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ABSTRACT

Construction and demolition waste (C&DW, chapter 17 of the European Waste Cata-
logue: EWC) is highly heterogeneous, and its rapid characterization is important for
safe handling, sorting, recycling and appropriate waste management. These chal-
lenges become particularly critical in emergency and post-earthquake scenarios,
where large quantities of mixed construction materials may be generated and rapidly
require preliminary screening and routing. This study proposes a spectroscopy—che-
mometrics framework based on visible-short-wave infrared (Vis—SWIR, 350—2500
nm) reflectance measurements, acquired with an ASD FieldSpec 4 full-range spec-
troradiometer, to classify earthquake-generated C&DW according to EWC codes,
main material categories and hazard status. Representative samples of major C&DW
material groups, including concrete and mortar, bricks and ceramics, natural aggre-
gates, insulation materials and potentially contaminated components, were char-
acterized in reflectance mode and labelled according to their assigned EWC code,
material macro-class, and hazardous/non-hazardous status. Partial Least Squares—
Discriminant Analysis (PLS-DA) models were developed in hierarchical mode focus-
ing on the binary distinction between pre-defined hazardous and non-hazardous
classes and on the classification of EWC codes. The hierarchical PLS-DA approach
achieved high prediction accuracy, demonstrating the potential of Vis—SWIR spec-
troscopy and multivariate analysis as a rapid screening and decision-support tool
for C&DW classification and EWC-based sorting, with relevance to post-earthquake

waste management.

1. INTRODUCTION

Construction and demolition waste (C&DW) represents
one of the largest and most complex waste streams gen-
erated worldwide. In many regions, construction and dem-
olition waste (CDW) accounts for a substantial proportion
of municipal solid waste, ranging from 30% to 46% (Huang
et al., 2018; Wan et al., 2026). Approximately 60% of this
waste is generated by residential and commercial con-
struction activities (Huang et al., 2018; Sirimewan et al.,
2024).

A commonly cited definition distinguishes between
demolition waste, consisting of materials generated from
the dismantling of structures, and construction waste,
which includes residues arising from construction, renova-
tion, and repair activities in residential, commercial, and in-
frastructure projects (Chileshe et al., 2019; Tchobanoglous

et al., 1993). Due to the diversity of materials involved and
the variability of construction practices, C&DW is inherent-
ly heterogeneous and often difficult to characterize accu-
rately. Beyond its substantial volume, this waste stream
carries considerable environmental consequences, includ-
ing the depletion of natural resources, significant green-
house gas emissions from material extraction and pro-
duction processes, and the potential release of hazardous
substances when materials are mismanaged or improperly
disposed of (Sakthibala et al., 2025). Effective waste man-
agement could minimize landfill disposal and supports re-
source recovery, reducing the demand for virgin materials
(Chien et al., 2023; Su, 2020). Consequently, improving the
characterization and classification of C&DW is a key step
toward enhancing recycling efficiency and supporting the
transition to a circular economy in the construction sector.
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To address these challenges, the European Union intro-
duced the Waste Framework Directive 2008/98/EC (WFD),
which provides a legislative framework for sustainable
waste management (Directive, E.C., 2008) prioritizing pre-
vention, reuse, and recycling ahead of disposal. It sets a
target of recovering 70% of non-hazardous C&DW by 2020
and continues to encourage Member States to implement
measures such as selective demolition. These practices
support the safe removal of hazardous materials, enable
higher-quality recycling, and help reduce overall waste
generation. The WFD plays a central role in guiding con-
struction and demolition waste management and in pro-
moting more sustainable practices within the construction
sector.

