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Abstract: For the study of coal and gangue identification using near-infrared reflection spectroscopy,
samples of anthracite coal and gangue with similar appearances were collected, and different dust
concentrations (200 ug/ m?3, 500 ug/ m? and 800 ug/ m?), detection distances (1.2 m, 1.5 m and 1.8 m)
and mixing gangue rates (one-third coal, two-thirds coal, full coal) were collected in the laboratory by
the reflection spectroscopy acquisition device and the gangue reflection spectral data. The spectral
data were pre-processed using three methods, first-order differentiation, second-order differentiation
and standard normal variable transformation, in order to enhance the absorption characteristics of the
reflectance spectra and to eliminate the effects of changes in the experimental environment. The PCViT
gangue identification model is established, and the disadvantages of the violent patch embedding
of the ViT model are improved by using the stepwise convolution operation to extract features.
Then, the interdependence of the features of the hyperspectral data is modeled by the self-attention
module, and the learned features are optimized adaptively. The results of gangue recognition under
nine working conditions show that the proposed recognition model can significantly improve the
recognition accuracy, and this study can provide a reference value for gangue recognition using the
near-infrared reflection spectra of gangue.

Keywords: coal and gangue identification; near-infrared reflection spectroscopy; 1DCNN; self-attention

1. Introduction

Coal is still one of the most important world energy resources nowadays, and it
will inevitably be developed by intelligent and even unmanned mining technologies in
the future. However, limited by the complex and harsh production environment and
working conditions of underground coal mines, the development of intelligent coal mining
technology is still difficult and insufficient. Unmanned intelligent mining of requires the
intelligent perception of equipment. The deep combination and application of artificial
intelligence in the process of coal rock mining is the new direction of the high-quality
development of the coal industry, and the identification and sorting of coal gangue is an
important part of coal mine intelligence [1,2]. In coal mining, a large amount of coal gangue
is mixed with raw coal, which easily causes pollution and reduces the combustion heat
of raw coal [3,4]. Therefore, gangue separation is the key step to improving the quality of
raw coal [5]. In recent years, the research and application of coal gangue dry sorting have
developed rapidly, including dual-energy gamma-ray detection [6-8], X-ray detection [9],
laser detection [10] and image detection [11]. Radioactive detection techniques (e.g., gamma
and X-ray) are easy to integrate, but radiation is present during use, so radiation isolation
is required. Image detection is susceptible to various interfering factors (e.g., uneven and
poor illumination) that result in invisible surface and texture differences, and dust around
the gangue may also degrade recognition performance. Given the above challenges, there
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is an urgent need for a fast and environmentally friendly analysis method with a low
operating cost.

Near infrared spectroscopy (NIRS) is a radiation-free, in situ material-specific spectro-
scopic analysis technique whose identification mechanism is the presence of reflectance
spectral absorption properties at specific wavelengths for the specific chemical composition
and material structure of the tested substance, and this technique has been successfully
used for quantitative analysis in agriculture, fuels, food and other fields. In studies related
to coal, the literature [12,13] used NIRS and different analytical modeling strategies to ana-
lyze coal for moisture, fixed carbon and volatile matter content. In addition, Hu et al. [14]
used the results of the analysis of organic properties such as volatile matter and fixed
carbon to improve regression models for predicting inorganic properties such as ash and
sulfur. Despite several attempts to analyze coal quality, research on the application of
NIR spectroscopy in coal and gangue identification has been limited. In terms of the NIR
spectral analysis of coal ash on the basis of machine learning, researchers have proposed a
vast number of learning algorithms for increasing the quality of modeling spectral data
and estimating the performance of the model [15-18]. Based on gangue absorption spectra,
Song et al. [19] used a combination of visible-near infrared (VIS-NIR) and thermal infrared
spectroscopy to distinguish gangue from coal, and Yang et al. [20] used VIS-NIR and a
support vector machine (SVM) to identify coal and carbonaceous shale.

