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The cooperative control of shearer and scraper conveyors is the prerequisite for the
realization of intelligent comprehensive mining equipment and unmanned comprehensive
mining workings. However, because of the harsh working face environment, the complex
process of comprehensive mining, and the many uncertainties, it is difficult to establish a
mathematical model for the cooperative control of shearer and scraper conveyors
precisely through the operating mechanism. In the era of big data, the data-driven
model has become a popular trend. Therefore, according to the actual production
process data, this article proposed a data-driven cooperative control model of
shearer–scraper conveyor based on rough set theory. First, the selection method of
process monitoring parameters based on rough set theory was proposed to remove
redundant parameters and redundant parameter values. Moreover, the decision rule base
of cooperative speed regulation of shearer and scraper conveyor was established. Then a
collaborative speed regulation decision algorithm based on attribute importance was
designed. The algorithmmatches the decision rules according to the real-time observation
data and then determines the running speed of the shearer. The simulation results show
that the proposed data-driven collaborative control model of shearer–scraper conveyor
based on rough set theory overcomes the limitations of the mathematical model. It can
predict the running speed of shearer well and realize the collaborative speed regulation of
shearer–scraper conveyor.
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1 INTRODUCTION

The comprehensive working face is not only the forefront of coal production but also one of the main
gathering places for underground coal mine workers. The production environment is poor and the
operation risk is high. Therefore, unmanned technology is the key to realize the safe mining of fully
mechanized working face (Wang et al., 2019; Liu et al., 2021). The intelligent coordinated speed
regulation between shearer and scraper conveyor is one of the key problems to be solved. The change
in shearer operation speed directly determines the change in scraper conveyor load (Huang et al.,
2020). Unreasonable shearer operation speed often leads to light load operation, load mutation,
overload shutdown, and even causes equipment damage and casualties. Therefore, the intelligent
adjustment of the shearer running speed can effectively solve the problem of intelligent cooperative
operation between shearer and scraper conveyor (Wang, 2014; Sun et al., 2021).
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At present, a large number of scholars have studied the shearer
speed regulation and the scraper conveyor load prediction.
Tiryaki B. studied the application of frequency conversion
technology in the shearer speed control system and put
forward the shearer speed control method based on the
shearer traction load according to the field experiment.
Ralston J. C. proposed an automatic adjustment method of the
shearer speed based on the recognition of coal–rock interface
(Ralston and Strange, 2012). Ou Lulu analyzed the constant
power control strategy of shearer. According to the
characteristics of shearer speed control system, the shearer
speed can be adjusted by the cutting load (Ou, 2008). Quan
Ning studied the spatial constraint relationship of the mining
equipment, analyzed the relationship between the current of the
mining equipment and the shearer traction speed, as well as
adjusted the shearer speed based on the current of the mining
equipment (Quan, 2011). Murphy C. J. analyzed the dynamic
load characteristics of the conveyor and proposed a method to
track the load changes of the conveyor (Murphy and Bliss, 1994).
Jun C. used the load detector to measure the chain tension of the
scraper conveyor under different load states and designed a
system that can monitor and control the load state of the
scraper conveyor automatically (June 2012). Yang Wei
analyzed the influence of coal cutting direction and inertia
force on the load of scraper conveyor from the dynamic coal
cutting perspective of shearer (Yang, 2011). The above studies
have improved the single machine intelligence level of a fully
mechanized mining equipment to some extent, but have not
solved the problem of coordinated speed regulation of
shearer–scraper conveyor.

With the continuous improvement in coal mine production
technology, the research of single intelligent fully mechanized
mining equipment has been unable to meet the automation and
unmanned needs of fully mechanized mining face. The
construction of cooperative control mechanism between fully
mechanized mining equipment is the basis and key for the future
development of intelligent fully mechanized mining face. The
cooperative speed regulation between shearer and scraper
conveyor has been studied by foreign and domestic scholars.
Based on the analysis of the cooperative movement of coal
mining, Luo C. M. formulated the action rules of hydraulic
support and the adaptive height adjustment strategy of shearer
(Luo et al., 2016). Qiao Chunguang analyzed the cooperative
motion relationship between the shearer and the scraper
conveyor, and established the mathematical model of 3D space
shape detection of the scraper conveyor based on the operation
posture and position of shearer, in order to obtain the shape of the
scraper conveyor in the working face. On this basis, coordinated
control of the shearer–scraper conveyor was carried out (Qiao
et al., 2018). Fan Q. G. analyzed the mutual constraint law of
shearer and scraper conveyor, constructed the constraint set,
established the task control model and task coordination
mechanism, as well as realized the coordinated operation of
comprehensive shearer and scraper conveyor (Fan. et al.,
2012). Cui Nannan studied the shearer speed control system
based on the cooperative work of fully mechanized mining
equipment. The coordinated control technology of shearer and

