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ABSTRACT: The miscellaneous materials, including gangue, plastic, and wood commonly present in coal. These 

miscellaneous materials affect the reliability of coal analysis using laser-induced breakdown spectroscopy in power plants, but have 

significantly distinct spectral characteristics from coal. Hence, this paper proposes a step-by-step classification method to screening 

the false spectra of miscellaneous materials. The first step aims to identify the plastic and wood spectra by determining the existence 

of specific characteristic spectral lines using the standard deviation (SD) values. The spectral lines Si Ι 288.16 nm with the SD value 

of more than 850 counts and Li Ι 670.78nm with SD value of more than 1750 counts were used as the distinguishing markers. The 

classification accuracy of first step was 100%. Due to the high similarity between gangue and coal, the second step utilized the 

random forest (RF) classification model to identify the gangue spectra. The number of trees and random variables in the RF model 

was optimized. The accuracy of classification model without and with the proposed step-by-step method was 98.30 and 99.96%, 

respectively. To assess the necessity of spectra classification, a set of 

calorific value analysis was performed by adding false spectra of 

different proportions, which were compared with analysis after 

removing the false spectra. The root mean square error of prediction 

(𝑅𝑀𝑆𝐸𝑃) was 0.42 MJ kg-1 (after removing), compared with 0.50 

MJ kg-1 (mixing with 10% gangue spectra), 0.56 MJ kg-1 (mixing 

with 20% gangue spectra) and 0.57 MJ kg-1 (mixing with 30% 

gangue spectra). The results demonstrated that the proposed step-

by-step classification method could effectively identify the spectra 

of coal and miscellaneous materials and improve the accuracy of 

coal analysis.  
 

INTRODUCTION 

Recently, China has set the goal of reaching carbon peaking and 

carbon neutrality, making the transition to a new energy structure 

imperative. In this context, the flexibility of thermal power 

generation and its ability to regulate peak shaving will become 

more prominent. The ultimate and proximate analysis of coal is 

crucial to support the data needs of power plants in optimizing 

combustion. Knowing the coal property prior to utilization is 

helpful for flexible peak shaving. Commercial analytical devices 

based on prompt gamma neutron activation analysis (PGNAA) 

and X-ray fluorescence (XRF) technology already exist. However, 

PGNAA requires bulky equipment and must be operated under 

strict safety regulations. XRF cannot measure low atomic number 

elements which are essential measurements.1 Laser-induced 

breakdown spectroscopy (LIBS) is a type of frontier atomic 

emission spectroscopy that has been extensively applied in the 

ultimate and proximate analysis of coal. LIBS has advantages of 

quick, simultaneous multi-element, and online detection. 

Measurement equipment based on LIBS can be installed on the 

coal conveyor belt to provide fast measurement and timely data,2-

8 supporting the need for flexible peak shaving of power plants.9 
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 However, LIBS spectra are highly sensitive to the analyzed 

sample, and the spectra of different samples can vary significantly. 

During coal mining, transportation, and storage, various 

miscellaneous materials, such as gangue, plastic, and wood can 

mix with the coal, which can affect the accuracy of coal analysis 

using LIBS. It is essential to screen the miscellaneous materials on 

the conveyer belts in the power plants. Visual recognition 

combined with machine learning has been successfully used to 

classify coal and miscellaneous materials, with effective outcomes 

reported in previous studies.10-13 However, this method requires 

the introduction of various devices, which can adversely affect the 

convenience and efficiency of LIBS for coal analysis in power 

plants. 

 LIBS combining various classification methods has also been 

applied to screen the substances.14 Especially the machine learning 

algorithms show better performance for samples with similar 

compositions, such as coal and gangue. Lin et al.15 tested four 

classification models, including Naïve Bayes, K-nearest neighbor 

(KNN), decision tree (DT), and random forest (RF) combined 

with LIBS to differentiate metal additive manufacturing (AM) 

parts, and results showed that the RF model performed best. Sheng 

et al.16 compared the performance of support vector machines 

(SVM) and RF in classifying iron ores and concluded that RF 

exhibited a better level of classification prediction. Janovszky et al. 
17 tested three statistical methods, including classification tree (CT), 

linear discriminant analysis (LDA), and RF, for classifying 

mineral particles and found that the accuracy of both RF and LDA 

was better than 92%. Rzecki et al.18 used seven classifiers, 

including DT, RF, KNN, SVM, probabilistic neural network 

(PNN), multilayer perceptron (MLP), and generalized regression 

neural network (GRNN), to classify paper and ink samples. The 

results showed that the RF classifier had the highest recognition 

accuracy. The above studies suggest that LIBS combined with RF 

is a highly effective classification method. Additionally, our group 

developed a method to check whether the characteristic spectral 

lines were reliably present that used its standard deviation (SD) 

values. Bai et al.19 chose Si 288.16 nm as the analysis line and used 

its SD value to identify invalid breakdown spectra from all the 

particle stream spectra. Similarly, Yao et al.20 calculated the SD 

value of C 247.86 nm to judge whether the coal is effectively 

excited. This method can be effectively applied as a basis for 

classification when the elemental composition of different samples 

differs significantly. 

