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ABSTRACT 

The recycling of refractory scraps began to be forged just over a decade ago. Until then, virtually all refractory 
scraps were disposed off in landfill sites without any application. Over these past few years, a growing interest 
and a gain steady momentum of the circular economy, the emergent framing around waste and resource 
management that promotes the notions of their productive cycling, has been the driving force towards the 
“zero waste” culture across the spectrum of refractory users and producers. In this way, the circular economy, 
operated following strategies such as, but not limited to, reusing, recycling, and remanufacturing, has played 
the pillar role in the different essential value chains of the refractory industry to the entering the new era of 
secondary raw material supply. In any case, prior to starting any sustainable process, it is really necessary to 
know the wastes and to classify them. In this context, the present research focused on a refractory residue-
classification strategy based on combined laser-induced breakdown spectroscopy (LIBS) and a decision tree 
algorithm for a qualitative analytical performance. This tandem approach allowed the categorization of a rich 
set of residues in up to 10 different refractory groups. By choosing original LIBS emission intensities and 
intensity ratios involving the most relevant constituent elements (Al, Mg, C ‒through its related-species CN‒, 
Si and Zr) of various refractory wastes, a decision tree with multiple nodes that decided how to classify inputs 
was designed and trained. Categorization performed from LIBS emission spectra of "blind" refractory residues 
showed that LIBS data combined with this supervised machine learning algorithm provided good refractory 
scraps-classification performance, with a classification accuracy of up to 75%. However, some more than 
justified decisions of the algorithm on allegedly misclassified residues showed that scores for the decision tree 
could found to be far superior to those obtained. The results achieved support the strategy designed for its 
industrial implementation, either directly in the iron and steel industry, as the major end-user of refractories, 
in the refractory waste management industry, or in both. 
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1. Introduction 

Our day to day without refractories would be unimaginable. Refractory products are vital and basic elements 
immensely utilized in multitude of end-use industries such as iron and steel, cement, nonferrous metal, glass, 
ceramics, petrochemical, electric power, military, etc … to ensure the operation and production of all high-
temperature industrial processes. Particularly, refractory products are one of the permanently necessary, but 
at the same time costliest, consumable items to steel production. The world average consumption of 
refractories amounts at around 10 kg per ton of crude steel. The refractory materials market size for the steel 
industry has the potential to grow by 5.20 million tons during 2020-2024, and the market’s growth momentum 
will accelerate during the forecast period. Strong growth in emerging markets is the main driving force for the 
refractories market. Notwithstanding this, environmental concerns prove to be the major restraint for it. The 
declining of natural sources of raw materials and its consequent economic repercussions, an increase in the 
price of refractory raw materials not applicable to refractory products sold, have forced the development of a 
culture of harnessing based on the use of recycled spent refractory products. Making spent refractories re-
usable has a positive impact in two aspects: first, the environmental part by protecting and securing the 
natural raw material resources in the long term and reducing energy consumption as well as lowering 
greenhouse gas (CO2) emissions; and second, the economical part by stabilizing or even reducing the total cost 
of raw materials in manufacturing new refractories and making the production of refractories more 
competitive. 

The use and reuse of spent refractories (secondary raw materials) either for its original purpose or for a similar 
purpose, or for restoring durable used refractory products to as-new condition or for recycling refractory 
products at the end of their useful life to create new ones for a different application are a series of actions 
that have as a starting point the previous characterization and classification of the material into different 
classes [1‒3]. 

In this respect, there is a range of wet chemistry and dry chemistry methods for effective control of the 
chemical composition of refractory materials. The former, which involve techniques such as flame atomic 
absorption spectrometry (FAAS) ‒single element determination‒ [4] and inductively coupled plasma emission 
spectrometry (ICP-AES) ‒multi element determination‒ [5] may not be too advantageous due to the need to 
treat the samples beforehand. Instead, the less time consumed per test of dry chemistry methods [6], based 
mainly on radioactive ‒Prompt gamma neutron activation analysis (PGNAA) and pulsed fast thermal neutron 
activation (PFTNA)‒ [7], X-ray [8, 9], and laser-bearing [10] technologies. These analytical techniques can be 
implemented as extremely compact, non-contact, non-destructive, fast-response scanning systems designed 
to online measure the elemental composition on conveyor belt bulk materials. 

Although neutron activation analysis is a highly sensitive method of elemental analysis it works with a 
radioactive source and safety measures and permits are required. In addition, surface measurement 
techniques such as X-ray-based ones have difficulties to cope with the fact that the surface layer may not be 
representative for the bulk composition. Furthermore, the X-ray is a low sensitivity approach for light elements 
such as Al and Mg, both distinctive elements of refractory materials. This implies long measurement times (in 
the order of minutes) to obtain reliable results; an impractical action in the industrial field. Thus, looking at 
the limitations of these technologies, laser-based systems seem to be the best candidates to undertake this 
kind of analysis. 

Among all the laser-based technologies, LIBS (laser-induced breakdown spectroscopy) is a cutting-edge 
technique having several advantages over conventional elemental analysis methods. LIBS has capacity for 
rapidly and simultaneously detecting almost all elements after the ablation of barely a few nanograms of a 
target analyzed. Unlike the radiation from radioactive sources, laser radiation can at anytime be "turned off" 
by merely disconnecting the pumping of flash lamps. Finally, irradiation by high-repetition-rate pulse trains 
allows it sampling many very small areas (also in depth) on the surface of the conveyor belt [11]. 