scraper conveyor was used to predict the load, and the specific
scheme of the coordinated control was given. Then the shearer
speed control system about the load prediction of scraper
conveyor was developed (Cui, 2017). Combining with the
cutting load characteristics of the shearer equipped with
scraper conveyor, Wang Yao obtained the unloading
characteristics, that is, the variation curve of coal drop with
the traction speed of the shearer, and on this basis established
a collaborative control mechanism (Wang and Meng, 2018).
These studies have opened up the research field of cooperative
control of shearer and scraper conveyor, and made great
contributions to the construction of fully mechanized mining
intelligence.

However, the above method puts forward some assumptions
and conditions for the interference factors of the environment
and equipment when establishing the cooperative working model
of the shearer and the scraper conveyor. Such as, in the process of
coal flow transportation, the size of coal particles cannot be
determined. The baffle has been completely covered by coal
particles and cannot be measured; in the actual transportation
process, the coal flow has a velocity gradient, etc. When building a
mathematical model, it is inevitable to make assumptions and
conditions for these problems, which have a great impact on the
load of the scraper conveyor. Moreover, the established
cooperative speed regulation control model of shearer and
scraper conveyor cannot adapt to complex and changeable
production conditions. With the deep integration of artificial
intelligence and big data and other technologies with the
traditional coal mining industry, a large amount of historical
operation data of fully mechanized mining equipment has been
generated. These data contain rich cooperative control strategies
and operation logic of shearers and scraper conveyors. Effective
use of these data to study the data-driven control method for the
cooperative process of the shearer and the scraper conveyor can
deal with the problem that the established model cannot adapt to
the complex and changeable production conditions. Data-driven
research has become a new breakthrough in the research on
cooperative speed regulation of shearer and scraper conveyor.
Scholars have carried out related research. For example, aiming at
the sudden change in working conditions caused by coal–rock
inclusions and aiming at reliable operation and efficient
production of shearers, Ge Shuaishuai et al. proposed a
calculation method for the control target of cutting thickness
of the pick based on the rated torque of the cutting motor, and
based on the load characteristics of the drum and the rock-
breaking ability, the drum speed regulation control strategy and
the traction-drum coordinated control strategy for different
sudden changes are formulated (Ge et al., 2015). Tan, C.
proposed an improved Elman neural network (ENN) based on
threshold strategy to predict the operation parameters of shearer.
Furthermore, probabilistic neural network (PNN) was used to
evaluate the operation state of scraper conveyor, and its
collaborative control process was designed and analyzed (Tan
et al., 2015). Data-driven control methods have also been
investigated in other complex industrial fields. Ding Y.
designed a data-driven DNUC method and proposed a
collaborative control system based on the real-time monitoring
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data of all relevant equipment due to the precise plant model
required by DNUC (Ding et al., 2015). Santos A.V. used data
mining technology to extract relevant information from a large
number of monitoring datasets in order to deal with complex
industrial wastewater and study the control of membrane fouling
(Santos et al., 2018). Asadi Yasin proposed a data-driven adaptive
controller to solve the complexity of industrial process modeling
and control, which makes the system less dependent on pre-
identified models (Asadi et al., 2021). The research results show
that the data-driven control method can effectively solve the
dependence of the complex industrial system control model on
the control object mechanism.

