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A B S T R A C T

Laser-induced breakdown spectroscopy (LIBS) is a fast, and non-destructive technique for real-time elemental 
analysis, ideal for in-line characterization of construction and demolition waste (CDW). This study evaluates and 
improves the accuracy of portable LIBS for elemental quantification in pressed pellets from CDW. Pressed powder 
pellets of different CDW categories (i.e., cements, concrete, masonry), previously analysed by X-ray fluorescence 
(XRF), were measured using the SciAps Z900 handheld LIBS spectrometer. Total of 71 selected samples were 
used to build a new library dataset based on a matrix-matching calibration (MMC) approach. The resulting MMC 
library was then compared with the built-in SciAps “Geochem” library, which is designed for inorganic-mineral 
rock matrices. MMC method shows higher Si and Ca levels with similar concentrations, as main components of 
mixed CDW materials. Results show that MMC reduces matrix effects and analyte signal interference, enabling 
accurate elemental quantification, particularly for CDW samples dominated by high Si (20–70 wt%), and Ca 
contents (10–75 wt%). The accuracy and measurements of Ca contents are better for both MMC and Geochem 
calibration (GC) models, although the average relative difference decreases from 10.9% (GC) to 4.55% (MMC). 
Comparable accuracy improvements are found for other major elements (Si, Al, Ti, Fe, Mn, Mg, Na, K). To further 
validate MMC-library performance, certified reference materials from the National Institute of Standards and 
Technology (NIST) for building materials were also analysed. Our findings suggest that the MMC approach 
improves both the accuracy and precision of LIBS measurements on pressed pellets from CDW.

1. Introduction

The extraction of sand and gravel for the construction sector repre
sents the most significant fraction of mineral resource use worldwide, 
with annual volumes ranging from 32 to 50 Gt [1]. Over 90% of these 
materials are sourced from riverbeds, causing significant disruption and 
degradation to natural ecosystems [2]. Sand and gravel make up over 
70% of concrete's volume, which is currently the second most consumed 
material worldwide, only after drinking water [3]. At the end of their 
service life, building materials become construction and demolition 
waste (CDW), which contributes to 37.5% of the solid waste landfilled 
globally [4]. CDW generation exceeds 800 Mt. annually in the European 
Union [5]. CDW typically contain crushed concrete, bricks, tiles, gyp
sum boards, natural stones, timber, metals and plastic compounds [6]. 
The types, abundance and recycling performance of CDW, markedly 
depend on geographical and geological peculiarities [7].

Thereby, recycling CDW can produce secondary raw materials and 

reduce the demand for primary resources [8], and landfill volumes [9]. 
However, current CDW management suffers from inadequate on-site 
sorting, resulting in low-grade recycled materials [10]. Traditional 
CDW recycling involves mechanical crushing of large debris, followed 
by screening and separation of unwanted fraction like metals, plastic 
and timber. This process often relies also on manual sorting to improve 
the homogeneity of the waste stream [11], resulting as expensive, 
labour-intensive, and scarcely safe for the health of the workers [12]. 
Existing CDW industrial sorting technologies accounts for advanced 
automated methods, like magnetic and gravity concentration [13], and 
RGB color recognition [14]. The other technologies like near-infrared 
(NIR) detection [15], and hyperspectral imaging [16] have primarily 
been tested and validated at the laboratory scale, whereas portable NIR 
for field detection and in situ analysis is well developed. These tech
nologies have limitations such as high cost, complexity, and limited 
material discrimination, especially for mixed CDW. In order to increase 
performance, a significant contribution comes from machine learning, 
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enabling automatic classification [17,18]. However, more rapid, effi
cient, economical and effective methods are constantly introduced and 
tested. In this realm, laser-induced breakdown spectroscopy (LIBS) has 
recently gained interest in the field of waste recycling for in-line quality 
inspection [19]. LIBS is a rapid, in situ technique for elemental analysis 
across matrices, requiring minimal sample preparation [20]. LIBS 
characteristics, such as high efficiency and accuracy make it ideal for 
fast, precise, and on-site elemental determination and classification of 
CDW, toward the developing of efficient sorting technologies [21].

Rapid developments and applications of LIBS analysis during the last 
20 years have increased in various fields [22–26]. Previous studies have 
shown the application of LIBS with univariate calibration methods for 
elemental analysis on pressed pellets to characterize various materials, 
such as cement and concrete [27–29], coal deposits [30,31], CDW by 
combing LIBS and NIR spectroscopy [32,33], soil samples (pellets) [34], 
and molten metals [35]. LIBS have also shown potential in recycling and 
sorting of wastes, such as classification of post-consumer aluminium 
metal scrap [36,37], recycled concrete aggregates [19], refractory res
idues [38], landfill leachates [39], residual wastes [40], and for other 
specific industrial applications [41,42]. To the best of our knowledge, 
characterization of complex and mixed heterogeneous CDW by portable 
LIBS has not been yet reported for elemental analysis in previous studies, 
while primarily focus was given on more homogeneous materials or 
simple waste streams.