 In summary, the presence of false spectra generated by 

miscellaneous materials can affect the accuracy of coal analysis 

using LIBS. It is necessary to screen the false spectra, which has 

not yet been investigated. This work proposes a step-by-step 

classification method based on the characteristic spectral lines and 

the RF model for coal and false spectra. The SD values of specific 

spectral lines were used to screen the spectra of plastic and wood. 

Then, the RF model was adopted to screen the spectra of gangue. 

To assess the efficacy and necessity of this classification method,  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1 LIBS spectra comparison of coal, gangue, plastic and wood. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2 Step-by-step classification method for coal and miscellaneous 

materials spectra. 

a set of calorific value analysis was performed by retaining false 

spectra of different proportions. 

METHODS 

Step-by-step classification method. Fig. 1 compares typical  
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Fig. 3 Characteristic spectral lines comparison of (a) Si Ι 288.16 nm and (b) 

Li Ι 670.78nm, the dashed line is the fitted line when the SD value of the 

specific spectral line is the set threshold value. 

LIBS spectra of coal, gangue, plastic, and wood samples obtained 

by averaging 300 spectra collected from each sample. The figure 

highlights several characteristic spectral lines of major elements 

that may be used to distinguish the spectra. The elemental 

composition of plastic and wood differs significantly from that of 

coal, making their spectra, especially for some characteristic 

spectral lines, entirely different. Therefore, the presence of several 

specific spectral lines can be used to screen the plastic and wood 

spectra. In contrast, the element composition in coal and gangue is 

highly similar. The differences in elemental content are reflected 

in the intensity of spectral lines, such as the 350~450 nm band in 

Fig. 1. However, the fluctuation of the LIBS spectrum makes the 

spectral intensity highly uncertain, and it is difficult to classify the 

coal and gangue spectra by comparing the SD values of specific 

spectral lines. 

Therefore, a step-by-step classification method for coal and 

miscellaneous materials is proposed, which includes three steps. 

First, the classification model based on the characteristic spectral 

lines is applied to screen the plastic and wood spectra. Second, the 

spectra of coal and gangue are preprocessed by reducing the data 

dimensionality. Finally, the random forest model is used to identify 

the spectra of coal and gangue. Fig. 2 illustrates the scheme, and 

the following sections will discuss the basic principles and 

descriptions of these three steps in detail. 

Characteristic spectral lines classification model. In this study, 

plastic and wood sample spectra were screened by checking the 

existence of specific spectral lines using their SD values. SD can 

be calculated as: 

𝑆𝐷 = √∑(𝑋𝑖 − 𝑋̅)2
𝑁

𝑖=1

(𝑁 − 1)⁄ (1) 

where 𝑆𝐷 is the standard deviation of the spectral line intensity, 

𝑋𝑖 is the intensity of the 𝑖th pixel in the peak of spectral line, 𝑋̅ 

is the average intensity of all the pixels in the peak of spectral line. 

𝑁 is the pixel number in the peak of spectral line. The value of 𝑁 

is set to 5 in this work. 

After screening, all spectra would be classified into two kinds: 

coal and gangue, and plastic and wood. The selection of the 

analyzed spectral lines was based on the principle that their 

intensity and corresponding the content of elements were 

significantly different in two kinds of samples. Two ways were 

used to choose the analyzed spectral line: selecting the main 

elements of each sample or selecting trace elements with 

significant differences in the samples. While the main elements for 

all samples were evident, including C for coal, Al and Ca for 

gangue, C for plastic, and O for wood. They were also found in 

other samples, often in substantial amounts. As shown in Fig. 1, 

the high intensities of characteristic spectral line of these primary 

elements were common in all spectra with minor differences, 

rendering them unsuitable for the analyzed spectral lines. Thus, 

trace elements that only existed in coal and gangue, such as Si and 

Li, were selected for analysis.21 

 As shown in Fig. 3, the characteristic spectral lines of Si Ι 288.16 

nm and Li Ι 670.78 nm were significantly different between the 

spectra of the two kinds of samples, and they would be used as 

analyzed spectral lines for the classification model.22 The SD 

values of these spectral lines were calculated one by one and used 

to identify plastic and wood spectra. The minimum SD values of 

coal and gangue were larger than the maximum SD values of 

plastic and wood. Thus, the SD thresholds of these spectral lines 

were determined and used to completely distinguish the plastic 

and wood from coal and gangue. The SD thresholds of the 

intensities of -Si Ι 288.16 nm and Li Ι 670.78 nm -are 850 and 1750 

counts, respectively. Fitted lines with SD values set as the 

thresholds were included in Fig. 3 to demonstrate how the 

classification model works. As mentioned before, the peak of 

spectral line consisted of five pixels in this work. It was assumed 

that the spectral intensities of the first- and fifth-pixel points were 

equal to the intensities of wood spectra’s corresponding points. 

