous materials may exhibit class
structure that is shaped not only by linear intensity variation but also by
non-linear relations induced by overlapping emission features, baseline
effects, and matrix-dependent responses. Including Isomap in the pre-
sent benchmark therefore helps assess whether a manifold-based
embedding provides discriminative value beyond linear or transform-
based representations.

In this study, Isomap was fitted on the training spectra only, and the
resulting low-dimensional embedding was used as input to the same
logistic-regression classifier adopted for the other feature-based pipe-
lines. This preserves comparability and isolates the contribution of the
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representation from that of the classifier. The neighbourhood size and
embedding dimensionality were selected empirically to balance local
structure preservation and classification stability.

4.4. PLS-DA

PLS-DA is a supervised dimensionality reduction method that con-
structs latent variables by maximising the covariance between the pre-
dictor matrix X (spectral intensities) and the response matrix Y (class
labels). Unlike PCA, which identifies variance-maximising directions
without considering class information, PLS-DA seeks projections that are
directly predictive of the categorical response.

Given a spectral dataset X € R™? with n LIBS spectra and p wave-
length channels, and a response indicator matrix Y € R™ encoding
class membership across ¢ material classes, PLS-DA decomposes the data
into:

X=TP" +E (5)
Y=UQ" +F (6)

where T € R™* and U € R™* are the score matrices, P € RP** and Q €
RSk are loadings, and E,F are residuals. The latent variables T are ob-
tained such that the covariance between T and U is maximised. This can
be expressed as an optimisation problem:

Xw, Y
max cov(Xw, Yq) )

subjectto [w]|=1,]q|=1.

The resulting weight vectors w define directions in the spectral space
that best align with the discriminant structure encoded in Y. Once
computed, the latent projections T serve as compressed, label-driven
features that can be used for classification.

PLS-DA can be viewed as a supervised projection method. Starting
from the training spectra X, we encode class membership as a one-hot
response matrix Y, and extract k latent components that capture the
class-discriminative structure in the data. The resulting score matrix T
can be written as T = XW, where W collects the PLS weight vectors w
obtained from the optimisation in Eq. (7). These latent scores provide a
low-dimensional, label-informed representation and are used as inputs
to the logistic-regression classifier, analogous to PCA scores or truncated
cepstral coefficients.

In this study, PLS-DA was applied to the ten-class LIBS dataset, and
LR was subsequently trained on the extracted latent scores to ensure
comparability with PCA and cepstral features.

The potential advantage of PLS-DA in LIBS analysis lies in its ability
to incorporate label information directly into feature construction,
theoretically leading to enhanced separability between material classes.
This is particularly relevant when inter-class differences are subtle but
correlated with specific wavelength bands (e.g., Ca or Si emission
peaks).

However, PLS-DA is also highly sensitive to the statistical structure of
LIBS data. The thousands of correlated wavelength channels in each
spectrum introduce strong collinearity, which destabilises the estima-
tion of latent variables. Moreover, when class boundaries overlap sig-
nificantly—as in the case of recycled aggregates and cement paste—PLS-
DA tends to overfit training data and exhibits poor generalisation. In our
experiments, these effects manifested as a substantial reduction in
macro-F1 compared with PCA and cepstral methods, accompanied by
pronounced off-diagonal entries in the confusion matrix. Here, the
confusion matrix is reported with rows denoting the true classes and
columns denoting the predicted classes; diagonal entries indicate correct
classifications, whereas off-diagonal entries indicate misclassifications
(Fig. 6).

In summary, PLS-DA provides a supervised framework for feature
extraction, but its effectiveness on LIBS spectra is limited by data
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collinearity and class overlap. While it can outperform PCA in controlled
or low-dimensional chemometric settings, its instability in high-
dimensional, noisy, multi-class environments makes it less reliable for
inline contaminant identification in recycled aggregates. Under multi-
contaminant mixtures and collinearity, PLS-DA can trade stability for
label alignment, which may limit reliability under plant conditions.

4.5. Cepstrum analysis

Cepstrum analysis is a signal processing technique originally devel-
oped in speech analysis and vibration diagnostics, designed to separate
slowly varying spectral envelopes from rapidly oscillating fine struc-
tures. Here, we extract cepstral features from the Cepstrum, defined as
the inverse Fourier transform of the log-magnitude spectrum. In simple
terms, this transform separates the slowly varying spectral background
from the finer peak pattern, which reduces sensitivity to baseline drift.
When applied to LIBS spectra, the Cepstrum offers a compact repre-
sentation that suppresses baseline drift while preserving discriminative
emission features.