For these applications of NIR spectroscopy in coal analysis, most of the specimens
are in powder form. Moreover, most of the data sets involved in NIR spectroscopy studies
have sample heterogeneity, such as excessive coal powder on the gangue surface, which
will lead to the foreign matter homospectral phenomenon. Additionally, because NIR
spectroscopy is a highly sensitive nondestructive detection method, changes in the detection
conditions (e.g., separation distance and light intensity) can lead to changes in the collected
spectral data. The conventional machine learning methods used in most of the research
may not meet the requirements for accurate gangue identification [21-24]. Considering
these challenges in coal gangue identification, this paper proposes a new method for the
nondestructive detection of coal gangue identification using near-infrared spectroscopy.
An improvement of the vision transformer (ViT) [25] method, which exhibits excellent
performance in the field of image classification, allows for its application to pixel-level
tasks, and the main contributions of this paper are as follows.

(1) In this paper, we designed a three-factor (distance between the measuring device
and the sample, the dust concentration and the coal content in the field of view),
three-level simulated working environment based on the factors [26,27] that have a
great influence on the spectral data in the actual working conditions, and we analyzed
the influence of environmental factors by the collected data of coal rock spectral data
in different experimental environments. Moreover, the experiments in this paper
are based on block samples, which will significantly improve the practicality of
the method.

(2) Because the VIT method is a violent segmentation of the image, after which the output
feature map is single-scale and low-resolution, it is a challenge to apply it to pixel-level
tasks. To address the above limitations, this study proposes a pre-convolution vision
transformer (PCViT) model. In this model, we strategically introduce convolution
into the ViT structure to improve performance and robustness while maintaining
high computational and memory efficiency. Our proposed pre-convolutional vision
transformer (PCViT) exploits the advantages of CNN—a local perceptual field, shared
weights and spatial subsampling—while retaining the advantages of the transformer:
dynamic attention, global context fusion and better generalization.

The chapters of this paper are organized as follows: Section 2 introduces the structure
of the model and its specific operations, and Section 3 depicts the experimental environ-
ment, the data preprocessing methods and the experimental comparisons of different
hyperparameters of the model. Sections 4 and 5 provide a discussion and a conclusion.
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2. Pre-Convolutional Vision Transformer (PCViT)

VIT violently splits a 224 x 224 sized image into 16 x 16 blocks. This violent splitting
method is fast but ignores the local feature information in the data, and this defect can be
solved by CNN. The PCViT proposed in this paper integrates CNN and ViT; firstly, the local
feature information of the data is fully extracted by different convolutional kernels, and
then the attention weights of the extracted features of CNN are calculated by the excellent
global modeling ability of ViT. The multi-headed attention can fully utilize the resources
for parallel computation and speed up the computation speed.

A Overall Architecture.

The overall architecture of the PCVIT method proposed in this paper is shown in
Figure 1, and Table 1 summarizes the specific description of the PCVIT method.

class

Figure 1. Overall structure of the PCViT model.

Table 1. Model structure.

Layer Output Volume Description

Conv2d-1 [—1, 256, 1, 150] Number of filters: 256, Kernel size: 1 x 3
Conv2d-2 [—1,512,1, 150] Number of filters: 512, Kernel size: 1 x 1
Conv2d-3 [—1,768,1,148] Number of filters: 768, Kernel size: 1 x 3

Nonlinear transformations

Dropout-6 [—1, 149, 768] Gaussian Dropout: 0.3

Linear-7 [—1, 149, 2304] 1:3 Fully Connection
Dropout-8 [—1,12, 149, 149] Gaussian Dropout: 0.3

Linear-9 [—1, 149, 768] 3:1 Fully Connection
Dropout-10 [—1, 149, 768] Gaussian Dropout: 0.3

Encoder Block 1
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Table 1. Cont.
Layer Output Volume Description
LayerNorm-11 [—1, 149, 768] Layer Normalization
Attention-12 [—1, 149, 768] Multi-attention
LayerNorm-13 [—1, 149, 768] Layer Normalization
Linear-14 [—1, 149, 3072] 1:4 Fully Connection
GELU-15 [—1, 149, 3072] Activation
Dropout-16 [—1, 149, 3072] Gaussian Dropout: 0.3
Linear-17 [—1, 149, 768] 4:1 Fully Connection
Dropout-18 [—1, 149, 768] Gaussian Dropout: 0.3
MLP-19 [—1, 149, 768] Fully Connection, Activation:GELU
Encoder Block 2
Linear-120 [—1,2] 1538

Our goal is to improve the problem of data local feature loss in the ViT method by con-
volution. The whole architecture is similar to the CNN backbone [22], and our method has
four stages, first generating multi-scale high-resolution features by convolution and then
sending them to the Encoder structure in VIT to calculate the attention weights and further
extract the features to complete the coal gangue identification based on hyperspectral data.