The shape of the characteristic peaks was composed of two 

axisymmetric diagonal lines, and the SD values of the 

characteristic peaks were used as thresholds to draw the fitted lines. 

The specific spectral lines in coal and gangue spectra were more 

prominent and distinct than the fitted line, resulting in their SD 

values being greater than the thresholds. Conversely, the plastic 

and wood spectra exhibited opposite results. 

Data dimensionality reduction. The high-dimensional nature of 

LIBS spectra results in a large amount of redundant information, 

which translates to a long computation time when input into the 

model. To address this issue, feature selection and principal 

component analysis (PCA) were used to reduce the dimensionality 

of LIBS spectra and extract valid information when establishing 

the RF model for coal and gangue classification. Since coal and 

gangue constituent elements are remarkably similar, this work 

concentrated on several elements with notable differences in  
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Table 1. Selected feature for the RF model 

Selected Feature Wavelength/nm 

C Ι 247.86 

Si Ι 251.61 and 288.16 

Fe Ι 275.61 and 373.49 

Al Ι 308.22, 309.28, 394.40 and 396.15 

O Ι 777.19 

 

 

 

 

 

 

Fig. 4 The scatter plot of the SD values of (a) C Ⅰ 247.86 nm and Ca Ⅱ 

393.37 nm, (b) Al 394.40 nm and O 777.19 nm. 

content. Several characteristic spectral lines whose intensities 

varied considerably in coal and gangue were selected for analysis 

through the manual line selection (MLS) method based on the 

NIST database,22 as shown in Table 1. The cumulative 

contribution of eigenvalues after PCA was greater than 99%. 

Random forest classification model. Random forest is an 

integrated learning method composed of a series of classifiers, or 

‘trees’, which work together to make decisions and achieve an 

optimal result. Randomness is observed in the selection of each 

tree’s training set using the Bagging method, and a certain number 

of features are randomly chosen from the attributes. The random 

forest model is popular in LIBS spectrum classification modeling 

due to its ability to prevent overfitting, resistance to noise, and 

capacity for parallel processing.16 

In this study, the RF model was applied to classify the spectra 

of coal and gangue after data preprocessing, with 5100 spectra in 

the calibration set and 2100 spectra in the validation set. The 

number of trees and random variables were optimized to 

maximize the classification accuracy. 

 The classification model performance was assessed by the 

accuracy, which can be defined as follows: 

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑁𝑐 𝑁𝑡⁄ (2) 

where 𝑁𝑐   and 𝑁𝑡  are the number of correct classified spectra 

and the total number of spectra in the validation set, respectively. 

EXPERIMENTAL 

Samples. To simulate the proportion of raw coal blended with 

miscellaneous materials in the power plant, 27 samples were 

collected from the power plant site. Following the procedure of 

ASTM standard methods,23 the collected coal and miscellaneous 

materials were ground into powders at 0.2 mm particle size and 

dried at 45 ℃ for 4 h to minimize the influence of moisture on the 

spectral measurements. Then the powder of 3 g was compressed 

into compact and flat pellets with a diameter of 24 mm using a 

tablet machine (Pike Technologies Crushir) to reduce the impacts 

of physical matrix effects. In particular, 19 coal samples were 

numbered C1 to C19, 5 gangue samples were numbered G1 to G5, 

2 plastic samples were numbered N1 and N2, and 1 wood sample 

were numbered N3. 14 coal samples, 3 gangue samples, and 1 

plastic sample were randomly selected to form the calibration set, 

while the remaining 5 coal samples, 2 gangue samples, 1 plastic 

sample, and 1 wood sample formed the validation set. Table 2 

provides calorific values ranging from 18.23 to 25.92 MJ kg-1 of 

19 coal samples on air dried basis, which were analyzed by the 

ASTM standard method.23 The chemical composition of gangue 

is similar to that of coal, with a slightly lower carbon content and 

a significantly higher concentration of metallic elements than 

coal.24, 25 In contrast, plastics and wood differ significantly from 

coal in elemental composition. The collected plastic samples are 

mostly made of polypropylene (PP) and polyethylene (PE), which 

mainly composed of C and Al.26 The wood primarily contains O, 

Ca, K, P, and S.27 

LIBS experimental setup. The LIBS experimental system’s 

description has been provided in detail in the literature.28 The 

ablation source was a Q-switched Nd:YAG laser (Quantel Brilliant 

Easy, USA) emitting at 1064 nm with the pulse duration of 5 ns. 

