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• The matrix effects caused by chemical 
properties in the measurement of alkali 
metals in biomass during LIBS are 
presented.

• Analysis elemental forms and biomass 
components effect on the spectral 
response and calibration curves.

• The accuracy of K content predictions 
for real biomass fuels is improved by 
correcting chemical matrix effects.
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A B S T R A C T

Background: Rapid and accurate detection of the biomass potassium (K) content in biomass is crucial for miti
gating ash deposition and fouling issues in biomass fuel combustion processes. Laser-induced breakdown spec
troscopy (LIBS) offers a promising approach for rapid analysis of biomass elemental. However, the accuracy of 
LIBS detection is susceptible to chemical matrix effects. Particularly in the case of biomass, characterized by its 
complex composition, the absence of pertinent studies on effect mechanisms impedes the enhancement of 
analytical accuracy.
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Results: In this study, we investigated and compared two types of matrix effects related to chemical properties in 
biomass samples (analyte forms and matrix composition). Firstly, the inconsistency of K spectral response among 
different chemical properties samples and the performance of univariate models were analyzed. The results 
indicate that, compared to the chemical forms, differences in composition are the dominant factor of chemical 
matrix effects. Moreover, the compositional content of biomass samples is analyzed to correlate the matrix effect 
in LIBS measurements to a chemical property of the specimen. It is indicated that differences in volatile and ash 
content may lead to variations in the plasma excitation process, resulting in distinct spectra. Finally, a 
knowledge-based regression approach was employed to attenuate chemical matrix effects, the main influencing 
factors identified were analyzed as a priori knowledge for variable selection and inputting them into a partial 
least squares model. And 13 real solid biomass fuels were measured, resulting in root mean square error of 
prediction (RMSEP), R2, and average standard deviation (ASD) of 0.99, 0.050 %, and 0.001 %, respectively.
Significance: This study investigated the influence of matrix effects related to biomass chemical properties on LIBS 
measurements, achieving rapid measurement of K. It promotes the application of LIBS in solid fuels and provides 
a methodological reference for LIBS analysis of complex matrix materials.

1. Introduction

Biomass as a renewable and zero-carbon energy source has garnered 
worldwide attention due to escalating environmental and energy con
cerns. It is primarily utilized as an alternative to fossil fuels in the form of 
solid fuels for firing and co-firing in power plants to generate electricity 
[1]. However, ash-related problems caused by alkali metal elements in 
biomass, especially potassium (K), pose significant obstacles to the 
combustion of biomass fuels [2]. The combustion and char of K-rich 
biomass release high concentrations of K compounds. These products 
can cause issues such as ash deposition on the fired surface [3] and 
slagging on the superheater [4], frequently resulting in unscheduled 
shutdown of the entire power plant. To control ash-related generation 
products and ensure the safe and efficient operation of power plants, 
rapidly determining K content in biomass fuels is therefore crucial.

Currently widely employed techniques for rapid elemental mea
surement in biomass fuels include inductively coupled plasma optical 
emission spectrometer (ICP-OES) [5], mass spectrometry [6], and X-ray 
fluorescence spectrometry (XRF) [7]. These methods involve several 
sample preparation steps and complex operation processes, demanding 
several hours to complete a determination, which is not suitable for 
industrial field applications. By comparison, laser-induced breakdown 
spectroscopy (LIBS) is an analytical spectroscopy technology with many 
attractive characteristics of no or simple sample pretreatment, rapid and 
simultaneous multi-element analysis, and in-situ measurements [8,9]. 
The application of LIBS in biomass fields has been initially researched 
[10], such as characterizing the release of K during the pyrolysis process 
of biomass, determination of calorific value, and proximate analysis in 
biomass fuels. For the former, a calibration curve and linear expression 
relating K concentration to the spectral line intensity at 766.49 nm are 
established through LIBS measurements of known concentration Po
tassium chloride solutions that had been fog generated from an ultra
sonic vaporizer in a high-temperature experimental environment [11]. 
This expression is then used to calculate the release of K during the 
pyrolysis of biomass, which focuses on the characterization of changes in 
K release and does not lead to an accurate measurement of potassium 
levels[12–14]. Additionally, concerning the latter, investigations have 
been conducted on the correlation between indicators of real biomass 
fuel properties and the emission lines of key elements[15–17]. The effect 
of biomass pellet forming parameters on LIBS measurements was 
analyzed, and build prediction models for the quality indexes of biomass 
pellets [18,19]. Despite these advancements, as far as our knowledge 
extends, there has been no further research on the measurement of po
tassium content in biomass. This is possibly attributed to the matrix 
effects arising from the complex composition of biomass and the 
occurrence form of elements.