B Convolutional stem design.

In order to reduce the feature dimension without losing information, we do not use
the pooling layer in classical convolutional neural networks and only use the convolutional
layer to aggregate the feature information. Inspired by Peng, in the convolutional stage,
this paper uses convolutional kernels of different sizes in the network to learn the long-term
and short-term features of the input signal. This is done by performing a1 x 3 convolution,
a subsequent 1 x 1 convolution and finally a 1 x 3 convolution at the end. We follow a
simple design pattern in order for the PCViT model to fully learn the regions of interest in
the signal: all convolution steps are 1, and the number of output channels (256) is added to
the original. The input data are quickly downsampled to 1 x 148 by three convolutions, and
the output of the last convolution layer matches the input of the standard ViT method. In
comparison, if a larger convolution step is used in the first layer, although it will reduce the
dimensionality of the data more quickly, it also makes the network lose some of the features
that are effective for classification. The convolution operation is shown in Equation (1).

y} :f<b;-+ 2 conle(wll.].l,xfl)> 1)

ieMj

In the formula, y{ refers to the output of the j neuron at the [ layer; f(-) refers to a

nonlinear function; b]l- refers to the bias of the j neuron at the [ layer; M; refers to the sample
of an input data set; xg_l refers to the output of the i neuron in the I — 1 layer; and wll./._l
refers to the weight from the i neuron in the [ — 1 layer to the j neuron in the [ layer.

C The Encoder of the Vision Transformer (ViT).

A CNN stem of our own design is used to replace the image segmentation operation
(patch embedding) in VIT, after which the convolutionally extracted features are fed into
the Encoder module. Each Encoder module consists of two parts: a multi-headed attention
layer and an MLP layer, which contains two nonlinear layers with GELU activation func-
tions. The specific structure is shown in Figure 2. The layer normalization (Equation (7)) is
applied before each layer in order to speed up the computation, and the residual join is

applied after each layer. The Encoder composition structure diagram is shown in Figure 2.
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Figure 2. Encoder composition structure diagram.

In terms of data operation, the convolutionally extracted features are first spliced
with a Class token, and after adding position encoding by Equation (2), the attention
weights of the features are calculated using Equations (3)—(5), followed by the nonlinear
transformation of the data using Equation (6). After the L Encoder modules, the data are
finally fed into a fully connected layer for classification.

zp = [xclass; xrle; xf,Ey . ;xZE] + Epos )
Attention(Q,K, V) = softmax(QKT>V (3)

7Ny \/dik
MultiHead(Q, K, V) = Concat(head; ... Head),)W© 4)
Head; = Attention(QlQ,KlK, vY) (5)
z) = MLP(LN (head;)) ®)
y=LN(2}) @)

As with other artificial neural networks, the stochastic learning process of the model
(due to random weight initialization) requires a reasonable number of learning iterations
to ensure that the cost function is minimized. The classification cross-entropy is a loss
function applicable to the classification problem and is defined using Equation (8).

2 hybrid
Lee = =Y Tilog(R;""") (8)
i=1

where Ti is the truth label and hybrid # is the Softmax probability of the nth class.

