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Abstract: As an extremely important energy source, improving the efficiency and accuracy of
coal classification is important for industrial production and pollution reduction. Laser-induced
breakdown spectroscopy (LIBS) is a new technology for coal classification which has the ability to
rapidly analyze coal compared with traditional coal analysis methods. In the practical application of
LIBS, a large amount of labeling data is usually required, but it is quite difficult to obtain labeling data
in industrial sites. In this paper, to address the problem of insufficient labeled data, a semi-supervised
classification model (SGAN) based on adversarial neural network is proposed, which can utilize
unlabeled data to improve the classification accuracy. The effects of labeled and unlabeled samples on
the classification accuracy of the SGAN model are investigated, and the results show that the number
of labeled and unlabeled samples are positively correlated, and the highest average classification
accuracy that the model can achieve is 98.5%. In addition, the classification accuracies of SGAN and
other models (e.g., CNN, RF) are also compared, and the results show that, with the same number of
labeled samples in the three models, SGAN performs better after the number of unlabeled samples
reaches a certain level, with an improvement of 0.7% and 2.5% compared to the CNN and RF models,
respectively. This study provides new ideas for the application of semi-supervised learning in LIBS.

Keywords: semi-supervised learning; laser-induced breakdown spectrum; classification of coal
samples; generating adversarial neural networks

1. Introduction

Coal is known as “black gold” and is one of the most important energy sources in the
world, widely used in many industries such as power generation, steel smelting, chemical
production, and construction. Especially in the field of electric power, coal occupies the
position of one of the main sources of energy in the world. However, the current coal
analysis technology mainly relies on the traditional assay analysis method, which has
complicated processes, high labor costs, and long detection time, resulting in lagging
coal quality data. Therefore, it is particularly urgent to develop rapid coal detection
technology. Common rapid detection techniques include instantaneous gamma neutron
activation analysis, X-ray fluorescence technology, inductively coupled plasma emission
spectrometry, and so on. However, these techniques have a series of intractable problems,
such as radiation hazards [1], limited analytical range [2], and large amount of argon gas
consumption [3]. In this context, laser-induced breakdown spectroscopy (LIBS) technology
emerged as an emerging rapid detection technology, which has significant advantages
such as real-time detection and no need for sample pretreatment, etc. The LIBS system
shows great potential for development in the field of coal analysis, and a series of analytical
instruments have emerged on the market, with detection methods covering both online
and offline modes. Based on this, Yao et al. [4] developed a fast coal analyzer based on
laser-induced breakdown spectroscopy for coal quality analysis. The results showed that
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the measurement accuracy of ash, volatile matter, fixed carbon, and calorific value met
the requirements of neutron-activated coal online analyzer. Meanwhile, Yin et al. [5] also
successfully developed a LIBS online inspection system, which realized automatic sampling
and analysis, and could complete elemental analysis, coal quality analysis, and calorific
value analysis. The relative error of elemental analysis was within 10%, while the relative
error of ash analysis ranged from 2.29% to 13.47%. In addition to its application in the field
of coal quality analysis, LIBS technology is also widely used in soil [6], metal [7], food [8],
and other fields, showing its wide applicability in different fields.

Classification has been a topic of great interest in the field of LIBS, and people have
been trying to find ways to improve the classification accuracy, and the commonly used
classification algorithms for LIBS are Partial Least Squares Discriminant Analysis (PLS-DA),
Random Forests (RF), Support Vector Machines (SVMs), KNN, and Neural Networks, and
in addition to these classical machine learning algorithms, researchers have also proposed
many special algorithms based on different principles.

Sirven et al. [9] applied the PLS-DA algorithm to the identification of rock types on
the surface of Mars and found that the PLS-DA algorithm has good sensitivity in the task
of classifying Martian rocks. Ma et al. [10] used the RF algorithm to classify the spectra
of pulsed rocks and coal in order to separate the detritus from the coal, and improved
the classification accuracy from 98.30% to 99.96%. Jin et al. [11] combined PCA with
SVM to build a PCA-SVM model and optimized the model parameters using a grid search
method, which ultimately achieved a classification accuracy of 98.52% on the test set. Zhang
et al. [12] utilized a genetic algorithm (GA)-optimized support vector machine (SVM) to
perform the classification, followed by regression prediction of each type separately, which
significantly reduced the RMSECV of the test set. Cao et al. [13] used KNN algorithm to
classify coal with an accuracy of 97.73%. Peng et al. [14] used K-Means to cluster coal,
municipal sludge, and biomass samples, and then used SVM to further classify the biomass
samples; the combined accuracy of the hybrid classification model reaches more than
98%, and it saves more time for the running time. Yang et al. [15] developed a PCA-ANN
model to classify iron ore samples, and, after parameter optimization, the model achieved
99.19% classification accuracy on the test set. Zhang et al. [16] used wavelet neural network
(WNN) to classify coal ash, and the results showed that WNN showed better classification
performance. Cui et al. [17] used CNN, combined with multi-task regularization, proposed
a transfer learning method which significantly reduced the RMSEP compared with the
baseline method. Chen et al. [18] proposed a moisture-spectral intensity correction model,
and established an ANN model to improve the model prediction capability. The plain
Bayesian classification method is able to distinguish coal samples into different origins
based on the probability distribution function. Zheng et al. [19] used this method to classify
coal samples with a prediction accuracy of 96.7%. In addition to these classical machine
learning algorithms, researchers have proposed many different methods, such as Piecewise
Modeling [20] and Multiple-setting Spectra [21].