Fundamentally, matrix effects in LIBS refer to the different laser 
ablation behaviors and plasma evolution processes caused by variations 
in the physical and chemical properties of the sample, leading to 
different spectra [20]. Among these, matrix effects related to the 

chemical properties of materials are the predominant factors. To address 
chemical matrix effects, methods such as the use of additives [21], 
introduction of additional measurement parameters [22], and integra
tion with other spectroscopic techniques [23] have been proposed. 
These approaches are primarily laboratory-based and offer limited 
effectiveness, while also increasing the complexity of sample prepara
tion. Additionally, they require additional sophisticated instrumenta
tion, making them unsuitable for industrial applications. Machine 
learning and chemometric methods offer effective means to address 
matrix effects. The use of nonlinear models [24] or spectral 
knowledge-based regressions [25] to attenuate the effects of complex 
matrices, and separate regressions using matrix matching [26], can be in 
improving quantitative accuracy. Nevertheless, these methods are heu
ristic, and a clear depiction of the impact patterns of chemical matrix 
effects in biomass would be advantageous for elements quantitative in 
biomass analysis. Yet, a clear theoretical explanation of its impact on 
LIBS signals is still lacking. There were many inconsistent conclusions in 
the literature. Sánchez-Esteva et al. [27] it was found that for the same 
phosphorus (P) content in the LIBS soil analysis, samples in the form of 
hydroxyapatite had lower P 213.6 nm spectral intensities than Fe (III) 
phosphate and potassium phosphate. Dong et al. [28] observed in coal 
particles that, with the same added amount of K, the spectral intensity 
emitted by KCl samples was more substantial than that of samples with 
added K2CO3. Conversely, other research indicates that differences in 
the content of non-target elements can lead to chemical matrix effects. 
For example [29], investigated the chemical matrix effect in industrial 
steel samples, revealing a significant reduction in overall LIBS spectral 
intensity with an increase in Si element content (≥2 wt%) [30]. 
improved the accuracy of quantitative Cr in biochar by establishing a 
classification regression model. The results indicated that the major el
ements (C, H) content in biochar were the key factors contributing to the 
chemical matrix effect. These studies have solely focused on individual 
chemical matrix effect influencing factors in LIBS measurements. 
However, in the case of complex matrices, particularly biomass, affected 
by various factors.

Therefore, evaluating matrix effects associated with the chemical 
properties of biomass and conducting quantitative analysis of K within 
biomass represents a crucial research gap that needs to be addressed. 
This study contained mainly two parts. First, design an experiment to 
investigate and compare the chemical matrix effects induced by biomass 
composition, and chemical forms of potassium when LIBS measure
ments. Second, considering the predominant factors of matrix effects, 
establishing a quantitative model for K content in real biomass fuels has 
led to improved accuracy of quantification compared to calibration 
curves.
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2. Materials and methods

2.1. Biomass sample

The experiment was divided into two parts to explore and compare 
the effects of differences in K chemical form and biomass sample 
composition on LIBS measurements, respectively. Both experiments 
utilize the impregnation method to generate specific types of samples 
with comparable K content, and the sample configuration information is 
shown in Table 1. Specifically, K element in biomass generally exists in 
the form of water-soluble potassium salts [2], such as KCl, K2CO3, 
K2SO4, and KNO3, representing different chemical forms of K. Biomass is 
composed of lignin, cellulose, and hemicellulose in specific proportions 
[31], representing different composition of biomass. However, the 
complex structure of hemicellulose makes the impregnation process 
difficult to realize, so the raw biomass material Sapele is used as a 
substitute. Four different types of samples with varying chemical forms 
of K are obtained by impregnating the four potassium salts into cellulose 
samples. Additionally, KCl is impregnated into the three types 
mentioned above of samples to create three different biomass samples 
with distinct compositions.