C&DW can generally be classified into three main cate-
gories (Bonifazi et al., 2025c). The first includes materials
that may have value for construction applications, typical-
ly consisting of about 40-85% hardened concrete, 10-25%
ceramics, and 20-25% bricks and tiles; these fractions can
potentially be recycled and reused, for example, as cemen-
titious precursors. The second category comprises easi-
ly recyclable materials, such as glass and metals, which
usually represent less than 10% of the total waste stream.
The third category includes hazardous waste, which may
involve items such as lighting equipment, paints, and coat-
ings, and in some cases, asbestos-containing materials
(ACM) (Osmani, 2011); (Radica et al., 2024). Beyond con-
ventional C&DW streams, increasing attention has recently
been devoted to debris generated by earthquakes and oth-
er natural disasters. Post-seismic C&DW often consists
of a highly heterogeneous mixture of structural materials,
damaged building components, and potentially hazardous
substances released during building collapse (Bonifazi et
al., 2026). As a result, this waste stream poses significant
challenges for rapid classification, safe handling, and effi-
cient recycling, owing to both its compositional variability
and the emergency conditions under which it is typically
managed (Bonifazi et al., 2025a). Among the hazardous
constituents that may be encountered, particular concern
is associated with anthropogenic asbestos-containing
materials, which, although banned in most countries, are
still produced and used in some regions (Bonifazi et al.,
2025b).

Proper assignment of European Waste Catalogue
(EWC) codes is essential to enable high-quality recycling,
distinguishing hazardous from non-hazardous waste, thus
ensuring regulatory compliance. This task becomes par-
ticularly challenging in the case of “mirror entries”, where
visually similar waste fractions may be classified as haz-
ardous or non-hazardous depending on their chemical
composition. In such cases, analytical evidence is required
to support classification decisions. It should be noted that
the regulatory determination of hazardousness cannot be
based on Vis-SWIR spectroscopy alone. Spectral reflec-
tance measurements do not directly provide the complete
information required for regulatory assessment, such as
the concentrations of specific hazardous substances,
comparison with applicable concentration limits, or the de-
termination of all relevant hazardous properties. Therefore,
in the present work, the hazardous/non-hazardous labels

are considered as pre-established classes associated with
the investigated materials and their EWC classification.
The proposed spectroscopy-chemometrics approach is
intended to provide rapid screening and decision-support
information that can complement, rather than replace, con-
ventional chemical characterization and regulatory assess-
ment.

The EWC organizes waste types into six-digit codes
grouped by industrial sector and origin. Within this system,
some codes are defined as mirror entries, meaning that
the same waste stream can receive two alternative codes
depending on whether hazardous substances are pres-
ent above regulatory thresholds. The correct attribution
of these codes is therefore crucial not only for regulato-
ry compliance but also for determining appropriate treat-
ment, transport, and recycling pathways.

Traditional characterization approaches for C&DW rely
on visual inspection, manual sorting and laboratory-based
chemical analyses. While accurate, these methods are of-
ten time-consuming, costly, and poorly suited for rapid deci-
sion-making in operational environments such as recycling
plants or demolition sites. Consequently, there is a growing
interest in fast, no-destructive, and potentially automated
techniques capable of supporting waste classification di-
rectly in the field. In this context, reflectance spectroscopy
in the visible to short-wave infrared (Vis-SWIR) range has
emerged as a promising tool for material identification.
Spectral measurements in this range are sensitive to com-
position and surface characteristics of materials. When
combined with advanced data analysis techniques, such
as chemometrics, spectroscopy can represent a powerful
tool for the classification of complex and heterogeneous
materials. Previous studies have demonstrated the poten-
tial of spectroscopy-chemometrics frameworks for waste
sorting and material discrimination (Bonifazi et al., 2015);
however, their application to the hierarchical classification
of C&DW according to hazard status and EWC codes re-
mains relatively limited.

The present study aims to address this gap by propos-
ing an integrated spectroscopy-chemometrics framework
for rapid classification and screening of representative
construction and demolition waste fractions. Samples
spanning major material families, including concrete and
mortar, bricks and ceramics, natural aggregates, insulation
materials, and potentially contaminated components, were
analyzed after appropriate spectral pre-processing and la-
belled according to their assigned EWC codes and pre-es-
tablished hazardous/non-hazardous status under current
EU legislation. Classification models were developed at
two hierarchical levels: EWC code grouping and discrimi-
nation between hazardous and non-hazardous classes rep-
resented in the investigated dataset.