The repetition frequency was set to 2 Hz and the laser energy was 

adjusted to 55 mJ/pulse to obtain a better spectrum. A lens with a 

focal length of 150 mm was employed to concentrate the laser onto 

the sample surface to produce a plasma. Then the four-channel 

spectrometer (Avantes, Netherlands), which had a nominal 

resolution of 0.08-0.10 nm and spanned the wavelength range of 

178 to 827 nm, received the plasma emission by an optical fiber. 

The integration time was set to 1.05 ms and the delay time was 

adjusted to 1 μs. To simulate the collection condition of LIBS 

performing on the coal conveyor belt, the samples were placed on 

a motorized translation table. The table was controlled to move the 

samples in the XY plane at a speed of 3 mm/s. 1 spectrum was 

taken at each of the 300 locations on the sample surface for each 

sample. 

RESULTS AND DISCUSSION 

Characteristic spectral lines classification model. Fig. 4 

displays a scatter plot of all samples’ SD values of line intensity 

of C, Ca, Al, and O. These four elements were chosen by using 

the strategy of selecting the main elements of each sample. Fig. 

4(a) shows that the SD value distribution of C and Ca spectral 

lines was similar for all spectra, making it difficult to classify the  
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Table 2. Calorific value of samples in this study 

Calibration set Validation set 

Sample Calorific value (ad)/MJ kg-1 Sample Calorific value (ad)/MJ kg-1 Sample Calorific value (ad)/MJ kg-1 

C1 21.66 C10 18.23 C15 23.01 

C2 23.72 C11 23.45 C16 23.05 

C3 25.03 C12 23.01 C17 24.48 

C4 23.18 C13 18.38 C18 23.85 

C5 24.57 C14 22.70 C19 23.50 

C6 25.92 G1 - G4 - 

C7 25.60 G2 - G5 - 

C8 23.97 G3 - N2 - 

C9 24.39 N1 - N3 - 

 

 

 

 

 

 

 

 

 

 

Fig. 5 The scatter plot of the SD values of Si Ⅰ 288.16 nm and Li Ⅰ 670.78 

nm, and their thresholds have been marked with red lines. 

Table 3. Comparison of the classification accuracy using different 

characteristic spectral lines 

Characteristic spectral lines Accuracy/% 

Si Ⅰ 288.16 nm 82.04 

Li Ⅰ 670.78 nm 99.70 

Si Ⅰ 288.16 nm and Li Ⅰ 670.78 nm 100.00 

Table 4. Comparison of the RF classification accuracy before and after data 

dimensionality reducing 

Preprocessing 

methods 

Coal 

spectra/% 

Gangue 

spectra/% 

All 

spectra/% 

Raw spectra 99.87 94.17 98.24 

Feature selection 

and PCA 
99.87 99.67 99.81 

spectra by setting a threshold. Fig. 4(b) indicates that the SD 

values of the O and Al spectral lines were mixed together to some 

extent. Relying solely on these two spectral lines made it difficult 

to completely distinguish two kinds of samples. 

Figure 5 is a scatter plot of the SD values of Si Ⅰ 288.16 nm and 

Li Ⅰ 670.78 nm. It shows that the plastic and wood were 

distinguished from coal and gangue spectra. Orange points 

represents the plastic and wood spectra that are close to the origin 

of the axis, while grey points indicates that coal and gangue are 

farther from it. Obviously, the SD values of these spectral lines are 

an effective way to separate spectra of different samples. As 

previously mentioned, the SD values of two characteristic spectral 

lines, Si Ⅰ 288.16 nm and Li Ⅰ 670.78 nm, were used as the basis 

for classification in this model. Table 3 compares the accuracy of 

the classification model using these criteria separately and in 

combination. The accuracy of classification model using the 

spectral line of Si Ⅰ 288.16 nm and Li Ⅰ 670.78 nm was 96.26% 

and 99.70%, respectively. However, the accuracy of the model 

using the combination of the spectral lines of Si Ⅰ 288.16 nm and 

Li Ⅰ 670.78 nm reached 100%, with all plastic and wood spectra 

being screened out. 

Random forest classification model. After successfully 

eliminating all plastic and wood spectra, an RF classification 

model was built to classify coal and gangue using the remaining 

4200 spectra of coal and 900 spectra of gangue in the calibration 

set as input. The model's performance was checked by inputting 

the remaining 1500 coal and 600 gangue spectra from the 

validation set. In addition, data preprocessing methods of feature 

selection combined with PCA were applied to reduce the 

dimensionality of the raw spectral data and extract the valid 

information. Table 4 compares the classification accuracy of RF 

models without and with data dimensionality reduction. The 

number of trees (ntree) and random variables (mtry) used in the RF 

model were empirically set to 200 and 3, respectively. The results 

demonstrated that the raw spectra combined with the RF model 

already provided a high classification level. However, the model 

calculation was time-consuming and unsuitable for LIBS's fast 

and online measurements. It was necessary to reduce the raw data 

dimensionality. The feature selection combined with PCA was an 

effective method, obtaining a classification accuracy of 99.81%. 