Cellulose, Lignin, and Sapele have been used as original materials 
(Shanghai Macklin Biochemical Co., Ltd). The results of the proximate 
analysis of the three samples were determined according to the Chinese 
National Standard GB/T 212–2008 using chemical analysis methods are 
summarized in Table 2. Experimental Sample preparation included 
three steps: water washing, impregnating, and pressing. Firstly, washing 
with water is performed to remove different chemical forms of K from 
the original samples effectively [32]. Prepare 160g each of Cellulose, 
Lignin, and Sapele materials, which are dissolved in deionized water at a 
solid-liquid ratio of 40 g/L, undergoing room temperature stirring for 
washing. The water is changed every 12 h, with two water changes for 
each sample. The cleaned samples are placed in a 60 ◦C drying oven until 
a constant weight is achieved, serving as blank samples. The EDS 
(X-MaxN20EDS, Oxford Nanopore Technologies, England) is then uti
lized to determine the K content change before and after washing. The 
results in Table 3 indicate that water washing has removed most of the 
different chemical forms of K in biomass, but there is still a tiny amount 
of residue in lignin samples. To mitigate the influence of residual po
tassium in the samples after washing on spectral analysis, we will deduct 
the net intensity values of the spectral lines of K in the blank matrix 
during subsequent analysis. Subsequently, specific samples are obtained 
through impregnation. Four types of potassium salts, KCl, K2CO3, K2SO4, 
and KNO3, were prepared for impregnation in 9 increments on a 0.2 % 
gradient (0.2%–1.8 %). 10g of blank sample and the corresponding 
concentration of required crystalline salt are placed in a beaker, filled 
with water to the liquid level aligned with the 80 ml scale, and put on a 
magnetic stirrer. After stirring at room temperature for 4 h, it is dried in 
a 45 ◦C oven for 48 h. Then, 1.50g of dried sample is weighed and placed 
in an automatic particle press (Pike Technologies Crusher), pressed for 2 
min under a pressure of 9 tons, resulting in granular samples with a 
diameter of 24 mm and a thickness of 2 mm. This step aims to maximize 
the homogeneity of LIBS analysis samples, thereby minimizing the 
impact of physical matrix effects. Finally, 63 samples of seven different 
types were prepared, with K content ranging from 0.2 % to 1.8 %.

In addition, 13 solid biomass fuel samples were collected from 
different power plants in southern China, mainly in the form of 6–8 mm 
pellets. The K content was determined according to the Chinese National 
Standard GB/T 1574–2007 using chemical analysis methods, and the 
results are presented in Table 4. For details on sample preparation, 
please refer to our previous study [18]. In brief, each sample was ground 
using a grinder to achieve homogeneity, producing a finely powdered 
substance sieved through a 125-mesh stainless steel sieve. Subsequently, 
the obtained samples were put into a loft drier and held at 105 ◦C for 24 
h of air drying to ensure complete drying. This was followed by a 6-h 
placement in an air-conditioned room to achieve moisture equilib
rium. The dried samples were pelletized for analysis using the same 
method as described in the previous section.

2.2. LIBS measurement

Detailed information on the LIBS measurement system used in this 
research can be found in our previous study [19]. Briefly, as shown in 
Fig. 1, the analysis samples were placed on an X-Y-Z motorized platform 
during LIBS measurements. By adjusting the platform, the laser with a 
pulse duration of 10 ns was focused 2 mm below the sample surface, 
where the plasma was generated upon interaction with the laser in at
mospheric conditions. A spectrometer was used to collect the light 
emitted by the plasma, and the gate width of the spectrometer was set to 
1.05 ms. To ensure representative spectral information, spectra were 
collected from 15 different ablating positions of biomass pellets by 
moving the platform and ablating each position 20 times continuously, i. 
e., a total of 300 spectra were collected for each sample. According to 
our previous research [16], the optimal improvement in signal repeat
ability is achieved when the number of spectra averaged 100. Therefore, 
the 300 spectra obtained for each sample were divided into three groups 
(each comprising 100 spectra) for averaging, and the final representa
tion of the spectrum for each sample was the average of these three 
groups. Moreover, in the pre-experiment, the experimental parameters 
are optimized using the indicators of peak signal-to-noise ratio, and 
relative standard deviation of the characteristic emission lines (C, H, O, 

Table 1 
Details on sample preparation.

Experimental parameters Matrix composition 
experiment

K form experiment

Biomass Lignin, Cellulose, Sapele Cellulose
K impregnation content 

(%)
0.2, 0.4, 0.6, 0.8, 1.0, 1.2, 1.4, 1.6, 1.8

K impregnation form KCl KCl, K2CO3, K2SO4, 
KNO3

Table 2 
Proximate analysis of three different types of samples.

Proximate analysis (%, ad) Lignin sample Cellulose sample Sapele sample

Volatile 60.43 86.46 80.02
Ash 14.75 6.24 4.53
Fixed Carbon 20.93 4.87 11.92
Moisture 3.89 2.43 3.53

Table 3 
Potassium content (atomic percent) in the three samples before and after water 
washing as measured by EDS.