Given a single-shot LIBS spectrum x[n| sampled across p wavelengths,
the Cepstrum is obtained by first computing the discrete Fourier trans-
form (DFT):

Jj2rkn

p-1
Xk => x[nle » ,k=0,1,...p—1 (8
n=0

The log-magnitude spectrum is then taken:
L[k] = log(|X[k]| + €) ©)
where ¢ is a small stabilisation constant to avoid singularities. Finally,
the cepstral coefficients are given by the inverse DFT of L[k]:

j2rkm

p-1
c[m]:ll)ZL[k]e P ,m=0,1,...p-1 10$)
k=0

Low-order coefficients c[m] describe the slowly varying spectral en-
velope, which captures baseline drift and broad continuum variations.
Higher-order coefficients encode the fine oscillatory structures, corre-
sponding to sharp atomic emission lines. By truncating the Cepstrum to a
limited number of coefficients, one obtains a compact feature vector that
retains discriminative information while attenuating noise and drift.

In this study, cepstral coefficients were computed for each LIBS
spectrum and truncated to retain only the first few dozen coefficients,
corresponding to the most informative envelope and line-structure
components. These reduced-dimension feature vectors were then used
as inputs to LR classifiers, allowing direct comparison with PCA- and
PLS-DA-based pipelines.

The advantage of Cepstrum analysis in LIBS is twofold. First, it
provides robustness against baseline drift caused by variations in plasma
conditions, dust scattering, or optical transmission, which are common
in conveyor-belt environments. Second, it enhances separation of classes
characterised by strong emission lines (e.g., gypsum and mineral fibres),
yielding nearly diagonal confusion matrices in our experiments.

Nevertheless, Cepstrum analysis also exhibits limitations. Because
truncation discards higher-order coefficients, it may lose sensitivity to
very narrow or weak spectral lines. This explains why the method
underperformed on wood, where subtle organic emission features were
critical for discrimination. Moreover, Cepstrum coefficients are less
directly interpretable than PCA loadings, as their relation to individual
emission lines is indirect.

In summary, Cepstrum analysis transfers a well-established tech-
nique from speech and vibration domains into LIBS spectroscopy, where
it achieves high robustness and accuracy. Its strong performance across
most material classes in our dataset demonstrates the value of adopting
cross-domain signal processing tools for complex, noisy spectral data.
Low-quefrency cepstral coefficients suppress baseline drift while
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retaining discriminative lines, improving robustness under variable in-
dustrial environments.

4.6. End-to-end baseline: HGB

To provide a reference point for evaluating the value of explicit
feature extraction, an end-to-end classifier based on HGB was included
in this study. HGB is a tree ensemble method that combines gradient
boosting with histogram-based binning of features, allowing efficient
training on high-dimensional datasets. Unlike PCA, PLS-DA, or cepstral
analysis, HGB operates directly on the raw spectra, learning discrimi-
native decision rules without intermediate feature transformations.

Formally, HGB builds an additive model of the form:

FC) =" V() a1

where each hy,(x) is a decision tree fitted to the residuals of the previous
stage, and y,, are weights determined by gradient descent on a loss
function (e.g., cross-entropy for classification). The histogram approxi-
mation accelerates training by discretising continuous spectral in-
tensities into a fixed number of bins, reducing memory and
computational cost.

For a multi-class problem with classes y € {1,...,C}, HGB minimises
the multinomial deviance:

n C
L=- Z Z 1(y: = c)logpic 12)

i=1 c=1

where p;. is the predicted probability of sample i belonging to class c, and
1(-) is the indicator function.

In the context of LIBS, HGB has two attractive properties. First, it can
capture non-linear interactions between spectral channels, which may
be overlooked by linear projection methods. Second, it avoids manual
feature design, learning discriminative rules directly from the raw in-
tensity values. In our dataset, HGB achieved competitive ROC-AUC
values, confirming its ability to exploit the high-dimensional structure
of LIBS spectra.

However, HGB also has notable limitations. Its performance depends
heavily on hyperparameter tuning (tree depth, learning rate, bin size),
and the resulting decision rules are not readily interpretable in terms of
physical emission lines. For industrial LIBS sorting, this lack of trans-
parency is problematic: operators cannot easily trace a misclassification
back to specific spectral features, making diagnostics and maintenance
more difficult. Moreover, HGB showed reduced stability at decision
boundaries compared with feature-based methods, particularly for
overlapping classes such as RCA and cement paste. While competitive,
end-to-end models can increase computational footprint and reduce
explainability, which is disadvantageous for embedded, auditable
quality assurance pipelines.