However, some basic problems need to be noticed when the data-
driven controlmethod is applied to the cooperative control system of
the shearer–scraper conveyor. First, the working environment of the
shearer–scraper conveyor is highly complex, and the data of
production process are widely distributed in all aspects such as
fully mechanized mining equipment, centralized control center of
roadway, and ground remote control system (Gao, 2018; Quan et al.,
2018). The multisource data of the working face and the error of
measuring equipment may lead to inaccurate, inconsistent, or
incomplete field data. Second, the field data set attributes have
different effective weights related to decision behavior, which
should be considered in the data-driven collaborative control
model of the shearer–scraper conveyor (Tan et al., 2014;
Xing et al., 2021). In order to solve the problem of incomplete
data caused by equipment failure or network interruption, Hu
Xuguang proposed a generative adversarial network based on
trinetworks form (tnGAN) to deal with the problem of
incomplete sensor data leakage detection. The proposed method
has made great contributions to the recovery of incomplete data in
the industrial field (Hu et al., 2021). The rough set theory proposed by
Pawlak is also an effective mathematical tool in dealing with
incomplete data. It can be utilized to discover hidden knowledge
and information from field datasets (Pawlak, 1982; Zhang et al.,
2014). The significance of attributes can also be calculated without
any prior knowledge. A large number of scholars have conducted in-
depth research on this. For example, Ruihua L. established the
prediction model of underground coal mine gas by reducing the
redundant information based on the improved rough set theory to
solve the incomplete data attribute reduction problem existing in the
existing online gas early warning model (Li et al., 2021). Elbaz A. H.
established a medical diagnosis decision table by using the rough set
theory and achieved the diagnosis of the disease by knowledge
reduction (El-Baz, 2015). Aiming at the problem of intelligent
knowledge expression and decision making of railway traffic
dispatching command system, Wang Minghui proposed a method
for selecting key indices of railway traffic dispatching based on rough
set and applied it to the decision of adjusting train operation order
(Wang, 2014). This controlmethod based on the rough set theory has
been widely used in coal mine gas prediction, medical diagnosis,
decision support, and analysis, but the key technology has not been
studied in the cooperation field of the shearer–scraper conveyor.

To this end, this paper proposed a data-driven collaborative
control model of the shearer–scraper conveyor based on the
rough set theory, which can well simulate the collaborative
work process of the shearer–scraper conveyor, as well as

predict and control the shearer speed. In this model, the
process monitoring parameter selection method based on the
rough set theory was used to remove redundant parameters and
redundant parameter values. The collaborative speed regulation
decision rule library of the shearer–scraper conveyor was
established. Then a cooperative speed regulation decision-
making algorithm based on attribute importance was designed.
According to real-time observation data, the algorithm matches
decision rules to determine the operation speed of the shearer.
The main contributions of this paper are as follows.

1) A data-driven control method was proposed to realize the
cooperative control of the shearer and the scraper, which
makes up for the problem that the traditional control model
depends on the cooperative working mechanism of the
shearer and the scraper.

2) A method for selecting monitoring parameters based on the
rough set theory was proposed to deal with the problem that
the monitoring parameters are full of uncertainties in the coal
mining and scraper processes.

3) A cooperative speed regulation decision algorithm (CSDA) of
the shearer–scraper conveyor considering attribute weight
was designed.

4) This paper proposed a data-driven cooperative control model
of the shearer–scraper conveyor based on the rough set theory,
which does not require comprehensive mining equipment and
mining process. The decision rule base of the shearer–scraper
conveyor cooperative control is established with strong
interpretability and generalization performance.

This paper is divided into five parts. Section 2 introduces the
rough set theory. Section 3 describes the methods used in this
study, including the optimal feature parameter selection method
and the shearer–scraper conveyor collaborative speed decision
algorithm. The fourth section conducts experimental verification,
describes the whole process of obtaining the optimal decision rule
set of the shearer–scraper conveyor collaborative speed
regulation, and verifies the rule base and decision algorithm.
The conclusions of this article are in section 5.

2 METHODOLOGY

2.1 Model Framework
This paper proposes to establish a cooperative speed control rule
database for coal shearers and scraper conveyors based on the
rough set theory. Even if there are some incomplete or
inconsistent data in the original data set, the model can reveal
more useful information from the original data, thereby,
obtaining the optimal decision rule set. The main process of
the proposed shearer self-adaptive control model is shown in
Supplementary Figure S1. It is mainly divided into three parts:
The first part is to determine the initial characteristic parameters
from the field data collected by the Yujialiang automated data
acquisition system. The data of the initial characteristics are
preprocessed to establish a coal shearer–scraper conveyor
coordinated control data set. In the second part, the
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shearer–scraper conveyor coordinated control data set is
discretized and then input into the Rosetta system as the
initial decision table, and the redundant attributes contained
in the original decision system are removed through attribute
reduction and value reduction of the rough set theory. The
decision-making system was simplified, and the optimal set of
decision-making rules was taken. In the third part, a decision-
making algorithm that considers attribute weights is designed to
handle different coal flow conditions. The decision-making
algorithm selects the most suitable rule for the speed of the
shearer by calculating the distance between the real-time data and
the optimal decision-making rule set.