3. Experimental Study
3.1. Coal Gangue Spectrum Collection Experiment

A transparent PVC sheet was used to form a confined space, and the arrangement
of the near-infrared reflection spectroscopy collection device of the coal gangue in the
confined space is shown in Figure 3. The collimator mirror (field of view 6 = 0.12°, lens
diameter d = 2.5 cm) and halogen lamp are placed side by side; the collimator mirror and
NeoSpectra NIR spectrometer (wavelength range of 1000-2500 nm, resolution of 8 nm) are
connected with quartz fiber; the computer is connected with the NIR spectrometer through
USB3.0 to display the NIR reflection spectrum of the coal gangue samples in real time. To
reduce the influence of the bi-directional reflection characteristics of the measured gangue
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sample, a 100 W halogen lamp was used to irradiate the center of the sample surface in a
vertical direction to form a circular light spot with an illumination of about 20,000 Ix. In
order to limit the scattering phenomenon during the spectral acquisition, a collimator was
used to collimate the beam, and the distance between the collimator and the spot center
was L. The range of the spectrum acquired by the NIR spectrometer was the circle formed
by the field of view of the collimator on the surface of the sample. The diameter D and area
S of the bottom circle are

D:d-I-ZLtang )
nD?
= — l
S 1 (10)

- = #
e ¥ o — e

EE—— o Tungsten
T b

lamp

-
S —

Dust
concentrati
on meter

Experimental
samples

Tungsten
halogen lamp

Experimental samples

*@—7 ’Simctrometer

Computer
(b)

Figure 3. Gangue near-infrared reflection spectrum acquisition device. (a) Physical diagram,
(b) Schematic diagram.

In order to simulate the different environmental conditions of gangue identification as
far as possible, the dust concentration in the confined space is set as 200, 500 and 800 mg/m?,
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and the distance between the collimator and gangue sample is set as 1.2, 1.5 and 1.8 m.
Meanwhile, the field of view of the collimator acquisition is related to the distance L, so
the coal percentage in the field of view is set as 1/3, 2/3 and 1 [27]. According to the
scientific experimental method, the three-factor three-level orthogonal test was designed,
and the specific details are shown in Table 2 and nine working conditions are shown
in Table 3.

Table 2. Experimental factors setting table.

Setting Table
Coal Content Full Two-Thirds One-Third
Dust concentration (mg/ m3) 200 500 800
Distance (m) 1.2 1.5 1.8
Table 3. Nine working conditions.
Condition Label
1.2 m-200 mg/m3-Full H1
1.2 m-500 mg/m3-two-thirds H2
1.2 m-800 mg/m3-one-third H3
1.5 m-200 mg/m?3-two-thirds H4
1.5 m-500 mg/m?3-one-third H5
1.5 m-800 mg/m3-Full Hé6
1.8 m-200 mg/m?3-one-third H7
1.8 m-500 mg/m3-Full H8
1.8 m-800 mg/m?3-two-thirds H9

Note: The mixing rate expressed in terms of a projected area can be obtained by
counting the number of pixel points in the two-dimensional image. One-third of the coal in
the table is shown in Figure 4.

oS0 300

Figure 4. The Schematic diagram of Coal Content.

3.2. Experimental Data Set and Validation Setup

The near-infrared reflection spectral curves of the same coal gangue sample under
different working conditions are shown in Figure 5. From Figure 5, it can be seen that the
spectral curve of the coal rock sample has an overall drift due to the change in the experi-
mental environment. With the increase in the detection distance and dust concentration,
the reflectance of the near-infrared reflection spectrum of the coal rock decreases, which
will not affect the location of the characteristic absorption band of the spectrum but will
affect the depth of the characteristic absorption band. The near-infrared reflectance spectral
curve of the gangue fluctuates more obviously throughout the band, especially at 1400 nm,
1900 nm and 2200 nm near the appearance of the obvious characteristic absorption band.
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Compared with the spectral curves of the rocks, the spectral curves of the coal specimens
are smoother and have no obvious characteristic absorption bands.

Y%Reflectance or Transmittance

1,300 1,400 1,500 1,600 1,700 1,800 1,900 2,000 2,100 2,200 2,300 2,400 2,500 2,600

Y%Reflectance or Transmittance

B

OHNWAUWOND OO RN

1,300 1,400 1,500 1,600 1,700 1,800 1,900 2,000 2,100 2,200 2,300 2,400 2,500 2,600

(b)

Figure 5. Near-infrared reflectance spectra of coal and gangue samples under different detection
distances and dust concentrations. (a) Near-infrared reflection spectral curve of gangue, (b) Near-
infrared reflection spectral curve of coal.