In this study, HGB is therefore treated as a baseline reference rather
than a deployable solution. It provides an important point of compari-
son, illustrating the relative advantage of principled feature extraction
methods in terms of robustness, interpretability, and consistency across
contaminant classes.

5. Evaluation protocol

The evaluation protocol was designed to provide a fair and consistent
comparison of six methods under study: raw-spectrum LR, PCA+LR,
Isomap-+LR, PLS-DA, Cepstrum+LR, and the HGB reference model. All
methods were applied to the same dataset of ten material classes (brick,
cement paste, foam, glass, gypsum, mineral fibres, plastics, RCA, RFA,
and wood), with 2400 single-shot LIBS spectra per class, yielding a total
of 24,000 spectra. Each spectrum consisted of 11,790 intensity channels
across the wavelength range 179-1200 nm.
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5.1. Data partitioning

The dataset was randomly divided into training and test subsets
using a stratified split to preserve class balance. The split was performed
at the shot level by randomly partitioning the 2400 single-shot spectra
per class into training and test sets. The training set was used for feature
extraction and classifier training, while the test set was used to evaluate
shot-level classification performance on held-out spectra. Stratification
ensured that class proportions were maintained across the splits, pre-
venting performance estimates from being biased by class imbalance.
Accordingly, the reported metrics should be interpreted as a controlled
shot-level benchmark; physical-sample-level generalisation is not
claimed here and is discussed as a limitation.

5.2. Feature extraction and model training

For each pipeline, feature extraction was carried out only on the
training data, and the resulting projection parameters were subse-
quently applied to the test data. This procedure avoided information
leakage between train and test sets. LR was employed as a common
classifier for PCA, Isomap, PLS-DA, and cepstral features, ensuring
comparability across feature representations. An additional logistic-
regression baseline was trained directly on the raw spectra. HGB
served as a separate reference model on the raw spectra.

To assess the stability of the comparative results with respect to data
partitioning, we additionally performed repeated stratified random-split
evaluation and report mean values together with standard deviations for
the main performance metrics. This analysis is intended to reduce
sensitivity to a single random split and to provide a more reliable basis
for comparing methods whose performance differences are modest.

5.3. Performance metrics

Performance was assessed using multiple complementary metrics:

Accuracy: the overall proportion of correctly classified spectra.

Precision: the proportion of spectra predicted as a given class that
truly belong to that class, reflecting the tendency toward false positives.

Recall: the proportion of spectra from a given class that are correctly
identified, reflecting the tendency toward false negatives.

F1 score: the harmonic mean of precision and recall, providing a
balanced summary of classification performance when both false posi-
tives and false negatives are relevant.

Macro-averaged metrics: precision, recall, and F1 averaged with
equal weight across classes, so that each class contributes equally
regardless of its sample count.

Weighted metrics: precision, recall, and F1 averaged using class
support as weights, so that classes with more test spectra contribute
proportionally more to the final score.

Receiver Operating Characteristic (ROC) and Area Under the Curve
(AUC): evaluated using a one-vs-rest (OVR) scheme, in which each class
is treated in turn as the positive class against all remaining classes.
Macro-averaged OvR ROC curves were plotted to assess separability
across all thresholds.

Support: the number of test spectra belonging to a given class.

These metrics were reported both in tabular form and as graphical
outputs (confusion matrices, ROC curves, and class-wise performance
bar charts). The combined use of accuracy, macro-F1, and ROC-AUC
ensured that both overall performance and class-level behaviour were
captured.

5.4. Visualisation and comparative analysis

To enable direct interpretation of classifier behaviour, confusion
matrices were generated for all six methods, highlighting systematic
misclassifications such as the overlap between RCA and cement paste, or
between wood and foam. ROC curves were compared across methods to

Results in Engineering 30 (2026) 110902

illustrate separability. The results of all six methods were also compiled
in comparative figures, providing a consistent overview of their relative
strengths and weaknesses.

5.5. Rationale for evaluation design

The choice of evaluation metrics and visualisations reflects the spe-
cific challenges of LIBS spectral classification. While overall accuracy
provides a convenient summary, it can obscure systematic mis-
classifications in classes with overlapping spectral features. For this
reason, the macro-F1 score was emphasised, ensuring that all material
classes contributed equally to the performance evaluation, regardless of
their intrinsic separability.

