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ABSTRACT: A laboratory-assembled laser-induced breakdown spectroscopy instrument consisting of a compact low-power 

diode-pumped solid-state laser and a palm-sized low-resolution non-gated spectrometer was evaluated for the quantification of 

lithium in lithium-bearing ore. Five ore materials containing 0.468 – 2.67 wt.% lithium were analyzed. Three Li I emission peaks at 

610, 670, and 812 nm were used after total-intensity normalization. The total-intensity normalization produced a modest 

improvement in intra-pellet precision but a much larger improvement in calibration accuracy by effectively reducing inter-pellet 

variation. All three peaks yielded good univariate linear calibration. Among the unconstrained single-peak models, the 670 nm peak 

showed the lowest prediction error, whereas the 812 nm peak became the best univariate variable when a zero-intercept model was 

applied, owing to its near-ideal sensitivity and minimal self-absorption. Multilinear regression showed that the combination of the 

610 and 812 nm peaks gave the best prediction performance in leave-one-ore-out cross-validation, outperforming all univariate 

models. In contrast, the use of all three variables did 

not improve the model further because of strong 

multicollinearity among the Li peak intensities. 

These results demonstrate that reliable lithium 

quantification can be achieved with a low-cost 

LIBS instrument and that careful selection of a 

small number of physically meaningful and 

complementary spectral variables is more 

important than simply increasing model 

complexity. 

INTRODUCTION  

Lithium has become one of the most strategically important 

elements in modern energy technology because of its 

indispensable role in rechargeable batteries, energy storage 

systems, and electric vehicles 1,2. The rapid growth of battery 

manufacturing and electrified transportation has substantially 

increased the demand for lithium resources, making the 

identification, evaluation, and processing of lithium-bearing ores 

increasingly important 3,4. Reliable determination of lithium 

concentration in ore materials is therefore essential not only for 

resource exploration and ore grading, but also for process control 

and value assessment in mining and mineral beneficiation. A 

variety of established analytical methods are available for lithium 

determination in geological and related inorganic materials, 

including inductively-coupled plasma optical emission 

spectrometry (ICP-OES) and inductively-coupled plasma mass 

spectrometry (ICP-MS) 5-7. These methods can provide high 

analytical accuracy and sensitivity, but they generally require 

sample digestion, labor-intensive pretreatment, specialized 

instrumentation, or strictly controlled laboratory conditions. For 

geological and mining applications, where rapid screening of large 

numbers of solid samples may be required, such constraints can 

limit analytical throughput and practical applicability. In this 
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respect, laser-ablation inductively-coupled plasma mass 

spectrometry (LA-ICP-MS) has attracted considerable attention 

because it enables direct analysis of solid samples without the 

strong-acid digestion or fusion procedures often required for 

conventional solution-based analysis of ores and minerals. It is 

particularly attractive for in situ spatially-resolved elemental 

mapping of lithium-bearing minerals in mineral exploration 

studies 8-9. However, despite its analytical power, LA-ICP-MS still 

remains an ICP-MS-based technique that requires expensive 

instrumentation, argon plasma support, careful calibration, and 

laboratory-style operation. These features make it less convenient 

for routine at-line or in-line use in practical ore-screening 

environments. From a practical viewpoint, X-ray fluorescence 

(XRF) spectroscopy may be considered as a simpler and faster 

alternative for ore analysis because of its operational convenience 

and widespread use in geochemical and mineralogical 

investigations. However, direct Li determination by conventional 

XRF is intrinsically difficult because lithium is a very light 

element with a low fluorescence yield, and its characteristic 

radiation is weak and readily absorbed. As a result, XRF is often 

more useful for complementary analysis of heavier associated 

elements or mineralogical proxies than for direct and reliable 

quantification of Li itself 4,5,10. These limitations create a strong 

incentive for alternative techniques that can analyze solid lithium-

bearing ores more directly, rapidly, and with minimal sample 

preparation while still providing acceptable quantitative 

performance. In this context, laser-induced breakdown 

spectroscopy (LIBS) is particularly attractive because it enables 

direct elemental analysis of solid materials and offers a practical 

route toward simpler and faster Li analysis. 

LIBS is an attractive technique in this respect because it enables 

rapid multi-element analysis with minimal sample preparation and 

direct interrogation of solid materials 11-13. LIBS has been widely 

explored for the analysis of geological, environmental, 

metallurgical, and industrial samples because of its operational 

simplicity, versatility, and potential for in situ or on-site 

applications. In the field of mineral analysis, LIBS has been 

recognized as a useful tool for ore characterization, mineral 

identification, and elemental mapping, particularly where rapid 

screening is advantageous 14-20. More recently, LIBS has also been 

applied specifically to lithium-resource analysis. For solid 

lithium-bearing materials, handheld and laboratory LIBS systems 

have been used for the identification and quantification of Li-

bearing minerals such as spodumene, petalite, and lepidolite, for 

lithium exploration in pegmatite systems, and for Li 

quantification or mineralogical mapping of crushed ores and 

drill-core samples.19-23 In addition to solid ores and minerals, 

LIBS has been explored for Li determination in brines, including 

natural brines and direct brine analysis using portable or 

handheld instruments.24-27 These studies demonstrate the growing 

interest in LIBS as a rapid analytical tool for lithium resources. 

In addition, lithium concentrations considered economically 

meaningful in lithium-bearing minerals are typically on the order 

of 0.1 wt.% to a few wt.% 28-30. Since LIBS generally shows 

excellent detection-limit performance for alkali metals, including 

lithium, in some cases reaching the sub-ppm level, meaningful 

quantitative analysis of lithium-bearing ores may be achievable 

even without highly sophisticated instrumentation 31. 

Nevertheless, most previous quantitative LIBS studies have relied 

on relatively high-performance experimental systems employing 

high-power pulsed lasers, highly sensitive gated detectors, and 

spectrometers with higher spectral resolution 32,33. Such 

instrumental configurations can improve signal discrimination and 

analytical performance, but they also increase cost, complexity, 

and experimental burden. From a practical standpoint, it is 

important to ask whether lithium in ore can be quantified reliably 

using a simpler and less expensive LIBS configuration. This 

question is particularly relevant for high-concentration samples, in 

which the analytical challenge is not trace detection but robust and 

practical quantification. Recent studies have shown that LIBS can 

be useful for lithium-related mineral analysis and geological 

applications, but the performance of a low-cost, laboratory-

assembled LIBS instrument for quantitative lithium analysis in 

lithium-bearing ore has not been sufficiently evaluated 22,23,34. 

Another important issue concerns the calibration strategy used 

for LIBS quantification. Univariate calibration based on a single 

spectral variable is simple, interpretable, and often effective, 

whereas multivariate approaches such as multilinear regression 

(MLR), partial least squares regression (PLS-R), support vector 

regression (SVR), and artificial neural network (ANN) can 

incorporate additional spectral information or nonlinear features 

and are often expected to improve predictive performance 35,36. 

However, the use of more variables does not necessarily produce 

a better model. When candidate variables are strongly correlated 

and contain largely redundant information, increasing model 

complexity may provide little practical benefit and may even 

reduce robustness for new samples 35,37,38. This issue is especially 

relevant for lithium analysis because several Li I emission peaks 

can be observed in the same spectrum, but their quantitative 

contributions may not be independent. Under such circumstances, 

careful selection of a small number of well-corrected spectral 

variables may be more valuable than simply using a larger number 

of variables or a more complex regression model. 