Therefore, in the subsequent RF model optimization, the feature 

selection combined with PCA was applied throughout the process. 

To further optimize the model, the classification accuracy of the 

RF model was contrasted as a function of ntree at different levels of 

mtry, as shown in Fig. 6(a). The model achieved the highest  
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Fig. 6

 

Relationship of (a) step-by-step and (b) non-step-by-step classification accuracy with ntree

 

and mtry.

 

 

 

 

 

 

 

 

 

Fig. 7 The results of the calorific value analysis using 4 inputs: (a) experimental group, (b) control group A, (c) control group B, (d) control group C. 

accuracy of 99.95% when mtry was set to 2 and ntree was set to 380, 

480, and 500, with only one spectrum in the validation set being 

incorrectly classified. The ideal value of ntree was 380 to accelerate 

the model calculation. Combining the characteristic spectral lines 

and RF classification model, the step-by-step classification 

method achieved an accuracy of 99.96%. 

Figure 6(b) illustrates the classification results without 

employing the step-by-step classification method. Here, all 

preprocessed spectra of miscellaneous materials and coal were 
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used as input to construct the classification model. The validation 

set contained 9 samples with 2700 spectra. The classification 

accuracy was 98.30% with 46 spectra misclassified. This may be 

due to the large spectral differences and the preprocessing methods 

reducing the information contained in the spectra. In comparison, 

the model without employing the step-by-step classification 

method was slower to calculate and had a lower accuracy. These 

results demonstrated that the proposed step-by-step classification 

method was effective. 

Calorific value quantitative analysis. To assess the necessity of 

spectral classification in coal analysis, a comparative experiment 

was performed for calorific value analysis. This was done by 

adding false spectra generated by gangue with varying proportions 

and comparing them with classified spectra. The raw coal 

production process typically yields 15% to 30% associated gangue 

production. Based on the degree of spectral interference, three 

control groups were formed. Control group A had 300 spectra of 

each sample with a random substitution of 10% gangue spectra for 

coal spectra, resulting in the ratio of coal and gangue spectra was 

9:1. The ratios of coal and gangue spectra in control groups B and 

C were 8:2 and 7:3, respectively. The blended gangue spectra were 

randomly selected from all spectra of gangue samples. The 

blending ratio of each gangue sample was the same, and all spectra 

did not repeat each other. The spectra of plastic and wood were 

effectively excluded, so their effect was not considered here. 

 In the practical application of LIBS to coal analysis in power 

plants, the quantitative model for calorific value is typically built 

from laboratory data. Then the data collected in the field is fed into 

the model to predict the calorific value. In this work, the LIBS data 

from coal samples of the calibration set was used as the 

independent variable to build the quantitative analysis model, and 

the dependent variable was the calorific value. Because of the 

complicated and intimate relationship between calorific value and 

the content of various elements in coal, the full LIBS spectra were 

utilized for quantitative analysis.29 A quantitative analysis model 

for calorific value was built based on partial least square (PLS) to 

minimize the spectral dimensionality. When predicting elemental 

content in LIBS, PLS is a regression analysis method that contains 

correlation analysis and was frequently used in LIBS predicting 

elemental content.20, 30 Three averaged spectra were input for each 

sample while modeling the spectra of the calibration set coals to 

reduce the influence of data fluctuations on the calorific value 

prediction.31, 32 For the quantitative model of control groups, the 

spectra of each coal sample and the blended gangue spectra were 

first divided into three equally. Then the spectra were averaged, 

which means the blending ratio of the gangue spectra of 3 

averaged spectra was the same. 

 The performance of quantitative analysis model of the calorific 

value was assessed by the determination coefficient (𝑅2), the root 

mean square error of prediction (𝑅𝑀𝑆𝐸𝑃), the average absolute 

error (𝐴𝐴𝐸), and the average relative error (𝐴𝑅𝐸), which has been 

introduced detailed in literature.15 

 Figure 7(a)-(d) compares the prediction results of calorific value 

using spectral data from the experimental group, control group A, 

control group B, and control group C, respectively. As can be seen, 

the 𝑅2  remained unchanged at 0.99, the 𝑅𝑀𝑆𝐸𝑃  increased 

from 0.42 MJ kg-1 (after removing) to 0.50 MJ kg-1 (mixing with 

10% gangue spectra), 0.56 MJ kg-1 (mixing with 20% gangue 

spectra), and 0.57 MJ kg-1 (mixing with 30% gangue spectra), the 

𝐴𝐴𝐸 increased from 0.42 MJ kg-1 (after removing) to 0.50 MJ kg-

1 (mixing with 10% gangue spectra), 0.54 MJ kg-1 (mixing with 

20% gangue spectra), and 0.54 MJ kg-1 (mixing with 30% gangue 

spectra), and the 𝐴𝑅𝐸 increased from 1.80% (classified spectra) 

to 2.14% (mixing with 10% gangue spectra), 2.35% (mixing with 

20% gangue spectra), and 2.35% (mixing with 30% gangue 

spectra). 