Based on the above discussion, it is clear that fully supervised learning has achieved
good research results in LIBS. In the practical use of LIBS technology, we found that
the acquisition of LIBS spectra is simple, but quantitative analysis for it requires a large
amount of known data to build quantitative regression models, and the acquisition of
labeled data is not easy in many domains, e.g., computer vision [22], Natural Language
Processing (NLP) [23], medical image analysis [24], bioinformatics [25], the food [26], and
other fields. Therefore, there is an urgent need to develop algorithms that can classify LIBS
spectra in semi-supervised scenarios. Wang et al. [27] proposed a semi-supervised learning
algorithm based on the KNN algorithm and the extended algorithm for the problem of
classification of explosives, where a small amount of labeled data and a large amount
of unlabeled data are used as the input variables, and after computation, all data will
obtain their respective final labels. After testing, the accuracy of the model can reach
99.58%. Li et al. [28] proposed a semi-supervised LIBS quantitative analysis method based
on least squares support vector machine (LS-SVM) co-training regression model, and
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the prediction of Cr concentration in the high-alloy steel specimens showed that using
the co-training technique and adding effective unlabeled specimens during the training
process can effectively improve the performance of the regression model. Müller et al. [29]
proposed a semi-supervised learning (SSL) classification model based on supervised linear
discriminant analysis (LDA) and semi-supervised support vector machine (OC-SVM),
which is able to classify known minerals and detect unknown substances in the sequence
set. Yang et al. [30] proposed a semi-supervised Gene-SGAN algorithm, which dissects
disease heterogeneity by jointly considering phenotypic and genetic data to confer genetic
correlation between disease subtypes and associated endophenotypic features. Wang
et al. [31] proposed a STFT-SACGAN-based bearing fault diagnosis method, which was
validated and found to be a model with excellent fault recognition ability, and alleviated
the problem of scarce labeled data.

In this paper, the semi-supervised learning model SGAN is applied to LIBS spectral
classification to address the problem of the lack of labeled data that may occur in future
LIBS applications. The advantage of the semi-supervised learning model is that only a
small number of labeled samples, combined with a large number of unlabeled samples,
can effectively improve the classification accuracy of the model. As a comparison, models
such as Convolutional Neural Network (CNN) and Random Forest (RF) are also analyzed
in this paper, and the comparison results show that when the number of labeled samples
used for modeling is the same, an increase in the number of unlabeled samples results in an
increase in the classification accuracy of the model. The results show that semi-supervised
learning models are more advantageous than fully supervised learning models when there
is a lack of labeled data.

2. Experimental Setup
2.1. LIBS Experimental Setup

As shown in Figure 1, the LIBS experimental system consists of a Q-switched Nd:YAG
laser, a spectrometer, a laser attenuator, optics, and a computer. The laser is a Q-switched
Nd:YAG laser manufactured by Beamtech Optronics with an output wavelength of 1064 nm,
a pulse width of 7 ns, a spot diameter of 7 mm, an energy of 300 mJ, and a frequency of 5
Hz. The laser passes through a laser attenuator, which reduces the energy from 300 mJ to
100 mJ, and then passes through a UV-fused silica plano-convex lens with a focal length of
75.3 mm UV-fused silica plano-convex lens with a focal length of 75.3 mm. In this way, the
laser is focused on the surface of the sample, forming a coal plasma. The plasma signal was
then transmitted to the spectrometer through two plano-convex lenses with a focal length
of 40.1 mm each. Optimal experimental parameters were determined through parallel
experimental tests, including a laser energy of 100 mJ, a Focus Depth of 2 mm (depth of
focus buried in the sample), a delay time of 1.2 µs, and a sample pressure of 40 MPa. Under
these parameters, the average relative standard deviation (RSD) of the main peak of the
sample spectrum was kept within 15%. The LIBS system diagram is shown in Figure 1.