In this work, we report that practical lithium quantification in 

lithium-bearing ore can be achieved using a laboratory-assembled 

LIBS instrument built from a compact low-power diode-pumped 

solid-state laser (DPSSL) and a palm-sized low-resolution 

spectrometer. Here, the term “low-cost” refers to the simplified 

instrumental configuration rather than to a fixed purchase price. 

The system was assembled using a compact low-power DPSSL 

and a palm-sized low-resolution non-gated charge-coupled device 

(CCD) spectrometer, without employing typical high-

performance LIBS components such as a high-energy pulsed laser, 
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gated intensified CCD detector, or echelle spectrometer. The 

purpose of this study was therefore to evaluate whether such a 

simple LIBS configuration could provide useful quantitative 

performance for wt.%-level Li in lithium-bearing ores when 

combined with appropriate spectral preprocessing and physically 

guided calibration strategies. Although non-gated detection 

generally provides lower analytical performance than 

conventional gated LIBS because the time-integrated spectra can 

contain stronger continuum/background contributions and lack 

temporal selectivity, previous studies have shown that non-gated 

or time-integrated LIBS can still be useful for quantitative analysis 

when compactness, simplicity, high repetition rate, or low 

instrumental cost is important. For example, quantitative LIBS 

analysis using microchip-laser excitation with non-gated detection 

has been reported for low-alloy steel,39 and a low-energy, high-

repetition-rate DPSSL combined with a non-gated CCD 

spectrometer has been evaluated for quantitative analysis of 

marine ferromanganese nodules.40 These studies indicate that non-

gated LIBS is not necessarily unsuitable for quantification, 

provided that the required analytical performance is compatible 

with the signal level and appropriate calibration procedures are 

used. In the present work, we examine this possibility for lithium-

bearing ores, where Li occurs at the wt.% level and produces 

intrinsically strong alkali-metal emission signals. Three Li I 

emission peaks near 610, 670, and 812 nm were selected as 

analytical signals and examined after total-intensity normalization. 

The study shows that this normalization provides a modest 

improvement in intra-pellet precision but a much larger 

improvement in calibration accuracy by effectively reducing inter-

pellet variation. In classical univariate calibration, all three Li I 

peaks yielded useful linear models, but their analytical behaviors 

were clearly different: the 670 nm peak gave the best performance 

among the unconstrained single-peak models, whereas the 812 nm 

peak, despite its weaker intensity, exhibited the highest effective 

sensitivity and became the best univariate variable when a zero-

intercept model was applied, consistent with its near-ideal 

proportional response and lower susceptibility to self-absorption. 

The multilinear regression results further showed that the 

combination of the 610 and 812 nm peaks gave the best overall 

predictive performance, outperforming all univariate models, 

whereas inclusion of the 670 nm peak did not further improve the 

model because of severe multicollinearity among the predictor 

variables. By combining calibration results with spectroscopic 

interpretation, including the different self-absorption 

characteristics and the energy-level relationships of the selected Li 

I transitions, this work demonstrates that reliable lithium 

quantification is possible with a simple and low-cost LIBS 

instrument, that the analytically most useful signal is not 

necessarily the strongest one, and that successful multivariable 

calibration depends more on the careful selection of physically 

meaningful and complementary variables than on the 

indiscriminate inclusion of a larger number of concentration-

correlated predictors. 

EXPERIMENTAL 

Sample preparation. Five lithium-bearing ore materials were 

used in this study: OREAS 751, OREAS 752, OREAS 753, and 

OREAS 999 (Ore Research & Exploration Pty Ltd., Australia), 

together with NIST SRM 183 (lepidolite). OREAS 751, OREAS 

752, and OREAS 753 are certified pegmatite Li ores, whereas 

OREAS 999 is a spodumene concentrate. According to the 

certificates of analysis, the certified lithium contents determined 

by peroxide fusion ICP are 0.468 ± 0.017 wt.% Li for OREAS 751, 

0.707 ± 0.021 wt.% Li for OREAS 752, 1.02 ± 0.023 wt.% Li for 

OREAS 753, and 2.67 ± 0.103 wt.% Li for OREAS 999. NIST 

SRM 183 is a lithium ore reference material based on lepidolite 

and the corresponding certified lithium content is 1.91 ± 0.020 wt.% 

Li. Overall, the selected materials covered a broad lithium 

concentration range from approximately 0.47 to 2.67 wt.% Li. 

Because the powdered ore materials did not form sufficiently 

durable pellets on their own, graphite powder was incorporated as 

a binder to enhance pellet cohesion and to promote stable laser 

ablation during LIBS measurements. The particle-size 

distributions of the Li-bearing ore powders and graphite powder 

were measured using a laser particle-size analyzer (Mastersizer 

3000 equipped with a Hydro MV wet dispersion unit, Malvern 

Instruments, UK). In the volume-based particle-size distribution, 

Dv(10), Dv(50), and Dv(90) indicate the particle diameters 

below which 10%, 50%, and 90% of the cumulative particle 

volume are contained, respectively. The Dv(10), Dv(50), and 

Dv(90) values were 2.32, 13.1, and 39.0 μm for OREAS 751; 

1.47, 7.25, and 20.2 μm for OREAS 752; 1.46, 7.44, and 21.7 μm 

for OREAS 753; 1.13, 4.85, and 12.3 μm for OREAS 999; 10.6, 

57.4, and 130 μm for NIST SRM 183; and 11.6, 41.4, and 94.1 

μm for the graphite powder, respectively. Thus, the ore powders 

and graphite powder did not have identical particle-size 

distributions. To reduce possible local heterogeneity arising from 

these particle-size differences, each ore powder was thoroughly 

mixed with graphite powder at an 8:2 mass ratio before 

pelletization, and the mixed powder was pressed into pellets 

under the same conditions for all samples. In addition, the 

influence of residual pellet heterogeneity was further reduced by 

spatial averaging through line-scan LIBS measurements, as 

described below. In a typical preparation, 0.8 g of ore powder was 

mixed with 0.2 g of graphite powder and homogenized with a 

vortex mixer. From this mixture, 0.5 g was transferred to a 13 mm 

die and compressed under a uniaxial load of 9 tons for 15 min 

using a hydraulic press (CrushIR™, PIKE Technologies). The 

resulting pellets were mechanically robust enough for repeated 

LIBS analysis. 

LIBS experimental setup. Fig. 1a shows a schematic of the LIBS 

instrument used in this study. The instrument was assembled using 

a compact low-power DPSSL (DTL-329QT, Laser-export Co. 

Ltd.) and a palm-sized low-resolution spectrometer (wavelength 

coverage = 200 − 1000 nm, spectral resolution = ~2 nm, 
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CCS200/M, Thorlabs, Inc.). A pulsed laser beam with a 

wavelength of 1053 nm, emitted from the DPSSL was directed to 

the Li-bearing ore sample pellet placed on the xyz-motorized stage. 