Since the model was built from the same calibration set, 𝑅2 

remained unchanged at 0.99. However, the value of 𝑅𝑀𝑆𝐸𝑃 , 

𝐴𝐴𝐸, and 𝐴𝑅𝐸 increased with the proportion of doping in the 

gangue spectra. This is because the LIBS spectra of both coal and 

gangue contains emission lines such as C, H, and O and the 

mineral elements Si, Al, and Ca, but the content of which differs 

significantly. The maceral and mineral makeup of the coal affects 

the calorific value as a coal-rank metric. In actuality, the calorific 

value drops as the mineral matter rises due to the endothermic 

breakdown processes and the heat capacities of such minerals 

during burning.33 Still, it increases as the carbon content does.34 

Therefore, the kinds of samples profoundly affected LIBS spectra 

and the calorific value prediction. The results demonstrated that 

the proposed step-by-step classification method was effective in 

eliminating the interference of the miscellaneous materials spectra 

and improving the accuracy of calorific value prediction. 

 Furthermore, the conventional method of coal analysis utilized in 

power plants requires sampling from the conveyor belt, sample 

preparation, and analysis employing a calorimeter in the laboratory. 

In contrast, the step-by-step classification method proposed in this 

study requires less than 5 s to classify the entire spectra. When 

integrated with the LIBS measurement device installed on the coal 

conveyor belt, the entire process from spectrum acquisition and 

screening to coal analysis can be completed within an average of 

1 minute. Therefore, the proposed classification method in 

conjunction with LIBS measurement resolves the issues of time-

intensive analysis and poor sample representativeness associated 

with conventional methods to satisfy the substantial demand for 

flexible peak-shaving in power plants. 

CONCLUSION 

A step-by-step classification method to effectively screen the 

miscellaneous materials spectra was proposed to improve power 
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plants' coal analysis on the conveyor belt. The spectra of plastic 

and wood were screened using the SD values of specific 

characteristic spectral lines, and the classification accuracy 

reached 100%. Subsequently, after reducing the data 

dimensionality using feature selection combined with PCA, an RF 

classification model was used to classify the gangue and coal 

spectra. The accuracy was 99.95%, with only one gangue 

spectrum misclassified by optimizing the number of trees and 

random variables. Finally, PLS was employed as the calibration 

model to compare the predicted performance of calorific value 

using the spectra without and with classification as input. 

Compared to spectra mixed with coal and gangue, the classified 

spectra resulted in optimal 𝑅𝑀𝑆𝐸𝑃 , 𝐴𝐴𝐸 , and 𝐴𝑅𝐸  values, 

which were 0.42 MJ kg-1, 0.42 MJ kg-1, and 1.8%, respectively. 

The results confirmed the need to identify coal and miscellaneous 

materials’ spectra and provided an experimental basis for practical 

application. The proposed step-by-step spectral classification 

method can further improve the accuracy of coal analysis and 

support the flexible peak-shaving in power plants. 

AUTHOR INFORMATION 

Shunchun Yao received his BSc in 

2006 from the Soochow University, 

China and PhD in 2011 from the school 

of Electric power, South China 

University of Technology (SCUT). He 

is a research professor of power 

engineering and engineering thermos-

physics at the School of Electric Power, 

SCUT. His major research interests are 

laser-induced breakdown spectroscopy 

(LIBS), tunable diode laser absorption 

spectroscopy (TDLAS), and their application to intelligent sensing and 

on-line monitoring for clean and efficient utilization of energy. He has 

been working as Vice President of the School of Electric Power of SCUT, 

associate director in Guangdong Province Key Laboratory of Efficient 

and Clean Energy Utilization and LIBS young scientist of Chinese 

Society for Optical Engineering. Shunchun Yao is author or co-author of 

over 100 articles published in peer-reviewed scientific journals, with an 

h-index of 23 (Scopus). His work is supported by Guangdong Natural 

Science Funds for Distinguished Young Scholar and he was named as 

Distinguished Young Scholar of Guangdong. 

Corresponding Author 

*S. C. Yao 

Email address: epscyao@scut.edu.cn 

Notes 

The authors declare no competing financial interest. 