2.2 Rough Set Theory
The rough set theory was first proposed by Professor Pawlak to
deal with the imprecision, ambiguity, and uncertainty of data.
Rough sets have important applications in intelligent decision-
making systems, and it is suitable for automatically acquired rules
because it can deal with inaccurate, inconsistent, and incomplete
data (Pawlak, 1982). In the rough set theory, information system
is defined as a four-tuple (U,A, V, f), where U is a non-empty
finite object set, representing the domain, A is a set of non-empty
finite attributes, V is the range of attribute set, and f is an
information function. For x ∈ U and a ∈ A, there is f(x, a) ∈ V.
If there is A � C ∪ D and C ∪ D ≠∅, the information system is
called a decision system, where C is the set of conditional
attributes, and D is the set of decision attributes.

Definition 1: Given a decision system, S � (U,C∪ D,V, f), let
ind(p) denotes the indiscernibility relation on attribute set
p ⊆ A, then the following equation can be obtained.

ind(p) � {(x, y) ∈ U × U
∣∣∣∣∀a ∈ P, a(x) � a(y)} (1)

where a(x) represents the value of attribute a of object x. ind(p)
means that object x and object y in the information system
cannot be distinguished according to the attribute values on
attribute set P. The symbol U/ind(p) denotes the partition
based on an indiscernibility relation ind(p) on domain U.

Definition 2: Given a decision system S � (U,C ∪ D,V, f),
the lower and upper approximations of set X ⊆ U with respect to
its indiscernibility relation ind(p) are as follows.

P (X) � ∪ {Yi|Yi ∈ U/P, Yi ⊆ X} (2)
�P(X) � ∪ {Yi|Yi ∈ U/P, Yi ∩ X ≠∅} (3)

Definition 3: Given a decision system S � (U,C ∪ D,V, f), let
P denotes a conditional attribute set in a decision system, and D
denotes a decision attribute set, then the POSP(D) of P relative to
D is as follows.

POSP(D) � ∪
X∈U/Q

P (X) (4)

If there is POSC−ci(D) � POSC(D) for ∀c ∈ C, attribute C is a
redundant attribute in the decision table.

Definition 4: Given a decision system S � (U,C ∪ D,V, f),
where C is a conditional attribute set, and D is a decision attribute
set. There are partitions U/C � {X1, X2, . . . , Xn} and

U/D � {Y1, Y2, . . . , Ym}. The rule rx in the decision table can
be described as Eq. 5.

rx: des(Xi) → des(Yj), Xi ∩ Yj ≠∅ (5)
where des(Xi) represents the attribute value of object x on the
condition attribute set Xi, and des(Yj) represents the attribute
value of object x on the decision attribute set Yj. According to the
definition of the rules in the decision table, we can realize the
value reduction of the rules in the decision table, remove the
redundant attribute values in the table, and simplify the
decision table.

3 DATA-DRIVEN COOPERATIVE CONTROL
MODEL OF SHEARER-SCRAPER
CONVEYOR BASED ON ROUGH SET
THEORY

3.1 Determination of Initial Characteristic
Parameters
The collaborative work process of the shearer–scraper
conveyor is complex, and the environmental coupling is
strong. The data-driven collaborative control model of the
shearer–scraper conveyor based on the rough set theory is to
speed the shearer according to the operation state of the
scraper conveyor. The data source of the collaborative speed
regulation includes the operation data and environmental data
of the shearer and the scraper. The data types are diverse,
including current, voltage, temperature, speed, and other
sensing data. During the operation of the scraper conveyor,
with the change of coal falling amount of shearer, its motor
current, motor speed, and temperature are constantly
changing. Although the load of scraper conveyor is not
simply a linear relationship with the motor current, the
fluctuation of the motor current can reflect the change in
the load. The shearer runs repeatedly in the working face, the
scraper conveyor runs circularly, and unloading is at the end of
the machine, so the direction and position of the shearer and
the coal load of the scraper conveyor are also important. At
present, the centralized monitoring system of fully mechanized
mining can conveniently collect and record these data.
According to the requirements of mining technology, the
characteristic parameters of the operation state of the
shearer–scraper conveyor are selected, as shown in
Supplementary Table S1.