The DPSSL was operated at its maximum pulse energy of 1 

mJ/pulse, with a repetition rate of 1 kHz and a pulse duration of 

about 7 ns. This pulse energy was the maximum available from 

the compact DPSSL used in the present laboratory-assembled 

system. Although this pulse energy is relatively low compared 

with that commonly used in conventional high-performance 

LIBS systems, it produced stable plasma formation and 

sufficiently strong Li I emission signals from the ore pellets 

because Li was present at the wt.% level in the investigated 

samples. To ignite the plasma, the laser beam was focused on the 

pellet surface using an objective lens (LMH-5-1064, Thorlabs, 

Inc.). All LIBS measurements were performed in ambient air 

without additional purge gas or controlled atmosphere. This 

open-air condition was intentionally used to maintain the 

simplicity and practical applicability of the low-cost LIBS 

configuration. Optical emission from the laser-induced plasma 

was collected using a simple two-lens relay system composed of 

two plano-convex lenses (f = 70 mm, diameter = 2 inch). The first 

lens collected the plasma emission, and the second lens focused 

the collected light onto the core of the optical fiber. This two-lens 

arrangement was used to facilitate efficient coupling of the 

plasma emission into the optical fiber while allowing flexible 

placement of the fiber relative to the laser focusing optics and 

sample stage. Because the optical emission intensity exceeded 

the maximum detectable level of the spectrometer when directly 

coupled to the optical fiber, a neutral-density filter with 5% 

transmittance was placed in front of the optical fiber core to avoid 

saturation of the strongest Li I emission signal. The spectrometer 

used a 3648-pixel charge-coupled device (CCD) line array 

detector, which was synchronized with a laser Q-switching event 

using a pulse generator (9212+ Sapphire, Quantum Composers) 

and however operated in a non-gated manner because its 

minimum integration time is longer than or comparable to the 

plasma lifetime. Therefore, the system was not used to acquire 

single-pulse spectra at a precisely defined time window within 

the plasma lifetime. Instead, the detector integration time was set 

to accumulate the time-integrated plasma emission generated by 

multiple laser pulses within each exposure. The CCD integration 

time was set to 50 ms, and seventy-five 50-ms integrated signals 

were averaged to conduct each measurement during translating the 

sample pellet along a 7-mm line. Twelve equally-spaced parallel 

line-scan measurements were performed on each sample pellet. 

The micro-trenches produced by the laser ablation are shown on 

the sample pellet surface (see the inset of Fig. 1a). 

In LIBS analysis, maintaining a constant distance between the 

objective lens and the sample surface throughout the measurement 

process is critical, because variations in sample surface height 

(SSH) can alter the laser fluence at the sample surface. The SSH 

can vary within a pellet. However, in this work, sample pellets 

were prepared under high pressure to have flat surface. Thus, it 

was necessary to determine the extent of pellet-to-pellet variation 

in SSH and to devise a method to monitor SSH during the 

measurement process. The pellet thickness of the five lithium-

bearing ores were measured using a digital micrometer: 1.63 mm 

(OREAS 751), 1.84 mm (OREAS 752), 1.75 mm (OREAS 753), 

1.43 mm (NIST SRM 183), and 1.57 mm (OREAS 999). The 

average thickness of the sample pellets was 1.64 mm with a 

standard deviation of 160 m. To monitor and correct this extent 

of the SSH variation, a diode laser beam was directed to the same 

position on the sample pellet where the DPSSL beam was focused 

tightly. Then, the diode laser beam went through the pinhole and 

the neutral-density filter, reflected, and focused through a lens (f = 

300 mm) to minimize the spot size on the pellet surface, which 

increased the resolution of monitoring SSH. The focused diode 

laser beam spot was imaged through the objective lens, the 

dichroic mirror, the short-pass filter, and the imaging lens onto the 

SSH-monitoring camera. Fig. 1b shows the SSH-monitoring 

camera images along with the corresponding schematics showing 

the variation of the lens-to-sample-surface distance. The middle 

one of the three images corresponds to the optimum lens-to-

sample-surface distance, d2, that was optimized at the beginning 

of the series of measurements. The optimum position of the red 

diode laser beam spot image was marked with the red circle. When 

the lens-to-sample-surface distance was decreased by 160 m (d1 

= d2 - 160 m), this vertical change in the lens-to-sample-surface 

distance caused the horizontal move of the red diode laser spot on 

the sample surface, and this was clearly detected by the SSH-

monitoring camera (left of Fig. 1b). When the lens-to-sample-

surface distance was increased by 160 m (d3 = d2 + 160 m), the 

red diode laser spot moved to the opposite side, and this 

displacement was also detected by the SSH-monitoring camera 

(right of Fig. 1b). This demonstration proves the capability of 

monitoring the lens-to-sample-surface distance variation induced 

by the pellet-to-pellet thickness difference and correcting it 

precisely when a new sample pellet is loaded for measurements. 

A full parametric optimization of laser pulse energy, fluence, 

and atmosphere was not the main objective of this study. Instead, 

fixed experimental conditions that produced stable plasma 

formation and sufficiently intense Li I emission signals were used 

for all ore samples, allowing the relative analytical performance 

of different Li I peaks and calibration strategies to be compared 

under identical conditions. This choice was appropriate for the 

present purpose because the target analyte was Li at the wt.% 

level and the selected Li I emission peaks showed sufficiently 

strong signals even with the compact low-power DPSSL-based 

system. 

High-resolution LIBS measurement for spectral-interference 

check. To examine possible spectral interference around the Li I 

812 nm peak, additional high-resolution LIBS spectra were 

acquired for the five CRM pellets using a commercial LIBS 
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instrument (J200, Applied Spectra Inc., USA). The system 

employed a Q-switched Nd:YAG laser operated at the fourth 

harmonic wavelength of 266 nm, with a pulse energy of 7.9 mJ, 

a repetition rate of 10 Hz, and a spot size of approximately 50 μm 

on the sample surface. Plasma was generated in a helium ambient 

flow at 1.0 L/min. The emitted plasma light was dispersed using 

a 6-channel CMOS spectrometer covering the wavelength range 

of 180–1050 nm with a spectral resolution of approximately 0.1 

nm. The detector gate delay and gate width were set to 0.5 μs and 

1 μs, respectively. For each spectrum, 81 laser shots were 

accumulated. To obtain spatially representative measurements, 

the sample stage was translated at a rate of 1 mm/s to perform 8-

mm line scans with a line spacing of 0.4 mm. In total, 20 scan 

lines were acquired over an area of 8 × 8 mm2 for each pellet. 

These high-resolution spectra were used only to confirm the 

spectral assignment of the Li I 812 nm feature and were not used 

for calibration modeling. 

RESULTS AND DISCUSSION 

LIBS spectra and selection of Li emission peaks. Fig. 2a shows 

the low-resolution LIBS spectra of the five lithium-bearing ore 

samples in the wavelength region between 550 and 900 nm, 

acquired using the laboratory-assembled low-cost LIBS 

instrument. Fig. 2b shows the corresponding high-resolution 

LIBS spectra in the 807-821 nm region, acquired separately using 

the commercial LIBS instrument to examine possible spectral 

interference around the Li I 812 nm peak. Although the overall 

spectral patterns slightly differed among the samples because of 

differences in the concentrations of Li and other minor elements 

such as Na, K, and Rb of which emission peaks appeared in the 

presented wavelength region, three prominent Li I emission peaks 

were consistently observed in the regions centered near 610, 670, 

and 812 nm as indicated by the yellow bands in Fig. 2a. These 

peaks were selected as the analytical signals for subsequent 

univariate and multivariate calibration for quantification of Li. To 

confirm that the selected experimental condition provided 

sufficient analytical signal, the signal-to-noise ratios (S/N) of the 

Li I peaks were calculated for OREAS 751, the lowest-

concentration sample. The S/N values were obtained from the 

raw spectra as the ratio of the peak signal to the standard 

deviation of the baseline noise in a nearby shorter-wavelength 

region. The signal and baseline-noise windows were 10 nm, 9.2 

nm, and 5.4 nm for the Li I peaks near 610, 670, and 812 nm, 

respectively. The resulting S/N values were 81.8, 128.7, and 70.9 

for the 610, 670, and 812 nm peaks, respectively. These results 

confirm that all three selected Li I peaks provided sufficiently 

high signal quality for quantitative analysis even for the lowest 

Li concentration investigated. As summarized in Table 1, each 

selected Li I peak was not composed of a single isolated emission 

line but rather of two or more closely spaced Li I lines. The peak  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1 (a) Schematic diagram of the laboratory-assembled LIBS setup used 

for lithium-bearing ore analysis. The inset shows a photograph of a sample 

pellet after LIBS measurement, with the laser-ablated line formed during 

the line scan. (b) SSH-monitoring camera images together with the 

corresponding schematics illustrating the variation in the lens-to-sample-

surface distance. 

