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Effective management of construction and demolition waste (CDW), particularly its fine fraction (<4 mm), faces techni

cal challenges due to its heterogeneity and limited recyclability. Conventional characterisation and sorting technolo

gies are ill-suited to handle this fraction, as its fine particle size and compositional heterogeneity exceed their 

operational limits, resulting in widespread landfill disposal. Exploiting this fraction as a secondary raw material 

requires accurate, real-time classification or regression methods. Unlike previous studies that used individual spectro

scopic instruments, this study leverages a novel multi-sensor system capable of in-line analysis using four complemen

tary techniques: laser-induced breakdown spectroscopy (LIBS), Raman, ultraviolet–visible (UV–Vis) and near-infrared 

(NIR) on fine CDW. The system was tested on 12 standard materials, including cementitious materials, recycled aggre

gates, and organic and polymeric compounds, resulting in a total of 49 152 spectra across the four modalities. One- 

dimensional (1D) convolutional neural networks (CNNs) were trained for multiclass classification. LIBS achieved the 

highest micro F1 scores (0.999), followed by UV–Vis (0.990), Raman (0.989) and NIR (0.869). This work demonstrates 

that the multi-sensor system captures material-specific spectral features that, coupled with 1D-CNN classifiers, allow 

reliable discrimination among fine CDW classes. The system’s ability to acquire data continuously and in-line provides 

a viable pathway towards scalable, automated characterisation in industrial settings.
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1. Introduction 

Construction and demolition waste (CDW) constitutes the largest 
solid waste stream globally, representing �40% of total waste in 
the European Union (Cristobal-García et al., 2024). A considerable 
fraction consists of fine particles (<4–5 mm), produced during 
crushing and comminution processes. This fraction accumulates 
heterogeneous materials – including residual cement paste, gypsum, 
ceramics, wood and glass – that complicate their characterisation 
and limit their valorisation. Consequently, they are often stockpiled 
or downcycled, resulting in inadequate utilisation of valuable 
resources and increased environmental risks, such as sulphate 
leaching. Current separation technologies lack the precision and 
selectivity needed to efficiently process such complex mixtures. 
Although emerging techniques, such as the heating-air classification 
system, have shown potential for the selective separation of fine 
recycled concrete particles (Moreno-Juez et al., 2020), their imple
mentation in real CDW recycling contexts remains limited.

Over the past decade, the use of optical sensors and machine 
learning algorithms in the recycling sector has grown (Kroell 

et al., 2022), with various spectroscopic techniques applied pri
marily to coarse CDW. Among them, near-infrared (NIR) spec
troscopy – especially within the short-wave infrared range – has 
shown promising results for real-time classification of mixed dem
olition waste and recycled aggregates, often supported by multi
variate statistical models such as principal component analysis 
(PCA) and partial least squares discriminant analysis (Vegas et al., 
2015; Vítek et al., 2025; Xiao et al., 2019). This progress has 
enabled industrial prototypes, like the WiserSort system 
(ICEBERG project, GA No. 869336), designed for sorting coarse 
materials such as concrete, ceramics and gypsum. However, large- 
scale adoption remains limited due to challenges in integrating these 
technologies into diverse and cost-sensitive industrial settings.

Other techniques, such as laser-induced breakdown spectroscopy 
(LIBS), have achieved high accuracy (>99%) in pre-industrial set
tings when combined with clustering algorithms and three- 
dimensional scanning for real-time quality assessment in recycled 
coarse aggregates (Chang et al., 2025b, 2025a). Similarly, Raman 
spectroscopy, known for its molecular specificity, has recently 
been applied at laboratory level to the quantification of fine 
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ceramic and cementitious particles in recycled powders, showing 
strong correlation with reference laboratory techniques (Marín- 
Cortés et al., 2024).

Despite these advances, most approaches focus on single spectro
scopic modalities and linear classification models, limiting gener
alisability across variable CDW compositions. In contrast to 
coarse fractions, the fine fraction has received comparatively less 
attention, despite its relevance for circularity, and poses greater 
challenges due to smaller particle size, contamination and spectral 
interference. In parallel, deep learning algorithms, particularly 
convolutional neural networks (CNN), have emerged as powerful 
tools for analysing high-dimensional spectral data (Wu et al., 
2023). These models are capable of learning complex patterns 
from high-dimensional data sets and have outperformed conven
tional chemometric methods in various applications. Nonetheless, 
their integration with in-line spectroscopy for the classification of 
fine CDW is still underexplored.