The overarching objective is to evaluate the capabili-
ty of Vis-SWIR spectroscopy coupled with chemometrics
to provide a reliable, rapid, and scalable decision-support
information for C&DW sorting, preliminary screening and
routing, while complementing the chemical and regulatory
assessment required for definitive waste classification.
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2. MATERIALS AND METHODS
2.1 Analyzed samples

Reflectance spectra in the Vis-SWIR range (350-2500
nm) were acquired from representative samples of major
C&DW material families. In total, 167 independent physical
items (i.e. the term “item” refers to a single physical sam-
ple: an individual debris fragment or material piece) were
collected and analyzed from renovation, demolition, and
post-earthquake sites across Italy.

These included mineral-based materials (e.g., concrete,
cement, bricks, ceramics, and aggregates), soil and stone
fractions, gypsum-based materials (gypsum and plas-
terboard), organic materials such as wood and plastics,
metals, as well as potentially contaminated or hazardous
materials, including bituminous mixtures containing coal
tar and asbestos-containing materials. Overall, the dataset
comprises multiple waste categories associated with spe-
cific European Waste Catalogue (EWC) codes and classi-
fied according to their hazardous or non-hazardous status.

For each material class, between 2 and 60 items were
collected. For each item, at least 20 spectra were acquired
to capture intra-sample variability.

The complete list of analyzed materials, together with
the corresponding EWC codes, hazard classification, and
the number of analyzed spectra (spectra considered ex-
cessively noisy or identified as outliers were excluded
from the analyses), is reported in Table 1. Analyzed spec-
tra were in total 3834, corresponding to measurements
(except outliers) acquired on these 167 independent phys-
ical samples. Multiple spectra originating from the same
item were always treated as measurements of the same

sample and were not considered independent observa-
tions.

2.2 Methods
2.2.1 Portable spectrophotoradiometer

Reflectance spectra were collected using a FieldSpec®
4 Standard-Res field-portable spectroradiometer (ASD Inc.,
Boulder, Colorado, United States). This instrument pro-
vides a spectral resolution of 3 nm at 700 nm and 10 nm at
1400/2100 nm and it can acquire spectra in the Vis-SWIR
ranges (350 - 2500 nm) (Inc., 2015).

The spectroradiometer consists of a detector unit and
afiber-optic cable connected to a contact probe, controlled
by a computer. The detector unit integrates three separate
sensors equipped with different holographic diffraction
gratings: a VNIR detector (512 element silicon array: 350-
1000 nm), a SWIR 1 detector (Graded Index InGaAs. Photo-
diode, Two Stage TE Cooled; 1001-1800 nm), and a SWIR 2
detector (Graded Index InGaAs. Photodiode, Two Stage TE
Cooled; 1801-2500 nm). A halogen lamp provides illumina-
tion with a colour temperature of 2901 +/- 10% °K. The con-
tact probe spot is 10 mm in size. The ASD RS3 software
was used for data collection and calibration procedures
(ASD Inc., 2008). The spectroradiometer was calibrated by
referencing the dark current calibration file and acquiring
a standardized white Spectralon® ceramic material, spec-
trum is then acquired, and reflectance computed.

The ASD ViewSpec Pro (Ver. 6.2.0) was used to stack
the spectroradiometer spectra “.asd” data files into an AS-
Cll text file. An ad hoc written routine was used to import
the converted data into the MATLAB environment (MAT-
LAB R2019a; The Mathworks, Inc., Natick, Massachusetts,

TABLE 1: List of analyzed CDW materials, with the corresponding EWC codes and their classification according to waste hazard status.