 

near 610 nm consisted of three Li I lines at 610.353, 610.364, and 

610.366 nm, the peak near 670 nm consisted of two Li I lines at 

670.776 and 670.791 nm, and the peak near 812 nm consisted of 

two Li I lines at 812.622 and 812.645 nm. Because the present 

LIBS instrument employed a low-resolution, non-gated 

spectrometer, these closely spaced lines were not fully resolved 

and therefore appeared as composite peaks in the measured spectra. 

The 812 nm feature was further examined because possible 

spectral interference from coexisting alkali elements could be a 

concern in a low-resolution spectrum. Based on the certified 

compositions of the ore reference materials, Na, K, Rb, Cs, Si, Al, 

and Fe were considered as possible interfering elements, and the 
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NIST Atomic Spectra Database was checked in the 807-821 nm 

region 41. No strong Na I, K I, or Rb I emission line was found to 

directly coincide with the Li I lines at 812.622 and 812.645 nm. 

The nearest strong Na I lines are the near-infrared doublet at 

818.326 and 819.482 nm, located on the longer-wavelength side 

of the Li I 812 nm feature. As shown in the high-resolution spectra 

in Fig. 2b, the Li I emission near 812.6 nm was spectrally 

separated from neighboring emission features, confirming that no 

adjacent line from coexisting elements directly overlapped with 

the Li I 812 nm peak. In the low-resolution spectra, however, the 

red tail of the Li I 812 nm feature and the blue tail of the unresolved 

Na I near-infrared doublet slightly overlapped because of 

instrumental broadening. To minimize the influence of this partial 

tail overlap, the analytical signal for the 812 nm peak was 

extracted as a baseline-subtracted peak area rather than as a simple 

peak maximum intensity. This procedure reduced the contribution 

of the sloping background and broad neighboring tail to the 

extracted Li I 812 nm signal. Therefore, the broadened 812 nm 

feature observed with the low-resolution spectrometer was treated 

as a Li I-dominated, baseline-corrected composite peak area. The 

spectroscopic parameters of the Li I lines contributing to these 

composite peaks are listed in Table 1 41. 

Prior to constructing calibration models, the LIBS spectral 

intensity at each wavelength was normalized using the total 

spectral intensity summed up from 200 to 1000 nm as a reference 

signal, and then the intensities of the three Li I emission peaks at 

610, 670, and 812 nm were taken as baseline-subtracted peak areas 
42. More generally, because the present spectra were acquired 

under non-gated, time-integrated conditions using a low-

resolution spectrometer, careful extraction of the net peak area 

was necessary for all selected Li I features. Therefore, the 

analytical signals used in this study were not simple peak 

maximum intensities or raw integrated intensities, but baseline-

subtracted peak areas calculated using the same concept as 

reported in Ref. 42. Briefly, for each selected Li I composite peak, 

the spectral intensities within a fixed integration window were 

first summed. A local linear baseline was then defined by 

connecting the intensities at the two end points of the integration 

window, and the area under this baseline was subtracted from the 

total integrated area to obtain the net Li I peak area. This local 

baseline-subtraction procedure is particularly important for the 

present low-cost LIBS configuration because the non-gated 

acquisition can retain continuum/electronic background 

contributions, while the low spectral resolution can broaden the 

selected Li I features and neighboring emission tails. Thus, 

baseline-subtracted peak-area extraction substantially reduces 

the influence of broad background emission, sloping baselines, 

and partially overlapping tails from adjacent non-Li emission 

features. In the following analysis, all relative standard deviation 

(RSD) calculations, univariate calibrations, and multilinear 

regression models were therefore constructed using these locally 

baseline-corrected Li I composite peak areas. The normalization  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2 (a) LIBS spectra of the five Li-bearing ore samples. The three Li I 

emission peaks at 610, 670, and 812 nm were indicated by the yellow bands. 

(b) High-resolution LIBS spectra of the same five CRM pellets in the 807–

821 nm region, acquired using a commercial LIBS instrument for spectral-

interference checking. The Li I emission near 812.6 nm is spectrally 

separated from the Na I near-infrared doublet at 818.326 and 819.482 nm.. 

 

process was found to be slightly effective in improving intra-pellet 

measurement precision. Fig. 3 shows the RSD values of the Li I 

emission peak intensities at (a) 610, (b) 670, and (c) 812 nm before 

and after the total-intensity normalization. Across the samples and 

the Li I emission peaks, the RSD of the peak intensities ranged 

from 1.9 − 8.1% and 1.2 − 8.4% before and after the total-intensity 

normalization, respectively. On average, the unnormalized peak 

intensities showed the RSD of 4.0%, which was decreased down 

to 3.2% by the total-intensity normalization. Each RSD value was 

calculated from the corresponding set of twelve line-scan spectra 

recorded on the same pellet. Thus, the decrease in RSD from 4.0 

to 3.2% indicates that the intra-pellet measurement precision was  
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Table 1. Spectroscopic parameters of Li I emission lines contributing to the selected peaks for constructing calibration models 

Species  (nm) Aki (s
−1) Ei (cm−1) Ek (cm−1) gi gk 

Li I 
610.353 5.714107 14903.66 31283.08 2 4 

610.364 6.856107 14904.00 31283.12 4 6 

610.366 1.143107 14904.00 31283.08 4 4 

Li I 
670.776 3.689107 0.00 14904.00 2 4 

670.791 3.689107 0.00 14903.66 2 2 

Li I 
812.622 1.116107 14903.66 27206.12 2 2 

812.645 2.231107 14904.00 27206.12 4 2 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3 Bar graphs comparing the RSD values before and after total-intensity 

normalization for the three Li I peaks at (a) 610, (b) 670, and (c) 812 nm. 

Each RSD value was estimated for twelve replicates. 

 

slightly improved by this normalization process. It should be noted 

that, across all three Li I emission peaks, the lower-concentration 

samples showed relatively large RSD values, whereas the higher-

concentration samples generally exhibited smaller RSD values. 

This behavior suggests that a substantial portion of the overall 

uncertainty arises from an approximately constant absolute 

uncertainty component that is largely independent of signal 

intensity. 