Biomass 
sample

Potassium content before 
washing (%)

Potassium content after 
washing (%)

Cellulose 0.00 0.00
Sapele 0.01 0.00
Lignin 0.24 0.10

Table 4 
Reference values of K content in solid biomass fuel samples.

Sample number K content (%) Sample number K content (%)

#1 0.320 #8 0.127
#2 0.190 #9 0.118
#3 0.314 #10 0.402
#4 0.191 #11 0.491
#5 0.066 #12 0.206
#6 0.414 #13 0.151
#7 0.238 ​ ​
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and K). Finally, the laser energy and delay time were set as 70 mJ and 
1.0 μs, respectively.

2.3. Data processing and analysis

2.3.1. Calibration model
The univariate calibration model is widely applied in LIBS analysis to 

quantitatively determine elements [33,34]. Based on the fundamental 
optical physics principle, the characteristic spectral line intensity of the 
analyzed element is proportional to its corresponding concentration in 
the sample. However, the univariate calibration model does not account 
for factors such as matrix effects during the actual measurement process. 
Consequently, when the sample matrix is complex, the analysis results 
are often poor. However, this implies that by evaluating the perfor
mance of the univariate model provides a direct indication to compare 
the extent of matrix effects caused by different sample properties. 
Therefore, we utilized the Scheibe-Lomakin formula [35], the most 
commonly employed direct calibration method, to establish a univariate 
equation correlating the intensity of the K 776.49 nm spectral line with 
the corresponding elemental content. 

I= aCb (1) 

Where I represent the spectral intensity of the characteristic line of the 
analyte, C denotes the concentration of the analyte, a is the regression 
coefficient, and b is the self-absorption coefficient, typically assumed to 
be 1.

Compared to univariate calibration curves, multivariate calibration 
models can consider more spectral information, compensating for the 
impact of matrix effects, thereby considerably improving the measure
ment accuracy. Multiple linear regression (MLR) and partial least square 
(PLS) is a commonly used multivariate linear regression models in LIBS 
quantitative analysis. In this study, the MLR and PLS model was 
employed to establish a quantitative model for K in biomass fuel pellets. 
Detailed principles regarding those models can be found in the literature 
[36,37]. Moreover, to overcome significant prediction errors caused by 
signal uncertainty. We evaluated the performance of three commonly 
used normalization methods (C-internal standardization, total intensity 
normalization, and standard normal variate) in processing the raw 
spectral data. The principles of these three methods are described in 
detail in the [38]. In this study, a self-programmed MATLAB (Math
Works, 2023) program performed all pre-processing and quantitative 
analyses of spectral data.

2.3.2. Evaluation indexes of the models
The relative standard deviation (RSD) of spectral signal responses 

among multiple samples at the same K content was employed to assess 
the extent of the chemical matrix effect. The determination coefficient 
(R2) indicates the goodness of fit of a regression model. The root means 

square error of prediction (RMSEP), with a lower value indicating higher 
prediction accuracy. The average standard deviation (ASD), is used to 
evaluate the repeatability of the model results, with lower values indi
cating better reproducibility. Their expressions are as follows [39]: 

RSD=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑b

i=1
(xi − x)

b− 1

2
√

x
× 100% (2) 

R2 =1 −

∑n
i=1(yi − ŷ)2

∑n
i=1(yi − y)2 (3) 

RMSEP=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑m

i=1(yi − ŷ)2

m

√

(4) 

ASD=

∑m
i=1(zi − z)

m
(5) 

Where b is the number of a set of measurement samples, xi is the K 
776.49 nm spectral intensity of sample i, and x is the average value of xi 
over b samples; n, m denotes the number of the calibration set of samples 
and the number of the validation set of samples, respectively; yi, ŷ is the 
reference and predicted values of K contents in biomass, respectively; y 
is the average value of yi over m samples; zi represents the standard 
deviation (SD) value of the predicted value of the validation set sample, 
and z represents the average of zi over m samples.