2.2. Coal Samples

The 140 coal samples used in this study were from Hebei Province, China. The
proximate analysis results were determined using an automatic muffle furnace. The
proximate analyses were performed under dry conditions because the moisture in the coal
samples is susceptible to environmental influences, while the results for ash and volatile
matter did not change under dry conditions. Specific values are given in Appendix A. The
sample was initially lump coal, which was processed in a pulverizer and then screened
using a vibrating sieve machine to obtain coal particles with a diameter of less than 0.2 mm.
Subsequently, the coal particles were placed in a powder compactor, and the pressure of the
powder compactor was set at 40 MPa to compact the coal powder into a coal cake with a
thickness of 1.3 mm and a diameter of 2 cm. Each briquette has 30 ablation points and each
ablation point is excited 10 times. Therefore, 300 spectra were obtained for each briquette,
and these 300 spectra were averaged to obtain one average spectrum representing the
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current LIBS spectrum of the coal. According to the above experimental method, 4 samples
were made for each coal sample, and a total of 560 average spectra were obtained after
the experiment.
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3. Methods

In previous LIBS studies, fully supervised learning is the method that most researchers
would use. However, considering that in practical applications, labeled data may not be
simple to obtain, but unlabeled spectral data is easy to obtain. To cope with this situation,
in this section, we introduce a semi-supervised learning technique based on GANs, which
can combine labeled and unlabeled data to train classifiers.

3.1. Generative Adversarial Networks

Generative Adversarial Network (GAN) is an unsupervised generative model, pro-
posed by Goodfellow et al. [32] in 2014, whose basic structure includes a Generator and a
Discriminator. The Generator generates pseudo-data as realistic as possible based on the
distribution of sample data, while the Discriminator is used to discriminate whether the
input data are real data or pseudo-data generated by the Generator. Through the game
between the generator and the discriminator, GAN can reach a Nash equilibrium, so that
the generated data can fit the data distribution of the real samples. The network structure
of GAN is shown in Figure 2.
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Typically, the generator G and discriminator D can be represented by a convolutional
neural network or other functions. Generator G receives random noise as input for generat-
ing pseudo-data G(z), while discriminator D discriminates between the input real data x
and the pseudo-data G(z) generated by the generator, and outputs the probability that it
belongs to the real sample. The generator G and the discriminator D are trained by playing
against each other through a loss function. The optimization process involves a very large
very small game with an objective function of Equation (1):
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minGmaxDV(D, G) = Ex∼Pdata(x)[logD(x)] + Ez∼Pz(z)[log(1 − D(G(z)))] (1)

where x represents the real data, Pdata is the data distribution of x, z represents the random
noise obeying the standard normal distribution, Pz only represents the data distribution
of z, G(z) represents the pseudo-data generated by the generator, and D(x) represents the
probability of the discriminator to judge that the input samples are from the real samples.

For the discriminator D, it is expected that the higher the accuracy of the discrimination,
i.e., the closer D(x) is to 1, the closer D(G(z)) is to 0, when the loss function V (D, G) achieves
a great value. For the generator G, it expects the generated data distribution to be closer
to the real data distribution, i.e., it wants D(G(z)) to be closer to 1. In this case, the loss
function V (D, G) obtains a very small value.

When the loss function V (D, G) obtains a very, very small value, the generative
adversarial network reaches a Nash equilibrium, in which the generated data can fit the
real data distribution. This game process promotes the discriminator to improve the
accuracy, and at the same time prompts the generator to generate more realistic data,
realizing the effective training of generative adversarial network.

3.2. Semi-Supervised Approach Based on GAN (SGAN)

Odena [33] proposed a semi-supervised classification model in a GAN-based frame-
work. The model is based on a GAN network in which the image samples generated by the
GAN generator G are added to the database images. For a K-category classification prob-
lem, assuming that the newly generated categories are labeled as y = K + 1, the dimension
of the output SoftMax classifier will be extended from K to K + 1 accordingly. By using a
semi-supervised training method that combines supervised loss and loss function of unsu-
pervised GAN network, a large amount of unlabeled sample data will be learned to assist a
small amount of labeled sample data, so as to improve the accuracy of semi-supervised
classification. The SGAN network structure is shown in Figure 3.
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The workflow of the model is as follows: the noise z that conforms to a specific
distribution (e.g., Gaussian distribution, uniform distribution, etc.) is fed into the generator
network G to generate the generated image sample G(z) that conforms to the real data
distribution as much as possible. Subsequently, the generated image samples G(z) are
fed into the discriminator network D together with the database samples, where the
database sample data includes a small amount of labeled sample data and a large amount
of unlabeled sample data, and the discriminator D consists of multiple convolutional layers
and fully connected layers. Finally, a SoftMax output is used to characterize the normalized
relative probabilities of the different classes.