Name Code Status Number of
analyzed spectra
Aqaregates 17 01 07 - Mixtures of concrete, bricks, tiles and ceramics other than non-hazardous 60
ggreg those mentioned in 17 01 06*
Bituminous mixtures 17 03 01* - Bituminous mixtures containing coal tar (hazardous) hazardous 60
Brick 17 01 02 - Bricks non-hazardous 140
Ceramic and tile 17 01 03 - Tiles and ceramics non-hazardous 120
Plastics 17 02 03 - Plastic non-hazardous 312
Gypsum 17 08 02 - Gypsum-based construction materials other than those non-hazardous 60
yp mentioned in 17 08 01
Wood 17 02 01 - Wood non-hazardous 160
Concrete 17 01 01 - Concrete non-hazardous 60
Plasterboard 17 03 02- Qypsum—based construction materials other than those non-hazardous 60
mentioned in 17 08 01
Asbestos Containing Material (AMC) : 17 06 05* - Construction materials containing asbestos (hazardous) hazardous 1161
. o o )
Soil + ACM 17 06 03* -Soil and stones containing hazardous substances (haz hazardous 900
ardous)
Soil + Cement 170107 - Mlxturgs of concrete, bricks, tiles and ceramics other than non-hazardous 139
those mentioned in 17 01 06*
Cement 17 01 01 - Concrete non-hazardous 19
Soil 17 05 04 - Soil and stones other than those mentioned in 17 05 03 non-hazardous 100
Marble (ornamental stone) 17 05 04 - Soil and stones other than those mentioned in 17 05 03 non-hazardous 340
Metals 17 04 05 - Iron and steel non-hazardous 143
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United States). Imported data files were analyzed in the
MATLAB environment using PLS_toolbox (Ver. 8.2., Ei-
genvector Research, Inc., Manson, Washington, United
States).

2.2.2 Spectral data acquisition and preprocessing

Spectra were cut to exclude the visible (VIS) region,
retaining only the 1000-2500 nm interval for following
analysis. The dataset was then pre-processed to minimize
noise. Specifically, Multiplicative Scatter Correction (MSC),
Generalized Least Square Weighting (GLS-W) and Mean
Center (MC) algorithms were applied (Gasbarrone et al.,
2018; Rinnan et al., 2009).

2.2.3 Hierarchical classification procedure

A hierarchical approach based on Partial Least Squares
- Discriminant Analysis (PLS-DA) was implemented to
achieve the classification. Classification techniques are
designed to develop models that assign objects to specif-
ic classes using a set of descriptors. Among the classifi-
cation algorithms, PLS-DA is a supervised classification
method, combining the properties of partial least squares
regression with the discriminating ability of a classification
technique (Ballabio & Consonni, 2013).

The hierarchical model (Figure 1) is based on three
main decision rules (model-based), each designed to dis-
criminate between different levels of waste classification.

+ Rule 1: Discrimination of pre-defined hazardous and
non-hazardous classes. The first rule discriminates
between samples belonging to the hazardous and non-

according to the EWC classification adopted for the
analyzed materials (this classification step serves as
a spectral screening of pre-defined waste classes, ra-
ther than an independent regulatory determination of
hazardousness).

Rule 2: Classification of hazardous waste categories.
Samples identified as hazardous are further classified
according to the main hazardous EWC codes included
in the dataset.

+ Rule 3: Classification of non-hazardous waste catego-
ries. Samples identified as non-hazardous are assig-
ned to the corresponding non-hazardous EWC groups,
including concrete, bricks, tiles and ceramics, mixed
mineral waste, wood, plastics, metals, soil and stones,
and gypsum-based materials.

The hierarchical structure allows the model to first
determine the hazard status of the waste and then refine
the classification according to the corresponding EWC
code groups. Samples not matching any of these class-
es are labelled as “NC”. Models were calibrated by using
the spectral information contained in the training sets and
cross-validated by the Venetian Blinds (VBs) algorithm to
assess the optimal complexity of the models. The VBs
scheme was applied at the individual-spectrum level, i.e.
spectra from the same physical sample could be distribut-
ed across different folds.

Classifier performance was assessed by computing
Sensitivity, Specificity, Precision, and Accuracy from the
confusion matrix (Ballabio et al., 2018; Fawcett, 2006) ac-
cording to the following formulas:

hazardous classes represented in the investigated da-  Sensitivity= TP/(TP+FN) (1)
taset. The corresponding labels were assigned a priori  Specificity= TN/(FP+TN) (2)
@-ﬁm—%' M@J&ﬂ_ ="17 03 01* - Bituminous mixtures containing coal tar (hazardous)"

1 2

Otherwise ="NC"
Non-hazardous ~Rule 17 01 01 - Concrete Stri
c

3
17 0102 - Bricks

17 01 07 - Mixtures of co...

