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Abstract
A smart fully mechanized coal mining working face is comprised of various heterogeneous equipment that work together in 
unknown coal seam environments. The goal is to form a smart operational system with comprehensive perception, decision-
making, and control. This involves many work points and complex coupling relationships, indicating it needs to be performed 
in stages and coordinated to address key problems in all directions and along multiple points. However, there are no existing 
unified test or analysis tools. Therefore, this study proposed a virtual test and evaluation method for a fully mechanized mining 
production system with different smart levels. This is based on the concept of “real data processing–virtual scene construc-
tion–setting key information points–virtual operation and evaluation.” The actual operational data for a specific working face 
geology and equipment were reasonably transformed into a visual virtual scene through a movement relationship model. The 
virtual operations and mining conditions of the working face were accurately reproduced. Based on the sensor and execution 
error analyses for different smart levels, the input interface for sensing, decision-making, and control was established for 
each piece of equipment, and an operation evaluation system was constructed. The system comprehensively simulates and 
tests the key points of sensing decision-making and control with various smart levels. The experimental results showed that 
the virtual scene constructed based on actual operational data has a high simulation degree. Users can simulate, analyze, and 
evaluate the overall operations of the smart mining 2.0–4.0 working face by inputting key information. The future direction 
for the smart development of fully mechanized mining is highlighted.
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1  Introduction

Smart coal mining is the key to solving problems associated 
with the continuous complexity of coal mining and geologi-
cal conditions (CSIRO 2019; Semykina et al. 2017). Next-
generation information technologies, such as fifth-generation 
(5G), artificial intelligence (AI), big data, cloud computing, 
and virtual reality (VR) technologies (Wang et al. 2019) 
need to be integrated into the construction process of smart 
coal mines (Jiang et al. 2020; Kopacz et al. 2020). Smart 

mining technology is the process of recovery operations that 
are performed independently by mining equipment without 
direct human intervention through the smart perception of a 
mining environment, smart regulation of mining equipment, 
and autonomous mining operations. Developing coal mine 
robots is crucial to solving the card neck problem (Ge et al. 
2020a, b, c; Ralston et al. 2015). Major coal-producing coun-
tries, such as China (Wang et al. 2017), Australia (Ralston 
et al. 2017), and Poland (Boloz et al. 2020), consider robot-
ics research as imperative, which aims to comprehensively 
improve the level of robotization of underground equipment 
and provide enhancements for smart mining.

In Poland, Jonek-Kowalska (2019) established a model 
to improve the efficiency and productivity of coal mining 
companies and highlighted the future direction of mining 
robotization. They also developed a robot mobile detec-
tion platform and a separate mobile platform for inspection, 
which could detect hazardous areas of methane and coal 
dust explosions in hard coal mines (Kasprzyczak et al. 2013, 
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2016). Noort et al. (2008) highlighted that robotic opera-
tions for coal mining are crucial for automated underground 
and unmanned mining. Novák et al. (2018) and Ray et al. 
(2016) analyzed the specific design of mobile robots for 
underground reconnaissance. Doroftei and Baudoin (2012) 
proposed the concept of a walking robot for mining, Ranjan 
et al. (2019) developed a wireless network to secure search 
and rescue robots in underground mines, and Bołoz et al. 
(2013, 2018) conducted an exploratory study on the automa-
tion and future robotization of shearers.

In China, Ge et al. (2020a, b, c) proposed the broad con-
cept of coal-mining robots and presented the development 
status and critical issues. Traditionally, the focus of coal-
mining robots has been specific scenes, such as disaster 
relief, search and rescue, and critical geological exploration 
issues (Tan et al. 2017; Ge et al. 2017; Zhao et al. 2017). 
Recently, digital perception technology, including AI, scan-
ning, and detection technologies, has been integrated into the 
industry; thus, mining robots will gradually have advanced 
AI perception capabilities (Yang et al. 2020). To solve the 
problem of autonomous navigation for underground mobile 
robots, Ma et al. (2020) proposed a visual reconstruction 
approach. Song et al. (2020) introduced bionics to achieve 
efficient walking, intelligent perception, and control. Li et al. 
(2020) designed an inspection robot for face mining. Chen 
et al. (2020) studied underground robot operating environ-
ments and navigation environment map construction. Huang 
et al. (2017) proposed the architecture of an integrated intel-
ligent control platform for Ethernet/IP-based general min-
ing robots. These works have made significant progress in 
developing mining robots from key technologies in robot 
designs to complete machine testing.

The production system for a fully mechanized coal min-
ing working face is crucial for coal production. Its character-
istics are as follows: (1) There are many types of equipment, 
and their cooperative operational relationships are complex. 
The degree and basis of intelligence for each piece of equip-
ment also differ, and the underground environment is usually 
unknown. (2) Current research focuses primarily on multi-
point single equipment and local technologies. The equip-
ment involves sensing, decision-making, control, and other 
issues. In addition, the research and development (R&D) 
cycle is lengthy with a high requirement for underground 
explosion-proof performance, which makes collaborative 
research and system integration more difficult. Thus, plan-
ning and designs need to be performed from the top to accel-
erate R&D efficiency.