Numerous studies have combined the used of LIBS with various al
gorithms for direct material identification, like linear discriminant 
analysis (LDA) [43], partial least squares discriminant analysis (PLS-DA) 
[44], and factorial discriminant analysis (FDA) [45]. Despite these de
velopments, enhancing the precision of LIBS remains imperative. 
Quantitative analysis by LIBS is often challenged by differences in 
complex environmental matrices (e.g., wastes and soil) and matrix ef
fects that can affect and alter signal intensity and accuracy. For this 
reason, LIBS requires specific calibration methods and data processing to 
improve measurements accuracy, which depends on the materials under 
analysis [24]. In the elemental determination process, the standard 
univariate calibration methods used in LIBS are matrix-matching cali
bration (MMC), internal standardization, and standard addition [46,47]. 
The MMC can minimize discrepancies using reference standards previ
ously analysed having a composition similar to those of the unknown 
sample. In previous studies, MMC curves by LIBS were used to quanti
tatively measure the elements in certified reference materials (CRMs) of 
cements from the National Institute of Standards and Technology (NIST) 
[27], and 20 CRMs of iron oxide powder samples [48]. Previous LIBS 
calibration studies focused on relatively uniform matrices with signifi
cant deficiencies and limitations in the development of universally 
applicable calibration protocols. In the present research an MMC 
approach is specifically developed for CDW accounting for heterogenous 
materials, tackling the matrix effects while improving calibration ac
curacy and robustness.

In a previous study, Junwei et al. [49] adopted a univariate cali
bration for LIBS measurements achieving good accuracy for Ca, Si, Fe, 
Al, Mg, Na, K and Ti in homogeneous cement raw materials (pellets). 
However, univariate calibration struggles to provide accurate and 
robust quantitative analysis for complex, and heterogeneous materials 
where matrix variations impact plasma conditions and emission signals. 
Thus, challenges remain in achieving accurate elemental quantification 
of complex mixed materials like CDW due to calibration limitations, and 
matrix effects. Current built-in LIBS calibrations like SciAps “Geochem” 
for rocks and ores do not adequately address the heterogeneous and 
variable composition of CDW. The present study addresses this gap by 
presenting a LIBS library developed for heterogeneous CDW samples to 
improve the accuracy of elemental quantification. In this study, an MMC 
method is performed using only the elemental bulk composition ob
tained via XRF analysis of selected CDW products, representative of the 
most common types found in landfills. The accuracy of the MMC is then 
compared with the built-in SciAps Geochem calibration (GC), obtained 

from CRMs of rocks and ore deposits with similar compositions. The 
main objectives of the present study are (i); to assess elemental 
composition in characterization of recycling CDW materials, (ii) to 
assess MMC method to improve the accuracy of portable LIBS analytical 
performance, and (iii) eventually, comparing the analytical measure
ments of major elements by MMC calibration and the built-in GC in CDW 
materials. Developing calibrations like MMC and other analytical pro
tocols tailored for chemical characterization of CDW are critically 
needed to unlock the potential of handheld LIBS in enhancing elemental 
quantification and recycling efficiency.

2. Materials and methods

2.1. Materials

The LIBS calibration investigated here is conducted on 71 variable 
samples of CDW collected from stockpiles of landfilled materials from 
three different recycling facilities in Italy, located in Ferrara (Emilia 
Romagna region), Pescara (Abruzzo region) and Macerata (Marche re
gion). To encompass the most common products found in the CDW, the 
sample set in this study includes: 35 mixed CDW products, 16 ceramics 
among bricks, tiles, stoneware and porcelain and 20 samples of different 
concrete. For each material, at least 20 kg was collected, following the 
standard UNE-EN 932–1 (1998). The samples were then homogenized 
(90 μm) and reduced using the quartering methods (UNE-EN 932–2, 
2000).

2.2. Methods

2.2.1. X-ray fluorescence
Bulk major oxides concentrations (CaO, SiO2, Al2O3, Fe2O3, MgO, 

Na2O, Mano, K2O, TiO2) were determined by X-ray fluorescence 
wavelength-dispersive spectrometry (XRF-WDS) on pressed powder 
pellets using an ARL Advent-XP+ spectrometer. All the samples were 
crushed, grinded and homogenized into powder form. Pressed powder 
pellets were prepared with wax glue binder (Polyvinyl alcohol called 
“Mowiol”) by hydraulic press machine. Each sample preparation pro
cedure involved the pressing of powder for 12 s and repeated three times 
to achieve compact pressed pellets. The wax glue as a binder in pellets 
provided bond strength by holding the powder particles together during 
pressing in sample holder, resulting in compact and mechanically stable 
pellets. The matrix correction method proposed by Traill and Lachance 
[50] was applied. Precision in terms of repeatability (% RSD) is better 
than 4–5% on average (for most abundant elements better than 2–3%). 
The XRF results of Si, Ca and Al (high compositions) demonstrate good 
accuracy relative to the certified values of similar cementitious NIST 
samples, showing low average errors. Relative percentage error in CRMs 
(NIST samples) measurements was <15% for Si, and < 10% for Ca and 
Al. Volatile contents were determined as loss on ignition (LOI) at 
1000 ◦C. The XRF laboratory of the Department of Physics and Earth 
Sciences at the University of Ferrara has extensive experience in the 
analysis of CDW matrices, as documented in recent studies [7,18,51].