This study addresses this gap by evaluating a multi-sensor frame
work that combines four complementary in-line spectroscopic tech
niques: NIR, LIBS, Raman and ultraviolet–visible (UV–Vis) with 
one-dimensional (1D)-CNN classification models for the identifica
tion of fine CDW materials. Representative materials found in 
CDW were individually measured to construct a labelled spectral 
data set, enabling models to learn from pure, unambiguous spectral 
signatures. Different network architectures and PCA-based outlier- 
detection strategies are systematically evaluated to characterise the 
discriminative capability of each sensor independently.

Specifically, the present work makes four contributions to the 
field: (i) it introduces a multi-sensor spectroscopic platform for in- 
line analysis of fine CDW, a fraction largely overlooked in 
previous sorting studies; (ii) it establishes a large labelled spectral 

data set of 49 152 acquisitions covering 12 representative material 
classes across four complementary techniques; (iii) it benchmarks 
independent 1D-CNN classifiers per sensor; and (iv) it demon
strates the added value of combining (i)–(iii) into a unified work
flow for fine-fraction CDW classification.

The results indicate the potential of this approach for in-line clas
sification, although further development is needed for industrial 
deployment. Furthermore, these contributions provide a reference 
framework for future data fusion strategies in automated CDW 
processing – particularly relevant for compositionally complex 
mixtures where single-sensor models are expected to show limited 
discriminative capacity.

2. Materials and methodology 

2.1 Sample selection and characterisation 

The materials analysed in this study included: cement paste 
(R1-CP), limestone sand (R2-LS), siliceous sand (R3-SS), ceramic 
fraction (R4-CF), recycled limestone concrete aggregate 
(R5-RLCA), siliceous mortar (R6-SM), gypsum (R7-G), wood, 
glass powder (R9-GP), polyethylene (R10-P) and iron 
(R11-I) (see Figure 1). Two forms of wood, fibres (R8-FW) and 
chips (R8-W), were evaluated separately. All materials were proc
essed to obtain a particle size below 4 mm, except for R10-P, 
which consists of spherical pellets, and R8-W. Samples R1-CP, 
R5-RLCA, R6-SM, and R7-G were synthesised under controlled 
laboratory conditions by mixing the relevant constituents (e.g., 
cement, sand, gypsum and water), allowing the mixtures to cure, 
and subsequently crushing the hardened products to the desired 
particle size. The remaining samples were commercially sourced 
and subjected to mechanical conditioning (crushing and/or siev
ing) to meet the granulometric requirements.

Figure 1. Construction and demolition waste materials characterised and classified using spectroscopic and deep learning methods (R1-CP, 

cement paste; R2-LS, limestone sand; R3-SS, siliceous sand; R4-CF, ceramic fraction; R5-RLCA, recycled limestone concrete aggregate; R6-SM, 

siliceous mortar; R7-G, gypsum; R8-FW, wood fibres; R8-W, wood chips; R9-GP, glass powder; R10-P, polyethylene; R11-I, iron)
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The chemical composition was determined by X-ray fluorescence 
(XRF) using a Thermo Scientific ARL PERFORM’X 4200 spec
trometer. This instrument features a 4200 W solid-state X-ray gen
erator, operating at up to 70 kV and 140 mA. Mineralogical phases 
were identified by X-ray diffraction (XRD) employing a Philips 
X’Pert PW 1820 powder diffractometer (Philips Panalytical), 
equipped with a Cu Kα radiation source (λ = 0.154 nm), operating 
at 40 kV and 40 mA. Data were collected over a 2θ range of 
2–758, with a step size of 0.028 and a counting time of 2 s per step.

2.2 Spectroscopy techniques 

2.2.1 Multi-sensor equipment 

A multi-sensor equipment was used to perform the spectral meas
urements. It integrates four spectroscopy techniques (LIBS, 
Raman, NIR and UV–Vis) and a conveyor belt to place the materi
als under study. The optical system is formed by quartz optical 
fibres to drive the light from the source to the physical point of 
analysis and to collect the light from the material after the interac
tion. Furthermore, the optical system is mounted on a movable 
head on the axis transverse to the direction of movement of the 
conveyor belt. The conveyor and the head are coordinated to ena
ble point-by-point analysis. Before measuring, the equipment was 
calibrated using reference materials, white PTFE (polytetrafluoro
ethylene) for UV–Vis and NIR, aluminium for LIBS and sulfur 
for Raman.

LIBS uses a pulsed neodymium-doped yttrium aluminium garnet 
(Nd:YAG) laser (providing pulses up to 60 mJ and <7 ns width at 
1064 nm) and two spectrometers to cover a spectral range 
[226–631] nm. Samples were measured in powdered form. To 
avoid the laser reaching the sample holder surface, due to sample 
scattering after each pulse, the spectrum of each point is obtained 
from the average of five pulses using an integration time of 1 ms.