From this operational aspect, LIBS has proved its capability to the on-line characterization of steel grades 
sequentially casted during its manufacture from the spectral information gathered during the analysis of the 
hot steel surface in a harsh environment as the steel plant itself [12-14]. 
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Although, from the analytical point of view, LIBS has been used for the characterization, discrimination and 
classification of a wide variety of samples; from biological material [15-18], through polymeric material [19-
21], pigments [22, 23], food [24, 25], and even geological samples [26-30]. 

Of course, to do this, LIBS has had to be used in combination with multiple chemometric strategies including 
approaches based on discriminant function analysis (DFA), principal component analysis (PCA) [31], partial 
least squares discriminant analysis (PLS-DA) [32], graph theory (GT) [33], and artificial neural networks (ANNs) 
[34,35], among some of them [36]. 

With all this, there is only one precedent for the analysis of refractory residues using LIBS, the European FP7 
project REFRASORT (Innovative Separation Technologies for High Grade Recycling of Refractory Waste Using 
Non-Destructive Technologies, GA 603809) [37]. This project developed a LIBS system that aimed to 
distinguish between the three main classes of refractories used in the steel industry: class A material which is 
based on MgO, class B containing both MgO and CaO, and class C which is produced from mainly Al2O3 and 
SiO2) [38]. 

In the present work we have gone a bit further and developed, within the framework of the project 5REFRACT 
(Systematic and Integral Valorization Of Refractories Under the "5r" Approach, LIFE17 ENV/ES/000228) [39], 
a LIBS-based classification scheme that enables a more refined identification of refractory waste. The 
5REFRACT project aims at applying a 5Rs (reduce, reuse, remanufacture, recycle, re-educate) approach for the 
circular management of after-service refractory products within the steel sector, therefore reaching their 
integral valorization. The more classes into refractory wastes from the steel production activities can be 
identified the better the turning these industrial residues into resources. 

This research proposes a classification model focusing on the categorization of used refractory samples. The 
analytical procedure was developed by combining emission spectral data obtained by LIBS and a non-
parametric supervised learning algorithm; a decision tree. 

 

2. Experimental 

2.1. LIBS setup 

A portable LIBS system designed in the UMALASERLAB, and suitable for any future use in industrial harsh 
environment, has been considered for the present research. Since this experimental setup has been earlier 
described elsewhere [40] only some details are provided as supplementary information. The most critical part 
of this portable LIBS system is the hand-held probe. For interested readers, Figure S1 in Supplementary data 
shows the schematic design of the compact hand-held probe containing the laser source and the optical 
arrangement for laser beam focusing and plasma light collection of the LIBS prototype. A Q-switched Nd:YAG 
pulsed laser (Ultra CFR Model, Big Sky Laser) operating at 1064 nm and generating 50 mJ pulses 6.5 ns in length 
is used as excitation source. A BK7 lens, of 75.6 mm in focal length and 1064 nm anti-reflexive coating, allows 
focusing the laser beam onto the surface of the sample. With this configuration, the spot size the diameter of 
the laser spot ranges around 200 µm (focused area of 0.13 mm2). Light emitted from laser-produced plasmas 
is collected using a collimating lens securely attached to the tip of a 600 µm optical fiber (tri-furcated cable, 
3×600 μm fibers, all legs SMA terminated, total 2 m long, splitting point in the middle) which guided the light 
to the entrance of a multi-channel miniature Czerny–Turner spectrograph (75 mm focal length). With this 
system, an effective spectral window spanning from 210 nm to 800 nm was available. Spectrometers were 
each one fitted with CCD detectors. Time-resolved and time-integrated measurements were synchronized to 
the shooting of the laser pulse. The delay time used in LIBS response acquisition was 1.28 µs, whereas the 
integration time was set at 1.1 ms. 

The complete optical train composing the probe is located inside a prototyped housing to prevent any 
misalignment, damage and deterioration. Housing is equipped with a lateral entry window to achieve direct 
access to collimating lens for plasma light collection improvement if necessary. It has also a pre-installation 
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for a circuit of a buffer gas, either air to prevent ejected matter entering the housing or inert gases to perform 
evaluations under controlled atmosphere. 

 

2.2. Samples 

Table 1 reports the chemical composition, as oxides (% w/w), of refractory materials supplied by SIDENOR 
ACEROS ESPECIALES S.L. considered for the design of the initial classification model. A total of 20 refractories 
for continuous casting tundish, from the new unused refractories (from sample R#01 to sample R#10) and 
their spent (post-mortem) homologous materials (from sample R#11 to sample R#20), that have undergone 
steelmaking process, were evaluated at first. 

As inferred from data in Table 1, refractories under consideration were mainly based on four oxides: Al2O3, 
MgO, SiO2 and ZrO2. Thus, according to the main chemical components, some groups could be distinguished. 
The first consisted of some alumina refractories (samples R#01, R#02, R#03, R#11, R#12 and R#13) having 
mainly acidic materials like alumina (Al2O3) and silica (SiO2) with a minimum of 40 % Al2O3. A second group 
composed of magnesia-carbon refractories (samples R#04, R#05, R#06, R#07, R#14, R#15, R#16, R#17), 
containing fused, dead-burned (sintered) and/or large crystal sintered magnesia and 10% residual carbon 
(graphite). Additionally, further special products (isostatic materials for the steel industry) like alumina-
magnesia-spinel brick (samples R#08 and R#18) for steel ladle lining and corundum (samples R#09 and R#19) 
and zircon (samples R#10 and R#20) materials used in applications such as ladle nozzles were also included. 