2.2.2. LIBS calibrations (MMC vs GC)
The elemental compositions of Ca, Si, Al, Fe, Mg, Na, Mn, K, Ti in the 

CDW and standards are determined by the LIBS (SciAps Z-900 handheld 
spectrometer, Inc., Woburn, MA, USA). The handheld-LIBS consisted of 
a spectrometer with a spectral range (180–950 nm), a 1064 nm laser 
(pulse energy (5 mJ) and pulse width (1–2 ns)), and an optical assembly 
in a handpiece enclosure [52]. The nominal spectral resolution (FWHM) 
of the SciAps Z-900 optical system is <0.15 nm. Elemental analysis of 
LIBS was quantified by using MMC and GC following the experimental 
procedure (Fig. 1), respectively. For GC, the built-in database consisting 
of geological CRMs such as NISTs, ores, soil, and clay materials (Fig. S1a 
and S1b). For MMC, the previously analysed XRF dataset of elemental 
composition of mixed CDW samples are added to create a new database. 
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The database of XRF composition of 71 CDW samples was used to 
construct the LIBS MMC calibration model in Profile Builder Software. 
All reference XRF values of major elements (in ppm) were entered into 
the software. The laser pulse was then used on each sample to create a 
calibration curves model for each element (Fig. S2a, S2b). In addition, 
31 independent samples containing similar matrix of NIST (Portland 
cements) and geological materials standards were used as unknown 
samples for validation testing of LIBS MMC model. These unknown 
samples are independent from our calibration dataset of CDW samples 
and considered as a practical validation set to assess the predictive 
performance of MMC model's on real-world similar and different 
matrices. The calibration curves are generated for each major element 
and scattered sampling points are excluded to improve calibration and 
minimize the matrix effects (Fig. S2a and S2b). All calibration curves are 
created with low root mean square (RMS) error to improve the quality of 
a calibration curve between the predicted values (from the LIBS analy
ser) and the actual reference values (from XRF analytical measure
ments). The MMC was then transferred and installed into the LIBS 
application.

The pulsed laser used in the handheld SciAps LIBS analyzers usually 
delivers 5–6 mJ per pulse at a repetition rate of 50 Hz. To decrease 
discrepancies and matrix effects, each sample pellet was measured by 
LIBS in triplicate by directing the laser pulse at three distinct spots. The 
laser pulse results in ablation of a small spot of material (roughly a 
diameter of 25 μm) of total depth. Ablation typically removed a 
microscale depth which is sufficient for elemental detection by LIBS 
without extensive damage of the sample. The number of laser pulses per 
measuring spot was around 20–30 pulses and measurement time of one 
spot by laser pulse was typically around 3 s. The spectra collected and 
systematically averaged for analysis precision, and then the average of 
triplicate measurements for each sample was used for spectral analysis. 
The results of all major elements are obtained in weight percentage (wt 
%) and converted into parts per million (ppm) and used for further 
analysis.

2.3. Evaluation indices

The average relative difference (ABS-D) is an evaluation tool used to 
determine the magnitude of absolute differences in elemental compo

sition of measured value vs true reference values among samples. This 
tool serves as a foundation concept for highlighting statistical differ
ences and for quality use assessments. The ABS-D is calculated by the 
given eq. (1); 

ABS − D = |MV − TV| (1) 

Where ABS-D in wt% is the absolute difference between the 
measured values MV and the true value TV (i.e. the XRF value).

Where TV represents true values, and MV represents measured 
values, respectively. An empirical correction method was also used for 
adjusting the results of models (MMC and GC methods) for LIBS mea
surements. The empirical correction typically involves the multiplica
tion of actual values by the observed linear regression model (Y = mX ±
b) to minimize error, where Y is the response (dependent) variable, m is 
the estimated slope, X is the predictor (independent) variable as actual 
elemental concentration, and b is the estimated intercept. The actual 
values of Si were corrected by applying this equation (Y = 0.8787 × X +
3.0056) for MMC, and (Y = 1.8309 × X - 48.664) for GC. While for Al, 
the actual values of Si were corrected by applying an equation (Y =
1.3072 × X – 3.4308) for MMC, and (Y = 1.0563 × X - 1.6311) for GC. 
Where Y represents “empirical corrected” and “X” indicates actual 
concentration in these equations.