Raman spectra were measured with an excitation laser emitting at 
784.8 nm with a power of 810 mW and width of 54 pm. A cad
mium zinc telluride (CZT) spectrometer with a mean focal length 
of f � 200 mm and a back-thinned charge-coupled device (CCD) 
refrigerated to −408C is used to capture the spectra which cover 
the spectral range [100–2100] cm−1 (Raman shift). One measure
ment per point with an integration time of 4 s was applied.

NIR measurements were carried out using a tungsten incandescent 
filament of 5 W with electronically stabilised current source. The 
spectrometer has a thermoelectrically cooled InGaAs detector cover
ing the range [900–1700] nm with a resolution of 8 nm. An integra
tion time of 10 ms and three measurements per point was applied.

UV–Vis spectra were performed using a pulsed Xenon lamp of 
2 W (providing pulses up to 20 mJ) with a lineal complementary 
metal oxide semiconductor (CMOS) that cover the spectral range 

[190–700] nm with a spectral resolution of 6 nm. An integration 
time of 2 ms and three measurements per point was applied.

The measurement parameters of all sensors were optimised to 
ensure reliable band/peak detection. Longer integration times 
yielded no significant spectral improvement, so shorter acquisition 
parameters were selected to reduce total measurement time, which 
increases the number of measurements per unit time and thus 
enhances industrial scalability.

2.2.2 Data and preprocessing 

High-quality data sets are required to capture sufficient variability 
for effective artificial intelligence (AI) model training. To address 
this, the equipment is configured to carry out a point matrix analy
sis over an area with known dimensions. This procedure consists 
of measuring a set of spatially distributed points in the form of a 
matrix and equally spaced over the surface material. In each point, 
all the spectroscopy techniques hit the sample one by one auto
matically. A 16 × 16 matrix is selected resulting in 256 spectra 
over a square sample holder with a side length of 100 mm. To gen
erate the spectral data set, four holders of each material were ana
lysed resulting in 12 288 measurements per technique.

To improve the quality of the spectra and the signal–noise (S/N) 
ratio, a pre-processing step was performed before training. For 
LIBS, standard normal variate (SNV) was first applied independ
ently to each spectrum acquired from the two spectrometers com
prising the instrument. After that, a baseline correction was 
applied with asymmetric least square (ALS) to all the signal 
(lam = 108, p = 10−2). For Raman, the spectral pre-processing 
pipeline includes dark signal subtraction, wavelength range adjust
ment, Savitzky–Golay (S–G) filtering (window length = 11, poly
nomial degree = 3), ALS-based baseline correction (lam = 108, 
p = 10−2) and, finally, SNV normalisation was applied to mini
mise the influence of scattering and scaling differences. For NIR 
and UV–Vis reflectance data, preprocessing involved dark signal 
subtraction, comparison with a reference spectrum, smoothing 
using S–G filter (using Raman parameters) and SNV. The pre- 
processing steps were uniformly applied across all model training.

To prevent data leakage between partitions and ensure an unbiased 
evaluation of model generalisation, the data set was split at the 
sample holder level: two holders per material class were assigned 
to training (50%), one to validation (25%) and one to testing 
(25%). To identify outliers, PCA was fitted on the combined train
ing and validation data set. Outliers in the training subset were 
flagged and excluded using the PCA reconstruction error (inverse 
projection), with the 98th percentile used as the threshold.

2.3 Model architectures 

The goal of this work consists of generating a model able to clas
sify samples from the fine fraction of CDW. To this end, a 
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comparison of different architectures of a 1D-CNN is investigated. 
For the classification task, four architectures have been used 
(CNN2, CNN3, CNN4 and CNN5), which share the same base 
architecture but vary in the number of convolutional blocks. The 
upper limit of five blocks was determined by the spectral interval 
of NIR data (�250 wavelengths), as a sixth block would collapse 
the feature dimension to one, creating an information bottleneck. 
Each of these blocks, as shown in Figure 2, consists of a 1D con
volution layer, batch normalisation, rectified linear unit (ReLU) 
activation, and 1D max pooling, drawing from architectures pre
sented by Picon et al. (2025) and Ta et al. (2023).

Batch normalisation is included to stabilise training and accelerate 
convergence. The output of these blocks results in embeddings 
that represent the features of the input signal. These embeddings 
pass through a flatten layer, a linear layer and a SoftMax activa
tion to produce the probability of the input belonging to a specific 
class.