In Supplementary Table S1, the two characteristic variables,
body pitch angle c1 and body cross-roll angle c2 of the coal miner,
reflect the undulating variation of the working face bottom plate
and the spatial position state of the scraper conveyor to a certain
extent. The height of the coal miner drums c8 and c16 reflects the
undulation of the working face top plate. Therefore,
Supplementary Table S1 not only characterizes the operating
conditions of the shearer–scraper conveyor but also, to some
extent, portrays the environmental conditions at the
working face.
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3.2 Determination of Initial Characteristic
Parameters
3.2.1 Discretization
The rough set theory can only deal with discrete data. Therefore,
when using the rough set theory to model the adaptive speed
regulation process of the shearer, continuous attributes must be
discretized first; otherwise, the computational complexity will
exceed the limit. Moreover, discretization belongs to the data
preprocessing stage in the whole rough set modeling process, and
its effect will greatly affect the final accuracy of the model.

Based on the characteristics of the data collected in this paper,
a data discretization method based on an improved K-means
clustering algorithm was used in order to overcome the
characteristics of different identification target sensor data
having a certain degree of differentiation. Different sensor data
have different formats and null values, and these collections are
susceptible to noise. First, a large number of high-dimensional
attribute data points are divided into multiple clusters according
to the class cluster indicators, and the class cluster labels for each
cluster is extracted. Then labels are employed in discretizing all
the data in the clusters to reduce the errors caused by
discretization through making full use of the characteristics of
the data itself. Based on the improved K-means clustering
algorithm, the final number of clusters is chosen as the K
value corresponding to the lowest point (minimum value) of
the cluster index curve with K value. In order to reduce the
computational complexity, the algorithm uses the average center-
of-mass distance of the class clusters as the class cluster indicator,
taking into account the sample distance and dispersion, in order
to reduce the influence of noise and isolated points on the
decision recognition results. For the null values in the dataset,
interpolation can be performed based on the class cluster density
and the upper and lower samples. Taking the coal miner adaptive
self-adaptive control dataset as the sample dataset, let the sample
dataset be X � {xi|i � 1, 2, . . . , n}, then the mean value E of the
average center-of-mass distance of the class cluster can be
expressed as follows.

E � 1
k
∑k
i�1

1
ni
∑ni
j�1

1
ni
d(xj, corei) (6)

where K is the number of class clusters, ni is the number of
samples in class i of Ci, d(·) is the distance function, usually
euclidean distance, and corei � 1

ni
∑
x∈Ci

c is the center of clusters of

Ci. Using attribute c1 as an example, the improved K-means
clustering discretization algorithm is as follows.

The input is the value of the attribute and the maximum value
of k. Here the value of k is enumerated by a decreasing counter.
The output is the discretized value of the attribute.

Step 1: K-means clustering is performed for all attribute data, and
a fixedK value is taken. The results are stored temporarily.

Step 2: Calculate the mean prime distance of the class clusters as
the class cluster indicator.

Step 3: Determine whether k is greater than 1. If yes, then k−1,
return to Step 1, otherwise go to Step 4.

Step 4: Calculate the minimum value of the attribute’s class
cluster indicator with k value, determine the final value
of k, and select the clustering result corresponding to k
value from the staged data.

Step 5: Discrete the continuous attributes using the class cluster
labels instead of the values of the data in the class clusters.

3.2.2 Feature Reduction
After discretization, it is necessary to perform feature reduction
on the adaptive speed regulation dataset of the shearer. Due to the
importance of attributes, this paper directly selects the minimum
attribute reduction set as the adaptive speed regulation rule set of
shearer, and calculates the dependence and importance of each
condition attribute in turn, which is an important parameter for
subsequent decision making.

r(C,D) � card(POSC(D))
card(U) (7)

sig(c, C, D) � r(C − c, D) − r(C,D) (8)
sgf(c, P,D) � r(P − c, D) − r(P,D) (9)

In Eqs 7–9, where r(C,D) denotes the dependence of the
decision attribute D on the conditional attribute C, sig(c, C,D)
represents the importance of each conditional attribute c in the
conditional attribute set, and sig(c, C,D) is the influence of the
conditional attribute c on the classification ability of the
conditional attribute set P on the decision genus D. If
sgf(c, P, D) = 0, it states that the removal of the conditional
attribute c does not affect the classification ability of the
conditional attribute set P for the decision attribute D. Then it
does not need to be added to the approximate attribute set. The
larger the value of sgf(c, P,D) is, the more important the
conditional attribute c is, indicating that c has a greater
influence on the classification effect of P ratio on D. The
specific flow of the approximation is shown in Supplementary
Figure S2.