3. Results and discussion

3.1. XRF composition

Samples were labelled and categorized into three main groups: (i) 
ceramic (CER), (ii) concrete (CON), and (iii) mixed construction and 
demolition waste (CDW). The bulk chemical compositions of the 
collected CDW samples are provided in Supplementary Table S1. XRF 
analysis revealed a considerable variability in the major elements' 
composition, particularly among the three primary constituents: CaO, 
SiO₂, and Al₂O₃ (Fig. 2). CER samples are predominantly silica- to 
silicate-based, with SiO₂ contents ranging from 55 to 80 wt%, typically 
derived from high temperature firing of quartz- and feldspar-rich sands. 
In contrast, CON samples exhibit a calcium-rich composition (CaO: 
50–80 wt%), primarily due to the presence of Portland cement binders, 
limestone aggregates, and gypsum additives [53]. By referencing the 
known chemical compositions of key minerals—such as cristobalite 
(Cris.), mullite (Mul.), anorthite (An.), wollastonite (Woll.), tricalcium 
silicate (C₃S), dicalcium silicate (C₂S), and aluminate (C₃A)—distinct 

Fig. 1. Flow chart shows experimental procedure for calibration and 
LIBS analysis.

Fig. 2. Ternary plot of the most abundant major oxides (CaO, SiO₂, and Al₂O₃ 
measured by XRF) in CER, CON and CDW materials. Where Gehl. stands for 
gehlenite (Ca₂Al₂(AlSi)O₇ or Ca₂Al₂SiO₇), An. for anorthite (CaAl₂Si₂O₈) and 
Mull. for mullite (3Al₂O₃⋅2SiO₂).
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compositional regions were delineated to aid in characterizing the ma
terials under investigation. Given the composite nature of CON, samples 
were further distinguished into high-Ca due to limestone aggregates 
(Limes. CON), Ordinary Portland Cement (OPC), and high-Si from sili
cate aggregates (Silicat. CON) in Fig. 2. Many mixed CDW samples were 
distributed across these regions, reflecting the widespread presence and 
variable fraction of OPC in mixed waste environments. The character
istic mixed CDW region represents materials composed of varying pro
portions of CER and CON. Lastly, CER products were distributed 
between the Glass-ceramic regions, reflecting their primary composition 
and sintering temperature.

To better illustrate the compositional differences and similarities 
among the 71 studied samples, their bulk chemical compositions were 
compared with those of 135 additional CDW samples from XRF analyses 
reported in the literature [7,18,51]. As previously introduced, most 
samples analysed here are distributed along the SiO₂–CaO trend (Fig. 3a) 
along a relatively narrow compositional range (SiO₂ 40–70 wt% and 
CaO 5–25 wt%). Threshold values indicative of pure CER materials can 
be inferred from enrichments in Al₂O₃ (typically >15 wt%) and/or SiO₂ 
contents (> 50 wt%), as shown in Fig. 3b. Conversely, pure CON ma
terials are generally characterised by low Al₂O₃ concentrations (<10 wt 
%). Plotting Fe₂O₃ against MgO offers further discrimination among CER 
products, enabling the identification of brick fragments—distinguished 
by relatively elevated Fe₂O₃ and MgO contents—from other market- 
available CER materials such as stoneware, porcelain, and tiles 
commonly encountered in CDW (Fig. 3c). Lastly, alkali oxides, partic
ularly K₂O versus Na₂O (Fig. 3d), are of practical importance in recycling 
processes, especially in the production of recycled aggregates, where 
high concentrations of alkaly may adversely affect durability. A more 
detailed discussion of the bulk chemical composition, including trace 
element data, is provided in the Supplementary Information.

3.2. LIBS spectral wavelengths analysis

Fig. 4a and b show average LIBS spectra of all CDW samples with the 
elements labelled, by MMC and GC method, covering the wavelength 
range of 180–950 nm. MMC provides stronger, better-resolved peaks for 
abundant elements likely due to improved optimal calibration. The 
elemental makeup of heterogeneous CDW samples in both spectra, 
confirming the applicability of calibration models relevance. The 
favourable atomic emission properties and transition probabilities of 
elements like Ca and Al, generate high spectral lines under the plasma 
excitation conditions of LIBS by MMC and GC models.

In addition, LIBS spectra of the target elements with the corre
sponding characteristic spectral lines are identified and labelled (Fig. 4). 
Calcium peaks are strong in CDW because calcite, calcium silicate hy
drates, and portlandite are common in concrete and mortar. Aluminium 
is identified at wavelength (308.2 nm, and 309.3 nm), and a strong 
resonance line of Al peak at 309 nm is helpful for detection in complex 
matrices. Aluminosilicate minerals, including feldspars, ceramics, and 
clays are the primary source of strong emission lines for Al in CDW. 
Alumina is also largely contributed and derived by bricks, clays, and 
tiles particularly in fine material fractions. These materials are highly 
presented in CDW, especially in fine fractions (<4 mm), leading to 
higher elemental concentration with strong LIBS emission. LIBS spectra 
reveal emission line for Si (251.6 nm and 288.2 nm), reflecting the 
quartz, glass, and silicate minerals that are common in bricks and 
cement in CDW [54].