17 02 01 - Wood

17 02 03 - Plastic

17 04 05 - Iron and steel

.szwae.— -

1705 —=0l.and slon.. ="17 05 03* - Soil and stones containing hazardous substances (hazardous)"
17.06 05" Copstruclion ., ="17 06 05" - Construction materials containing asbestos (hazardous)"

g J ="17 01 01 - Concrete"

String ] ="17 01 02 - Bricks"

17 0103 - Tiles and cera... String ] =17 01 03 - Tiles and ceramics"

String ] ="17 01 07 - Mixtures of concrete, bricks, tiles and ceramics other than those mentioned in 17 01 06*"

String | = "17 02 01 - Wood "
="17 02 03 - Plastic"
="17 04 05 - Iron and steel"

M ="17 05 04 - Soil and stones other than those mentioned in 17 05 03"

17,0502 - Gvpsum:based c.. ="17 08 02 - Gypsum-based construction materials other than those mentioned in 17 08 01"

FIGURE 1: Hierarchical classification scheme for construction and demolition waste (C&DW) samples. The first decision rule separates
hazardous from non-hazardous waste classes. Subsequent rules assign samples to the corresponding European Waste Catalogue (EWC)
codes, including bituminous mixtures containing coal tar, soil and stones containing hazardous substances, asbestos-containing materi-
als, concrete, bricks, tiles and ceramics, mixed mineral waste, wood, plastics, iron and steel, soil and stones, and gypsum-based construc-
tion materials. Samples not assigned to any of the predefined classes are labelled as NC (not classified).
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Precision=TP/(TP+FP) ®)
Accuracy=(TP+TN)/(TP+TN+FP+FN) 4)

In these equations, TP (True Positive) is a positive in-
stance that is classified as positive; FN (False Negative) is
a positive instance that is classified as negative; TN (True
Negative) is a negative instance that is classified as nega-
tive, and FP (False Positive) is a negative instance that is
classified as positive.

3. RESULTS AND DISCUSSION

Raw reflectance spectra used to calibrate the hierar-
chical classification model are shown in Figure 2. These
spectra highlight the variability among the analyzed ma-
terials and provide the initial spectral information used to
build the classification models. The observed differences
in spectral patterns suggest that the SWIR spectral range
contains relevant features for discriminating among the
considered waste categories. Specific preprocessing tech-
niques were then applied for each rule, as defined in the hi-
erarchical model. The corresponding pre-processed spec-
tra are shown in Figure 3. The preprocessing stage plays
a key role in reducing noise, minimizing scattering effects,
and enhancing the spectral features relevant for classifi-
cation.

Sensitivity and Specificity in calibration, cross-valida-
tion and validation are shown in Table 2 for the Rule 1, Ta-
ble 3 for Rule 2 and Table 4 for Rule 3. These performance
indicators allow a comprehensive evaluation of the classi-
fier reliability, highlighting its capability to correctly identify
both positive and negative instances for each class.

Concerning Rule 1, which focuses on the discrimination
between the pre-defined hazardous and non-hazardous
waste represented in the dataset, the model achieved very
high performance, with sensitivity, specificity, and accura-

170201 —=170103 <1703 01* =-170504
=17 0101 170107 —-—17 04 05 ——17 06 05*
=17 0102 17 02 03 —~--17 05 03* 17 08 02

Reflectance

1000 1500
Wavelength [nm]

2000 2500

(@)

cy values equal or very close to 1 in both calibration and
cross-validation. This result indicates that the spectral in-
formation captured by the model is highly discriminative
for the investigated hazardous and non-hazardous mate-
rial classes. However, this result should be interpreted as
evidence of the potential of Vis-SWIR spectroscopy for
rapid screening of the investigated classes rather than as
a demonstration that spectroscopy alone can establish the
regulatory hazardous status of an unknown waste stream.
Moreover, the hazardous and non-hazardous groups com-
prise different material matrices and material types. There-
fore, the observed discrimination may reflect differences
in the overall spectral characteristics of the material matri-
ces and cannot be attributed exclusively to the presence of
hazardous constituents. For Rule 2, concerning the classifi-
cation of hazardous waste categories, the obtained results
also show excellent performance. Most classes present
sensitivity and specificity values equal or very close to 1
during both calibration and cross-validation. This confirms
that once the hazard status has been correctly identified,
the model is able to further distinguish among hazardous
EWC classes with a high level of reliability.