Precision and recall were used to disentangle false positive and false
negative behaviours, which are particularly relevant in the recycling
context: misclassifying a contaminant as aggregate (false negative)
directly compromises material quality, whereas misclassifying an
aggregate as contaminant (false positive) primarily reduces yield.

The inclusion of ROC curves and AUC values enabled a threshold-
independent assessment of separability. This is important in practice,
since decision thresholds may vary depending on whether quality
assurance prioritises minimising false positives or false negatives. The
shape of the ROC curves further reveals whether certain feature
extraction methods provide consistent discriminability across all classes
or whether their advantage is concentrated in specific regions of the
decision space.

Finally, confusion matrices and class-wise bar charts were incorpo-
rated to visualise error structures explicitly. These tools highlight
recurring misclassification patterns such as the overlap between RCA
and cement paste, or the difficulty of distinguishing wood from other
organic contaminants. By exposing such patterns, the evaluation goes
beyond reporting high-level metrics and provides insight into the
operational reliability of each method under realistic multi-class
conditions.

Together, this evaluation protocol ensures that the comparative
analysis captures not only headline accuracy but also the robustness,
interpretability, and operational trade-offs of different feature extrac-
tion strategies in LIBS.

6. Results and discussion
6.1. Feature-space visualisation and representation interpretability

To complement the quantitative benchmark, Fig. 3 visualises the
geometry induced by two representative embeddings. Fig. 3(a) shows
the two-dimensional PCA embedding of all spectra. Several classes
already separate along the dominant variance directions, but substantial
overlap remains for challenging pairs such as Foam and Glass, and for
cement-related classes such as RCA, RFA, and CementPaste. This is
consistent with PCA providing compact and interpretable linear struc-
ture, while still being influenced by shared global variance.

Fig. 3(b) shows the corresponding two-dimensional Isomap embed-
ding. The manifold-based projection unfolds part of the non-linear ge-
ometry of the dataset, but local overlap and several dispersed points
remain. This visual behaviour is consistent with the lower classification
stability of Isomap in the benchmark and suggests that non-linear
structure is present, but not sufficiently regular to outperform the
strongest compact linear and transform-based representations in this
dataset.

6.2. Overall classification performance

The comparative analysis shows that the choice of spectral repre-
sentation has a substantial impact on classification behaviour under
conveyor-like LIBS acquisition. Among the evaluated methods, Ceps-
trum achieves the strongest overall performance. PCA and the raw-
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Fig. 3. Feature-space visualisation used to support the interpretation of the benchmark.

spectrum logistic-regression baseline remain closely competitive, indi-
cating that explicit feature extraction is not uniformly beneficial in this
dataset. The addition of Isomap broadens the benchmark toward a non-
linear manifold-based embedding, but its performance is clearly below
that of the strongest compact linear and transform-based representa-
tions. PLS-DA remains the weakest feature-based method, whereas HGB
provides a useful reference model with competitive ranking ability but
lower overall stability than the best-performing pipelines.

The gap between feature-driven pipelines and the end-to-end base-
line is significant: a 2-3 % improvement in macro-F1, when averaged
over ten classes, tends to translate into additional contaminants being
correctly classified in every thousand samples processed. This margin is
meaningful in  high-throughput recycling plants, = where

Precision

AUC

misclassifications can compromise downstream concrete quality. Figs. 4
and 5 compile these findings. For plant operations, such gains translate
into fewer mis-sorted particles at high throughput and therefore higher
usable yield of recycled aggregates.

To assess the sensitivity of the benchmark to data partitioning, Fig. 5
summarises performance across repeated stratified random-split runs.
The repeated-split results confirm the main ranking observed in the
illustrative split shown in Fig. 4: cepstral features remain the strongest
compact representation, PCA and the raw-spectrum logistic-regression
baseline remain closely competitive, Isomap remains clearly below the
strongest compact representations, and PLS-DA remains the least stable
method. This repeated-split analysis therefore supports the robustness of
the comparative ordering and reduces the risk of over-interpreting a

LR (baseline)
PCA
PLS-DA
Cepstrum
Isomap

HGB

REXRL;

Fig. 4. Comparative performance across six methods in the illustrative stratified train/test split.
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Fig. 5. Comparative performance across repeated stratified random-split evaluation, reported as mean =+ std over 10 runs.

single partition.
6.3. Class-wise behaviour

At the class level, some materials are consistently well separated
across all methods, whereas others expose the limitations of specific
feature spaces (Table 1).