The other elements are quantified with specific emission lines like Na 
(818.3 nm and 819.6 nm), Fe (259.9 nm), Mg (880.7 nm), K (766.4 nm 
and 770 nm), Mn (403.3 nm), and Ti (336.1 nm) in Fig. 4, are commonly 
occurring from minor constituent oxides, and easily detected correspond 
to their varied concentrations. Moderate level of Mg can be found in 

Fig. 3. Scatter plots of major oxides (XRF) compositions (a) SiO₂ vs CaO, (b) Al₂O₃ vs SiO₂, (c) MgO vs Fe₂O₃, and (d) Na₂O vs K₂O for CER, CON, and CDW materials 
and previous studies of literature [7,18,51].
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dolomite (CaMg(CO3)2), ceramics, and cement additives. Iron, Mn, and 
Ti are present in trace levels or in small mineral phases within the waste 
matrix, with weaker emission lines. Manganese has distinct and low 
spectral lines and is found in steel, bricks, and colours with low quantity. 
Potassium is found in mineral phases in CDW samples, including feld
spars, muscovite, biotite, and clay minerals bounded in concrete, bricks, 
and tiles which is identified by its strong emission lines. White pigments 
(TiO2), ceramics, and tiles all contain Ti, which is identified by its 
effective emission. Low to moderate peaks of Fe are associated to min
eral phases, brick colorants, and reinforcement steel. Sodium with high 
emission intensity by LIBS, is frequently associated to glass, mortars, and 
bricks in CDW. Fine particle size in CDW samples also increases char
acteristic emissions and enhances detection for all elements, by 
improving plasma homogeneity and laser ablation efficiency.

3.3. Elemental composition analysis by LIBS

The concentrations of major elements measured by LIBS for all 
investigated samples (CER, CON, and CDW) are compared, highlighting 
the differences in the values obtained by MMC and GC methods, as 
shown in Fig. 5 and Table S1. From the comparison between the two 
models, the MMC method showed significant results achieving higher 
accuracy in elemental quantifications than the GC model, with lower 
matrix effects and minimal interference of the analyte's signals from the 
sample matrix. The CDW materials used for MMC have enlarged Si 
contents (from 20% to 70 wt%) than the certified standards used for the 
GC calibration (Fig. 5). Overall, about 40% to 60% of Si is quantified 
well for all mixed CDW samples in MMC, while 60% to 80% of Si is well 
distributed for MPC samples (Fig. 5 and Table S1). These samples exhibit 
exceptionally high aluminosilicate levels, resulting in uncertainty in 
calibration curves by MMC method. The calibration curves for high Si- 
rich samples (i.e., ceramics MPC series samples; Table S1) could be 

Fig. 4. Average spectra of (a) MMC method and (b) GC method for all the samples. High resolution of average LIBS spectra of each major element labelled for CDW 
samples with specific wavelengths.

J. Ghani et al.                                                                                                                                                                                                                                   Spectrochimica Acta Part B: Atomic Spectroscopy 238 (2026) 107458 

5 



affected by self-absorption and matrix effects, resulting in uncertainty in 
analytical results [53,55]. All the mixed CDW materials have much 
higher Ca measured contents (up to 75 wt%) for both calibrations. The 
accuracy and measurements of Ca contents are better for both MMC and 
GC models (Fig. 5), indicating that Ca (LIBS) vs Ca (XRF) trend lies more 
along the 1:1 trend, with linear regression value (R2: 0.98) for MMC and 
(R2: 0.97) for GC. Univariate calibration methods like MMC are suitable 
for elements like Si- and Ca-rich samples at higher concentrations due to 
consistent peak intensities and stable plasma conditions [56]. Our re
sults align with Zhang et al. [57], who reported comparable results for 
major elements (Ca: 65%, and Si: 42% on average) in 58% cement 
samples (pressed pellets), by MMC method.

For Al, most (85%) of the samples are well distributed with 5% to 
15% compositions showing high accuracy for both calibrations. In 
comparison, a small percentage (15%) of samples exhibit varying 
compositions (15% to 40%) for both MMC and GC. Our findings are 
consistent with LIBS results of NIST cement pressed pellets samples (Ca: 
40–68%; Al: 3–40%) by LIBS [27]. Similar results of high Si and Al are 
documented in the previous study of heterogeneous refractory waste 
materials by LIBS [36]. Dong et al. [30] also reported high Si and Al in 
LIBS measurements of coal pressed pellets samples, and calibration 
improvement enhanced the accuracy of quantitative analysis and by 
partial least square regression method.