At the beginning of training, both generator G and discriminator D have poor con-
vergence. Through continuous alternate iteration training, generator G gradually fits the
distribution of the database image samples and generates realistic image samples, while
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the discriminator D performance of classifying and discriminating the categories of the
input samples continues to improve.

4. LIBS Spectral Pretreatment
4.1. Baseline Removal

The baseline of the average spectrum is prone to drift, owing to the disturbance from
the environment and equipment, which deteriorates the spectral accuracy and analysis
results. Thus, baseline removal is indispensable for the improvement of the signal-to-
noise ratio (SNR). It was indicated that the adaptive iterative reweighted penalty least
squares algorithm (airPLS) [34] can better remove background noise. There was no user
intervention and prior information, and it depended on the iterative weight change in
the squared error between the fitted baseline and the original signal, which runs fast and
flexibly. The effect of baseline removal is shown in Figure 4.

Appl. Sci. 2024, 14, 1606 6 of 20 
 

 
Figure 3. Network structure of SGAN. 

The workflow of the model is as follows: the noise z that conforms to a specific dis-
tribution (e.g., Gaussian distribution, uniform distribution, etc.) is fed into the generator 
network G to generate the generated image sample G(z) that conforms to the real data 
distribution as much as possible. Subsequently, the generated image samples G(z) are fed 
into the discriminator network D together with the database samples, where the database 
sample data includes a small amount of labeled sample data and a large amount of unla-
beled sample data, and the discriminator D consists of multiple convolutional layers and 
fully connected layers. Finally, a SoftMax output is used to characterize the normalized 
relative probabilities of the different classes. 

At the beginning of training, both generator G and discriminator D have poor con-
vergence. Through continuous alternate iteration training, generator G gradually fits the 
distribution of the database image samples and generates realistic image samples, while 
the discriminator D performance of classifying and discriminating the categories of the 
input samples continues to improve. 

4. LIBS Spectral Pretreatment 
4.1. Baseline Removal 

The baseline of the average spectrum is prone to drift, owing to the disturbance from 
the environment and equipment, which deteriorates the spectral accuracy and analysis 
results. Thus, baseline removal is indispensable for the improvement of the signal-to-noise 
ratio (SNR). It was indicated that the adaptive iterative reweighted penalty least squares 
algorithm (airPLS) [34] can better remove background noise. There was no user interven-
tion and prior information, and it depended on the iterative weight change in the squared 
error between the fitted baseline and the original signal, which runs fast and flexibly. The 
effect of baseline removal is shown in Figure 4. 

200 400 600 800 1000

0
10
,0
00

20
,0
00

i
nt
en
si
ty
(c
nt
s)

wavelength(nm)

 raw spectrum
 debaseline spectrum

 
Figure 4. Effect of baseline removal on LIBS spectra. Figure 4. Effect of baseline removal on LIBS spectra.

4.2. Standardization

Spectral normalization is a data-processing technique designed to eliminate or reduce
variations in spectral data to make them easier to compare and analyze. Through methods
such as normalization, detrending or correction, spectral normalization ensures that spectral
data obtained under different experimental conditions can be compared on the same scale.
Normalization scales spectra to a standard range, detrending removes trends or drifts in
the spectra, and calibration corrects errors caused by instrumental, environmental, and
other factors. These processing tools help to improve the comparability of spectral data,
making it more suitable for a variety of scientific research and application areas, such as
quantitative analysis and modeling. Spectral standardization provides researchers with
effective tools to interpret and compare spectral data more accurately and reliably. The
equation is shown below:

xZ−scores =
x − µ

σ
(2)

where xZ−scores is the spectral intensity after standardization; x is the spectral intensity; µ is
the average spectral intensity of all spectra at the current wavelength; and σ is the standard
deviation of the spectral intensity of all spectra at the current wavelength.

4.3. Evaluation Indicators
4.3.1. Clustering Model

The t-SNE method was used to cluster analyze the dataset to understand the distri-
bution of the dataset. t-SNE (t-distributed Stochastic Neighbor Embedding) is a nonlinear
dimensionality-reduction algorithm that captures the nonlinear relationships in the data
better with K-Means than PCA. It performs well in visualizing high-dimensional data,
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especially superior in preserving the local structure and intra-cluster similarity of the
data. Meanwhile, t-SNE puts more emphasis on preserving local similarity relationships
between data points in the embedding space. This makes it more superior in visualizing
the clustering structure and so on. In terms of robustness, t-SNE tends to have better
robustness because it is based on probability distribution in the optimization process, while
the optimization process of PCA is based on variance, and the optimization process of
K-Means is based on Euclidean distance. Figure 5 shows the clustering effect of t-SNE.
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The t-SNE is implemented as follows:
For each data point i, define this probability distribution as follows:

P(j|i) =
S
(

xi, xj
)

∑k ̸=i S
(
xi, xj

) , j ̸= i, i = 1, 2, . . . , n (3)

where S
(

xi, xj
)

is the similarity between data i and data j. The closer the distance, the
more similar. Suppose there are n data in total, then for these n data, we will define n
probability distributions.