Then, a total of 45 unknown materials were considered in a blind testing process to assess the performance 
of that initial classification model. Once the identity of those blind samples was known, all of them together 
with another set of 30 labeled wastes were used to update and improve the classification algorithm. Finally, 
the performance of the updated classification algorithm was evaluated with a new set of 12 blind samples. 

In case it might be of interest to the reader, Table S1, Table S2 and Table S3 in Supplementary data report on 
the theoretical chemical content (expressed in % w/w of the constituent oxides) for the refractory scraps 
constituting the different batches used in each of these 3 last stages ‒evaluation, updating/improvement, 
performance corroboration‒ of the research. 

 

2.3. LIBS sampling strategy 

The refractory materials domain is highly heterogeneous. Therefore, a single LIBS spectrum cannot adequately 
represent it. To do a successful laser-based classification process it is necessary to have a "sampling plan", that 
is, clearly decide how many points must be laser-interrogated to obtain statistically significant LIBS 
information. While there are mathematical formulas to determine how much sampling points are needed, 
depending on the variation in composition, size, morphology and distribution of the particles that constitute 
the material, the parameters needed to use these equations are not often available when those samples are 
considered. Thus, to LIBS data characterize the refractory material we were trying to classify, sampling 
proceeded over 10 random spots over samples surface. 

Furthermore, it is not easy to define the sampling section to characterize a spent refractory material. Any 
alteration on the chemical composition of the material and the degree of homogeneity within because of the 
number and type of activities and processes that it has undergone throughout the steel manufacturing is 
unknown. In our case, since analysis of spent refractories might provide asymmetric information from their 
front (contact surface with the steel being manufactured) to their back, a judgmental sampling was decided. 
The prior knowledge of altered surface was used to decide the sampling section, that was, the surface that 
had not been in contact with the steel. This action does not imply at all a bias into the analysis, because it still 
corresponds to a used material and is the surface that best reflects the true identity and composition of the 
material. In addition, a mechanical scraping of that non-exposed surface to remove grouting material that 
could have adhered to the side of the refractory was conducted. Any quantification to the thickness of the 
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layer to be removed was not attempted. Side of refractory waste was scraped using a mini electric angle 
grinder (3", 75mm, 280 W, from KATSU) till a surface as similar as possible to the appearance of its unused 
analogue was observed. Once surface ready, the aforementioned LIBS strategy for sampling was considered. 

 

3. Results and discussion 

3.1. LIBS responses of refractory materials 

 Alumina-based refractories 

Figure 1 shows representative single-shot spectrum (the most reproducible one within the spectral series) of 
chamotte-based (R#01) ‒also grog or firesand‒, andalusite-based (R#02) ‒an aluminum nesosilicate mineral 
with the chemical formula Al2SiO5‒, and bauxite-based (R#03) ‒a sedimentary rock that is the most important 
ore of aluminum‒ refractories, respectively [41-43]. As inferred from data in Table 1, Al2O3 and SiO2 are the 
dominant components in all them. The alumina percentage rises from 41.0 %w/w to 80.5 %w/w meanwhile 
that of silica declines in tandem from 54.0 %w/w to 13.0 %w/w. Thus, as seen in Figure 1, aluminum and silicon 
are well identified within the emission responses of these dense shaped refractory products of the alumina-
silica series. Aluminum presence is easily identified through the doublet at 308.21 nm/309.27 nm, as well as 
by its most sensitive emission lines at 394.40 nm/ 396.15 nm. As far as silicon refers, the LIBS spectra show 
emission associated with the atomic species at 288.16 nm. Additionally, several emission lines that show the 
presence of elements like Ca (393.37 nm/396.85 nm and 422.67 nm, for ionic and atomic species, 
respectively), Na (588.99 nm/589.59 nm), Ti (498.17 nm, 499.11 nm, 499.95 nm, 500.72 nm, and 501.42 nm), 
Fe (302.06 nm, 404.58 nm, and 427.18 nm) and K (766.49 nm and 769.89 nm), commonly coming from minor 
constituent oxides, are also sometimes easily recognized. Finally, medium- and high-intensity emission signals 
associated to Mg (280.23 nm, 285.21 nm, 383.83 nm, 516.73 nm, 517.27 nm, and 518.36 nm), maybe from 
unforced impurities of the starting materials, can be also identified in those LIBS spectra. 

A difference in the total emission intensity of LIBS data from these refractories was evidenced because their 
distinct ablation rate (amount of material removed by each laser pulse). However, a trend in the ratio of 
intensities for the emission signals of interest, those associate to Si and Al, was detected; a trend that fitted 
perfectly with the variation in stoichiometric ratio for Al2O3 and SiO2 content in the samples. This circumstance 
seems to solve the classification of these refractories into their corresponding categories. The figure shows 
the most advantageous scenario. Unfortunately, the large heterogeneity within the materials derived in 
emission intensity ratios highly variable. This is why the categorization of these classes of materials could not 
be based on the ratio from a single-shot LIBS analysis. Some threshold values were needed to be defined and 
consolidated from the various analysis statistics. 