Results for the other elements (Fe, Mg, Na, Ti, Mn) except K, showing 
similar accuracy for the MMC and GC. For Fe, the MMC method is 
relatively better for all CDW samples from 1% to 3% composition, 
compared with the GC. By contrast, the samples (3% to 6% of total 
composition) are highly distributed for Fe for both calibrations. The 

accuracy of Fe measurements in samples in ceramic, concrete and mixed 
CDW materials is primarily affected by matrix effects, inherent varia
tions in physical properties and elemental interference [58]. Physical 
matrix effects of high Si- and Al-rich mineral phases altered signal in
tensity of Fe at the same wavelength. Zhang et al. [57] also stated that 
the accuracy of quantitative analysis is compromised by distortion of 
ideal linear relationship between signal intensity and analyte concen
tration. However, MMC analysis of mixed CDW materials by LIBS has 
improved analytical measurements, with minimal matrix interference of 
analyte concentrations.

The analysis of Mg yielded optimum results in mixed CDW samples, 
particularly for MMC, exhibiting a substantial overlap with the XRF 
values (Fig. 5). In contrast, the K analysis revealed that both models 
overestimated its content. In detail, the GC results are exceptionally 
scattered with modelled compositions ranging from 1% to 16%; in 
comparison, the results from the MMC model are much more accurate 
(with a range from 1% to 5%) and compliant with the measured XRF 
values. MMC being able to normalize K emission lines' intensity varia
tions in LIBS and minimized signal distortions from matrix effects, un
likely GC uses unrelated standards with compositional variability, 
leading to high interferences. The results of Mn, and Na are relatively 
similar with low compositions, showing similar accuracy with both 
MMC and GC methods. Titanium also shows relatively similar accuracy 
for both MMC and GC with less improvement. The lower Ti concentra
tion in CDW led to weaker emission lines with higher noise levels, 
restricting the effectiveness of both MMC and GC methods that depends 
on stable signal patterns. Our findings are consistent with low Ti, Mg, 
and Mn composition by LIBS in NIST cement samples (pressed pellets) 

Fig. 5. Comparative analysis of major elements by LIBS measurements for MMC and GC methods.
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[27]. Likewise, LIBS technology has shown optimum results in soil 
samples (pellets) with high accuracy measurements for Si, Al, Fe, Mg, 
Ca, Na, and K [34]. Similarly, Junwei et al. [49] also reported that 
analysis of MMC method improved measurements accuracy of Ca, Si, Fe, 
Al, Mg, Na, K and Ti within wider range in cement raw materials (pel
lets) by LIBS and thereby reduced matrix effects.

3.4. Linear regression and empirical correction

Linear regression model showed that the model fits well the cali
bration data of MMC with accurate quantification by LIBS, as compared 
to the GC method (Fig. 5). Si, and Ca showed high linearity (R2 > 90%), 
while Al, Na, Ti, and Mn showed moderate linearity (R2 > 70%), con
firming that the regression model is statistically meaningful (Fig. 5). K 
shows strong linearity (R2 = 86%) for MMC, while poor for GC (R2 =

47%), respectively. The accuracy of Mg is improved for MMC (R2 =

91%), compared with the GC (R2 = 85%), respectively. Fe showed 
lowest linear regression (R2 = 31%) for MMC, and for GC (R2 = 45%), 
respectively, indicating high data scattering, and linear models of Fe, 
and K inadequately capture data variance.

The slope for Si, Ca and Mg in Fig. 5, is close to 1 and intercepts near 
0 with narrow confidence intervals indicate robust MMC calibration 
without major systematic errors. The slope deviates from 1 (intercepts 
near 0) for Al, Na, Mn, and Ti in both GC and MMC, indicating elemental 
intensities of these elements do not scale linearly due to instrumental 
biases. The confidence intervals for slope are wider for Fe, and K with 
low R2 values and intercepts near 0, indicating poor linear correlation, 
potential systematic errors. In addition, MMC data points align better 
with the bisecting line than GC for Ca, Si, Fe, Na, Mg, K, and Mn except 
Ti, highlighting MMC's superior quantification.

An empirical correction was adopted based on the linear regression 
model in section 2.3, to fit well Si and Al sampling points well in 
regression plots (Fig. 5; Table S2), to decrease discrepancies between 
predicted and actual values observed in MMC and GC samples. The 
improved dataset results in accurate and reliable Si and Al measure
ments with enhanced linearity. The other major elements were well- 

fitted for both calibrations without empirical corrections, as shown in 
Fig. 5. Similar method has been employed in the previous studies, such 
as Li et al. [59] that reported partial least square method used for un
certainty reduction in LIBS measurements and accurately reproduce 
well-fitted data points between the nominal and calculated concentra
tions of elements.

3.5. LIBS analysis of NIST standards and geological samples

The quantitative analysis of major elements by LIBS was extended to 
assess the accuracy of MMC and GC on NIST standards and test samples 
(Fig. 6 and Table S3). Silicon, Ca, Mg, and Ti show comparable results 
between both calibrations, however; MMC performed well for quanti
fication of Si, Ca, Al, Fe, Na, and Mg, in standards closely matching true 
certified values, as compared to the GC method. Silicon shows similar 
compositional range (MMC: 8 to 91%, and GC: 6 to 91%) for all stan
dards. Calcium also showed most significant compositional range 
(MMC: 0.55 to 79%, and GC: 0.44 to 69%). In contrast, Al has high 
compositional discrepancy by GC (ranged from 0.33 to 93.3%), while 
MMC showed optimal results for Al (from 0.71 to 55.5%), compared to 
the reference values (Table S3). Iron, Mg, Na, Mn, and Ti showed bit of 
similar compositions by both calibrations except K (MMC: 0.02 to 4.20% 
and GC: 0.1 to 16.5%), showing discrepancy for GC.