Similarly, suppose the data after dimensionality reduction are z1, z2, . . . , zn, for this
batch of data one can define n probability distributions as:

Q(j|i) =
S′(zi, zj

)
∑k ̸=i S′(zi, zj

) , j ̸= i, i = 1, 2, . . . , n (4)

It is important to note that different measures can be used for the similarity between
high and low dimensions. The denominator is introduced here, on the one hand, to turn
it into a probability distribution (the sum of probabilities is 1); on the other hand, it is
because we ultimately want to compare whether they have the same distance structure
before and after the dimensionality reduction, and the numerator’s measure is different, so
the denominator must be introduced to normalize it.

4.3.2. Confusion Matrix

The confusion matrix is a table used to evaluate the performance of a classification
model, as shown in Figure 6, which demonstrates the relationship between the model’s
predictions on the test set and the true labels. Confusion matrices are mainly used for
binary classification problems, but can be extended to multi-category classification. In the



Appl. Sci. 2024, 14, 1606 8 of 19

confusion matrix, the rows represent the actual categories, and the columns A represent
the categories predicted by the model. Equation (3) is the formula for the accuracy rate:

Accuracy =
TP + TN

TP + TN + FP + FN
(5)

where TP is the true positive result; FP is the false positive result; TN is the true negative
result; and FN is the false negative result.
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Based on these metrics, a series of classification performance metrics, such as accuracy,
precision, recall, and F1 score, can be computed to more comprehensively evaluate the
model’s performance on different categories. Confusion matrices provide detailed insights
into the performance of classification models, helping to analyze model performance across
categories and identify potential problems.

5. Results and Discussion

In this section, we will perform SGAN, CNN, and RF algorithms on the spectral
dataset. From the total dataset, 200 samples are selected as labeled data, 260 samples are
selected as unlabeled data, and 100 data are selected as test data, which are independent of
each other. For 200 labeled data, we performed 5-fold cross-validation to determine the
best parameters for the model. In this experiment, we use a single CNN classifier with a
similar structure to the one used in the SGAN model. The difference between the two lies in
the training strategy: the single CNN classifier is trained using full supervision, while the
SGAN model is trained using semi-supervision. First, the effect of the number of labeled
samples and the number of unlabeled samples on the SGAN model was tested. Finally, the
effects of the number of labeled samples on the CNN and RF models were also tested and
analyzed in comparison with the classification effect of the SGAN model. Detailed data for
this section are shown in Appendix B.

5.1. Convolutional Neural Network

Convolutional neural network (CNN) is a kind of feedforward neural network with
convolutional computation and deep structure, which is one of the representative algo-
rithms of deep learning. Convolutional neural networks have the ability of representation
learning, and can classify input information according to its hierarchical structure. The
convolutional neural network mimics the biological visual perception mechanism, and
can carry out supervised and unsupervised learning. The parameter sharing of convo-
lutional kernel in the hidden layer and the sparsity of inter-layer connections enable the
convolutional neural network to carry out lattice features with a small amount of com-
putation. Through previous studies, the convolutional neural network has made certain
achievements in the field of LIBS.

In order to test the classification efficiency of the CNN model and compare it with the
SGAN model, four sets of experiments were conducted. The number of labeled spectral
data was chosen to be 100, 135, 165, and 200, respectively, As can be seen in Figure 7,
the average classification accuracy of the CNN model increases from 88% to 97.8% in the
prediction set.
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In the confusion matrix diagram, blue represents correctly classified samples and red
represents incorrectly classified samples, which is the same rule in this paper. From Figure 8,
it can be seen that the model misclassifies 1 sample in category J as category C and 1 sample
in category N as category O. The model also misclassified 1 sample in class N as class O in
the prediction set. After spectral comparison of the industrial analysis components of coal,
it can be found that there is a certain intersection of the above misclassified categories, with
a high degree of spectral similarity, and at the same time, it is verified that their industrial
analysis data C are also similar.
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5.2. Random Forest

Random Forest (RF) is an integrated algorithm of Bagging type, which is an algorithm
that obtains results by voting by combining multiple decision tree-based classifiers, includ-
ing Random Forest classification (RFC) and Random Forest regression (RFR) models. The
model randomly selects some features at random and generates nodes of the tree with
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variance. When nodes can no longer split, a decision tree is formed and a forest with
multiple decision trees is repeatedly built. Finally, classification results are obtained by
voting results of all decision trees.