During the experiment, the natural light intensity of the test site is constantly changing,
and there is no timely use of the calibration whiteboard for the reflection background
calibration, so there will be a background shift phenomenon. The coal and gangue are rich
in a variety of chemical compositions; the difference in composition and inhomogeneity
will form the scattering of light, which makes the collected coal gangue reflection spectral
data contain a lot of noise.

In order to enhance the absorption characteristics of the gangue reflection spectrum
and eliminate the influence of the changes in the experimental environment, three methods
are used to pre-process the gangue reflection spectral data: first-order differentiation,
second-order differentiation and standard normal variable transformation [28]. The pre-
processed data are shown in Figure 6. The principles of the three algorithms are as follows:

(1) First-order differentiation and second-order differentiation.

=2¥; Y 1Y Y2
Yr = 10\
=2y Y1212
7A2

(11)

Ysec = (12)
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where yg, and ysec are the reflectance after the first-order differentiation and second-
order differentiation, respectively; y;j is the reflectance at the jth wavelength point and the
wavelength interval.

Vi = Vi
Ysny = ’ - (13)
\/ o1 D (Yij - YT)
1
Vi = o ijzl Yij (14)

where ysny is the reflectance after the standard normal variable transformation process; yj
is the reflectance of the jth wavelength point of the ith sample; y; is the average reflectance
of the ith sample; and p is the number of spectral wavelength points.

30
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Figure 6. Spectral curves after pre-treatment. (a) first-order differentiation, (b) second-order differen-

tiation, (c) standard normal variable transformation.

A total of 120 coal and gangue samples were collected, and each sample collects the
spectral data of nine simulated working conditions respectively, so the data set contains a
total of 2160 spectral data. The training and testing sets are divided in the ratio of 7:3, and
the proportion of each category is guaranteed to be balanced.

PCVIT is implemented in the pytorch library, and Python 3.8. web training and testing
were performed on a computer with a Windows operating system, Intel Core i7-6850K
CPU and GTX 1080Ti GPU. During training, we used a cross-entropy loss function and an
Adam optimization algorithm with a learning rate of 0.0001. To verify the stability of the
algorithm, each set of experiments was performed five times.

The success of the model in the classification study was related to the number of
samples in the correct and incorrect categories. The performance criterion of the model
is represented by the complexity matrix of the performance criterion of the test data. An
example of the confusion matrix is given in Figure 7.
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Prediction
Positive Negative
Actual Positive True Positive(TP) False Negative(FN)
Negative False Positive(FP) Ture Negative(TN)

Figure 7. Example of the confusion matrix.

Figure 8 shows the relationship between the loss and accuracy for each epoch. It
is necessary to minimize the error in the recognition process. Accuracy is defined here
as the ratio of the number of correctly trained data to the total number of trained data
(Equation (15)). We can find that both values are converging, and the accuracy of the
network is increasing as the training proceeds.

Accuaracy = IP+1N
Y= TP EN | FP + IN

(15)

dccurdcy

[ ]

0.8

0.6+

ACCUracy

0.4+

0.2 T T T T T T

0 20 10 60 80 100
cpoch
1.5 loss
1.2+
0.9
n
:Jﬁ'.:
06
.31
.0 T T T T T T
0 20 4 a0 R0 100

epuch
Figure 8. Loss and accuracy of test set.

3.3. Effect of Hyperparameters
1.  The scale of the filter

This section explores the effect of the scale of the filter in PCViT on the performance
of the model coal gangue identification. Two network structures are built in this experi-
ment, Conv3 and Conv7, and the ending numbers in their names indicate the size of the
convolution kernel. Figure 9 shows the recognition accuracy of the model under the two
convolutional kernels. It is clear that the network performance decreases when the con-
volutional kernel size changes from 1 x 3 to 1 x 7, which indicates that more recognition
features are extracted by using smaller convolutional kernels.



Energies 2022, 15, 4189

11 of 16

100 1 Cde=7 [ Je=5 [_1e=3

98 [

©
>
1

Accuracy(%)

©
~
1

92

90 T T T T
1 2 3 4
Test number

[$2]

Figure 9. The influence of the filter scale.