Under such conditions, the relative uncertainty becomes more 

pronounced at low signal levels and decreases as the signal 

becomes stronger. This concentration-dependent trend in the RSD 

values was most evident for the Li I peak at 812 nm, while it was 

less pronounced for the 670 nm peak. This difference can be 

understood in terms of the different extents to which the three Li 

I emissions are affected by self-absorption under the same 

plasma-generation and detection conditions. It should be noted 

that the absolute magnitude of LIBS signal intensity, signal-to-

noise ratio, plasma characteristics, and self-absorption can 

depend on experimental parameters such as laser pulse energy, 

fluence, ambient atmosphere, and acquisition timing. In the 

present study, however, all three selected Li I peaks were 

measured under identical experimental conditions. Therefore, the 

following discussion focuses on their relative response behavior 

rather than on the absolute quantification or optimization of self-

absorption. As shown by the lower-level energies listed in Table 1, 

the Li I emission peak near 670 nm is the only resonance transition 

among the three selected peaks and therefore expected to be the 

most strongly influenced by self-absorption. The Li I lines near 

610 nm are not a resonance line, so a larger fraction of the emitted 

light is expected to undergo further emission rather than 

reabsorption in the cooler peripheral region of the plasma, leading 

to partial mitigation of self-absorption. Nevertheless, its relatively 

large spontaneous emission coefficient, Aki, still indicates that self-

absorption can occur to a non-negligible extent, because the line 

absorption coefficient is directly related to the transition strength 

and, for a given transition energy and line-shape function, scales 

with Aki through its relation to the oscillator strength 43. In contrast, 

the Li I emission peak near 812 nm is composed of non-resonance 

transitions and also has comparatively smaller Aki values 

suggesting that it should be the least affected by self-absorption 

among the three selected Li emissions. Because self-absorption 

generally becomes stronger as the analyte concentration increases, 

suppression of signal growth at high concentration can prevent the 

RSD from decreasing as much as would otherwise be expected 

when a constant absolute uncertainty component is dominant 44. 
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Fig. 4 Li I peak intensity versus Li concentration before (a − c) and after (d − g) total-intensity normalization. In d − g, the red solid lines are linear fits of the 

experimental data points, and the fitted parameters and the coefficient of determination are noted in each panel. In h − k, the linear fits (red solid lines) 

represent the correlation between the predicted and reference Li concentrations and the offset, the slope, and Pearson’s correlation coefficient, , are noted in 

each panel.

The different magnitudes of self-absorption affecting the three Li 

emission peaks will be discussed further in the following in 

connection with the sensitivity of the calibration models. 

Univariate calibrations. Fig. 4 begins with the relationship 

between Li concentration and the unnormalized intensities of the 

three selected Li I emission peaks at 610, 670, and 812 nm, as 

shown in Fig. 4a-4c, respectively. Although the peak intensities 

would ideally be expected to increase approximately linearly with 

Li concentration, the unnormalized data show rather irregular 

concentration-dependent behavior. This indicates that the raw 

LIBS peak intensities were substantially affected by fluctuations 

unrelated to Li concentration, making them unsuitable for reliable 

direct calibration. To reduce these fluctuations, the total-intensity 

normalization introduced in the previous subsection was applied 

to the spectral data. The resulting normalized peak intensities are 

plotted against Li concentration in Fig. 4d-g. Fig. 4d-f show the 

normalized intensities of the Li I peaks at 610, 670, and 812 nm, 

respectively, together with the results of linear fitting using a first-

order function of the form y = a + bx. Fig. 4g also shows the 

normalized intensity of the 812 nm Li I peak plotted against Li 

concentration, but in this case the experimental data were fitted 

using a zero-intercept function, y = bx. Comparison of Fig. 4a-4c 

with Fig. 4d-4g clearly demonstrates that total-intensity 

normalization does more than simply reduce intra-pellet variation. 

In addition to its modest effect on improving measurement 

precision within a given pellet, it also markedly reduces inter-

pellet variation among samples with different Li concentrations. 

As a result, the normalization procedure substantially improves the 

overall linearity of the calibration plots and, ultimately, the 

measurement accuracy. Therefore, in the present study, total-

intensity normalization can be regarded as having a relatively 

small but meaningful effect on precision and a much larger effect 

on calibration accuracy 

In the present study, the conventional calibration sensitivity of 

each univariate model is represented by the slope of its 

calibration curve which is the extent to which the analytical 

signal changes in response to Li concentration. Accordingly, in 

Fig. 4d-4g, the calibration sensitivity of each univariate model 

based on a selected Li I peak is reflected in the slope of the 

corresponding linear calibration curve. The calibration 

sensitivities of the three univariate models based on the Li I 

emission peaks near 610, 670, and 812 nm were first examined 

using the results shown in Fig. 4d-4f, where all three normalized 

peak intensities were fitted with a first-order function of y = a + 

bx. However, direct comparison of the fitted slope values, b, is 

not sufficient for evaluating how proportionally the three signals 

respond across the calibration range, because even after total-

intensity normalization, the absolute magnitudes of the 

normalized Li I peak intensities still differed substantially among 

the 610, 670, and 812 nm peaks owing to their different intrinsic 

emission strengths. Therefore, the proportional sensitivity index 

(PSI) was additionally introduced, not as a replacement for the 

calibration slope, but as a dimensionless indicator of how closely 

the signal increase follows the concentration increase across the 

calibration range. The PSI was defined by Umar et al. as 14 

PSI =
∆𝐼 𝐼𝑚𝑎𝑥⁄

∆𝐶 𝐶𝑚𝑎𝑥⁄
              (1) 

where Imax and Cmax are the normalized emission intensity and Li 
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concentration of the most concentrated Li-bearing ore sample, 

respectively, and ΔI (= Imax − Imin) and ΔC (= Cmax − Cmin) are the 

differences in intensity and concentration between the samples 

with the highest and lowest analyte concentrations, respectively. 

Here, Imin and Cmin denote the normalized emission intensity and 

Li concentration of the least concentrated sample. A PSI value of 

1 corresponds to ideal behavior, in which the change in emission 

intensity is perfectly proportional to the change in concentration, 

indicating the absence of self-absorption. In contrast, PSI values 

smaller than 1 imply that the emission intensity increases less 

than expected with concentration, indicating a loss of 

proportional response caused by self-absorption or other 

saturation effects. In the present study, the highest and lowest Li 

concentrations among the investigated ore samples were 2.67 and 

0.468 wt.% Li, respectively, giving C/Cmax = 0.825. Thus, in the 

ideal case corresponding to PSI = 1, the relative intensity variation, 

I/Imax, should also be 0.825. Using the normalized intensities, the 

PSI values for the 610, 670, and 812 nm Li I peaks were calculated 

to be 0.918, 0.754, and 0.991, respectively (Fig. 5). These results 

indicate that the univariate calibration based on the Li I emission 

peak near 812 nm showed the most nearly ideal proportional 

response across the calibration range. Among the three univariate 

calibrations based on the selected Li I peaks, the model based on 

the 670 nm peak showed the largest deviation from ideal 

proportional response, which can be reasonably explained by the 

stronger self-absorption affecting this transition. As shown in 

Table 1, the Li I emission peak near 670 nm is composed entirely 

of resonance lines with large Aki values. Because such lines are 

expected to have relatively large absorption coefficients, strong 

reabsorption of the emitted radiation can occur, particularly in 

high-concentration samples. This suppression of emission 

intensity growth at elevated Li concentrations provides a plausible 

explanation for the reduced sensitivity of the 670 nm Li I peak. By 

comparison, the univariate calibration based on the Li I peak near 

812 nm, which is composed of non-resonance lines with 

comparatively smaller Aki values, is less affected by self-

absorption and therefore shows response behavior much closer to 

the ideal proportional case. 