Before training the model, the model parameters were optimized, and 1000 decision
trees were selected for modeling. A total of 4 experiments were conducted and 100, 135,
165, and 200 labeled spectra were selected as the training dataset. The results are shown in
Figure 9, in which the best classification accuracy of the RF model is 96% in this experiment.
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As can be seen in Figure 10, the model misclassified one sample in class G as class
I, two samples in class J as class C, and one sample in class N as class O. The model also
misclassified two samples in class J as class C, and one sample in class N as class O. After
comparing the spectra of industrial analyzed constituent coals, it can be found that there is
some intersection of the above misclassified categories, but compared with CNN, Random
Forest underperforms in LIBS spectral classification.

5.3. Semi-Supervised GAN

The purpose of our work is to improve the performance of LIBS spectral classification
model using SGAN method and to overcome the lack of labeled spectral data in the training
dataset using semi-supervised approach. First, to examine the contribution of unlabeled
data in model training, we selected 200 labeled samples and 100 test samples from the full
dataset and conducted the following 5 experiments.

The unlabeled dataset in the first experiment contains 50 samples, the unlabeled
dataset in the second experiment contains 100 samples, the unlabeled dataset in the third
experiment contains 150 samples, the unlabeled dataset in the fourth experiment contains
200 samples, and the unlabeled dataset in the fifth experiment contains 260 samples. We
evaluated the classification accuracy of the test set, and the results are as follows. As can be
seen from Figure 11, the classification accuracy improves significantly as the number of
unlabeled data increases, from 93.4% when there are only 50 unlabeled samples to 98.5%
when there are 260 unlabeled samples. At the same time, it is not difficult to find that the
improvement of the accuracy rate is gradually slowing down.
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The most important factor in selecting the optimal number of unlabeled samples
is the classification accuracy; in our expectation, there should be a turning point in the
curve of classification accuracy versus the number of unlabeled samples, before which
increasing the number of samples is necessary, and after which increasing the number of
samples will not contribute much to the classification accuracy, but instead will use more
computational resources.

After verifying the effect of the number of unlabeled samples on model training, we
investigated the effect of the number of labeled samples on model training in order to
better evaluate the SGAN algorithm and more easily compare it with other models. In
total, we conducted four experiments. The first labeled dataset contained 100 samples,
the second labeled dataset contained 135 samples, the third labeled dataset contained 165
samples, and the fourth labeled dataset contained 200 samples. As shown in Figure 12,
it can be seen that the number of labeled data has a great impact on the accuracy. When
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the number of unlabeled samples is 260, the classification accuracy increases from 90.6%
when using 100 labeled samples to 98.5% when using 200 labeled samples, achieving a
high classification accuracy.
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5.4. Comparison 
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when the labeled dataset is 200, the results are shown in Figure 14, which shows that when 
the number of unlabeled data reach 260, the classification accuracy of the SGAN model is 
obviously better than that of the CNN model; when the number of unlabeled data reach 
200, the classification accuracies of the SGAN model and the CNN model are basically the 
same; when the number of unlabeled data are lower than 150, the classification accuracy 
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As can be seen in Figure 13, the model misclassifies 1 samples of class G into class
H, 1 sample of class N into class M. Through spectral comparison and the t-SNE analysis
mentioned above, it can be found that there is a certain intersection in the above misclassi-
fied categories, and the spectral similarity is high. Meanwhile, it has been verified that the
industrial analysis data are also similar, and the impact on rough quantification is small.
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5.4. Comparison

Comparing the CNN model when the labeled dataset is 200 with the SGAN model
when the labeled dataset is 200, the results are shown in Figure 14, which shows that
when the number of unlabeled data reach 260, the classification accuracy of the SGAN
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model is obviously better than that of the CNN model; when the number of unlabeled
data reach 200, the classification accuracies of the SGAN model and the CNN model are
basically the same; when the number of unlabeled data are lower than 150, the classification
accuracy of the CNN model is obviously better than that of the SGAN model. When the
number of unlabeled data reach 200, the classification accuracy of SGAN model and CNN
model is basically the same. When the number of unlabeled data are lower than 150, the
classification accuracy of CNN model is significantly better than SGAN model. This also
shows that semi-supervised learning is more flexible and can achieve better results when it
is difficult to obtain labeled data.
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The RF model when the labeled dataset is 200 is compared with the SGAN model
when the labeled dataset is 200, and the results are shown in Figure 15, which reveals that
the classification accuracy of the SGAN model has a great advantage over the RF model
when the number of unlabeled data reach 260, and the difference in classification accuracy
between the SGAN model and the RF model is not great when the number of unlabeled
data reach 100. However, the overall classification effect of the RF model is poor.
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6. Conclusions