 

 Magnesia-based refractories 

Representative single-shot LIBS spectra from laser-produced plasmas of several MgO-Carbon bricks are 
depicted in Figure 2. As inferred from data in Table 1, in these MgO-Carbon bricks magnesia accounted in total 
for around 97% in weight percentage, in form of fused or electrofused magnesite as well as sintered or dead 
burned magnesia. Carbon was their second major constituent, deriving in all cases from directly added flake 
graphite. The most relevant emission signals of Mg (reader may check wavelengths in the section before) could 
easily observed from LIBS spectrum. Notwithstanding this, the plasma emission spectra were well dominated 
by emission bands attributed to CN violet (bands heads observed at 359.0 nm, 388.3 nm and 421.6 nm) and 
C2 Swan (bands heads observed at 473.7 nm, 516.5 nm, and 563.5 nm) systems. In any case, spectral lines 
associated to minor elements in these materials, like Si, Al, Fe and Ca, were also observed in their LIBS 
fingerprints. 

Special attention should be given to the weak correspondence between intensity of spectral signals and mayor 
elements content in these MgO-Carbon bricks. As shown in the inset of Figure 2, virtually the same content of 
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Mg and C triggered different intensities ratios for the associated emission features (as can be easily deduced 
from the different slopes expressed as dashed lines). This is a clear sign of chemical heterogeneity, rather than 
a consequence of the particular ablation behavior of refractory materials under the same excitation 
conditions. This circumstance is corroborated by the also variable ratio of intensities for Mg and Al emissions 
(an element that, in theory, should not be present in the samples). The conjugation of all these facts only 
highlights the difficulties in cataloguing within a single class all those materials of identical chemical 
composition but with significantly changing LIBS fingerprints. 

 "Ternary-matrix" refractories 

This category grouped refractory materials characterized by containing at least 3 compounds in a percentage 
higher than 5%, that is, more singular refractory formulations for some special applications in steelmaking, 
such as protection of the stream and controlling the liquid steel flow from tundish to mold. Thus, within this 
group were considered an alumina-magnesia-carbon (AMC) refractory brick (also spinel, R#08 and R#18), as 
well as a couple of refractory nozzles, mainly constituted by alumina-graphite-silica (R#09 and R#19) and 
zirconia-graphite-silica (R#10 and R#20), respectively. As with the graphitized magnesia-based samples 
(previous group), the LIBS signals of these refractory materials were dominated by the molecular emissions of 
CN and C2 species; the result of their carbon content from the flaked graphite, carbon black and the phenolic 
resin used to all components bonded together [44–46]. Particularly, in the case of spinel (LIBS spectrum not 
shown), the simultaneous presence of emissions associated with Al, Mg and C is an advantage for its 
identification with respect to those alumina-based and magnesia-based refractories. This circumstance, a 
priori, is also an advantage, in order to distinguish it from the other two types of refractories that completed 
this group. The challenge here lied in distinguishing between the 2 types of nozzles, with the detection and 
identification of Zr as the main milestone. Zr is considered a more reactive metal because it traps the oxygen 
contained in certain refractory oxides. Therefore, it should be identified and separated so that it does not 
affect the processing and revalorization of the rest of the refractory residues. To expose the jigsaw puzzle, 
Figure 3 depicts representative LIBS spectra of the two nozzles. As shown, the presence of alumina does not 
seem to be a differentiating factor, since emission signals associated with Al (the most intense ones can be 
seen at 308.21 nm, 309.28 nm, 394.40 nm and 396.15 nm) appeared in the LIBS spectra of samples R#10 and 
R#20. The fact that Al was detected in the unused sample R#10 suggested that it was due to the use of natural 
raw material in the manufacture of these refractory products. On the other hand, the detection and 
identification of Zr is much more exclusive. As observed from insets in Figure 3, LIBS spectrum of samples R#10 
and R#20 clearly displayed the emission signals associated to the Zr: a broad spectral feature from unresolved 
lines at 423.93 nm and 424.17 nm and some emission signals at longer wavelengths, 468.78 nm, 471.01 nm 
and 473.95 nm, interspersed within the resolved fine-structure for the vibrational sequence Δν=+1 of the 
electronic transition (D3Πg→ A3Πu) of the C2 emission spectrum. In short, it provides unequivocal proof of the 
existence of this component in these samples. 

However, underneath this apparent simplicity of detection and identification lies the real complexity of the 
diagnosis. It should be noted that, the inherent heterogeneity and granulometry of the refractory materials, 
in fact, the particles sizes and, subsequently, the mass broad spatial distribution of these particles in contrast 
to the spot size of the focused laser beam, may make their point-by-point LIBS spectra qualitatively 
distinguishable from each other. This variability in the type and intensity of the emission lines observed may 
manifest not only for surface level testing but also for in-depth analysis, for which synergy between sample 
heterogeneity, grain-size distribution and plasma light unstability because of the crater's tunnel effect can 
make it a more pronounced experience. 

These circumstances greatly complicate decision-making about the classification of the samples from the use 
of a single-shot LIBS fingerprint and the relative intensity of an identified emission line corresponding to a 
particular element. This is why, the across surface and in-depth LIBS scanning of the materials as well as the 
use of emission intensities ratios is considered the most appropriate procedure for analysis and categorization 
of samples. Statistics from multiple LIBS data do not correct the spectroscopic differences derived from a non-
uniform chemical distribution on the sample. However, such a large data set includes many instances drawing 
a more representative image of what is analyzing on. 
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3.2. LIBS responses of refractory scraps (after-service) 

Any material may have its properties or characteristics altered or modified after it has been used. Particularly, 
refractory materials for iron and steel production are designed to withstand the action of a harsh environment. 
Notwithstanding this the steelmaking process (the conditions during each use and the number of uses, if there 
were several) may induce a wear on the refractory working linings. These surfaces are subjected to three major 
types of load histories: a complex thermal history (temperature gradients and cyclic thermal loadings) that 
generates thermal strain and/or stress, possible phase changes, and also influence the corrosion rate; a 
mechanical history (dynamic loadings), especially significant when the materials are soft and weak and the 
structures are tall and heavy, by turbulences of the metal and slag bath that causes erosion; and chemical 
loadings due to non-equilibrium (difference in the chemical potential) between different mineralogical phases, 
which lead to chemical diffusion or reactions, therefore causing phase transformations, dissolution, and 
corrosion [47]. 