For analyte-rich samples, the stronger self-absorption that 

occurs at higher concentrations reduces the effective sensitivity of 

the emission signal and tends to increase the y-intercept of the 

linear calibration curve. As a consequence, the Li I emission peak 

near 670 nm, which showed the smallest PSI value of 0.754, 

exhibited a noticeably positive y-intercept in its linear calibration 

plot (Fig. 4e). In contrast, for the Li I emission peak near 812 nm 

whose PSI value of 0.991 was very close to the ideal value of 1, 

the fitted y-intercept parameter, a (= 0.000079 ± 0.000168), was in 

good agreement with zero within the fitting uncertainty. This 

indicates that the calibration curve for the Li I emission peak near 

812 nm effectively passes through the origin. Under such 

conditions, a fitting function of the form, y = bx, in which the 

intercept is fixed at zero, is more appropriate than the unnecessarily 

 

 

 

 

 

 

Fig. 5 PSI values of the three normalized Li I emission peak intensities at 

610, 670, and 812 nm. The red horizontal dotted line indicates the ideal PSI 

value (= 1). 

flexible function y = a + bx. Accordingly, the normalized intensity 

of the Li I emission peak near 812 nm was also fitted using the 

zero-intercept function y = bx. As shown in Fig. 4g, the coefficient 

of determination, R2, increased from 0.9968 to 0.9991, indicating 

that the linear calibration became more consistent with the 

experimental data when the intercept was constrained to zero. 

To evaluate the predictive performance of the four univariate 

calibration models, leave-one-ore-out cross-validation (LOOO-

CV) was employed instead of conventional leave-one-out cross-

validation based on individual spectra or randomly segmented 

cross-validation. In the present dataset, each ore sample was 

represented by twelve replicate spectra obtained from the same 

pelletized material. Therefore, if individual spectra were randomly 

assigned to training and test sets, spectra originating from the same 

ore sample could be included in both sets, leading to an overly 

optimistic estimate of model performance. By contrast, LOOO-

CV excludes all spectra of one ore sample from model 

construction and uses them only for testing, thereby providing a 

more realistic evaluation of the ability of the model to predict Li 

concentration for an unseen ore sample. The prediction error was 

quantified using the root-mean-square error (RMSE), defined as 

RMSE = √1

𝑛
∑ (𝑐𝑖

𝑟𝑒𝑓
− 𝑐𝑖

𝑝𝑟𝑒𝑑
)
2

𝑛
𝑖=1         (2) 

where ci
ref is the reference Li concentration, ci

pred is the 

concentration predicted by the calibration model, and n is the 

number of predicted data points. Because RMSE reflects the 

average magnitude of the difference between reference and 

predicted concentrations, it serves as a useful indicator of the 

accuracy of the calibration model. The LOOO-CV results are 

summarized in Table 2. For the univariate models based on the 

normalized Li I emission peak intensities at 610, 670, and 812 nm, 

fitted with the function, y = a + bx, the RMSE values were 0.066, 

0.062, and 0.077 wt.% Li, respectively. In contrast, when the  
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Table 2. Comparison of the predictive performance of univariate and MLR models for lithium quantification in lithium-bearing ores. 

Model Variables CV RMSE from leave-one-

ore-out (wt.% Li) 

LOD(wt.% Li) 

Univariate (linear fit) 

610 nm peak area 0.066 0.14 

670 nm peak area 0.062 0.11 

812 nm peak area 0.077 0.12 

812 nm peak area (zero-intercept) 0.061 0.12 

Li I 

610 and 670 nm peak areas 0.056 0.13 

610 and 812 nm peak areas 0.042 0.13 

670 and 812 nm peak areas 0.115 0.12 

610, 670, and 812 nm peak areas 0.068 0.13 

 

 

 

 

 

 

 

 

 

Fig. 6 Predicted versus reference Li concentration plots for the four 

univariate models. 

normalized intensity of the Li I emission peak near 812 nm was 

fitted using the zero-intercept function, y = bx, the RMSE 

decreased to 0.061 wt.% Li. This value was lower not only than 

that obtained for the same 812 nm peak using the y = a + bx model, 

but also than those of the other univariate models. Although the 

812 nm Li I peak is much weaker than the peaks near 610 and 670 

nm, and would therefore be expected to yield poorer accuracy 

because of its relatively larger measurement uncertainty, the use of 

a physically justified zero-intercept model led to superior 

predictive performance. In other words, constraining the fitting 

function on the basis of the expectation that the signal should 

approach zero in the absence of analyte, owing to minimal self-

absorption, resulted in a more accurate calibration model. The 

predicted versus reference Li concentration plots obtained from 

the LOOO-CV procedure are shown in Fig. 6. Strong positive 

correlations were observed between the reference and predicted Li 

concentrations for all four univariate models. The Pearson 

correlation coefficient, , values were consistently high, ranging 

from 0.9947 to 0.9957, indicating that all four models captured the 

concentration dependence well, although their predictive 

accuracies, as judged by RMSE, were not identical. 

The limits of detection (LODs) calculated for the four univariate 

models are also summarized in Table 2. For a univariate 

calibration model, the LOD was calculated using 

LOD =
3𝜎

𝑏
        (3) 

where σ is the standard deviation of the signal measured for the 

lowest-concentration sample and b is the slope of the 

corresponding calibration curve. According to this expression, the 

LOD is proportional to the uncertainty of the measured signal and 

inversely proportional to the calibration sensitivity. In the present 

study, the LOD values did not differ greatly among the four 

univariate models, but fell within a relatively narrow range of 0.11 

– 0.14 wt.% Li, as listed in Table 2. Among them, the model based 

on the normalized intensity of the 670 nm Li I peak gave the lowest 

LOD. This can be understood from the fact that, although the 670 

nm Li I peak showed the lowest sensitivity among the three 

selected peaks, it produced a relatively strong signal and therefore 

a relatively small signal uncertainty. As indicated by Eq. (3), a low 

uncertainty can compensate to some extent for limited sensitivity 

and result in a favorable LOD. In contrast, the models based on the 

812 nm Li I peak used a much weaker signal than the 

corresponding models for the 610 and 670 nm peaks, so their 

signal uncertainty was expected to be relatively larger, as also 

suggested by the RSD values in Fig. 3. Nevertheless, because the 

812 nm Li I peak showed the highest sensitivity, its LOD did not 

become substantially worse than those of the other models and 

remained at a comparable level. Thus, the observed LOD values 

reflect the balance between signal uncertainty and calibration 

sensitivity. From a practical viewpoint, these LOD values are 

sufficiently low for lithium analysis in many lithium-bearing ores 
28-30. Therefore, the results indicate that the laboratory-assembled 

LIBS instrument used here, consisting of a compact low-power 

diode-pumped solid-state laser and a palm-sized low-resolution 

non-gated spectrometer, can provide sufficiently low detection 

limits for practical Li determination in real lithium-bearing ores. 

Therefore, given that the LOD and RMSE values were broadly 
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comparable among the univariate models, the Li I peak at 812 nm 

appears to be the most useful among the three selected peaks for 

Li quantification because of its superior sensitivity, despite its 

relatively weak signal intensity. 

Multilinear regression models. MLR is a calibration approach in 

which the concentration of the analyte is expressed as a linear 

combination of two or more predictor variables 45. In the present 

study, the predictor variables were the normalized intensities of the 

three selected Li I emission peaks at 610, 670, and 812 nm. 

Accordingly, MLR models were constructed using all possible 

combinations of two or three variables, namely 610 + 670 nm, 610 

+ 812 nm, 670 + 812 nm, and 610 + 670 + 812 nm. In general 

form, the MLR model can be written as 

𝑦 = 𝑎 + 𝑏1𝑥1 + 𝑏2𝑥2 +⋯+ 𝑏𝑛𝑥𝑛         (4) 

where y is the Li concentration, a is the intercept, bi is the 

regression coefficient for the i-th predictor variable, and xi is the 

corresponding normalized Li I emission peak intensity. Compared 

with univariate calibration, MLR can offer an advantage when a 

single spectral variable does not fully capture the concentration-

dependent behavior of the analyte signal. This may occur when 

different emission peaks respond differently to self-absorption, 

plasma temperature fluctuation, or baseline-related uncertainty. 