In order to solve the problem of insufficient labeled data that may occur during the
application of LIBS in power plants, a semi-supervised spectral classification model based
on SGAN is proposed to extend the labeled dataset through the use of unlabeled data, so
as to effectively improve the accuracy of semi-supervised classification. The experimental
results show that under the condition of a small number of labeled samples, increasing the
number of unlabeled samples can effectively improve the classification accuracy of coal
samples and reduce the dependence on labeled spectral data to a certain extent. In addition,
comparisons are made with two commonly used classification models (CNN, RF), and the
results show that SGAN has obvious advantages, which illustrates that semi-supervised
learning has great potential for development in the field of LIBS.

In our opinion, it is very important to develop semi-supervised learning models
suitable for LIBS, as no matter what the domain is, one may need to deal with a large
amount of data, and the biggest advantage of semi-supervised learning is its extremely
efficient data utilization. Any data can be provided to the semi-supervised model after
simple processing without manual labeling, which will greatly increase efficiency. Semi-
supervised learning also faces challenges; for example, the samples analyzed by LIBS may
be heterogeneous, and unlabeled data may contain various types of samples, for which
sufficient prior knowledge needs to be provided for a wider applicability if the model is
expected to have better results. Take the SGAN model used in this paper as an example;
SGAN includes generator and discriminator, and the complex deep network structure of
these two parts will reduce the interpretability of the model, which requires us to do a good
job of cross-validation and optimization of the model structure parameters in each test.
The dataset also has an impact on the model interpretability and robustness; for example,
there is a category imbalance in the labeled dataset, i.e., the number of samples of certain
categories is more or less, the model may produce inconsistent interpretations between
different categories, the impact of category imbalance can be minimized by stratified
sampling, etc. Semi-supervised learning requires more assumptions to be met, and is
more demanding to implement than fully supervised learning. Any algorithm has both
advantages and disadvantages, and all we have to do is to develop models that are suitable
for the current application scenario.
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Appendix A. Specific Values for All Coal Samples

Number Label * Ash d ** (%) Volatiles d (%) Fixed Carbon d (%)

1 A 16.63 31.5 51.87
2 A 16.47 31.59 51.94
3 A 16.2 31.91 51.89
4 A 15.42 32.08 52.5
5 A 15.42 32.08 52.5
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Number Label * Ash d ** (%) Volatiles d (%) Fixed Carbon d (%)

6 B 21.38 28.11 50.51
7 B 21.55 27.88 50.57
8 B 21.98 27.47 50.55
9 C 25.26 29.47 45.27
10 C 27.1 28.74 44.16
11 C 30.24 27.66 42.1
12 C 28.48 28.06 43.46
13 D 18.23 12.41 69.36
14 D 16.12 11.69 72.19
15 D 16.93 12.58 70.49
16 D 15.85 12.26 71.89
17 E 11.32 22.13 66.55
18 E 10.75 21.58 67.67
19 E 11.38 21.97 66.65
20 E 11.72 21.58 66.7
21 E 10.85 21.57 67.58
22 E 10.57 21.98 67.45
23 E 11.04 21.83 67.13
24 E 10.91 21.94 67.15
25 E 10.82 21.48 67.7
26 F 19.55 30.06 50.39
27 F 17.39 30.51 52.1
28 F 20.7 30.64 48.66
29 F 17.82 31.05 51.13
30 F 24.66 29.01 46.33
31 F 19.5 30.71 49.79
32 F 21.47 29.58 48.95
33 F 19.21 30.3 50.49
34 F 23.16 29.53 47.31
35 F 20.26 30.29 49.45
36 F 21.83 29.61 48.56
37 F 23.53 29.72 46.75
38 F 14.44 30.92 54.64
39 F 19.29 29.88 50.83
40 G 24.38 29.38 46.24
41 G 22.09 30.48 47.43
42 G 26.16 29.29 44.55
43 G 22.89 29.43 47.68
44 G 22.39 30.2 47.41
45 G 21.58 30.23 48.19
46 G 22.93 30.02 47.05
47 G 22.96 29.7 47.34
48 H 18.97 32.43 48.6
49 H 17.86 33.21 48.93
50 H 19.25 32.5 48.25
51 H 19.66 32.4 47.94
52 H 18.96 32.64 48.4
53 H 19.75 32.28 47.97
54 H 19.31 32.59 48.1
55 H 19.73 32.66 47.61
56 H 19.08 32.19 48.73
57 H 19.99 32.06 47.95
58 H 21.07 30.84 48.09
59 H 20.09 32.29 47.62
60 H 19.35 32.29 48.36
61 I 22.96 30.24 46.8
62 I 23.03 30.47 46.5
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Number Label * Ash d ** (%) Volatiles d (%) Fixed Carbon d (%)