To determine the class corresponding to the input signal, the mod
el’s output undergoes post-processing. This involves applying 
thresholds to optimise the classification results. Each class has its 
own threshold, which is obtained using the validation set. The 
threshold values range from 0 to 1 and are adjusted in increments 
of 0.001 to maximise the micro-F1 score (m-F1). This metric was 
chosen to assess both accuracy and sensitivity in the balanced data 
set, as it provides a unified measure of performance across all 
classes. Ultimately, the thresholds that achieve the highest m-F1 
score for the validation set are selected, ensuring the most accurate 
classification. When multiple classes exceed their thresholds, or 
none do, the class with the highest SoftMax probability is assigned 
by way of argmax operation.

The number of epochs and batch size were fixed to 100 and 48, 
respectively. Among the two tested learning rate values, 10−4 and 
10−5, the optimal value was selected per technique: 10−4 for 
Raman, NIR and UV–Vis, and 10−5 for LIBS. All the experiments 
were implemented with the PyTorch (version 2.4.0) and PyTorch 

Lightning (version 2.4.0) deep learning libraries and the torchvi
sion (version 0.19.0) package. The study was performed on an 
Ubuntu 22.04 server with an NVIDIA TITAN X graphics process
ing unit (GPU).

3. Results and discussion 

3.1 Chemical and mineralogical characterisation 

The combined XRF and XRD analyses confirmed the heterogene
ous nature of the CDW fine fractions, reflecting their diverse 
material origins. The main chemical compositions (expressed as 
equivalent oxides) and mineralogical phases are summarised in 
Figure 3 and Table 1, respectively.

A strong correlation was observed between chemical and mineral
ogical results. Siliceous materials, characterised by high silicon 
dioxide contents, consistently exhibited quartz and feldspar 
phases. In contrast, calcium oxide-rich samples correlated with the 
presence of calcite, portlandite and calcium silicates, typical of 
cementitious residues. The gypsum-based sample (R7-G) showed 
a marked sulfur trioxide enrichment, corresponding to the predom
inant presence of bassanite. Furthermore, significant amorphous 
contents were detected in cement-based and ceramic-rich frac
tions, likely associated with partially hydrated binders or vitrified 
phases formed during material processing. The alignment between 
chemical and mineralogical data ensures the representativeness of 
the selected materials and establishes a reliable baseline for this 
study.

3.2 Spectral characterisation 

3.2.1 Raman 

As observed in previous studies (Marín-Cortés et al., 2023), aver
aging Raman signals – commonly used to enhance S/N – can hide 
characteristic bands or distort their relative intensities, potentially 
reducing the model’s accuracy for classification. Therefore, pre- 
processed spectra were used for model training to preserve spec
tral variability, while average spectra were presented to facilitate 
interpretation.

Figure 2. Two convolutional neural network block-based architecture (CNN2)
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Figure 3. Chemical composition determined by X-ray fluorescence and expressed as wt.% equivalent oxides of inorganic materials (R1-CP, 

cement paste; R2-LS, limestone sand; R3-SS, siliceous sand; R4-CF, ceramic fraction; R5-RLCA, recycled limestone concrete aggregate; R6-SM, 

siliceous mortar; R7-G, gypsum; LOI, loss on ignition)

Table 1. Mineralogical phases identified by X-ray diffraction (XRD)

Mineral phase R1-CP R2-LS R3-SS R4-CF R5-RLCA R6-SM R7-G

Albite, (Na,Ca)Al(Si,Al)3O8 — — � � — — —

Alite, Ca3SiO5 � — — — — — —

Anortoclase, (Na,K)(Si3Al)O8 — — — — — �� —

Bassanite, CaSO4·1/2H2O — — — — — — �����

Belite, Ca2SiO5 � — — — — — —

Calcite, CaCO3 �� ����� — �� ����� � �

Quartz, SiO2 — — ����� ����� — ����� �

Dolomite, CaMg0.77Fe0.23(CO3)2 — � — — � — �

Microcline, KAlSi3O8 — — � — — — —

Moscovite, KAl3Si3O10(OH)2 — — � �� — — —

Portlandite, Ca(OH)2 ���� — — — �� � —

Amorphous phase ��� — — — �� � �

Note(s): mineralogical phases identified by XRD (� = trace; �� = low; ��� = moderate; ���� = high; ����� = very high) in inorganic materials;  R1-CP, cement paste; R2-LS, 

limestone sand; R3-SS, siliceous sand; R4-CF, ceramic fraction; R5-RLCA, recycled limestone concrete aggregate; R6-SM, siliceous mortar; R7-G, gypsum