3. Results and discussion

3.1. Effects of chemical forms of K on LIBS

3.1.1. Spectral characterization
In this section, the analysis of K spectral lines in 36 cellulose samples 

was conducted. Based on the database given by the National Institute of 
Standards and Technology (NIST), the K 766.48 nm spectral line was 
selected for analysis. Fig. 2a illustrates the spectral intensity measured 
by LIBS for four different samples of K chemical forms. It can be 
observed that the spectral intensities of the four samples are not 
consistent despite being at the same K content. The inconsistency in the 
spectral signal response among different samples, indicating the influ
ence of chemical matrix effects, was explicitly characterized by the RSD 
values of K 766.48 nm intensity. As shown in Fig. 2b, the RSD of the K 
766.48 nm intensity for different K chemical forms at each content 
ranged from 1.49 % to 6.5 %. However, this inconsistency in spectral 
signal response did not exhibit a clear correlation with the chemical 
forms of K. When ablating the material with a laser, it first destroyed the 
molecular structure of the analyte. Currently, the chemical bond be
tween the atoms is broken. After the atoms are freed from the bond, their 
outer electrons transition between the energy levels to radiate the 
spectral lines representing the corresponding elements [8]. This implies 
that if the different chemical forms of elements in the sample are the 
cause of chemical matrix effects in LIBS measurements, the results 
should show that, at the same content, the maximum and minimum 
spectral intensities come from samples with specific chemical forms of 
potassium, respectively. Therefore, the major causes of the inconsis
tency in the spectral response of the four samples still need to be 
explored.

In further investigations, considering the influence of laser energy 
fluctuations on spectral signal intensity, the laser pulse energy was 
recorded 20 times during the experimental, and its RSD value was 
calculated (Fig. 2b). It was observed that the inconsistency in spectral 
signal response among different samples was comparable to the laser 
energy fluctuation level of 2.3 %. These results show that the chemical 
matrix effects manifested by various chemical forms of K in the LIBS 
measurement process are not highly significant. The inconsistency of the 
spectral signals is mainly caused by the laser energy fluctuations. 

Fig. 1. Diagram of the LIBS measurement system.
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Similarly, as argued in the study by Ref. [30], in LIBS measurements of 
biochar matrix, the effect of differences in the chemical form of an 
element is minor compared to fluctuations in the laser energy.

3.1.2. Quantitative analysis
Establishing the univariate calibration model to assess the impact of 

different chemical forms of K on LIBS quantitative analysis. Samples 
with K content of 0.8 % and 1.6 % were selected as the prediction set, 
while the remaining samples with seven different concentrations served 
as the calibration set. The analysis results for each of the four types of 
samples are presented in Table 5. The R2 of the three types of samples 
(except for K2CO3) was above 0.93, the RMSEP of the predicted K con
tent of the four samples ranged from 0.69 to 1.01 %, and the SD of the 
predicted values for the K content of the repeated measurements ranged 
from 0.05 % to 0.46 %. Furthermore, the univariate calibration model 
was performed for all 36 samples of the four K different chemical forms 
together. The results are shown in Fig. 3. The overall sample quantita
tive results closely resemble the results obtained individually for each 
type of sample, with an R2 of 0.933, an RMSEP of 0.69 %, and an ASD of 
0.16 %. Further, considering the inconsistency of spectral response in 
2.1.1. the total spectral intensity normalization method was used to 
process the averaged spectral data before establishing the calibration 
curve. The results are shown in Fig. 3b, where the R2 is improved to 
0.942, the RMSEP and ASD are decreased to 0.139 % and 0.007 %, 
respectively, and the prediction accuracy and robustness of the univar
iate model are significantly improved.

Chemical matrix effects primarily manifest as inconsistencies in 
spectral signal responses among different samples, further impacting the 
results of quantitative analysis. Compared to multivariate models or 
machine learning algorithms, the performance of univariate models 
provides a more intuitive representation of the impact of matrix effects 
[40]. In this section, the individual calibration curves for each sample 
type showed minimal deviation from their overall calibration curves and 

prediction performance. Additionally, the accuracy and precision of the 
general calibration curves significantly improved after reducing spectral 
fluctuations through spectral intensity normalization. This indicates that 
in LIBS measurements, the chemical form of the analyte does not induce 
significant chemical matrix effects. In other words, the spectral signals 
between biomass samples with different chemical forms of K still exhibit 
a linear relationship with their corresponding K content.

3.2. Effects of matrix composition of biomass on LIBS

3.2.1. Spectral characterization
In LIBS measurement, the elemental emission intensity is not only 

related to their content but also depends on the specific chemical 
properties of the samples. The different chemical forms of elements can 
result in varied emission intensities, as discussed in the previous section. 
Moreover, the properties and content of other elements in the sample 
can also induce corresponding enhancement or attenuation effects on 
the emission intensity. In our study, we analyzed the spectra charac
terization of biomass samples with three different compositions under 
specific potassium forms (KCl), as illustrated in Fig. 4. The spectral 
signal response of K in the samples at a given content range (0.2%–1.8 
%). It can be obviously noticed that the signal intensity of the K 766.48 
nm spectral line of the lignin sample (overall spectral intensity range of 
8000–16000) is much higher than that of the cellulose and biomass 
samples (overall spectral intensity range of 3900–14000) at the same 
content, displaying a serious chemical matrix effect. Further, Fig. 4b 
specifically quantifies the inconsistency of the spectral signal response of 
samples. The signal intensity RSD values among the three types of 
samples at the same content ranged from 10 % to 43 %, with an average 
of 19.58 %, which fluctuated at a level much higher than that of the laser 
energy (2.3 %). Suggesting that the different composition of the samples 
led to different laser ablation behaviors, which, in consequence, resulted 
in different spectra.