63 I 23.37 30.07 46.56
64 I 22.42 30.49 47.09
65 I 23.69 30.23 46.08
66 J 25.04 29.86 45.1
67 J 25.03 30.41 44.56
68 J 25.16 30.74 44.1
69 J 25.56 29.5 44.94
70 J 24.08 30.26 45.66
71 J 25.8 29.98 44.22
72 J 28.22 29.9 41.88
73 J 27.02 29.57 43.41
74 J 27.94 28.11 43.95
75 J 24.98 29.93 45.09
76 J 25.46 29.67 44.87
77 J 26.04 29.44 44.52
78 J 24.64 30.35 45.01
79 J 23.81 29.9 46.29
80 J 25.98 29.9 44.12
81 K 32.56 28.90 38.54
82 K 30.03 29.06 40.91
83 K 26.56 29.02 44.42
84 K 29.79 27.73 42.48
85 K 28.72 28.37 42.91
86 K 30.31 28.15 41.54
87 K 32.07 27.52 40.41
88 K 32.07 27.55 40.38
89 K 31.52 27.12 41.36
90 K 30.85 28.26 40.89
91 K 28.43 29.24 42.33
92 K 30.96 27.63 41.41
93 K 28.36 29.12 42.52
94 K 29.70 28.24 42.06
95 K 30.23 28.49 41.28
96 K 33.64 26.67 39.69
97 K 27.53 29.59 42.88
98 K 31.53 28.11 40.36
99 K 33.94 27.42 38.64

100 K 33.88 26.62 39.50
101 K 30.53 28.72 40.75
102 K 32.18 29.26 38.56
103 K 31.63 29.44 38.93
104 K 30.61 28.95 40.44
105 K 31.53 28.30 40.17
106 K 33.59 26.79 39.62
107 K 30.16 28.24 41.60
108 K 34.83 27.10 38.07
109 L 11.29 34.71 54.00
110 L 11.96 34.64 53.40
111 L 11.34 35.06 53.60
112 L 11.85 33.89 54.26
113 L 12.22 34.39 53.39
114 L 11.90 34.62 53.48
115 L 10.45 34.73 54.82
116 L 13.10 33.89 53.01
117 L 12.54 34.01 53.45
118 L 12.56 33.80 53.64
119 M 18.71 32.12 49.17
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Number Label * Ash d ** (%) Volatiles d (%) Fixed Carbon d (%)

120 M 17.66 32.28 50.06
121 M 15.92 32.90 51.18
122 M 17.89 32.38 49.73
123 M 17.76 31.82 50.42
124 M 20.63 31.35 48.02
125 M 19.66 31.44 48.90
126 M 17.37 32.56 50.07
127 M 19.87 31.49 48.64
128 M 17.78 31.51 50.71
129 N 13.96 33.57 52.47
130 N 15.03 33.50 51.47
131 N 15.72 33.25 51.03
132 N 14.31 33.75 51.94
133 N 15.42 33.18 51.40
134 N 13.73 34.18 52.09
135 N 13.86 33.88 52.26
136 N 16.34 33.12 50.54
137 O 25.16 30.26 44.58
138 O 24.80 30.37 44.83
139 O 29.09 29.14 41.77
140 O 24.40 30.41 45.19

* The label was determined by the origin of coal. ** Dry basis.

Appendix B. The Specific Values of All Sample Points

(a) All Data Points of the CNN Model

The number of labeled samples 100 135 165 200

Accuracy rate (%) 88 ± 1.764 92.6 ± 1.506 94.4 ± 1.174 97.8 ± 0.919

(b) All data points of the RF model

The number of labeled samples 100 135 165 200

Accuracy rate (%) 87.0 88.0 91.0 96.0

(c) All data points of the SGAN model

Accuracy rate
(%)

The number of
unlabeled samples

The number of labeled samples

100 135 165 200

50 87.6 ± 1.174 88.5 ± 1.269 90.9 ± 1.370 93.4 ± 1.174
100 88.2 ± 1.229 90.4 ± 1.075 93.0 ± 1.333 94.8 ± 1.230
150 88.8 ± 1.135 91.2 ± 0.919 94.1 ± 1.449 96.4 ± 0.966
200 89.8 ± 1.398 92.0 ± 1.155 94.8 ± 1.135 97.8 ± 0.919
260 90.6 ± 1.265 92.9 ± 1.287 95.3 ± 0.949 98.5 ± 0.972
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