The average Raman spectra of all samples are shown in Figure 4. 
Several characteristic features can be observed across the data set. 
R1-CP presents a low intensity spectrum and lacked Raman bands 
despite XRD confirmation of calcite and portlandite. Calcite, iden
tified as the dominant mineral phase in R2-LS and R5-RLCA, 
shows its characteristic Raman bands at 283.7 cm−1 (translational 
lattice mode), 710.5 cm−1 (symmetric (CO3)2− deformation) and 
1087.5 cm−1 (symmetric (CO3)2− stretching) (Gunasekaran et al., 
2006). In R5-RLCA, calcite bands are reduced in intensity 
due to the mixing of materials which decreases the aggregate con
centration. Quartz was identified in R3-SS and R6-SM, by bands 
at 208.9 cm−1 and 465 cm−1 (silicon–oxygen–silicon symmetric 
stretching vibrations) (Liu et al., 2022), but no clear signals were 
observed in R4-CF, likely due to signal attenuation or fluores
cence. Fluorescence interference was notable in R3-SS and R6- 

SM, affecting interpretability. Gypsum shows a characteristic 
band at 1010.7 cm−1 (symmetric stretch SO4 tetrahedra) (Buzgar 
et al., 2009), though weak due to fluorescence. Glass exhibits a 
broad band centred around 1400 cm−1, attributed to photolumines
cence, consistent with previous findings using a 784.8 nm laser 
(Tuschel, 2016). R10-P shows characteristic bands detected at 
1061.4, 1081.1, 1129.2, 1170.4, 1295.3, 1269.9, 1418.6, 1440.4 
and 1461.0 cm−1, corresponding to vibrational modes of C-C and 
CH2 bonds (Furukawa et al., 2006). In wood samples, the spectra 
are dominated by fluorescence, masking characteristic bands. As 
expected, the metal sample R11-I does not exhibit Raman activity 
due to the absence of vibrational modes. Overall, Figure 4 illus
trates the strengths of Raman spectroscopy in identifying specific 
mineral phases, while also highlighting its limitations in highly 
fluorescent or metallic samples.
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Figure 4. Average Raman spectra without pre-processing of all materials (R1-CP, cement paste; R2-LS, limestone sand; R3-SS, siliceous sand; 

R4-CF, ceramic fraction; R5-RLCA, recycled limestone concrete aggregate; R6-SM, siliceous mortar; R7-G, gypsum; R8-FW, wood fibres; R8-W, 

wood chips; R9-GP, glass powder; R10-P, polyethylene; R11-I, iron)

3.2.2 LIBS 

The average LIBS spectra are presented in Figure 5. Inorganic 
materials exhibit similar peak distributions, suggesting comparable 
elemental compositions, with variations in line intensity reflecting dif
ferences in concentrations. These observations are consistent with 

XRF data, which served to validate the elemental profiles obtained by 
LIBS. On the other hand, organic samples lack prominent emission 
lines because they are composed mainly of carbon, hydrogen and oxy
gen. Woods show two spectral lines close to 400 nm that may be asso
ciated with the presence of calcium. Its origin could be natural or due 

Construction Materials 

Volume 179 Issue 5 

Assessment of in-line spectroscopy and CNNs for 

CDW fine fraction classification 

Folgoso-Bullejos, García-Cortes, Iturrioz, GalánSaiz 

and Benito-Del-Valle

366 

Downloaded from ftp.​nowpublishers.​com/​jcoma/​article-pdf/​179/​5/​361/​11834185/​jcoma.​25.​00148en.​pdf by guest on 10 October 2026



to treatments or contamination of the samples. A detailed peak analy
sis is not included, as the focus of the study is material differentiation 
rather than quantification or detection of specific elements.

Figure 5. Mean laser-induced breakdown spectroscopy spectra for each material after min–max normalisation (R1-CP, cement paste; R2-LS, 

limestone sand; R3-SS, siliceous sand; R4-CF, ceramic fraction; R5-RLCA, recycled limestone concrete aggregate; R6-SM, siliceous mortar; 

R7-G, gypsum; R8-FW, wood fibres; R8-W, wood chips; R9-GP, glass powder; R10-P, polyethylene; R11-I, iron)

3.2.3 UV–Vis 

UV–Vis reflectance spectra of the materials in the wavelength range 
190–700 nm are presented in Figure 6. In the range 380–700 nm, the 
diffuse reflectance spectrum is directly related to the perceived hue of 
the samples. Materials with a white or greyish hue have a uniform 
reflectance across this wavelength range such as R1-CP, R2-LS, R5- 
RLCA, R6-SM, R7-G, R9-GP and R10-P. In contrast, R4-CF, R8-W 
and R8-FW demonstrate a positive gradient with increasing wave
length, which is correlated with its brownish and reddish hue. In the 
ultraviolet range (<380 nm), these materials exhibit bands and changes 
that can be used to differentiate them. These results indicate that 
UV–Vis is useful for identifying visually distinct materials based on 

diffused reflectance behaviour, but its capacity to resolve subtle compo
sitional differences is limited compared with other techniques applied.