Our findings show that calibration methods enable substantial 
quantification of major elements, however; MMC revealed superior re
sults, reflecting consistent spectral responses and plasma conditions that 
minimize systematic errors in standards and test samples. Certain ele
ments exhibit uncertainty due to exceptionally high Al concentration in 
some samples (GXR-2, MPC-15, and BR; Table S3) due to high alumina. 
The matrix effects arise from these sample's physical properties and 
chemical composition, affecting the emission phenomenon during LIBS 
analysis [60].

3.6. Absolute difference (MMC vs GC)

The results of ABS-D showed significant differences between the two 

Fig. 6. Abundance of major elements (%) in NIST standards and gelogical test samples, measured by MMC and GC methods.
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calibration methods, as shown in Table 1 and Fig. S3. Ca accuracy is 
substantially improved (average ABS-D from 10.9% GC to 4.55% MMC), 
while Si also improved modestly (5.08% to 4.34%). High Si quantifi
cation and its low ABS-D is attributed to strong plasma emission signals 
enabling accurate calibration and improve measurements accuracy 
[56]. The ABS-D of Al remains similar (3.36% MMC vs. 3.16% GC), 
while Ti also showed shows negligible difference (0.19% vs. 0.18%). The 
quantifications of Fe, Mg, Na, K, and Mn are also significantly improved 
by MMC with low to moderate ABS-D, as shown in Table 1. These results 
showed that MMC method enhances accuracy of LIBS measurements for 
high- and low-concentration elements in complex matrices.

For standard samples, Si exhibit comparable results of ABS-D (12.9% 
MMC vs. 13.1% GC). MMC outperformed GC in accuracy with lower 
average ABS-D for Ca (6.11% vs. 12.2%), Al (7.37% vs. 9.18%), Mg 
(4.16% vs. 4.78%), K (0.76% vs. 4.08%), and Mn (0.04% vs. 0.08%), 
with values closely matching reference concentrations (Table 1, and 
Fig. S4). Na and Ti also showed similar results (0.76% vs. 0.78%) and Ti 
(0.31% vs. 0.35%) for GC and MMC, respetively, while GC was slightly 
better for Fe (2.68% vs. 3.62% MMC). These results also confirm that 
MMC method enhanced LIBS performance for standards as unknown 
samples due to optimized calibration, plasma conditions noise reduc
tion, and effectively minimized the matrix effects.

4. Conclusion

In the present study, two calibration strategies for LIBS-MMC and 
built-in SciAps GC calibration were tested for mixed CDW materials and 
on reference NIST specimens. The newly developed MMC library 
demonstrated clear advantages, exhibiting reduced matrix effects and 
minimal analyte signal interference. The elemental makeup of CDW in 
spectral analysis confirm the applicability of calibration models rele
vance, which is associated to diverse minerals phases in CDW. MMC 
method shows higher Si and Ca levels with similar concentrations as 
main components of mixed CDW materials, than the built-in SciAps GC 
method, making the GC calibration insufficiently accurate for mixed 
CDW. MMC provided substantially more accurate quantification of 
major elements (Si, Ca, Fe, Mg, Na, K, and Mn) in mixed CDW materials, 
and significantly lowering the average absolute differences, compared to 
the built-in GC calibration. MMC also improved the quantification of Ca, 
Al, Mg, K and Mn in NIST standards, compared to the GC, confirming its 
robustness. Despite these benefits, MMC remains constrained to specific 
CDW types, as LIBS accuracy depends on calibrations tailored to 
matrices closely matching the sample composition. Future work should 
expand MMC datasets to capture diverse CDW types such as gypsum- 
based materials like plasters waste, mixed aggregates (mortar and ma
sonry waste), concrete with admixtures, as well as inorganic wastes like 
mine tailings and metallurgical slags and municipal solid waste incin
eration waste.

It is imperative to explore novel methods to enhance calibration 
robustness and transferability by integrating MMC with machine 
learning algorithms like cluster-based classification, support vector 
machines algorithm, convolutional neural networks, and t-distributed 
stochastic neighbor embedding present promising advantages for LIBS 
analysis of complex matrices. These approaches enable automated 
classification, adaptive calibration, exploratory data analysis, handling 
nonlinear plasma-matrix interactions and elemental overlaps, matrix 
variability, and spectral interferences. Pilot-scale sorting trials 
combining LIBS with MMC should also be explored to assess real-world 
applicability for CDW recycling and sorting operations. Calibration-free 
LIBS methods like local thermodynamic equilibrium-independent, and 
random sample consensus, or hybrid strategies of combining MMC and 
non-matrix-matched like internal standardization, and multi-element 
ratio models may increase applicability with minimum calibration re
quirements. Overall, portable LIBS technology with accurate calibration 
methods has potential to replace conventional analytical techniques, 
offering rapid, reliable, real-time chemical analysis in laboratory and 

field applications.
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A. Arenas-Flores, M.I. Reyes-Valderrama, E. Salinas-Rodríguez, Chemical and 
mineralogical characterization of recycled aggregates from construction and 
demolition waste from Mexico City, Minerals 8 (2018) 237, https://doi.org/ 
10.3390/min8060237.