To contextualize this with a real example, Figure 4 compares representative LIBS spectra of a chamotte-based 
refractory for two scenarios: when it has not been used yet and after-service. As shown, the intensities of the 
emission lines of the most characteristic elements differ from each to other. It is quite complex to establish a 
single cause for these differences. The thermal and mechanical histories may alter the ablation rate of the 
material, thereby modifying the amount of material removed and consequently the intensities of the emission 
lines for the associated elements. Furthermore, note that they are not strictly the same piece, so some 
differences could be due to their inherent chemical heterogeneity in addition to the chemical loadings. 
Variations may have a casual component, due to uncontrollable impurities in the virgin raw materials used in 
the manufacture of the refractories. 

Particularly, in the case at hand, after-service chamotte refractory seemed to have been impoverished in 
elements like K (758.8°C), Na (882.8°C) and Ca (1484°C). The decrease in the content of these elements could 
be justified by their high volatility/low boiling temperature (see values in parentheses). However, the same 
was not observed for the Mg content that circumstantially seemed to increase despite its low boiling 
temperature (1091°C). At the same time, it seemed to have enriched in mayor elements like Al (2470°C) and 
Si (3265°C). However, this increase in the content of Al and Si was not attributed to any pre-concentration 
process but rather to a supplemented action for a deoxidation process. Al and Si are the common agents 
having high affinity for oxygen and added to attract it from the molten metal and form oxides, thus performing 
the deoxidation of the steel [48-50]. Finally, Ti content remained similar probably because of its high boiling 
point (3287°C). 

As can be deduced from this scenario, there are numerous circumstances that can cause a whole series of 
non-systematic alterations on the after-service materials. All these alterations are revealed in the LIBS spectra 
of the material, so sorting refractory waste by using the emission lines intensities therein becomes a much 
more complex task. 

 

3.3. Classification algorithm/decision tree 

A decision tree-based algorithm [51] with binary splits for multiclass classification was constructed from a 
given set of plasma emission attributes to conduct the task of assigning refractories to one of several 
predefined categories. Figure 5 illustrates the decision tree initial structure, capable of cataloguing up to 7 
different classes of refractory residues. As seen, the model was an upside-down tree that made decisions 
according to some sorting rules based on knowledge about classified objects. The inherent chemical 
heterogeneity of refractory materials, together with the impurities that accompany the raw materials, in 
addition to the more than likely contamination after use and handling, means that the emission signals 
selection process was a critical step in this data analysis. Particularly in this scenario, in which the materials 
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shared many components albeit at different levels, classification could not rely primarily on the detection of 
element-specific emission lines. This is why most of the attributes considered deciding outputs were emission 
signal intensity ratios. 

The first node within the tree-like graph picked a threshold value for the Al/Mg intensity ratio to decide 
between magnesia-based materials (R#04, R#05, R#06, R#07, R#14, R#15, R#16, R#17) or alumina-rich 
refractory products (R#01, R#02, R#03, R#08, R#09, R#10, R#11, R#12, R#13, R#18, R#19, R#20) 

Then, when the abundance of Al is significantly larger than that of Mg, the classification of the refractories 
was complicated by a greater diversity of classes: alumina-silica systems ‒alumina-bearing materials 
catalogued as chamotte, alumina and high-alumina‒, spinel ‒alumina-magnesia-carbon refractory‒, as well as 
alumina-carbon and zirconia-carbon tundish nozzles. To settle these classes a set of simple nodes was 
sequentially applied. Thus, the first node picked a threshold value for the Al/CN intensity ratio. The value for 
this attribute facilitated the separation of non-carbon-containing (>15) and carbon-containing (<15) 
refractories. Then, the non-carbon-containing materials (R#01, R#02, R#03, R#11, R#12, R#13) were split 
according to a threshold value for the Al/Si intensity ratio as a predictor variable. A high Si content 
(synonymous with a low value for the ratio) assigned the material to the predefined category "chamotte". 
Meanwhile, subsequent node involving a threshold value for the Al/Ti intensity ratio as attribute distinguished 
category "High-alumina" (<3) from category "Alumina" (>3). In the case of assigning the carbon-containing 
refractories (R#08, R#09, R#10, R#18, R#19, R#20) a threshold value for the Al/Si intensity ratio was also 
considered as attribute: >5 will dictate category "spinel" and <5 will decide category "nozzles". Finally, the 
assignment to one type of nozzle or another will depend on the detection of a series of emission lines 
attributed to zirconium. 

It is important to note that the decision tree presented here is an ad-hoc classification method for the 
categorization of refractory scraps considering the samples used for training and provided by SIDENOR, an 
special steel production company. However, the versatility of the strategy allowed the flowchart-like structure 
to be updated including new instances as well as refining the threshold values following the analysis of 
homologous refractory residues that have undergone different processes. 