The built hierarchical model was then applied to the
entire dataset of spectra, and the obtained results are in
Table 5. The results confirm the overall effectiveness of
the hierarchical approach, with high accuracy and very low
error rates for most of the considered EWC classes. The
lower sensitivity observed for some non-hazardous class-
es in the final hierarchical model can be related to the
intrinsic spectral characteristics and variability of these
materials.

The sensitivity for EWC 17 04 05 classes reached
0.755, despite the very high specificity (1.000), which may
be associated with the relatively low and spectrally flat
reflectance response of metallic materials in the spectral

Non-hazardous‘

[ >~ Hazardous

04-

e
w
o

Reflectance
o
w

-
)
3

02r

1000 1500 2000 2500
Wavelength [nm]
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FIGURE 2: Raw reflectance spectra of samples classified according to the EWC code (a) and the hazard status (b).
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FIGURE 3: Preprocessed spectra corresponding to Rule 1 (a), Rule 2 (b), and Rule 3 (c) of the hierarchical classification model.

TABLE 2: Sensitivity and specificity in calibration and cross-validation for Rule 1.

Model phase Class Sensitivity Specificity Number of spectra Precision Accuracy
Hazardous 1.000 1.000 2121 1.000 1.000
Calibration
Non hazardous 1.000 1.000 1713 1.000 1.000
Hazardous 1.000 1.000 2121 1.000 1.000
Cross-validation
Non hazardous 1.000 1.000 1713 0.999 1.000

TABLE 3: Sensitivity and specificity in calibration and cross-validation for Rule 2.

Model phase Class Sensitivity Specificity Number of spectra Precision Accuracy
17 03 01* 1.000 1.000 60 1.000 1.000

Calibration 17 05 03* 0.997 1.000 900 1.000 0.999
17 06 05* 1.000 0.997 1161 0.997 0.999
1703 01* 1.000 1.000 60 1.000 1.000

Cross-validation 17 05 03* 1.000 1.000 900 1.000 1.000
17 06 05* 1.000 1.000 1161 1.000 1.000
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TABLE 4: Sensitivity and specificity in calibration and cross-validation for Rule 3.

Model phase Class Sensitivity Specificity Number of spectra Precision Accuracy
170101 1.000 0.999 79 0.975 0.999
170102 1.000 1.000 140 1.000 1.000
170103 0.983 1.000 120 1.000 0.999
17 0107 1.000 1.000 199 1.000 1.000
Calibration 17 0201 1.000 1.000 160 1.000 1.000
170203 1.000 1.000 312 1.000 1.000
17 04 05 1.000 1.000 143 1.000 1.000
17 0504 1.000 1.000 440 1.000 1.000
17 08 02 1.000 1.000 120 1.000 1.000
17 0101 1.000 0.997 79 0.940 0.997
170102 1.000 1.000 140 1.000 1.000
170103 0.925 1.000 120 1.000 0.995
17 0107 1.000 1.000 199 1.000 1.000
Cross-validation 17 0201 1.000 1.000 160 1.000 1.000
17 0203 1.000 0.999 312 0.994 0.999
17 04 05 0.986 1.000 143 1.000 0.999
17 0504 1.000 1.000 440 1.000 1.000
17 08 02 1.000 0.997 120 0.968 0.998
TABLE 5: Performance metrics of the hierarchical model approach.
Class Sensitivity Specificity Number of spectra Error rate Precision Accuracy
170101 0.911 0.999 79 0.002 0.973 0.998
170102 1.000 1.000 140 0.000 1.000 1.000
170103 0.983 1.000 120 0.001 1.000 0.999
17 0107 1.000 1.000 199 0.000 1.000 1.000
17 0201 1.000 1.000 160 0.000 1.000 1.000
17 0203 0.869 1.000 312 0.011 1.000 0.989
1703 01* 1.000 1.000 60 0.000 1.000 1.000
17 04 05 0.755 1.000 143 0.009 1.000 0.991
17 0503* 0.997 1.000 900 0.001 1.000 0.999
17 0504 1.000 1.000 440 0.000 1.000 1.000
17 06 05* 0.947 0.999 1161 0.017 0.997 0.983
1708 02 1.000 1.000 120 0.000 1.000 1.000

region used for the classification. A similar, although less
pronounced, effect was observed for plastics (EWC 17 02
03) with a sensitivity of 0.869. This may be related to the
variability of polymeric materials and to partial overlap of
their spectral responses with those of other waste frac-
tions. Concrete (EWC 17 01 01) also showed a low sensi-
tivity (0.911), which can be reasonably associated with the
compositional heterogeneity of this class.