3.2.4 NIR 

The NIR reflectance spectra of the materials in the wavelength 
range 1000–1700 nm are presented in Figure 7. While many 
mineral-based materials display similar, smooth spectral profiles, 
those containing hydrated phases or organic compounds – such as 
R1-CP, R5-RLCA, R6-SM, R7-G, R8-W, R8-FW and R10-P –
exhibit distinctive absorption features. Cement-based samples 
(R1-CP, R5-RLCA and R6-SM) exhibited features near 1400 nm, 
attributed to the first overtone of O–H stretching in hydration 
products such as portlandite and calcium silicate hydrate 
(Kotthaus et al., 2014; Ptacek et al., 2021). Gypsum (R7-G) dis
plays distinct absorption bands near 1440 nm and 1750 nm, corre
sponding to O–H overtones of the water molecules in 
CaSO4·2H2O (Moreira et al., 2014). Wood samples (R8-W and 
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R8-FW) show a broad absorption band that extends from 1300 nm 
to nearly 1650 nm, related to O–H and C–H vibrations in cellulose 
and lignin (Leblon et al., 2013). Polyethylene (R10-P) showed 
bands at 1150–1210 nm, �1390 nm and �1730 nm, corresponding 
to aliphatic C–H overtones (Mizushima et al., 2012). In contrast, 
samples like R2-LS, R3-SS and R9-GP exhibited relatively flat 
reflectance, with no sharp absorption features – consistent with 
the low NIR activity in this range. Ceramic materials (R4-CF) 
show modest variability, although no diagnostic bands are 
observed between 1000 nm and 1700 nm (Kotthaus et al., 2014). 
Iron (R11-I) was also featureless, as its primary absorptions occur 

near 900 nm, falling outside the measured window. These observa
tions confirm that the 1000–1700 nm region provides spectral var
iability particularly for materials containing hydrated (O–H) or 
organic functional groups (C–H). However, discrimination among 
purely mineral or metallic components is limited, as their spectra 
lack strong overtone bands. This limitation is especially relevant 
for materials with similar mineralogical composition, as con
firmed by complementary XRF and XRD analyses. Whether more 
subtle spectral variations can be detected through CNNs will be 
examined in the next section.

Figure 6. Average ultraviolet–visible reflectance spectra of the materials under study, after dark correction and normalisation to a white 

polytetrafluoroethylene reference (R1-CP, cement paste; R2-LS, limestone sand; R3-SS, siliceous sand; R4-CF, ceramic fraction; R5-RLCA, 

recycled limestone concrete aggregate; R6-SM, siliceous mortar; R7-G, gypsum; R8-FW, wood fibres; R8-W, wood chips; R9-GP, glass powder; 

R10-P, polyethylene; R11-I, iron)

Figure 7. Average near infrared reflectance spectra of the materials 

under study, after dark correction and normalisation to a white Teflon 

reference

3.3 Classification models 

The classification of CDW materials was carried out using CNN 
models trained on the spectral data sets. For each technique, the 
impact of varying the number of convolutional layers (2–5) and 
the application of PCA-based outlier detection in the train subset 
was evaluated. Model performance was assessed using the m-F1, 
which reflects the overall balance between precision and recall, 
and confusion matrices, which provide detailed insight into class- 
specific performance. Table 2 presents the m-F1 scores for all 
model configurations, while the confusion matrices (Figure 8) 
were generated using the best performing model for each tech
nique and applied to the corresponding test data set, thereby evalu
ating the robustness and generalisation capability of the models on 
previously unseen data obtained under controlled experimental 
conditions.

Across all modalities, performance on the independent test subsets 
is consistently high under the present controlled acquisition 
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conditions, indicating that the spectral variability captured by the 
platform is sufficient for reliable class discrimination. The com
parison of CNN depths (CNN2–CNN5) shows only marginal 

differences for Raman, LIBS and UV–Vis, suggesting that addi
tional model complexity offers limited benefit once the task is 
well constrained. Likewise, PCA-based outlier detection does not 
provide systematic gains across techniques and architectures, with 
performance remaining comparable (and in some cases slightly 
reduced), indicating that the measured spectra are already largely 
consistent after preprocessing. Consequently, the discussion below 
focuses on the few residual confusions visible in the confusion 
matrices and on the practical boundary conditions for transferabil
ity beyond controlled settings.