Gypsum, CementPaste, Plastics, and MineralFiber are robustly
detected (F1 > 0.970) by both Cepstrum and PCA, indicating that their
LIBS spectra contain strong, distinct signatures. For construction quality
assurance, such separability supports consistent compliance with ma-
terial acceptance criteria.

Wood emerges as the most challenging contaminant. Cepstrum
yields a recall of 0.806, suggesting that cepstral coefficients may under-
represent some narrow spectral cues. PCA recovers higher recall (0.965)
but at the expense of precision, revealing a trade-off between robustness
to baseline drift and sensitivity to fine-line details. In practice, this
motivates augmenting low-quefrency cepstral vectors with higher-
quefrency terms or PCA scores and applying a reject option for border-
line spectra.

Foam and Glass show mutual confusion under PCA, with off-diagonal
entries in the 3-5 % range, consistent with partially overlapping
mineral-related emission signatures and shot-to-shot variability (Fig. 6).
A plausible physical explanation is that construction glass is dominated
by silicate and alkali/alkaline-earth constituents, so its spectra tend to
emphasise Si-rich and alkali-related regions together with Ca-bearing
features. Polymeric foam, in contrast, has a much weaker mineral
signature and its spectra are more sensitive to surface residues, fillers, or
attached fines. Under conveyor-like single-shot acquisition, this com-
bination can yield spectra in which mineral-related regions are
comparatively weak or partially masked, leading to overlap with the
lower-intensity or more variable glass shots in the PCA space. This
interpretation is consistent with the observed bidirectional confusion
and highlights that the separation is not driven by a single isolated line,
but by relative intensity patterns across mineral-dominated regions.
Operationally, this argues for class-specific thresholds or cost-sensitive
tuning to protect downstream concrete quality where glass mis-sorts
are critical.

RCA vs CementPaste is the most problematic pair in PLS-DA (RCA
recall = 0.171), while Cepstrum and PCA both preserve recall >0.950.
The misclassification reflects a real physical ambiguity: RCA particles
often retain surface cement paste, resulting in near-indistinguishable

spectra. From a materials perspective, both classes are calcium- and
silicate-bearing, and their LIBS spectra share strong cementitious emis-
sion regions. Separation therefore depends less on the presence or
absence of an element and more on relative contributions. Cement paste
is dominated by cement hydration products and typically shows more
pronounced cement-related regions, whereas RCA contains aggregate
phases together with varying amounts of adhered paste, which can in-
crease the relative contribution of aggregate-related regions. When
adhered paste coverage is high, single-shot spectra on RCA surfaces can
closely resemble cement paste spectra, which naturally increases
confusion. This also explains why supervised projections can become
unstable for this pair under strong collinearity, while representations
that better control baseline variation remain more robust in this
benchmark.

These observations highlight that cepstral features, while generally
superior, may attenuate subtle class-specific cues, whereas PCA pre-
serves variance that sometimes aligns better with weaker contaminants.

6.4. Receiver-operating characteristics and error structure

ROC curves (Fig. 7) provide further insight into threshold-
independent separability. Cepstrum achieves the highest macro-AUC,
while PCA, the raw-spectrum logistic-regression baseline, and HGB
remain closely competitive. Isomap shows a clear reduction in separa-
bility, and PLS-DA remains the weakest method. These patterns are
consistent with the macro-F1 results and indicate that the strongest
methods retain their advantage across a broad range of operating
thresholds.

Confusion matrices (Fig. 6) reveal compact diagonals for Cepstrum
and PCA, with misclassifications concentrated in predictable pairs
(Wood<Foam/Glass, RCA<~CementPaste/RFA). HGB exhibits broader
off-diagonals for RCA and Wood, pointing to reduced robustness in
borderline classes. PLS-DA, in contrast, produces widespread off-
diagonal entries across cementitious and organic classes, reflecting
instability of its latent space under spectral collinearity. These patterns
justify class-aware decision thresholds and targeted recalibration for
RCA-cement paste and wood-adjacent confusions. These error patterns
can be related back to compositional similarities between the corre-
sponding materials. For example, gypsum and cement paste exhibit
strong mineral signatures and are therefore separated reliably by both
PCA and cepstral features, whereas pairs that share overlapping mineral
regions or that differ mainly by subtle relative-intensity cues are more
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Table 1