It should be noted that the very high cross-validation
metrics must be interpreted as indicators of internal con-
sistency under a spectrum-level cross-validation scheme,
rather than as definitive evidence of fully transferable per-
formance. Because spectra from the same physical sam-
ple may occur in both calibration and validation folds, the
reported figures are likely to overestimate the true general-
ization capability. Future work will therefore prioritize sam-

ple- or site-level cross-validation and external validation on
independent datasets to obtain more realistic performance
estimates.

4. CONCLUSIONS

This study demonstrates that a Vis-SWIR spectrosco-
py-chemometrics framework can effectively support the
automated, hierarchical classification of construction and
demolition waste (C&DW) according to European Waste
Catalogue (EWC) codes and associated hazard status. By
combining reflectance spectra with multivariate modelling,
the proposed approach enables rapid and objective mate-
rial identification, addressing key limitations of convention-
al, laboratory-based characterization and visual inspection
in complex waste streams.
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The hierarchical PLS-DA model achieved excellent clas-
sification performance for the pre-defined hazardous and
non-hazardous classes represented in the investigated da-
taset. However, because these classes comprise different
material matrices, the high performance of Rule 1 does
not prove that the model specifically detects hazardous
constituents independently of the underlying matrix. Con-
trolled paired comparison using specific material matrix
with and without specific contaminants are required to
verify this capability, and further studies will be needed to
validate the model true detection limits. On the other hand,
hazardous EWC classes were correctly identified with simi-
larly high figures of merit (Rule 2). For non-hazardous cate-
gories (Rule 3), the model maintained overall high accuracy
across most classes, with slightly reduced sensitivity for
the most heterogeneous or spectrally overlapping materi-
als, such as certain plastic and metal fractions.

These results confirm Vis-SWIR reflectance spectros-
copy can serve as a rapid, non-destructive and scalable
screening technology to support EWC-oriented sorting and
routing of the investigated C&DW classes. In particular, the
proposed approach showed strong capability to discrim-
inate between the pre-defined hazardous and non-haz-
ardous classes represented in the dataset and to further
classify these materials according to their associated EWC
groups. However, Vis-SWIR spectroscopy should not be
considered a stand-alone method for the definitive regula-
tory determination of hazardousness or for the resolution
of mirror entries where chemical composition and concen-
tration thresholds must be assessed. Rather, its potential
lies in providing rapid preliminary information that can
support operational decision-making and indicate materi-
als or fractions requiring further analytical and regulatory
assessment. Accordingly, the proposed methodology is
best regarded as a complementary decision-support tool
within a broader waste-characterization workflow, in which
spectroscopic screening can be followed, where required,
by targeted chemical analyses and regulatory assessment.
This combined approach could be particularly valuable in
post-earthquake scenarios, where a rapid screening of po-
tentially hazardous fractions may help prioritize sampling,
handling and subsequent analytical characterization.

Future work should prioritize external validation on
larger and more diverse datasets, including addition-
al construction typologies and contamination patterns,
to further assess model robustness and transferability.
Particular attention should also be given to reducing the
imbalance among the investigated classes by increasing
the number of spectra for the less represented materials,
such as cement and some mineral-based fractions. This
would provide a more balanced assessment of classifica-
tion performance and further improve the robustness and
transferability of the proposed hierarchical model. Moreo-
ver, integration with field-deployable systems (e.g. porta-
ble devices, conveyor-mounted sensors, or hyperspectral
imaging units) and coupling with digital decision-support
tools would enhance practical uptake, contributing to cir-
cular-economy strategies by maximising material recovery,
limiting landfill disposal and improving the environmental
sustainability of construction and demolition activities.
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