Fig. 2. Four K salts were impregnated in water-washed cellulose as samples. (a) The spectral line intensity of K 766.48 nm for the four samples at different K content. 
(b) Comparison of LIBS signal response inconsistent and laser pulse-to-pulse energy fluctuation of four samples. (The signal inconsistent is characterized by the RSD 
of the average spectral intensity of K 766.48 nm for four samples).

Table 5 
The calibrations and predicted results for four different chemical forms of K samples.

calibration 
curve

R2 Predicted value of K content (%) RMSEP 
(%)

KCl(0.80% 
K)

KCl(1.60% 
K)

K2CO3(0.80% 
K)

K2CO3(1.60% 
K)

K2SO4(0.80% 
K)

K2SO4(1.60% 
K)

KNO3(0.80% 
K)

KNO3(1.60% 
K)

KCl 0.932 0.86(0.12) 1.52(0.13) 0.91(0.18) 1.44(0.05) 0.93(0.24) 1.63(0.06) 0.91(0.06) 1.79(0.31) 0.69
K2CO3 0.884 0.91(0.12) 1.56(0.13) 0.95(0.17) 1.48(0.06) 0.97(0.21) 1.67(0.06) 0.96(0.06) 1.82(0.40) 1.01
K2SO4 0.945 0.78(0.11) 1.38(0.12) 0.82(0.16) 1.31(0.05) 0.84(0.22) 1.48(0.05) 0.82(0.05) 1.63(0.46) 0.90
KNO3 0.950 0.87(0.10) 1.45(0.11) 0.91(0.16) 1.38(0.05) 0.93(0.21) 1.55(0.05) 0.91(0.06) 1.69(0.45) 0.79

Notes: The values in brackets represent the SD of the predicted K content from repeated measurements.

C. Li et al.                                                                                                                                                                                                                                        Analytica Chimica Acta 1337 (2025) 343568 

5 



It is noteworthy that the differences in the spectral response of K 
exhibit a high correlation with the types of matrixes. Across all ranges of 
K content, the K line intensity is highest in the lignin sample, followed by 
the Sapele, slightly higher than cellulose (Fig. 4a). Proximate analysis of 
the composition for the three types of matrices reveals that cellulose has 
the highest volatile content at 86.46 %, followed by biomass at 80.02 %, 
and lignin with the least volatile content at only 60.43 % (Table 4). 
Studies [41] indicate that the presence of volatile composition inhibits 
the emission intensity of mineral elements. Specifically, for 
carbon-based solid fuels such as biomass and coal, the presence of vol
atile substances makes them more easily ignitable in the interaction with 
lasers compared to other solid materials (metals, rocks, soils, etc.) [42,
43]. In this process, the laser pulse’s pyrolysis and the evaporation, 
dissociation, and ionization of volatiles consume significant energy, 
thereby suppressing the excitation of other mineral elements. Addi
tionally, the ash content plays an enhancing role in the emission signals 
of metals and mineral elements [44]. This is attributed to the presence of 
numerous metal elements, such as Si, Al, Fe, Ca, Mg, etc., in ash mate
rials. These elements are easily excited due to their low ionization en
ergies. Under the same laser energy, the substantial excitation of these 
metal elements with low ionization energy leads to an increase in plasma 
temperature, thereby promoting the excitation of spectral lines of other 
elements in the sample. As shown in Fig. 5, among the three matrices, 
lignin exhibits the highest metal element types. Similarly, its approxi
mate analysis indicates an ash content of 14.75 %, which is more than 
twice as high as the other two matrices (Table 4). Thus, these results 

suggest that due to the inhibitory and enhancing effects of volatile and 
ash content on K emission signals, lignin shows the strongest K line in
tensity, while cellulose and lignin are relatively similar. This also in
dicates that in LIBS analysis of biomass fuels, compositional differences, 
rather than the chemical forms of the elements under investigation, are 
the main sources of chemical matrix effects.

Fig. 3. Before (a) and after (b) normalization, the Calibration curves and prediction result for the element K in biomass samples performed with LIBS.