Classification Report.
(a) LR
Class Precision Recall F1-score Support
Brick 0.973 0.960 0.966 480
CementPaste 0.983 0.977 0.980 480
Foam 0.962 0.908 0.935 480
Glass 0.907 0.912 0.910 480
Gypsum 0.988 0.994 0.991 480
MineralFiber 0.976 0.948 0.962 480
Plastics 0.989 0.969 0.979 480
RCA 0.919 0.948 0.933 480
RFA 0.972 0.944 0.958 480
Wood 0.867 0.963 0.912 480
accuracy 0.952 4800
macro avg 0.954 0.952 0.953 4800
weighted avg 0.954 0.952 0.953 4800
(b) PCA
Class Precision Recall Fl-score Support
Brick 0.979 0.958 0.968 480
CementPaste 0.985 0.979 0.982 480
Foam 0.958 0.910 0.934 480
Glass 0.902 0.925 0.914 480
Gypsum 0.994 0.996 0.995 480
MineralFiber 0.980 0.938 0.958 480
Plastics 0.992 0.973 0.982 480
RCA 0.933 0.958 0.946 480
RFA 0.977 0.956 0.966 480
Wood 0.872 0.965 0.916 480
Accuracy — — 0.956 4800
Macro avg 0.957 0.956 0.956 4800
Weighted avg 0.957 0.956 0.956 4800
(¢) Isomap
Class Precision Recall F1-score Support
Brick 0.960 0.894 0.926 480
CementPaste 0.899 0.906 0.902 480
Foam 0.853 0.846 0.849 480
Glass 0.741 0.585 0.654 480
Gypsum 0.948 0.956 0.952 480
MineralFiber 0.864 0.821 0.842 480
Plastics 0.875 0.923 0.899 480
RCA 0.663 0.677 0.670 480
RFA 0.738 0.735 0.737 480
Wood 0.558 0.698 0.620 480
accuracy 0.804 4800
macro avg 0.810 0.804 0.805 4800
weighted avg 0.810 0.804 0.805 4800
(d) PLS-DA
Class Precision Recall F1-score Support
Brick 0.857 0.875 0.866 480
CementPaste 0.858 0.779 0.817 480
Foam 0.935 0.810 0.868 480
Glass 0.574 0.627 0.600 480
Gypsum 0.794 0.990 0.881 480
MineralFiber 0.867 0.854 0.860 480
Plastics 0.676 0.942 0.787 480
RCA 0.845 0.171 0.284 480
RFA 0.603 0.762 0.673 480
Wood 0.286 0.292 0.289 480
Accuracy — — 0.710 4800
Macro avg 0.730 0.710 0.693 4800
Weighted avg 0.730 0.710 0.693 4800
(e) Cepstrum
Class Precision Recall F1-score Support
Brick 0.965 0.977 0.971 480
CementPaste 0.996 0.994 0.995 480
Foam 0.858 0.946 0.900 480
Glass 0.936 0.969 0.952 480
Gypsum 0.998 1.000 0.999 480
MineralFiber 0.998 0.996 0.997 480
Plastics 0.970 0.994 0.981 480

(continued on next page)
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Table 1 (continued)
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(e) Cepstrum

Class Precision Recall F1-score Support
RCA 0.955 0.973 0.964 480
RFA 0.979 0.969 0.974 480
Wood 0.985 0.806 0.887 480
Accuracy — — 0.962 4800
Macro avg 0.964 0.962 0.962 4800
Weighted avg 0.964 0.962 0.962 4800
(f) HGB

Class Precision Recall F1-score Support
Brick 0.974 0.946 0.960 480
CementPaste 0.989 0.969 0.979 480
Foam 0.899 0.906 0.902 480
Glass 0.897 0.927 0.912 480
Gypsum 0.987 0.979 0.983 480
MineralFiber 0.985 0.960 0.973 480
Plastics 0.969 0.967 0.968 480
RCA 0.842 0.923 0.881 480
RFA 0.962 0.894 0.927 480
Wood 0.877 0.894 0.885 480
Accuracy — — 0.936 4800
Macro avg 0.938 0.936 0.937 4800
Weighted avg 0.938 0.936 0.937 4800

sensitive to the chosen representation. In this sense, interpretability in
our framework refers to connecting dominant regions captured by the
representation to plausible material constituents and to explaining
recurrent confusions using these compositional overlaps.

6.5. Mechanistic interpretation of representation behaviour

The evaluated methods differ in how they represent or exploit
spectral variation, which helps explain the error patterns observed in
this benchmark.