For these reasons, MLR was examined here as a possible means 

of improving Li quantification relative to the univariate models 

based on individual Li I emission peaks. The four possible 

combinations of variables were then used to construct MLR 

models. As in the case of the univariate models, the predictive 

performance of each MLR model was evaluated by LOOO-CV, 

and the resulting RMSE values are summarized in Table 2.  

The results show that the MLR model based on the 610 and 812 

nm Li I emission peak intensities gave the lowest RMSE value 

(0.042 wt.%) among the MLR models. Moreover, the RMSE 

values of this MLR model is lower than those of the four univariate 

models as well as the other three MLR models, indicating that the 

two-variable combination (610 + 812 nm) outperforms in 

accuracy among the calibration models examined up to this point. 

This result suggests that the 610 and 812 nm peaks contain 

partially complementary analytical information and that their 

combination can compensate more effectively for the limitations 

of each individual peak than either variable alone. It is noteworthy 

that the model using all three variables, 610 + 670 + 812 nm, did 

not provide the best performance, even though one might 

intuitively expect that using more variables would yield a more 

accurate model. This result indicates that the additional variable 

did not contribute sufficiently independent analytical information 

to improve prediction. 

To further evaluate the extent of redundancy among the 

predictor variables, the variance inflation factor (VIF) was 

calculated. The VIF is defined as 

VIF𝑗 =
1

1−𝑅𝑗
2              (5) 

where Rj
2 is the coefficient of determination obtained when 

predictor j is regressed against the remaining predictor(s) 46. The 

VIF indicates the extent to which one predictor variable in a 

multivariable model can be explained by the other predictor 

variables. For a two-variable model, the VIF values of the two 

predictors are identical because each variable is regressed only 

against the other predictor, and the resulting coefficient of 

determination is the same in both cases. In contrast, for a three-

variable model, a separate VIF is obtained for each predictor 

because each variable is regressed against the combination of the 

other two predictors. Therefore, the VIF in a three-variable model 

indicates how strongly each individual predictor can be explained 

by the remaining predictors in the model. Thus, the magnitude of 

the VIF reflects the extent of multicollinearity among the predictor 

variables, with larger values indicating stronger redundancy. In the 

present study, the VIF values were already very large for the two-

variable models, being 119.06 for the 610 + 670 nm model, 109.44 

for the 610 + 812 nm model, and 490.29 for the 670 + 812 nm 

model (Fig. 7a). For the three-variable model, the VIF values were 

122.02, 546.69, and 502.49 for the 610, 670, and 812 nm variables, 

respectively (Fig. 7b). These results clearly show that the three Li 

I emission peak intensities were not independent predictors but 

strongly redundant variables. Based on these VIF calculations, the 

two-variable MLR model based on the Li I 610 and 812 nm peaks 

shows the lowest collinearity between the two variables and this 

leads to the strong complementarity improving the calibration 

performance in terms of accuracy. The second lowest VIF value 

was obtained with the two-variable model based on the Li I 610 

and 670 nm peaks, which showed the second-best accuracy 

performance. The clear correlation between RMSE and VIF 

values of the MLR models indicates that the MLR model 

performance is significantly influenced by the multicollinearity 

among the variables. It should be noted that the Li I peak intensity 

at 670 nm is found to be particularly well explained by the 

intensities of the other two peak intensities from the VIF 

calculations (Fig. 7b). As a result, the three MLR models including 

the Li I emission peak intensity at 670 nm could not outperform 

the 610 + 812 nm model. The multicollinearity among 610, 670, 

and 812 nm Li I emission peak intensity can be understood based 

on the transition diagram showing the energy levels involved in 

the corresponding emission peaks. Fig. 7c shows the energy levels 

involving the three Li I emissions peaks at 610, 670, and 812 nm. 

The orange arrows indicate the emission lines composing the peak 

at 670 nm. As can be found in Fig. 7c, these are resonance lines of 

which lower energy level is the ground state. Also, it is interesting 

to find that both peaks at 610 and 812 nm are composed of non-

resonance lines of which lower levels are commonly the upper  
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Fig. 7 (a) VIF values of the three two-variable MLR models, those of the 

three-variable model, and (c) energy-level diagram for the transitions of Li 

I emission peaks at 610, 670, and 812 nm. 

 

 

 

 

 

 

 

Fig. 8 Predicted versus reference Li concentration plots for the four MLR 

models. 

levels of the emission peak at 670 nm. Therefore, the emission 

transitions of the 670 nm peak play a role as a further population 

sink of the other two emission transitions at 610 and 812 nm. 

Under this circumstance, the emission peak intensity at 670 nm is 

correlated more or less with those at 610 and 812 nm. The stronger 

emission at 610 or 812 nm populates the upper levels of the 670 

nm transition more, and this leads to the stronger emission at 670 

nm. On the other hand, the emission intensities at 610 and 812 nm 

are not correlated with each other in that way. Although they have 

common lower levels, the emission intensity is determined by the 

population at the upper levels. The two emissions at 610 and 812 

nm have different upper levels from each other. One of the 

underlying physics of the particularly low collinearity between the 

two emission intensities at 610 and 812 nm can be attributed to this 

energy-level structure. The relatively weak collinearity between 

the emission peaks at 610 and 812 nm probably make them ideal 

variables to be combined for a MLR model. 

Fig. 7 shows the predicted versus reference Li concentration 

plots for the four MLR models. The predicted concentrations were 

obtained from the LOOO-CV. The MLR model based on the Li I 

emission peaks at 610 and 812 nm shows the best performance at 

predicting the Li concentrations. In each panel of Fig. 8, the 

parameters, offset and slope, from linear fit as well as the Pearson’s 

correlation coefficient are noted. In the case of the MLR model 

based on the Li I emission peaks at 610 and 812 nm, the linear fit 

of the pairs of reference and predicted Li concentrations shows the 

ideal behavior; offset (= 0.000068 ± 0.014960) and slope (= 

1.00004 ± 0.00945) were fitted to be closest to 0 and 1, the ideal 

values. Moreover, the positive correlation between predicted and 

reference Li concentrations ( = 0.9974) was found to be the 

strongest of the four MLR models. Overall, these results indicate 

that the predictive performance of the MLR model was governed 

not simply by the number of variables included, but by the quality 

and independence of the selected predictor variables. In the present 

case, careful selection of two effective Li I peaks was more 

beneficial than including all available peaks in the regression 

model. 

To further evaluate the prediction behavior for individual ore 

materials, the prediction bias was calculated from the leave-one-

ore-out cross-validation results. The bias was defined as 𝑐p̅red −

𝑐ref, where 𝑐p̅red is the mean Li concentration predicted from the 

twelve replicate spectra of the excluded ore material, and 𝑐ref is 

the corresponding certified reference concentration. Fig. 9 

compares the material-wise bias values for the eight calibration 

models. The horizontal line at 0 wt.% Li represents ideal 

prediction without systematic deviation. The MLR model based 

on the 610 and 812 nm peaks showed the most balanced prediction 

behavior, with bias values located closest to the zero-bias line 

across the five ore materials. This result confirms that the low 

RMSE of this model did not arise from a single favorable sample 

but reflected generally reduced systematic deviations across the  

Pr
e-
pr
oo
f



 

https://www.at-spectrosc.com/as/article/pdf/20260014 XXX  Atom. Spectrosc. 2026, 47(X), XXX–XXX. 