Fig. 4. Impregnation of KCl in washed three types of biomasses matrix as samples. (a) The signal intensity of K 766.48 nm in the three samples. (b) There was an 
inconsistency of LIBS signal response among the three samples and energy fluctuation between laser pulses. (The signal inconsistent is characterized by the RSD of the 
average spectral intensity of K I 766.48 nm for different samples).

Fig. 5. The average LIBS spectra of lignin, sapele, and cellulose biomass 
impregnated with 1.8 % KCl.
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3.2.2. Quantitative analysis
Univariate analysis of the K content for different samples is shown in 

Fig. 6. The calibration curves for K content within each individual 
sample exhibit satisfactory fitting results, with R2 values all exceeding 
0.941. However, the combined calibration and prediction results for the 
three types of samples are far from ideal, with R2 is 0.719 and a high 
RMSPE is 2.12 %. This suggests that the influence of composition pre
sent in samples results in a non-linear relationship between LIBS spectral 
signals and the corresponding analyte concentrations. Consequently, the 
fitting performance of univariate models deteriorates, impeding the 
analytical capability of LIBS. When compared to the results in Section 
2.2.2, it is evident that, between the two types of matrix differences 
involving the analyte’s chemical form and the matrix composition of the 
samples, the latter exerts a more dominant impact on the quantitative 
analysis by LIBS, and serves as the major source of the chemical matrix 
effect.

3.3. K LIBS detection on solid biomass fuel

3.3.1. Univariate calibration model
Through the above results, we can conclude that in biomass samples, 

the composition of the sample introduces a non-linear relationship in 
LIBS spectra, significantly affecting its analytical performance. As shown 
in Fig. 7, are the K quantitative results of Univariate calibration based on 
the intensity of K 766.49 nm, with samples #4, #7 and #12 selected as 
the prediction set. For the 13 samples of biomass fuel pellets, the uni
variate calibration model exhibits an inferior fit, with 0.131 of R2, the 
RMSEP and ASD are 0.78 % and 0.29 %, respectively, which were too 
wide errors for the range of K contents in biomass fuel pellets. Moreover, 
the performance of the univariate model is significantly degraded 
compared to the standard biomass samples analyzed in Sections 3.1 and 
3.2. These results indicated that the complex matrix component of 
biomass fuels leads to the ineffectiveness of the univariate strategies. In 
contrast to biomass samples used in the experiment, real solid biomass 
fuels are typically formed by compressing agricultural and forestry 
waste whose composition and element chemical form is more complex 
and variable [45]. This suggests that the chemical matrix effect needs 
further consideration in K LIBS detection of solid biomass fuel.

3.3.2. Correction for chemical matrix effect
The multiple variables for calibration is an effective approach to 

minimize the chemical matrix effect in LIBS and improve the modeling 
performance when matrix-related spectral information should be 
introduced [46]. However, most of those methods ignore the back
ground knowledge of the sample as they are dependent on data-driven. 
This may result in noise overfitting, potentially compromising the ac
curacy of measurements for samples outside the calibration sample set’s 

matrix [47]. Therefore, we adopted a knowledge-based regression 
strategy to incorporate the identified major factors affecting chemical 
matrix effects in biomass as a priori knowledge into the regression 
model, thus further improving the model performance.

Firstly, the chemical matrix effect in the quantitative analysis of K for 
biomass fuels was corrected by employing a MLR model. The results are 
presented in Fig. 8. Considering the impact of ash content on the K 
spectral intensity, we constructed a multivariate regression model using 
the spectral intensities of Mg 280.33 nm, Si 288.13 nm, Al 309.23 nm, Fe 
373.93 nm, Ca 393.58 nm, Na 589.00 nm, and K 766.49 nm as inde
pendent variables. Compared to the univariate model in Fig. 8, the R2, 
RMSEP, and ASD improved to 0.742, 0.092 %, and 0.105 %, respec
tively. This indicates that introducing ash-related information can cor
rect chemical matrix effects to some extent and improve quantitative 
accuracy. However, it still falls short compared to the univariate quan
titative results (section 3.2) for Samples from the same matrix. The 
reason might be that, as previously analyzed, volatile matter in biomass 
is also a major source of chemical matrix effects, affecting the spectral 
intensity of K. Volatile matter [48] mainly includes combustible gases 
such as H, CO, hydrocarbons, and non-combustible gases like CO₂ and 
water vapors. This means that compensating for chemical matrix effects 
by selecting specific spectral features to characterize the volatile fraction 
information is difficult. Hence, simultaneously introducing ash and 

Fig. 6. (a) Calibration results for each of the three types of biomass samples; (b) Calibration and prediction results for the three types of samples together.