[54] C. Zanelli, E. Marrocchino, G. Guarini, A. Toffano, C. Vaccaro, M. Dondi, Recycling 
construction and demolition residues in clay bricks, Appl. Sci. 11 (2021) 8918, 
https://doi.org/10.3390/app11198918.

[55] J.M. Andrade, G. Cristoforetti, S. Legnaioli, G. Lorenzetti, V. Palleschi, A. 
A. Shaltout, Classical univariate calibration and partial least squares for 
quantitative analysis of brass samples by laser-induced breakdown spectroscopy, 
Spectrochim. Acta B 65 (2010) 658–663, https://doi.org/10.1016/j. 
sab.2010.04.008.

[56] W. Skrzeczanowski, M. Długaszek, Al and Si quantitative analysis in aqueous 
solutions by LIBS method, Talanta 225 (2021) 121916, https://doi.org/10.1016/j. 
talanta.2020.121916.

[57] C. Zhang, W. Song, Z. Hou, Z. Wang, Improving quantitative analysis of cement 
elements in laser-induced breakdown spectroscopy through combining matrix 
matching with regression, J. Anal. At. Spectrom. 38 (2023) 2554–2561, https:// 
doi.org/10.1039/D3JA00306J.

[58] Z. Wang, T.B. Yuan, Z.Y. Hou, W.D. Zhou, J.D. Lu, H.B. Ding, X.Y. Zeng, Laser- 
induced breakdown spectroscopy in China, Front. Phys. 9 (2014) 419–438, https:// 
doi.org/10.1007/s11467-013-0410-0.

[59] X. Li, Z. Wang, S.L. Lui, Y. Fu, Z. Li, J. Liu, W. Ni, A partial least squares based 
spectrum normalization method for uncertainty reduction for laser-induced 
breakdown spectroscopy measurements, Spectrochim. Acta B 88 (2013) 180–185, 
https://doi.org/10.1016/j.sab.2013.07.005.

[60] T. Takahashi, B. Thornton, Quantitative methods for compensation of matrix 
effects and self-absorption in laser induced breakdown spectroscopy signals of 
solids, Spectrochim. Acta B 138 (2017) 31–42, https://doi.org/10.1016/j. 
sab.2017.09.010.

J. Ghani et al.                                                                                                                                                                                                                                   Spectrochimica Acta Part B: Atomic Spectroscopy 238 (2026) 107458 

10 

https://doi.org/10.1088/2058-6272/aae3e1
http://refhub.elsevier.com/S0584-8547(26)00009-1/rf0250
http://refhub.elsevier.com/S0584-8547(26)00009-1/rf0250
http://refhub.elsevier.com/S0584-8547(26)00009-1/rf0250
https://doi.org/10.3390/su12052055
https://doi.org/10.1039/D0JA00435A
https://doi.org/10.1039/D0JA00435A
https://doi.org/10.3390/min8060237
https://doi.org/10.3390/min8060237
https://doi.org/10.3390/app11198918
https://doi.org/10.1016/j.sab.2010.04.008
https://doi.org/10.1016/j.sab.2010.04.008
https://doi.org/10.1016/j.talanta.2020.121916
https://doi.org/10.1016/j.talanta.2020.121916
https://doi.org/10.1039/D3JA00306J
https://doi.org/10.1039/D3JA00306J
https://doi.org/10.1007/s11467-013-0410-0
https://doi.org/10.1007/s11467-013-0410-0
https://doi.org/10.1016/j.sab.2013.07.005
https://doi.org/10.1016/j.sab.2017.09.010
https://doi.org/10.1016/j.sab.2017.09.010

	Laser-induced breakdown spectroscopy (LIBS) for the characterization of demolition waste: an exploratory study
	1 Introduction
	2 Materials and methods
	2.1 Materials
	2.2 Methods
	2.2.1 X-ray fluorescence
	2.2.2 LIBS calibrations (MMC vs GC)

	2.3 Evaluation indices

	3 Results and discussion
	3.1 XRF composition
	3.2 LIBS spectral wavelengths analysis
	3.3 Elemental composition analysis by LIBS
	3.4 Linear regression and empirical correction
	3.5 LIBS analysis of NIST standards and geological samples
	3.6 Absolute difference (MMC vs GC)

	4 Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgment
	Appendix A Supplementary data
	Data availability
	References