OREAS 751

OREAS 752

OREAS 753
NIST 183

OREAS 999
-0.2

-0.1

0

0.1

0.2

B
ia

s
 (

w
t.
%

 L
i)

Li-ore samples

Univariate models MLR models 

 

 

 

 

 

 

 

 

Fig. 9 Material-wise prediction bias values obtained from leave-one-ore-

out cross-validation for the eight calibration models. The horizontal dashed 

line at 0 wt.% Li represents ideal prediction with no systematic bias. 

material set. The 610 + 670 nm model also provided reasonable 

predictions and can be considered a practical two-variable 

alternative, likely because both peaks provide relatively strong 

signals. However, its bias values were slightly larger than those of 

the 610 + 812 nm model for several materials. By contrast, the 670 

+ 812 nm model showed larger material-dependent deviations, 

consistent with its higher RMSE and severe multicollinearity. The 

reason why the 610 + 812 nm model slightly outperformed the 610 

+ 670 nm model, despite the weaker intensity and lower spectral-

resolution limitation of the 812 nm feature, can be interpreted in 

terms of the balance between signal quality and variable 

complementarity. From the univariate calibration results, the 610 

+ 670 nm model could be expected to be a strong two-variable 

model because the individual models based on the 610 and 670 

nm peaks already showed good predictive performance. In 

particular, the 670 nm model gave the lowest RMSE among the 

unconstrained univariate models, and the 610 nm model also 

showed a comparable RMSE, whereas the unconstrained 812 nm 

model gave a larger RMSE. This indicates that the 610 and 670 

nm peaks are advantageous in terms of absolute signal intensity, 

signal-to-noise ratio, and measurement uncertainty. However, the 

MLR performance was not governed only by the individual 

univariate performance of each variable. As indicated by the VIF 

analysis, the 610 and 812 nm variables showed the lowest 

collinearity among the two-variable combinations. This low 

collinearity is consistent with the V-type relationship of the two 

transitions: the 610 and 812 nm emissions share related lower-

energy levels but are not directly connected to each other through 

a cascade-type relaxation pathway. Therefore, their intensities can 

provide more complementary information in an MLR model. In 

contrast, although the 610 + 670 nm model benefits from the 

stronger signal intensities of both peaks, the two variables are more 

strongly linked through the cascade-type energy-level relationship 

involving the 670 nm transition, making the information provided 

by the second variable more redundant. Thus, the 610 + 670 nm 

model is a reasonable and practically useful alternative, but the 

advantage of lower collinearity and greater complementarity in the 

610 + 812 nm pair appears to compensate for the weaker 812 nm 

signal and leads to slightly better overall calibration performance. 

Because an MLR model uses more than one predictor variable, 

its detection limit cannot be expressed as simply as Eq. (3). In the 

present study, therefore, the LOD-like values of the MLR models 

were estimated from the prediction uncertainty at the low-

concentration end 47. Specifically, the lowest-concentration ore 

sample was treated as a practical near-limit sample, and the 

standard deviation of the concentrations predicted for its replicate 

spectra was used to represent the low-level prediction uncertainty 

of the corresponding MLR model. The LOD-like value was then 

estimated as three times this standard deviation. The resulting 

values are summarized in Table 2. The MLR models gave LOD-

like values of 0.13, 0.13, 0.12, and 0.13 wt.% Li for the 610 + 670 

nm, 610 + 812 nm, 670 + 812 nm, and 610 + 670 + 812 nm models, 

respectively. Thus, the low-concentration detection performance 

of the MLR models was broadly similar to that of the univariate 

models, and all values remained close to 0.1 wt.% Li. This result 

indicates that, although the MLR models differed substantially in 

prediction accuracy as reflected by their RMSE values, their 

practical low-level detection capability was not dramatically 

different. From an analytical viewpoint, the main benefit of the 

best MLR model, namely the 610 + 812 nm model, was therefore 

improved prediction accuracy rather than a markedly lower 

detection limit. 

CONCLUSION 

In this study, a laboratory-assembled LIBS instrument based on a 

compact low-power diode-pumped solid-state laser and a palm-

sized low-resolution non-gated spectrometer was evaluated for the 

quantification of lithium in lithium-bearing ores. Despite the 

simplicity and relatively low performance of the instrument 

compared with conventional high-end LIBS systems, reliable Li 

quantification was achieved over the concentration range of 0.468 

– 2.67 wt.% Li. These results demonstrate that a low-cost LIBS 

instrument can provide practically useful grade analysis of 

lithium-bearing ores relevant to the lithium-ion battery industry. 

Three Li I emission peaks near 610, 670, and 812 nm were 

examined after total-intensity normalization. This normalization 

strategy was found to provide a modest improvement in intra-

pellet precision, but a much larger improvement in calibration 
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accuracy by effectively reducing inter-pellet variation. Among the 

three Li I peaks, the univariate calibration based on the 812 nm 

peak showed the most nearly ideal proportional response, even 

though its absolute signal intensity was weaker than those of the 

610 and 670 nm peaks. This result shows that the strongest 

emission peak is not necessarily the most useful one for 

quantitative analysis, and that a relatively weak emission peak can 

provide superior analytical performance when it is properly 

corrected and modeled. In particular, the normalized 812 nm peak 

was best represented by a zero-intercept linear model, which gave 

the best predictive accuracy among the four univariate calibration 

models. The MLR modeling results further showed that model 

performance was governed not simply by the number of variables 

included, but by the quality, complementarity, and independence 

of the selected predictor variables. Among the four MLR models 

examined, the model based on the 610 and 812 nm Li I peaks gave 

the lowest RMSE and therefore the best overall calibration 

performance. This result indicates that careful combination of 

complementary variables is more important than indiscriminately 

increasing the number of concentration-related variables. In 

contrast, the inclusion of all three Li I peaks did not improve 

prediction, because the predictor variables were strongly 

redundant and affected by severe multicollinearity. The physical 

basis proposed for the superior performance of the 610 + 812 nm 

model was also consistent with the energy-level structure of the Li 

I transitions: the 670 nm resonance transition was more strongly 

linked to the other two peaks and more strongly affected by self-

absorption, whereas the 610 and 812 nm peaks provided a more 

favorable balance between complementarity and redundancy. The 

selected experimental condition was appropriate for evaluating 

wt.%-level Li quantification in the present ore samples. However, 

if this type of simple low-cost LIBS instrument is extended to 

trace-level applications, such as ppm-level impurities in Li-

bearing ores or much lower Li concentrations, systematic 

optimization of laser fluence, pulse energy, atmosphere, and 

acquisition conditions will become much more important for 

improving plasma stability, signal-to-noise ratio, and detection 

capability. Overall, the present work shows that practical Li 

quantification in wt.%-level lithium-bearing ores can be achieved 

under a simple open-air, low-cost, non-gated LIBS configuration 

when sufficiently strong Li I signals are combined with 

appropriate normalization, baseline-subtracted peak-area 

extraction, and physically guided variable and model selection. 

The results also show that weaker but less self-absorbed emission 

peaks can outperform stronger peaks in calibration performance 

when properly corrected, and that successful multivariate 

calibration depends on selecting a small number of physically 

meaningful and complementary variables rather than on 

maximizing the number of predictors. 
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