Cepstrum is computed from the log-magnitude spectrum and maps
spectra into the quefrency domain, which separates slowly varying
background trends from finer peak structure. Low-order terms mainly
reflect broad baseline variation, whereas higher-order terms capture
sharper spectral detail. This separation helps reduce sensitivity to
baseline variation and instrument drift in conveyor-like LIBS acquisi-
tion. It can be less effective for classes where discrimination relies on
subtle narrow-band cues, such as Wood in our dataset.

PCA compresses spectra by projecting onto directions of maximal
variance without using class labels. This yields stable dimensionality
reduction and competitive separation for most classes. However, vari-
ance that is not class-specific can dominate when classes share similar
emission patterns. The Foam and Glass confusion is consistent with this
limitation, where shared variance can reduce separability in the PCA
space.

Isomap seeks a low-dimensional embedding that preserves neigh-
bourhood structure through geodesic distances on a sample graph. In
principle, this allows non-linear class geometry to be unfolded relative
to linear projections such as PCA. In the present dataset, however, the
manifold embedding remains more sensitive to local sampling structure
and spectral overlap, which likely contributes to its lower overall sta-
bility and weaker classification performance. This suggests that non-
linear structure is present but not sufficiently regular to outperform
the more compact and stable linear or transform-based representations
in this benchmark.

PLS-DA introduces supervision by constructing latent variables that
align spectral variation with class labels. In high-dimensional LIBS data
with strong channel collinearity, these latent directions can become
sensitive to sampling and overlap between classes. In our benchmark,
this behaviour is reflected in poorer separation for overlapping material
pairs such as RCA and CementPaste, and in reduced macro-F1 relative to
PCA and Cepstrum.

11

HGB learns decision rules directly from the raw spectra and can
achieve competitive ranking performance as reflected by AUC. In this
dataset, the lower macro-F1 suggests that threshold-based decisions can
be less stable for borderline spectra. In addition, the lack of a direct
mapping from model rules to emission features limits diagnostic inter-
pretation compared with representations such as PCA loadings or
cepstral coefficients.

6.6. Implications for industrial LIBS sorting, scope, and limitations

The discussion below is framed by the evaluation design. Results are
obtained under a controlled, class-balanced, shot-level benchmark, and
the train/test split is performed at the shot level. The metrics therefore
characterise classifier behaviour on held-out spectra under these
controlled conditions. System-level performance under continuous
mixed-material conveyor operation is not evaluated in this study.

Within this benchmark, representation choice has a larger impact on
macro-F1 and class-wise error structure than switching between the
evaluated classifiers. This supports treating spectral representation as a
primary design variable when benchmarking robustness to baseline
variation and redundancy in LIBS spectra. It also provides practical
guidance for selecting compact features under compute constraints.

For deployment-oriented design, cepstral features provide the
strongest compact representation when baseline variation is a dominant
source of instability. PCA offers a close alternative, with the added
benefit that loadings can be linked to elemental emission regions for
diagnostic interpretation. The raw-spectrum logistic-regression baseline
shows that acceptable classification performance can already be ob-
tained without explicit dimensionality reduction in this dataset, but this
comes at the cost of reduced compactness and weaker interpretability of
the input representation. Isomap provides a useful non-linear reference,
yet its lower stability and stronger dependence on neighbourhood
structure make it less immediately attractive for transparent deployment
than PCA or cepstral features. PLS-DA remains less suitable in this
setting due to instability under collinear channels and class overlap,
while HGB serves as a useful reference model but with more limited
interpretability.

From a computational perspective, compact representations reduce
the inference burden by compressing spectra from about 12k channels to
a few dozen features. This supports predictable, low-latency inference
with linear classifiers. In contrast, tree-based models can introduce
sharper threshold effects, which may increase decision variability for
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Fig. 7. ROC curves for six methods.

spectra near class boundaries.

In practical deployment terms, the benchmark suggests two com-
plementary design routes. When baseline variation and background
fluctuations dominate, cepstral features offer a compact representation
that reduces sensitivity to these effects while keeping inference light-
weight. When interpretability and traceability to elemental emission
regions are priorities, PCA provides competitive performance together
with physically meaningful loadings that support diagnostics and audit.
By contrast, PLS-DA should be treated cautiously in multi-class LIBS
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settings with strong collinearity and class overlap, and end-to-end
models such as HGB are best used as performance references rather
than as diagnostic tools, given the limited transparency of their decision
logic.