 

3.4. Blind-tests on after-service refractory materials 

In order to check the performance of the classification method a blinded experiment was conducted. A total 
of 45 refractory wastes selected by SIDENOR personnel at its plant in Basauri (Bizkaia), were labeled and sent 
to UMALASERLAB (Málaga). Figure S2 in Supplementary data shows the photographs of the 45 samples to be 
analyzed. It should be noted that the residues examined corresponded to fragments of larger refractory 
pieces. 

Despite the difficulties associated with different sample sizes, it was possible to establish a protocol for their 
analysis. A total of 6 random spots over samples surface were interrogated by 25 in-depth laser pulses each. 
As commented, the chemical and physical heterogeneity of the samples (the granulometry of most materials 
is larger than the size of the laser footprint) makes it difficult to classify them on the basis on the emission 
results from single-shot plasmas. However, to avoid a clash of decisions because of conflicting results derived 
from each of the LIBS signals, the use of the average value (n=150) of the intensity of the signals involved was 
considered. Results of classification accuracy after blind testing are reported in Table 2. 

On the blind test set, 32 of 45 samples were correctly classified. Despite some errors in the assignment to 
specific classes, it should be noted that the algorithm perfectly distinguishes alumina-based material from 
magnesia-based material. Furthermore, classification errors can be discussed and argued in light of the LIBS 
information displayed by the materials. 

Samples B#02, B#09, B#15 and B#17 were high alumina samples that the algorithm labels as alumina samples. 
This circumstance can be justified by the use of an element such as Ti to assign membership to one group or 
another. It is a minority element in both types of samples, whose optical response (emission signal at 498.17 
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nm) shows a significant intra-position and inter-positions large variability. To contrast the unstability of LIBS 
responses to this element, Figure S3 in Supporting Information shows graphically the emission intensities 
ratios for spectral signals associated to Al (at 308.21 nm) and Ti (at 498.17 nm) for the LIBS data gathered from 
the analysis of the 6 positions on the surface of sample B#15. Beyond the variability in the relative intensities 
of both emissions in the successive LIBS responses collected from the same position, there is also an unstability 
of this intensities ratio in the LIBS spectra from one position to another. It can be checked how for almost all 
positions the average value of the Al/Ti ratio was >3, therefore classifying the sample as alumina refractory. 
This error suggests that this input argument in the decision node is not robust enough to differentiate between 
these two classes of samples. 

In the case of samples B#06 and B#28, they were chamotte samples mislabeled as alumina samples. This fact 
is justified by the similarity for the intensity ratios for the emissions associated to aluminum (at 308.21 nm) 
and silicon (at 288.15 nm) revealed by the LIBS information obtained in the analysis of the 6 positions on the 
surface of these samples to those shown by the model samples (R#02 and R#12), instead of the ratio shown 
by their supposedly homologous samples (R#01 and R#11). To corroborate this statement, Figure S4 in 
Supplementary data compares graphically the emission intensities ratios for spectral signals associated to Al 
(at 308.21 nm) and Si (at 288.15 nm) for the LIBS data gathered from the analysis of 1 from 6 positions on the 
surface of samples R#01 (chamotte), R#02 (alumina), B#06 and B#28. Possible explanations include the 
possibility of a change in the composition of the material as a result of its use or a difference in composition 
due to the starting material utilized for its manufacture. 

Samples B#27, B#31 and B#34, although well identified as alumina-based refractories, are not correctly 
classified into their specific group. All they are high alumina samples that the tree labels as spinel. This 
circumstance is due to the detection in the LIBS response collected from the analysis of different positions of 
the surface of all these samples of emission characteristics associated with carbon (more specifically the signal 
at 388.18 nm linked to the CN species). This is why the categorization follows the spinel/nozzle branch instead 
of continuing for the alumina-based refractory branch. 

Something similar occurs with the samples B#38, B#41 and B#43. The LIBS information collected from the 
analysis of some of the 6 positions on the surface of these samples, alerted to the presence of Zr. For this 
reason, these nozzles without Zr were catalogued as nozzles with Zr. 

Because detection of carbon and zirconium in the respective samples was random, and manufacturer's 
statement indicated that they are products non-containing these components, only an unintentional 
contamination could explain these results. 

Thus, while the score of ≈70% in the tree can be considered a very high value on considering the complexity 
and diversity of the problem, the deviation of those 13 out of the 45 samples from the expected classes, 
although argued, strongly affected its success rate. It is necessary to take into account that it was tried to 
categorizing used refractory material from a relatively small set of samples. Being congruent, only 10 samples 
cannot reflect the full future scenario that we may encounter. Therefore, to draw a more complete map of 
the variety of refractory waste and try to improve the classification success rate, we proceeded to recondition 
the decision tree with those 45 samples and a new set of 30 refractory residues. 