3.3 Decision Algorithm for Cooperative
Speed Regulation of Shearer–Scraper
Conveyor
After attribute reduction, the decision rule base is generated, and the
decision algorithm can select the appropriate rules from the rule base
according to real-time data for determining the shearer speed. It is
themost important issue in the decision-making process to select the
appropriate rules to make decisions on the speed of the shearer at
time t + 1. Since different attributes have different influences on the
selection of decision rules, it is necessary to consider the weight of
each attribute in the decision rule table when making the shearer
speed decision, which makes up for the insufficient consideration of
attribute importance in the traditional shearer behavior decision-
making method.

dist(M(t), r) �
��������������������∑
c∈RED

wc(M(c, t)) − r(c)
√

(10)

where c is the attribute in the conditional attribute set RED,
M(c, t) represents the value of attribute c in the real-time data
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M(t) collected at time t, r(x) is the value of attribute c in rule r,
and wc is the weight of attribute c in the decision rule table. The
weight can be represented by the discrimination of attribute c in
the conditional attribute set DEP. For attribute c ∈ DEP, its
discrimination is defined as Eq. 11.

dDEP(c) � |U/DEP| − |U/(DEP − {c})|
|U/DEP| (11)

Among them, U/DEP � U/ind(DEP) � {c1,/cn}, |U/DEP|
represents the number of equivalent classes on the attribute set
DEP. The weight calculation formula of attribute c is as follows.

w(c) � dDEP(c)/ ∑
c∈DEP

dDEP(c) (12)

Decision algorithm steps are described as follows.

Step 1: Calculate weighted distance dist(M(t), r).
Step 2: Select the rule r satisfying the condition dist(M(t), r) <

distt. If no rule is selected, then increase the threshold
distt � distt + inc. If too many rules are selected, which is
greater than the given number of rule threshold rulemt,
then distt � distt − inc.

Step 3: Calculate the number of rules for three decision attributes
in the selected rules, and select the decision attribute with
the largest number of rules as the final decision result.

The decision algorithm proposed in this paper involves the
parameters of weighted distance threshold distt, number
threshold rulemt, and decision factor inc. In order to realize
the accurate prediction of shearer traction speed, these
parameters can be adjusted according to the decision rule
base. The rule number threshold, the weighted distance
threshold distt, and the decision factor inc have mutual
influence. After many experiments, when we make the
hypothesis of the decision algorithm, the weighted distance
threshold is generally about 5% of the rule number, and the
weighted distance threshold distt = 1.0 can remain unchanged. In
order to improve the decision accuracy, the value of the decision
factor inc is determined by the classical classification model
evaluation index ROC curve.

4 EXPERIMENTS

4.1 Establishment of Data Sets
The adaptive speed control data set of the shearer used in this
paper was collected from 43,101 fully mechanized mining face of
Yujialiang Coal Mine in Northern Shaanxi, China. The length of
43,101 working face is 351.4 m, the thickness of coal seam is
1.0–1.7 m, and the average thickness is 1.47 m. The designed
mining height of working face is 1.4 m, and the dip angle is 3°–5°.
The main mechanized mining equipment and its configuration is
ZY9200/09/18D double column shield hydraulic support whose
strength is 0.99–1.06 MPa. The shearer is MG2 × 200/890-WD1,
the cutting height range is 1.3–2.5 m, and the total installed power
is 890 kW. The scraper is SGZ800/1,400, and the installed power

is 2 × 700 kW. The layout structure of 43,101 fully mechanized
working face in Yujialiang Coal Mine is shown in Supplementary
Figure S3.

The original dataset is composed of state monitoring data and
control behavior data of the shearer–scraper conveyor. From the
initial feature set established in Supplementary Table S1, the
adaptive speed regulation dataset of the shearer is established,
which includes 25 feature attributes and 1 decision attribute. The
sampling period is 1.0 s from 01:00 a.m. to 06:00 a.m. on March
29, 2020 and March 30, 2020. Because the dataset collected by the
Yujialiang automatic acquisition system is not displayed in every
second, it only shows the time and data when the data changes.
Therefore, it is necessary to fill the data set in 1 s. After
completion, there are 20,663 samples totally, as shown in
Supplementary Table S2.

4.2 Establishment of Optimal Decision
Rule Set
First, we need to normalize the data in Supplementary Table S2
and use the Z-score normalization method to normalize the data
of the initial features. Then based on the improved K-means
clustering algorithm proposed in the Section 3.2.1, the
normalized data in Supplementary Table S2 are discretized,
and the initial maximum value k = 15 is selected. After the
improved K-means method is discretized, the data are shown in
Supplementary Table S3.