Table 2. Micro-F1 score by model and outlier setting

Model Outliers CNN2 CNN3 CNN4 CNN5

Raman — 0.982 0.986 0.989 0.989

- O 0.980 0.983 0.983 0.986

LIBS — 0.997 0.998 0.999 0.998

- O 0.996 0.994 0.997 0.998

UV–Vis — 0.989 0.990 0.988 0.984

- O 0.975 0.983 0.976 0.982

NIR — 0.853 0.869 0.857 0.854

- O 0.852 0.865 0.851 0.868

Note(s): micro-F1 score obtained for each model and spectroscopic technique 

without (—) or with (O) outlier detection; values in italics are the best metrics 

achieved for each technique; LIBS, laser-induced breakdown spectroscopy; 

UV–Vis, ultraviolet–visual; NIR, near infrared

Figure 8. Confusion matrices obtained by applying the independently trained models to their corresponding test subsets: (a) laser-induced 

breakdown spectroscopy, (b) Raman, (c) ultraviolet–visual and (d) near infrared (R1-CP, cement paste; R2-LS, limestone sand; R3-SS, siliceous 

sand; R4-CF, ceramic fraction; R5-RLCA, recycled limestone concrete aggregate; R6-SM, siliceous mortar; R7-G, gypsum; R8-FW, wood fibres; 

R8-W, wood chips; R9-GP, glass powder; R10-P, polyethylene; R11-I, iron)

For LIBS, the best performance was obtained with CNN4 without 
PCA-based outlier detection (m-F1 = 0.999). The confusion 
matrix (see Figure 8(a)) shows near-perfect separation on the inde
pendent test set, with only a few isolated confusions: mainly 
within the organic subset (R8-W ! R8-FW; R10-P ! R8-FW) 
and a single confusion between two cementitious classes 
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(R5-RLCA ! R6-SM). Regarding organic materials, both wood 
and polyethylene (PE) are dominated by light elements (C–H–O 
for wood; predominantly C–H for PE), for which commonly 
exploited atomic lines lie outside the analysed window [260, 
610] nm (e.g. H I � 656 nm, O I  � 777 nm). Nonetheless, the 
observed performance indicates that the model extracts sufficient 
discriminative information from the measured range, primarily 
through distributed spectral cues such as relative intensity pat
terns, line-to-continuum balance and baseline/continuum behav
iour. Weak carbon-nitrogen bounds (�385 to 388 nm) and carbon- 
carbon bounds (e.g., �516.5 nm) emissions may contribute but are 
of low contrast. For inorganic classes, the near-perfect perform
ance of LIBS is consistent with the compositional contrasts evi
denced by XRF (Figure 3), insofar as LIBS is an elemental 
emission technique whose spectra encode differences in elemental 
abundances through class-dependent patterns of emission lines 
and their relative intensities. Under the present acquisition condi
tions, discrimination does not necessarily require the appearance 
of entirely new peaks; rather, it can be supported by reproducible 
differences in relative line-intensity distributions and line-to- 
continuum behaviour across the measured window, which are 
influenced by both composition and plasma conditions (e.g. 
temperature/density-dependent excitation and matrix-related 
effects).

For the UV–Vis technique, the best classification performance 
was achieved using a CNN with three convolutional layers, reach
ing a m-F1 score of 0.990. The confusion matrix (see Figure 8(c)) 
indicates high accuracy and sensitivity for most classes, showing 
that UV–Vis spectra provide sufficient discriminative information 
under control acquisition conditions. This discriminative informa
tion is primarily linked to diffuse reflectance behaviour associated 
with sample hue in the visible range, complemented in some mate
rials by a limited number of additional UV–Vis spectral features, 
which together support the separation of most classes. However, 
some misclassifications remain (e.g., R2-LS versus R3-SS and 
R8-W versus R8-FW), consistent with partially overlapping opti
cal responses. A small fraction of these residual errors may also 
reflect point-to-point sampling variability and occasional acquisi
tion artefacts (e.g., local surface heterogeneity or edge effects), 
which can subtly alter reflectance-based cues.

The Raman technique reaches its maximum m-F1 value (0.989) 
when using four or five convolutional layers. The confusion 
matrix derived from the independent test set (Figure 8(b)), 
obtained with CNN4, confirms the stability and robustness of the 
model when applied to unseen spectra acquired under the same 
experimental conditions. Nevertheless, a limited number of mis
classifications occurred between spectrally similar material classes 
(e.g., R4-CF versus R5-RLCA, R8-W versus R8-FW or R2-LS 
versus R5-RLCA). In the preliminary inspection of the spectra 
(see Section 3.2 above), not all materials exhibited clearly 