2. The Number of Vit Layers

This section explores the effect of the number of vit layers in PCViT on the coal
gangue identification performance. Three network structures are established in this
experiment—PCViT-4, PCViT-6 and PCViT-12—and the ending numbers in their names
indicate the number of vit layers, The number of parameters is shown in Table 4. Figure 10
shows the recognition accuracy of the three PCViTs. It is clear that when the number of
vit layers increases from four to twelve, the network performance also increases. This
indicates that the optimization effects of multiple attention modules can be accumulated
in the network, thus continuously improving the network performance. Although more
attention modules increase the network parameters, the accuracy of PCViT-6 is improved
by about 3% compared to that of PCViT-4, so the small increase in the network parameters

is acceptable.

Table 4. Number of three network parameters.

Models Hiden Dim Parm
PCViT-4 768 48.6

PCViT-6 768 86.8
PCViT-12 768 304.3

100 [ Method-4 [ Method-6 [0] Method-12]

98 =]

96

Accuracy(%o)

91

92

90 T T T T T T T

1 2 3 1
Test number

w1

Figure 10. The recognition accuracy of the PCViT network with different depths.
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3.  Comparison with other advanced networks.

The six deep learning networks are PVCT, VIT [25], Wencnn [29], MATDCNN [30], a
residual convolutional neural network based on 1IDCNN (Rescnn) [31] and a deep confidence
network (SAPSO-DBN) [32], and the experimental results are shown in Figure 11.

1009 _ — _ o
80
$ 60-
=
[&]
S -
3
< 104
[ ] proposed method
] E Rescnn
. [ | MAIDCNN
[ Wencnn
] [ | SAPSO-DBN
0 B vIT
T T T f f
1 2 3 4 5
Test number

Figure 11. Comparison of the accuracy rates of six methods.

First, we discuss the performance of the PCViT and VIT networks. As can be seen
from the figure, PCViT and VIT achieve 98% and 95% recognition accuracies in the test set,
respectively, which are much better than those of the other non-VIT networks, indicating
that the self-attention mechanism in VIT can effectively learn the feature relationships
between the coal gangue spectral data, resulting in better recognition performance. In
addition, PCViT adaptively captures features related to the recognition information by
pre-convolution, which is about 3% better than VIT, demonstrating the effectiveness of the
preemptive use of convolution operation. Next, we discuss the performance of PCViT and
the three CNN-based networks. It is clear that PCViT outperforms the three CNN-based
networks in terms of recognition accuracy under all working conditions. The MAIDCNN
method adds channel attention and activation attention mechanisms to CNNs, which
pay more attention to the local features in the data. In contrast, the coal rock spectral
data have their own peculiarities, i.e., the experimental samples of the same components
produce different data in different experimental settings, and robust identification methods
require the analysis of potential connections in the global data, so self-attentive mechanisms
that can establish global connections are more suitable for this task. We use the t-SNE
technique to visualize the final output distribution of six methods in two dimensions, and
the visualization results are shown in Figure 12, where green represents coal and brown
represents gangue.

Finally, in order to demonstrate the good performance of the proposed new method,
the identification accuracy under various working conditions is analyzed in detail in this
paper, and the gangue spectral data of the ideal experimental environment are added.
The confusion matrix of PCViT under nine working conditions is given in Figure 13.
In this figure, the rows and columns denote the predicted labels and the true labels,
respectively. The diagonal cells indicate the accuracy of gangue identification. It can
be seen that the model can distinguish the test samples with high accuracy under all of
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the working conditions, and the recognition accuracy is still about 96% even in the most
severe experimental environment (1.8 m-800 mg/m?), which indicates that PCViT has

good potential for practical applications.

Figure 12. Visualization results of different methods.