In Supplementary Table S3, each attribute data in the
dataset is discretized based on the improved K-means
clustering method, and k = 15 is set as the maximum
value. The value of k is enumerated through a decreasing
counter, and the attribute data with decreasing k values are
clustered and discretized, and all cluster indices are
calculated. Finally, k = 9 corresponding to the minimum
value of the cluster index changing with the k value is
selected as the final cluster index. The clustering and
discretization of the data not only reduces the influence of
noise and outliers in the data on the decision recognition
results but also fully solves the problem of large differences in
the perception data of different targets.

The feature reduction method introduced in Section 3.2.2 is
used to reduce the discrete adaptive speed control decision table
of the shearer. The input is shown in Supplementary Table S3.
The reduction results are shown in the following table. The initial
decision table was reduced using the feature reduction method
introduced in section 3.2.2. Its inputs are shown in
Supplementary Table S3. The results of the simplification and
reduction are shown in Supplementary Table S4.

From the data in Supplementary Table S4, the importance of
conditional attributes, c2, c8, c14, c15, and c21, to decision attribute
D is 0, and the preliminary reduction result is P = (c1, c3, c4, c5, c6,
c7, c8, c9, c10, c11, c12, c13, c16, c17, c18, c19, c20, c22, c23, c24, c25). What
is more, the classification ability of each conditional attribute c on
P to D is calculated by Eq. 8, and the results are shown in
Supplementary Table S5.

It can be seen from the data in Supplementary Table S6 that
after removing the conditional attributes, c3, c5, c9, c10, c17, c19, and
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c24, from the preliminary reduction conditional attribute set P, the
classification ability of the conditional attribute set P for decision
attribute D is not affected, and the final reduction result is RED =
(c1, c4, c6, c7, c8, c11, c12, c13, c16, c18, c20, c22, c23, c25). In order to
improve the adaptive speed regulation efficiency of the shearer, it
is necessary to reduce the value of the composed rule table. That
is, for rule r in the rule table, its attribute ci is taken. If the value of
attribute ci is removed, there is no conflict between other rules
and ruler, and the value of attribute ci in rule r is redundant. After
the value reduction of the decision rule table, the length of the
antecedent of each rule has been further reduced. At the same
time, each two rules do not conflict with each other and
correspond to the complete rules of the original decision table.
The reduced rule set is clearer, as shown in Supplementary
Table S6.

4.3 Distinguishability and Weighting of
Attributes
In the process of cooperative speed regulation decision of the
shearer–scraper conveyor, it is an important problem to select
appropriate rules to determine the shearer speed. Different
attributes in the decision rule set have different significance
for the rule selection. After the decision rules are generated,
the decision algorithm in the Section 3.5 is used to predict the
traction speed of the shearer. Supplementary Table S7 shows the
discrimination and weight calculation results of each attribute in
the decision rule table. According to each attribute discrimination
value in Supplementary Table S7, it can be seen that the attribute
traction current, traction temperature, scraper conveyor head
horizontal speed, and tail speed have great influence in the
decision-making process, which is consistent with the
decision-making behavior in the actual shearer traction
decision-making process. In this paper, there are 4,276 rules in
the decision rule base (Supplementary Table S6). According to
the number of rules, given that the threshold of the number of
rules is rulemt = 200, the weighted distance threshold is distt =
1.0. According to multiple simulations, the decision factor inc is
selected as 0.35. The decision algorithm is used to select the rules
that are closest to the current data situation, and the decision
attribute value of the selected rules is taken as the decision result.
The results obtained under the above conditions are consistent
with the reality.

5 RESULT ANALYSIS

The data-driven cooperative control model of the shearer–scraper
conveyor based on the rough set theory proposed in this paper is
verified. The cooperative speed regulation decision of the
shearer–scraper conveyor is regarded as a classification model.
Through the comparison between the predicted shearer speed of
this model and the actual shearer speed, the adaptive speed
regulation model of the shearer based on the rough set
proposed in this paper is verified.