Two aspects of the current evaluation constrain how far the results
can be generalised beyond this controlled benchmark. First, the split is
performed at the shot level on spectra drawn from pooled reference
batches, rather than at the level of distinct physical specimens. As a
result, the test set is independent at the level of held-out shots, but it
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does not guarantee independence with respect to specimen-specific
factors such as surface condition, composition micro-heterogeneity, or
local contamination patterns. This can inflate apparent generalisation
relative to a setting where the model must transfer to unseen specimens,
and it particularly affects conclusions about robustness for classes that
exhibit strong within-material variability. Second, the benchmark is
class-balanced and does not evaluate continuous mixed-material
conveyor operation in which classes appear sequentially or inter-
leaved, with changing class priors and transition regions between ma-
terials. In such streams, system-level performance depends not only on
per-shot classification accuracy, but also on temporal consistency, the
handling of borderline spectra at material boundaries, and the cost of
false positives and false negatives under realistic class frequencies.
Therefore, the reported metrics should be read as evidence of compar-
ative classifier behaviour under controlled conditions. Demonstrating
deployment-level performance will require validation with physical-
sample-level separation and stream-level testing under mixed-material
conveyor scenarios.

7. Conclusion and outlook

This study introduces and validates a representation-first framework
for LIBS-based quality assessment of recycled aggregates. Using prin-
cipal components, Isomap embeddings, cepstral coefficients, and partial
least-squares discriminant analysis as case studies, together with a raw-
spectrum logistic-regression baseline and an HGB reference model, this
work supports a representation-focused perspective on LIBS classifica-
tion design within the present controlled benchmark, while also
showing that the benefit of explicit feature extraction depends on the
specific representation chosen.

In our experiments, the combination of cepstral features with LR
achieved the best balance of accuracy, robustness, and efficiency,
consistent with the value of separating baseline envelopes from fine
spectral lines for noisy, high-dimensional spectra. The combination of
principal components with LR follows closely, offering lightweight
computation and clear interpretability, with slightly higher confusion
where narrow-line classes overlap. Partial least-squares discriminant
analysis, while label-driven, can be sensitive to collinearity and over-
lapping classes without careful regularisation. The end-to-end tree-
ensemble baseline, although competitive in receiver-operating-
characteristic behaviour, offers less transparent decision logic and
showed lower boundary stability than the strongest feature-based
pipelines in this benchmark, which may limit its usefulness in audit-
able operations.

Methodologically, the results illustrate that tools originally devel-
oped in acoustics can be informative for spectroscopic data analysis.
This cross-domain transfer highlights the continued value of principled
feature extraction for high-dimensional, drift-prone spectra and related
sensing tasks, especially when interpretability and robustness matter
alongside nominal accuracy.

From a deployment-oriented perspective, the present benchmark
suggests that pipelines based on cepstral features or principal compo-
nents are promising candidates for inline contaminant detection under
latency and resource constraints. However, these implications should be
interpreted cautiously, since the current study evaluates controlled held-
out spectra rather than continuous mixed-material conveyor operation.
Accordingly, any expected reduction in mis-sorting, yield improvement,
or downstream quality benefit remains to be validated at the system
level.

Within the present benchmark, our contribution is twofold: first, we
show that cepstral analysis is a strong candidate for spectra in which
envelope-line separation helps mitigate baseline variation and fine-
structure overlap; second, by framing inline sorting as a constrained
systems problem, we clarify why smooth, interpretable, and compact
feature spaces can be preferable to more complex models when
robustness, auditability, and computational practicality must be
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considered together.

Future work will: (a) quantify sensitivity to cepstral order and
principal-component dimensionality under explicit latency and
computational-footprint budgets, reporting per-spectrum transform
time and model size; (b) integrate adaptive drift compensation by
monitoring low-quefrency coefficients or principal-component loadings
as triggers, with documented recalibration intervals; (c) develop hybrid
designs that couple physics-informed representations with modern
classifiers while preserving traceability for quality audits; (d) conduct
physical-sample-level and cross-plant validation on mixed streams and
higher conveyor speeds, with systematic reporting of inference latency,
batch-to-batch stability, and yield impact.

In summary, this work provides a controlled representation-focused
benchmark for LIBS-based quality assessment of recycled aggregates.
Within this benchmark, spectral representation remains a major source
of performance variation, but the benefit of explicit feature extraction
depends on the specific representation chosen and should not be treated
as universal across all methods. Compact and interpretable representa-
tions such as cepstral features and principal components remain espe-
cially attractive for deployment-oriented LIBS design, while broader
system-level validation under mixed-material conveyor operation re-
mains an essential next step.
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