Figure 6 shows the updated decision tree structure. Some changes made can be highlighted, such as a more 
detailed separation of magnesia-based refractories. In the event that the sample was categorized as a 
magnesia-based material, a first node was established to simply decide outputs between MgO-C refractories, 
essentially containing graphite, or other magnesia-based materials, MgO masses, by detecting the presence 
of CN emission signal at 388.18 nm in the LIBS spectra. Then, MgO masses can be classified according their 
origin into from "bloom" and from "billet", on the basis of the contents of SiO2 and CaO. While “bloom” masses 
are rich in Si, the “billet” masses are characterized by a high Ca content. As far as alumina-based refractories 
are concerned, the first noteworthy change corresponds to the threshold value for the Al/CN intensity ratio. 
The updated value for this attribute assists the separation of high carbon-containing (>15%) refractories from 
those low- (<10%) and non-carbon-containing materials. This improves the subsequent cataloguing of some 
high alumina samples (sliding plate and external nozzle LF), containing carbon (7.7% and 2.7%, respectively) 
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and zirconium (8.5% and 5.3%, respectively). Another significant change has been the criterion for separating 
the spinel class from the rest of the alumina-based materials. Instead of the intensity of Si emission signal, the 
intensity of the Mg-related spectral feature at 280.23 nm has been considered. Finally, the analysis of a larger 
number of samples made it possible to adjust threshold values for the ratio of Al and Si intensities to classify 
the refractory waste according to its alumina content, Al2O3<50% for chamotte, 50%<Al2O3<75% for alumina, 
and >75% for high-alumina-based materials. It should also be noted that, with regard to the detection and 
identification of Zr, the same associated emission lines were considered. Thus, the confirmation of the 
presence of Zr in a refractory fragment was based on the simultaneous detection of 4 spectral characteristics 
at (423.93+424.17) nm, 468.78 nm, 471.01 nm and 473.95 nm. By using this updated decision tree structure, 
refractory waste could be categorized into a total of 10 different classes. 

The accuracy and robustness of this updated decision tree was examined with blind tests on a new set of 12 
refractory residues. Results of classification accuracy after blind testing are reported in Table 3. On this new 
blind test set, 9 of 12 samples were accurately labeled. Circumstantially, similar mislabeling to that mentioned 
above has been detected. The confusion of a chamotte (nB#11) by an alumina material again, forces a more 
thorough evaluation of the material to check through a quantitative analysis any possible deviation from its 
theoretical chemical composition. If it is confirmed that the same refractory product is altered differently 
depending on the raw material used for its manufacture, the sense of generalization of the modus operandi 
of the algorithm will be truncated. The same would happen if different consequences on the chemical 
composition of the material are corroborated because the conditions under which it has been used, that is, 
the type, time and temperature of the process, as well as its location in the various refractory facilities for 
steel casting. Similarly, the detection of Zr in residues (nB#03 and nB#05) that are not supposed to contain it 
also suggests the need for a multielemental determination of major-to-trace elements in these products to 
clarify the content, and therefore the possible origin, of zirconium therein. In any case, these evaluations are 
outside the focus of this research. 

In summary, beyond those confusions, results herein demonstrate the efficacy of a combined LIBS detection 
system and decision tree as a strategy for the cataloguing of refractory residues. 

Outcomes presented herein can be considered a systematic demonstration at industrial level addressing the 
separation of refractory residues; the key step to achieve the main objective: to turn wastes from nuisances 
to resources. 

 

4. Conclusions 

In the current manuscript, a novel machine learning algorithm has been successfully combined with the 
spectral responses obtained from a LIBS sensor for the systematic categorization of refractory residues in 10 
different classes. Only the proper sorting of spent refractories allows to overcome the bottleneck of ensuring 
the quality of their future recycled and remanufactured materials from. 

Despite the inherent chemical heterogeneity of the fresh refractory material, added to its potential alteration 
during the use phase, the machine learning algorithm has demonstrated to suitably drive the intrinsically 
multifactorial character of the LIBS analytical response. This fact puts even more value on the challenge of 
correctly classifying refractory residues. 

It has been proved that the alteration of the used material can go beyond a mere contamination with dust and 
other adhesions. Its thermal, mechanical and chemical histories are relevant for the classification process. 
Thus, thinking about the implementation of the strategy on an industrial scale, it must be aware that the 
inclusion of a pre-cleaning stage on the moving objects before the analytical measurements it must be aware 
that the inclusion of a cleaning stage of the moving objects before their analytical measurements would only 
partially minimize the alterations. In addition, it has become clear that the evaluation of this type of samples 
requires statistics from multiple-shot LIBS spectra to minimize the effects of fluctuations in type and intensity 
emissions. 
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In any case, on considering all those numerous imponderables, a score of ≈70% for the success rate of the 
decision tree on categorization of refractory waste from metallurgical processes generated during the day-to-
day running of a leading company in the production of steel can be considered a significantly high value. 

Further research on the potential causes any chemical bias of materials either because a use itself or due to 
different raw materials involved for manufacture is in course. Responding to these biases and/or being able 
to find a pattern in the LIBS response to be modeled, could significantly help to increase the success rate in 
labeling new refractory residues. 
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Figure 1. Left: Single-shot LIBS spectra in the wavelength range of 210–800 nm of refractory samples labeled as R#01 (chamotte), R#02 (alumina) and R#03 
(High-alumina); Right: Comparison of the corresponding LIBS fingerprints in the spectral window covering from 284 nm to 312 nm with solid lines guiding, as 
slopes, the relationship between intensities of emissions of Al (at 308.21 nm) and Si (at 288.15 nm).  