-60 —60 -60
= 30 - —30 V4 00 Godlia = —30 o LD
g’ 2 &0 &r;ﬂcw h?"f"} o 3 _ a4 d ,;“ﬂ'{@
: z i Z N N
= 5 = liw
@ 0 @ 0 . (] 0 ) \
o [\ o .
'g'!' 00 9 0 s*%';"’ﬁ
L] ] ‘ 'L A i
30 30 Ky “@”o‘ﬂ“ 30 “” ’
60 PCViIT 60 Rescnn 60 MAIDCNN
-60 -30 0 30 60 -60 -30 0 30 60 -60 -30 0 30 60
Feature 1 Feature 1 Feature 1
60 60 60
= 30 ‘w o 30 o _ = =30 L
g 2 ol 8 °
5 . 5 0 COO gg '! |§° M g
o] £ s L go8%® =
0o & @, & @ ) 3 9
© m:- W L fifee § N °
L
30 30 o S0000088880060°68800 20 ®
o
60 Wencnn 60 SAPSO-DBN 60 ViT
-60 -30 0 30 60 -60 -30 0 30 60 -60 -30 0 30 60
Feature 1 Feature 1 Feature 1

Figure 13. Confusion matrix of nine working conditions of coal gangue identification.



Energies 2022, 15, 4189

14 of 16

Figure 14 provides the distribution of the output of PCViT prediction in two-dimensional
space. The number after the letter H is the corresponding simulated experimental envi-
ronment, and HO (1.2 m-None-Full) is the data of the ideal experimental environment. As
we can see from the figure, due to the characteristics of the high sensitivity of the NIR
spectroscopy technique, the changes in the experimental environment do affect the gangue
spectral data, and the different qualities of the experimental samples render the accurate
identification of the gangue even more difficult.

Gangue Coal
O H1 O H2 O H3 O H4 O H5 O HIO H20OH3 OH4 OH5
60 O H6 O H7 O H8 O H9 O HO © H60 H7O H8 O H9 OHO
-30 R o
E \'X\f);‘i,,‘ X AR
§ ' . }5'-. J
'("D O ‘-I:‘\. <}
(\}
30
60
-60 -30 0 30 60

Figure 14. t-SNE plot of prediction results.

4. Discussion

Data Assumptions

(1) The feature space of the test and training samples should be the same, i.e., they are
one-dimensional signals with the same length and the same sampling frequency. (2) The
label space of the test and training samples should be the same. (3) The working con-
ditions of the test and training samples should be the same, i.e., they have the same
feature distribution.

Significance and Advantages

The validity has been confirmed in Section 3. Next, we discuss the advantages of
PCVIT. (1) Enhanced identification of the feature learning mechanism: Starting from the
characteristics of the data itself, it can be found that the different components of coal
and gangue lead to different locations and peaks of their absorption peaks. The self-
attention mechanism can locate the information of the feature absorption peaks and pay
more attention to them so as to extract more recognition information, which is important
to improving the model performance. (2) Exploring the discriminative feature learning
mechanism: the feature representation in PCViT consists of activation maps extracted by
different convolution kernels. The information captured by different convolutional kernels
has different importance for the gangue recognition task. The neural network learning
of recognition features is very redundant, and treating all features equally is harmful to
network performance. Therefore, the next direction of our research is to further improve
the performance of the model in combination with CBAM and to explore the impact of
convolutional kernels through the hybrid domain attention mechanism.
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5. Conclusions

In the process of coal mining and sorting, if the gangue content in the fine coal is too
high, it will cause unnecessary pollution when burning; if the coal content in the gangue
is too high, it will damage the coal yard. Good environmental adaptability and high
recognition accuracy are the prerequisites for the effective separation of coal and gangue.
In this paper, the PCViT coal gangue recognition model is proposed, and the local features
of coal gangue spectral data are fully extracted by using the convolution operation of three
small convolution kernels with a small step length. This operation solves the shortcomings
of the ViT model, which ignores the local features of the data. Then, the weights of the
extracted features are calculated by using the multi-headed self-attentive module in ViT to
adaptively optimize the learned features in order to obtain more discriminative features.
The global modeling capability of ViT solves the drawbacks of not being able to focus on the
global information and the long-distance dependence caused by the local sensory field of
CNN. The conclusions are summarized as follows. (1) The pre-convolution operation used
has demonstrated its effectiveness for understanding and learning gangue discriminative
features. (2) The proposed PCViT model applied to hyperspectral gangue identification
shows significant advantages in terms of accuracy in advanced networks.
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