ACKNOWLEDGMENTS 

This work was financially supported by the National Key R&D Program 

Intergovernmental International Science and Technology Innovation 

Cooperation Project (2019YFE0109700), the National Natural Science 

Foundation of China (51676073 and U22B20119), Fok Ying Tung 

Education Foundation for Young Teachers in the Higher Education 

Institutions of China (171047), Natural Science Foundation of Guangdong 

Province for Distinguished Youth (2021B1515020071), Foundation of 

State Key Laboratory of High-efficiency Utilization of Coal and Green 

Chemical Engineering (2022-K72), and Foshan Science and Technology 

Innovation Project (1920001000052). 

REFERENCES 

1. S. Sheta, M. S. Afgan, Z. Hou, S. Yao, L. Zhang, Z. Li, and      

Z. Wang, J. Anal. At. Spectrom., 2019, 34, 1047−1082. 

https://doi.org/10.1039/c9ja00016j 

2. D. Body and B. L. Chadwick, Rev. Sci. Instrum., 2001, 72, 

1625−1629. https://doi.org/10.1063/1.1338486 

3. D. Body and B. L. Chadwick, Spectrochim Acta B, 2001, 56, 

725−736. https://doi.org/10.1016/S0584-8547(01)00186-0 

4. B. L Chadwick and D. Body, Appl. Spectrosc., 2002, 56, 70−74. 

https://doi.org/10.1366/0003702021954232 

5. M Noda, Y Deguchi, S Iwasaki, and N. Yoshikawa,   

Spectrochim. Acta B, 2002, 57, 701−709. 

https://doi.org/10.1016/S0584-8547(01)00403-7 

6. F. J. Wallis, B. L. Chadwick, and R. J. S. Morrison,         

Appl. Spectrosc., 2000, 54, 1231−1235. 

https://doi.org/10.1366/0003702001950814 

7. W. Yin, L. Zhang, L. Dong, W. Ma, and S. Jia, Appl. Spectrosc., 
2009, 63, 865−872. https://doi.org/10.1366/000370209788964458 

8. L. Zhang, W. Ma, L. Dong, X. Yan, Z. Hu, Z. Li, Y. Zhang,     

L. Wang, W. Yin, and S. Jia, Appl. Spectrosc., 2011, 65, 790−796. 

https://doi.org/10.1366/10-06213 

9. D. Redoglio, E. Golinelli, S. Musazzi, U. Perini, and F. Barberis, 

Spectrochim. Acta B, 2016, 116, 46−50. 

https://doi.org/10.1016/j.sab.2015.11.005 

10. J. Jiang, Y. Han, H. Zhao, J. Suo, and Q. Cao,                

Int. J. Coal Prep. Util., 2021, 43, 54−72. 

http://doi.org/10.1080/19392699.2021.2002852 

11. M. Li, X. He, Y. Yuan, and M. Yang, Int. J. Coal Prep. Util., 2022, 

Latest Article. https://doi.org/10.1080/19392699.2022.2118260 

12. Z. Sun, L. Huang, and R. Jia, Sensors-Basel, 2021, 21, 1349. 

https://doi.org/10.3390/s21041349 

13. Z. Wang, S. Xie, G. Chen, W. Chi, Z. Ding, and P. Wang, IEEE 

Access, 2021, 9, 90816−90827 . 

https://doi.org/10.1109/access.2021.3090780 

14. J. El Haddad, L. Canioni, and B. Bousquet, Spectrochim. Acta B, 
2014, 101, 171−182. https://doi.org/10.1016/j.sab.2014.08.039 

15. J. Lin, J. Yang, Y. Huang, and X. Lin, Appl. Phys. B, 2021, 127, 

Article 137. https://doi.org/10.1007/s00340-021-07725-3 

16. L. Sheng, T. Zhang, G. Niu, K. Wang, H. Tang, Y. Duan, and    

H. Li, J. Anal. At. Spectrom., 2015, 30, 453−458. 

https://doi.org/10.1039/c4ja00352g 

https://doi.org/10.1039/c9ja00016j
https://doi.org/10.1063/1.1338486
https://doi.org/10.1016/S0584-8547(01)00186-0
https://doi.org/10.1016/S0584-8547(01)00403-7
https://doi.org/10.1366/0003702001950814
https://doi.org/10.1366/000370209788964458
https://doi.org/10.1366/10-06213
https://doi.org/10.1016/j.sab.2015.11.005
http://doi.org/10.1080/19392699.2021.2002852
https://doi.org/10.1080/19392699.2022.2118260
https://doi.org/10.3390/s21041349
https://doi.org/10.1016/j.sab.2014.08.039
https://doi.org/10.1016/j.sab.2014.08.039
https://doi.org/10.1007/s00340-021-07725-3
https://doi.org/10.1039/c4ja00352g


www.at-spectrosc.com/as/article/pdf/2023102 16��                At. Spectrosc. 2023, 44(3), 160−168. 