16 
 

 

 

Figure 2. Left: Single-shot LIBS spectra in the wavelength range of 210–800 nm of MgO-C refractory samples labeled as R#04, R#05, R#06, and R#07; Right: 
Comparison of the corresponding LIBS fingerprints in the spectral windows covering from 275 nm to 320 nm and from 370 nm to 400 nm, with dashed lines 
guiding as slopes the relationship between intensities of emissions of Mg (at 285.21 nm) and Al (at 308.21 nm) and Mg (at 285.21 nm) and CN (at 388.28 nm), 
respectively.  
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Figure 3. Up: Single-shot LIBS spectra in the wavelength range of 210–800 nm of refractory nozzles constituted by (A) alumina-graphite-silica (R#09) and (B) 
zirconia-graphite-silica (R#10); Down: Comparison of the corresponding LIBS fingerprints in the spectral windows covering from 410 nm to 430 nm and from 
460 nm to 480 nm, with their most significant spectral features labeled. Note that the spectral windows of A are superimposed on B (blue dashed lines) to 
better evaluate the distinction of the emission lines. 
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Figure 4. Comparison of the single-shot LIBS spectra in the wavelength range of 210–800 nm of "fresh" (black) and "after-service" (red) chamotte and 
comparison of the corresponding LIBS fingerprints in the spectral windows where the most outstanding emission lines of the constituent elements emerge. 
More details in the body of the text. 
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Figure 5. Structure of the initial decision tree algorithm. 
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Figure 6. Structure of the update decision tree algorithm. 

  



21 
 

Table 1.- Theoretical chemical composition (% w/w of oxides) of the refractory materials considered to design 
the initial classification algorithm. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: Categories labelling the samples in the table can be conveniently identified from the decision tree 
displayed in Figure 5. 

 

 

 

 

  

Chemical composition (% w/w) 

Sample Al2O3 MgO Fe2O3 SiO2 TiO2 CaO K2O Na2O ZrO2 C 

Unused Spent 

R#01 R#11 41.0 

 

1.5 54.0 1.7 

     

R#02 R#12 69.0 0.1 0.9 29.0 0.6 0.1 0.3 0.1 

  

R#03 R#13 80.5 

 

1.4 13.0 3.1 

     

R#04 R#14 0.2 96.9 0.3 0.5 

 

1.9 

   

10.0 

R#05 R#15 0.7 96.2 0.5 0.7 

 

1.9 

   

10.0 

R#06 R#16 0.2 97.0 0.3 0.6 

 

1.8 

   

10.0 

R#07 R#17 

 

96.73 0.77 1.14 

 

1.12 

   

10.0 

R#08 R#18 89.0 8.0 0.2 1.0 0.7 0.4 

   

7.0 

R#09 R#19 60.5 

  

10.5 

     

30.0 

R#10 R#20 

   

5.5 

    

79.5 15.5 



22 
 

Table 2.- Summary of results of the blind test of LIBS analysis of refractory scraps. Success of assigning to membership is also presented for each residue. 

 
 
 

Unseen 
Sample 

Predicted group 
membership 

Actual group 
membership 

 
Unseen 
Sample 

Predicted group 
membership 

Actual group 
membership 

 Unseen 
Sample 

Predicted group 
membership 

Actual group 
membership 

B#01 MgO-C MgO-C 

 

B#16 Nozzle without Zr Nozzle without Zr  B#31 Spinel High-alumina 

B#02 Alumina High-alumina 

 

B#17 Alumina High-alumina  B#32 MgO-C MgO-C 

B#03 High-alumina High-alumina 

 

B#18 High-alumina High-alumina  B#33 Spinel Spinel 

B#04 MgO-C MgO-C 

 

B#19 Magnesia-based others Magnesia-based others  B#34 Spinel High-alumina 

B#05 High-alumina High-alumina 

 

B#20 High-alumina High-alumina  B#35 MgO-C MgO-C 

B#06 Alumina Chamotte 

 

B#21 Alumina Alumina  B#36 Nozzle without Zr High-alumina 

B#07 High-alumina High-alumina 

 

B#22 Nozzle without Zr Nozzle without Zr  B#37 Spinel Spinel 

B#08 Magnesia-based others Magnesia-based others 

 

B#23 Magnesia-based others Magnesia-based others  B#38 Nozzle with Zr Nozzle without Zr 

B#09 Alumina High-alumina 

 

B#24 MgO-C MgO-C  B#39 Magnesia-based others Magnesia-based others 

B#10 Nozzle without Zr Nozzle without Zr 

 

B#25 MgO-C MgO-C  B#40 Nozzle with Zr Nozzle with Zr 

B#11 Nozzle with Zr Nozzle with Zr 

 

B#26 High-alumina High-alumina  B#41 Nozzle with Zr Nozzle without Zr 

B#12 Nozzle without Zr Nozzle without Zr 

 

B#27 Spinel High-alumina  B#42 Nozzle with Zr Nozzle with Zr 

B#13 Alumina Alumina 

 

B#28 Alumina Chamotte  B#43 Nozzle with Zr Nozzle without Zr 

B#14 MgO-C MgO-C 

 

B#29 High-alumina High-alumina  B#44 Nozzle with Zr Nozzle with Zr 

B#15 Alumina High-alumina 

 

B#30 Alumina Alumina  B#45 Nozzle with Zr Nozzle with Zr 
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Table 3.- Results on performance of the updated decision tree to the categorization, from LIBS data, of a new 
set of "blind" refractory residues. 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Unseen 
Sample 

Predicted group 
membership 

Actual group 
membership 

nB#01 Nozzle WITH Zr Nozzle WITH Zr 

nB#02 High-alumina High-alumina 

nB#03 Nozzle WITH Zr Nozzle WITHOUT Zr 

nB#04 High-alumina High-alumina 

nB#05 Nozzle WITH Zr Isostatic 

nB#06 MgO masses (Billet) MgO masses (Billet) 

nB#07 High-alumina High-alumina 

nB#08 High-alumina WITH Zr Sliding plate 

nB#09 Spinel Internal nozzle LF 

nB#10 High-alumina High-alumina 

nB#11 Alumina Chamotte 

nB#12 Spinel Impact brick 