Fig. 7. Calibration and prediction results for solid biomass fuel sample with 
univariate model.
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volatile fraction information into the model becomes important.
Although it is challenging to correlate volatile matter with specific 

elemental spectral lines, analyzing the full spectrum containing all 
biomass information using PLS can effectively reflect the volatile con
tent [19]. Therefore, we carried out proximate analyses to 13 biomasses 
(see Table S1 in supplementary). And Supplementary Fig. S1 shows the 
fitting results of biomass fuel volatile content based on PLS. As seen in 
the figure, the relationship between the volatile content of the 13 
biomass fuels and the spectral data is well represented by PLS. The R2 is 
0.952, and the RMSEP is 1.553 %, indicating that PLS can accurately fit 
the volatile content in biomass fuels. Additionally, by inputting the full 
spectrum, the information on ash elements is also incorporated into the 
model, thereby correcting the chemical matrix effects. Although the full 
spectrum contains sufficient information about the matrix components, 
it is not an ideal choice for elemental analysis. Including too many 
variables increases the complexity of the model, reduces analytical ac
curacy, and raises the risk of overfitting.

Therefore, a weighted PLS filtering method [49,50] was utilized to 
make a selection of variables, before performing the PLS regression. The 
procedure is as follows: (1) The spectral data is processed using SNV and 
then input into the PLS model. Based on the principle of minimizing the 
root mean square error of cross-validation (RMSECV), leave-one-out 
cross-validation (LOOCV) is used to select the optimal number of prin
cipal components and corresponding model for PLS; (2) After obtaining 
the PLS model, variables are filtered using the weight coefficient of the K 
769.71 nm spectral line as the threshold, resulting in a new spectral 
matrix containing 168 variables; (3) Using the new spectral matrix, PLS 
regression was performed again (the optimal principal components was 
2), ultimately resulting in the quantitative model for K content in 
biomass fuel. Details of the weight threshold settings and the choice of 
data processing methods can be found in the Supplementary Material. It 
is worth noting that the above method reduced the number of model 
input variables from 8192 full-spectrum variables to 168 variables, 
significantly decreasing the model’s complexity and making it more 
efficient. The results are shown in Fig. 9, with error bars representing the 
ASD values from three LIBS measurements for each sample. The model 
achieved an R2 of 0.99, with an RMSEP of 0.050 % for the prediction set 
samples. Although the PLS model using full-spectrum input had slightly 
better prediction accuracy (see Fig. S3 in supplementary), reducing the 
input variables greatly improved the model’s stability, with ASD 
decreasing from 0.030 % to 0.001 %. Additionally, incorporating known 
chemical knowledge increased the model’s interpretability, making it 

more extendable and helping to avoid overfitting.

4. Conclusion

In this study, a series of samples were configured for LIBS experi
ments to assess different sources of chemical matrix effects in biomass. 
The results indicate that, compared to the various chemical forms of the 
analyte, the compositional differences in the biomass matrix have a 
more significant impact on spectral responses and quantitative analysis. 
Under the same contents of K, the RSD values of spectral signals between 
three different biomass samples ranged from 10 % to 43 %, and the R2 of 
the univariate calibration curves of K content was only 0.719, which was 
subjected to a strong chemical matrix effect. Subsequently, further 
analysis of the composition of the samples revealed that for lignin with 
high ash content and low volatile matter content, the spectral response 
signals were the strongest, attributed to the effect of volatiles and ash on 
emission intensity suppression and enhancement.

Finally, LIBS was used to measure biomass fuel pellets in real power 
plants. Based on the findings of our study above, PLS regression was 
employed to mitigate the impact of chemical matrix effects, using the 
select specific spectrum as input variables. Various data processing 
methods were compared, leading to the establishment of quantitative 
models for K contents. The optimal R2, RMSEP, and ASD were 0.99, 
0.050 %, and 0.001 %, respectively, validating the feasibility of LIBS for 
rapidly analyzing K content in biomass fuel. However, the small number 
of samples available to us for analysis may pose certain limitations.

Therefore, the next step of the work will be to obtain more biomass 
fuel samples and investigate how to improve the interpretability and 
accuracy of the model. In addition, we recommend paying particular 
attention to the volatile matter and ash content in biomass fuels to 
overcome chemical matrix effects better. Further classification based on 
volatile matter and ash content, along with the use of multivariate 
models or non-linear machine learning algorithms, is suggested to 
analyze alkali metal elements in biomass fuels.
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