distinctive Raman bands under the present acquisition conditions, 
partly due to shared mineral phases and partly due to 
measurement-related factors such as fluorescence background and 
limited S/N ratio, which can obscure weaker Raman features. The 
strong performance of the Raman convolutional models indicates 
that classification is not exclusively driven by isolated characteris
tic Raman bands. Instead, 1D-CNN is likely exploiting distributed 
spectral information, including subtle variations in spectral shape, 
baseline, fluorescence background and local intensity relation
ships along the spectral axis (Liu et al., 2017). Such features may 
arise from matrix effects, microstructural differences or phase 
composition which, while not easily interpretable in terms of indi
vidual Raman assignments, remain physically consistent and 
reproducible under controlled experimental conditions. This likely 
explains why the remaining misclassifications occur mainly in 
cases where distinctive Raman bands are absent or weak, or where 
characteristic features overlap across different material matrices.

Unlike the other techniques, NIR yields the lowest overall classi
fication performance. The highest m-F1 score obtained was 
0.869, achieved using a CNN3 model. The confusion matrix (see 
Figure 8(d)) reveals clear differentiation for materials exhibiting 
characteristic bands, such as organic compounds (R8-W, R8-FW, 
R10-P) and those with hydrated phases (R1-CP, R5-RLCA, 
R7-G). In addition, R3-SS and R9-GP are still satisfactorily dif
ferentiated despite lacking prominent NIR absorption bands, and 
R1-CP and R6-SM can also be separated despite sharing the 
�1400 nm feature, suggesting that the model exploits subtle, dis
tributed spectral variations across the measured range (e.g., local 
shape differences and weak baseline/reflectance cues) rather 
than relying exclusively on a small number of distinctive bands. 
The few residual errors occur between classes characterised by 
relatively flat, feature-poor responses in the analysed window, 
particularly R4-CF versus R11-I and R4-CF versus R2-LS, 
where discrimination relies mainly on subtle slope/level differen
ces rather than on diagnostic absorption bands. Notably, R11-I is 
confused with R4-CF rather than with R2-LS, which is consist
ent with the XRF results indicating a higher iron content for R4- 
CF than for R2-LS; this relative iron-richness may contribute to 
reduced spectral contrast and increased overlap in this wave
length range. These outcomes are consistent with the physics of 
NIR reflectance: the 1000–1700 nm region is dominated by rela
tively weak overtone features, while more diagnostically inform
ative combination bands typically occur at longer wavelengths 
(>1700 nm). Extending the spectral coverage beyond 1700 nm 
would therefore be expected to improve discrimination among 
the currently ambiguous mineral classes.

From an industrial perspective, the strong classification perform
ance reported here should be interpreted within the context of con
trolled acquisition conditions. In real CDW processing 
environments, several factors may challenge direct transferability, 
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including moisture variations, surface contamination or dust, 
mixed-material contact and particle overlap within the measure
ment spot, as well as process-related constraints such as conveyor 
speed and reduced acquisition time. These effects can alter signal 
stability, reduce S/N ratio or introduce composite spectral 
responses that differ from laboratory-prepared samples. In addi
tion, long-term deployment requires regular sensor maintenance 
and calibration to mitigate instrumental drift and ensure consistent 
data quality. While the multi-sensor approach adopted here offers 
complementary and partially redundant information that may help 
mitigate some technique-specific limitations, further validation on 
heterogeneous, dynamically evolving CDW streams is required to 
fully assess robustness and operational boundaries in industrial 
settings. Within these boundaries, the proposed framework shows 
strong potential as a foundation for more intelligent and efficient 
CDW processing systems.

4. Conclusions 

This study assessed the potential of four in-line spectroscopic 
techniques (LIBS, Raman, UV–Vis and NIR), combined with 
1D-CNN models, for classifying representative materials from the 
fine fraction (<4 mm) of CDW. Using 12 controlled material 
classes measured under standardised laboratory conditions, all 
techniques achieved good performance on independent test sub
sets, although with clear differences between modalities.

LIBS provided the highest performance (m-F1 = 0.999), followed 
by UV–Vis (m-F1 = 0.990) and Raman (m-F1 = 0.989), showing 
that these three techniques can reliably discriminate most classes 
under the present acquisition conditions. NIR showed the lowest 
overall performance (m-F1 = 0.869) but remained effective for 
materials exhibiting O–H and/or C–H related spectral structure, 
while most errors were concentrated in a small subset of feature- 
poor inorganic classes. Overall, the results confirm that the pro
posed multi-sensor framework provides a strong basis for in-line 
classification of fine CDW, while also indicating that the four 
modalities are complementary rather than interchangeable.

Further work is required to validate the models on heterogeneous 
and mixed CDW streams, assess robustness under more realistic 
processing conditions and explore sensor-fusion strategies to 
improve transferability to industrial environments.
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