17. P. Janovszky, K. Jancsek, D. J. Palásti, J. Kopniczky, B. Hopp,   

T. M. Tóth, and G. Galbács, J. Anal. At. Spectrom., 2021, 36, 

813−823. https://doi.org/10.1039/d1ja00032b 

18. K. Rzecki, T. Sosnicki, M. Baran, M. Niedzwiecki, M. Krol,     

T. Lojewski, U. R. Acharya, O. Yildirim, and P. Plawiak,  

Sensors-Basel, 2018, 18, 3670. https://doi.org/10.3390/s18113670 

19. K. Bai, S. Yao, J. Lu, X. Zhu, J. Xu, J. Zhao, and Z. Lu, Acta 

Optica Sinica, 2016, 12, 167–173. 

https://doi.org/10.3788/AOS201636.1214005 

20. S. Yao, J. Mo, J. Zhao, Y. Li, X. Zhang, W. Lu, and Z. Lu,    

Appl. Spectrosc., 2018, 72. 1225–1233. 

https://doi.org/10.1177/0003702818772856 

21. J. Zhao, X. Tang, and W. Huang, Coal Geology of China, 2002, 14, 

5–13. www.cnki.com.cn/Article/CJFDTotal-ZGMT2002S1002.htm 

22. NIST Atomic Spectra Database Lines Form. NIST ASD Team. 

https://physics.nist.gov/PhysRefData/ASD/lines_form.html 

23. ASTM. Standard Test Method for Gross Calorific Value of Coal 

and Coke, 2019. https://www.astm.org/d5865_d5865m-19.html  

24. J. Li, J. Lu, Z. Lin, S. Gong, C. Xie, L. Chang, L. Yang, and P. Li, 

Opt. Laser Technol., 2009, 41, 907–913. 

https://doi.org/10.1016/j.optlastec.2009.03.003 

25. J. Ribeiro, E. Ferreira da Silva, A. P. de Jesus, and D. Flores,  

Inter. J. Coal Geol., 2011, 87, 226–236. 

https://doi.org/10.1016/j.coal.2011.06.014 

26. I. Turku, T. Karki, K. Rinne, and A. Puurtinen, Waste Manag. Res., 
2017, 35, 200–206. https://doi.org/10.1177/0734242X16678066 

27. K. E. Saarela, L. Harju, J. Rajander, J. O. Lill, S. J. Heselius,    

A. Lindroos, and K. Mattsson, Sci. Total Environ., 2005, 343,  

231–241. https://doi.org/10.1016/j.scitotenv.2004.09.043 

28. S. Yao, J. Zhao, Z. Wang, Y. Deguchi, Z. Lu, and J. Lu, 

Spectrochim. Acta B, 2018, 149, 249–255. 

http://doi.org/10.1016/j.sab.2018.09.002 

29. H. Qin, Z. Lu, S. Yao, Z. Li, and J. Lu, J. Anal. At. Spectrom., 
2019, 34, 347–355. https://doi.org/10.1039/c8ja00381e 

30. S. Yao, H. Qin, S. Xu, Z. Yu, Z. Lu, and Z. Wang,          

Atom. Spectrosc., 2022, 43, 154–163. 

https://doi.org/10.46770/AS.2022.099 

31. H. Qin, Z. Yu, Z. Lu, Z. Yu, and S. Yao, Appl. Spectrosc., 2022, 

76, 1–9. https://doi.org/10.1177/00037028221108416 

32. S. Yao, H. Qin, Q. Wang, Z. Lu, X. Yao, Z. Yu, X. Chen, L. Zhang, 

and J. Lu, Spectrochim. Acta A, 2020, 239, 118492. 

https://doi.org/10.1016/j.saa.2020.118492 

33. A. R. Shirazi, O. Bet-tin, L. Eklund, and O. Lindqvist, Fuel, 1995, 

74, 247–251. https://doi.org/10.1016/0016-2361(95)92661-O 

34. R. C. Borah, P. Ghosh, and P. G. Rao, Inter. J. Energy Res., 2011, 35, 

929–963. https://doi.org/10.1002/er.1833

 

 

 

 

https://doi.org/10.1039/d1ja00032b
https://doi.org/10.3390/s18113670
https://doi.org/10.3788/AOS201636.1214005
https://doi.org/10.1177/0003702818772856
https://physics.nist.gov/PhysRefData/ASD/lines_form.html
https://www.astm.org/d5865_d5865m-19.html
https://doi.org/10.1016/j.optlastec.2009.03.003
https://doi.org/10.1016/j.coal.2011.06.014
https://doi.org/10.1177/0734242X16678066
https://doi.org/10.1016/j.scitotenv.2004.09.043
http://doi.org/10.1016/j.sab.2018.09.002
https://doi.org/10.1039/c8ja00381e
https://doi.org/10.46770/AS.2022.099
https://doi.org/10.1177/00037028221108416
https://doi.org/10.1016/j.saa.2020.118492
https://doi.org/10.1016/0016-2361(95)92661-O
https://doi.org/10.1002/er.1833