First, the decision rule base established by the model is
verified. The data-driven cooperative control model of the

shearer–scraper conveyor based on the rough set theory is
established. Different discretization methods correspond to
different decision rule bases. The dataset of the cooperative
control of the shearer–scraper conveyor established in this
paper is discretized by equal width, k-means clustering, and
entropy-based discretization methods. After reduction,
different rule bases are obtained. According to the
cooperative speed regulation decision algorithm of the
shearer–scraper conveyor, the speed prediction of the
shearer is realized. The decision algorithm needs to be
adjusted according to the decision rule base. The
prediction accuracy of the model under different rule
bases is evaluated by the ROC curve of the classical
classification model. The closer the ROC curve is to the
upper left corner, the higher the accuracy of the test
classification. The area under the ROC curve is defined as
the AUC value. The higher the AUC value is, the better and
more accurate the classification effect is. The experimental
results are shown in Supplementary Figure S4 and
Supplementary Table S8.

As can be seen from the chart, the decision factor ICC of the
improved K-means clustering rule base selection is 0.35, the
decision factor ICC of the equal width discrete rule base
selection is 0.4, the decision factor ICC of the equal
frequency discrete rule base selection is 0.3, and the
decision factor ICC of the entropy discrete rule base
selection is 0.3. After the decision factor is determined, the
decision attribute with the largest number of supporting rules
can be selected by the decision algorithm as the final decision
result. The decision results are shown in Supplementary
Figure S5.

According to the results of the decision algorithm and the
actual decision behavior of the shearer, the decision rule base
established by the model is verified. The verification results
are shown in Supplementary Figure S5. It is obvious that the
predicted shearer speed obtained by the model simulation
provided in this paper is basically consistent with the actual
shearer speed change trend. The number of matching rules is
given in the diagram. Since the model predicts the change
trend of the shearer traction speed, the shearer traction speed
is adjusted according to the fixed speed change (according to
the characteristics of the dataset in this paper, the fixed speed
change value is 0.08 m/min), which leads to a small deviation
between the simulation results and the actual speed, but does
not affect the decision results. In order to verify the
superiority of the data-driven collaborative control model
of the shearer–scraper conveyor based on the rough set
theory (DCCRM), the original data without rough set
pretreatment is input into support vector machine (SVM)
and extreme learning machine (ELM) for training and testing.
The LIBSVM toolkit is used for SVM experiments. Through
repeated experiments, with mean square error and correlation
coefficient as the standard, the Gaussian kernel function,
penalty coefficient C = 151, γ = 0.003, and error control
parameter = 0.18 are selected as the training parameters of
SVM. For ELM, the number of hidden layer nodes is
determined to be 370 by Sin function. The test results are
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shown in Supplementary Figure S6 and Supplementary
Table S9.

It can be seen from the above chart that in the application
of the shearer–scraper conveyor cooperative control decision
making, compared with elm and SVM, the data-driven
shearer–scraper conveyor cooperative control model based
on the rough set theory proposed in this paper has better
performance, and shows advantages in prediction accuracy,
and error range. Although the accuracy of SVM can reach
85.64%, and the error range can be controlled within 0.47, it is
difficult to find the optimal parameters accurately, and it
takes a lot of time to adjust and train the parameters,
which limits its application in the cooperative control
decision making of the shearer–scraper conveyor. Although
the classification time of elm is very fast, the accuracy
is relatively low. Because the influence of different
attributes on the decision results is considered, the
accuracy of our model is 89.16%, and the error range can
be controlled within 0.22. Moreover, the time-consuming part
of the model is to obtain the decision rule base by using the
rough set theory, and the time spent in the decision part can
meet the job requirements.

6 CONCLUSION

This paper presented a data-driven shearer–scraper conveyor
collaborative control model based on the rough set theory, which
can adjust the shearer speed according to real-time production
data. The rough set theory is used to deal with the cooperative
operation logic of the shearer–scraper conveyor contained in the
monitoring parameters of fully mechanized mining face. The
redundant attributes were eliminated by feature reduction, and
the cooperative control decision rule database of the
shearer–scraper conveyor was established. Then a
shearer–scraper conveyor collaborative speed regulation
decision algorithm based on attribute importance was
designed. The algorithm matches the decision rules according
to the real-time observation data and determines the shearer
running speed. The experimental results show that, compared
with the traditional model, the prediction accuracy of our model
is higher, reaching about 89.16%, and the error range is relatively
small. Our model can well predict the operating speed of the
shearer and realize the cooperative control of the shearer–scraper
conveyor. In the future, in order to improve the accuracy and
generalization performance of our model, we need to collect more
monitoring parameters of comprehensive mining face and
optimize the decision algorithm of the shearer–scraper
conveyor collaborative speed regulation to achieve more
accurate prediction results.
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