Unified, smart, fully mechanized mining test and evalu-
ation software is required to grasp the global and local 
operational state of a smart cooperative large-scale system 
(Wang et al. 2020a, b; Zhang et al. 2017). Brzychczy et al. 
(2014) designed software to support the design of certain 
elements of the coal mining process, which included two 

fuzzy systems: fire safety evaluation system (FSES) and 
functional safety over EtherCAT (FSOE). The FSES per-
forms equipment selection to support long-walled working 
faces, whereas FSOE supports estimations of the production 
results. The equipment selection results are obtained based 
on the parameters of the working face and a knowledge-
based system for longwall mining. The obtained values are 
then inserted into the FSES for planning and evaluation with 
promising results. Employing the concept of robotics and 
expert systems, Brzychczy et al. (2011, 2017) established 
an underground, hard, coal mine planning and optimization 
system.

The main problems and solutions from the current devel-
opment perspective are as follows:

(1)	 The software and actual working conditions need to 
be closely integrated. The current test software is not 
based on real data, and the simulations lack credibility. 
Thus, the results are far from reality, and the visualiza-
tion effects are poor. The historic data of mining work-
ing faces should be exploited to construct virtual scenes 
with a high simulation degree.

(2)	 Comprehensive simulation test software needs to be 
constructed as the current software functionality is rela-
tively singular. The selection and design of working 
faces, equipment operational status, mining technolo-
gies and methods, and coal seam geological models 
need to be analyzed using specialized software. Tools 
for unified visual analysis and measurements are inad-
equate, and the constructed system should integrate 
these functions into software. A scientific evaluation 
system should be established, and unified measure-
ments and evaluations should be performed.

(3)	 Advanced virtual simulation methods need to be 
employed. Currently, there are no complete user input 
systems, and the constructed virtual simulation equip-
ment and scenes are unreliable. The problems of per-
ception, decision-making, and control in actual equip-
ment operations suggest that most typical problems are 
from the insufficient measurement accuracy of sensors, 
delays in network transmission systems, error opera-
tions of single programmed decision-making systems, 
lack of action from control elements, etc. The virtual 
simulations would consider these factors for high-qual-
ity simulations by exploring digital twin (DT) technol-
ogy and related concepts. The relevant virtual mining 
designs are performed before the design or operations 
of a working face. The overall operation is first simu-
lated before use as a reverse drive to guide the design.

Currently, DT technology has been integrated into the 
field of coal mining (Xie et al. 2019a) and has become a 
major technical aspect of smart mining (Ge et al. 2020a, b, 
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c; Xie et al. 2019b). A DT model can be built to truly reflect 
the operations of robot equipment for a working face (Wang 
et al. 2020a, b; Xie et al. 2019c). The software can provide 
technical support for the design, manufacture, and R&D of 
mining robots (Xie et al. 2019d). To address these issues, 
this study proposes a collaborative operation of a virtual 
general mining robot production system based on AI, DT, 
and VR technologies. This could replicate the virtual mining 
operations at a specific working face and create fully mecha-
nized virtual mining production with self-organizing and 
cooperative operations based on actual operational data of 
geology and equipment in the working face (Xie et al. 2019e; 
Shi et al. 2020). Different parameter inputs and smart opera-
tional modes allow simulating and evaluating the current 
and future operating conditions of working faces. We study 
the overall architecture, working historical data processing, 
offline-driven virtual operations, operational system, and 
mining evaluation methods. A complete prototype system is 
designed in three-dimensional (3D) views including virtual, 
physical, and virtual–real mapping.

2 � Overall framework

A fully mechanized Unity3D simulator (FMUnitySim) is 
developed, and some multiagent-based models for the min-
ing equipment and environments are established. The FMU-
nitySim can simulate fully mechanized coal mining equip-
ment operations and overall processes under various input 
conditions and output data for relevant analyses (Xie et al. 
2018). However, the shortcomings of this system include the 
following: (1) The geographic environment of the coal seam 
is not considered, and only the horizontal floor conditions 
are utilized. (2) The uncertainty in the interaction environ-
ment is less considered, and there is still a gap with real 
underground operational conditions. (3) There is insufficient 
real underground operational data to support the system 
design. Therefore, we develop a test method for a smart fully 
mechanized mining production system. The main framework 
of the proposed system is shown in Fig. 1.

The specific methods of the proposed schema are as fol-
lows. First, the full set of equipment and underground geo-
logical exploration data of a smart working face are inte-
grated and fused into the FMUnitySim system to drive the 
virtual working face to run offline. Thus, the initial simula-
tion data and virtual scene operation data are obtained. Sec-
ond, the perception operation model is added to the virtual 
equipment, equipment, and geological exploration, while 
other means are input according to the parameters of the 
future smart development and operations to construct a vir-
tual, AI, cooperative, operational simulation system. Finally, 
a comprehensive evaluation method that considers the cut-
ting trajectory, straightness, workspace, and dynamic coal 

seam is developed. This could simulate the operations of 
fully mechanized mining equipment, determine the develop-
ment trend, and test the operational performance of mining 
equipment.

Figure 2 shows the software design framework of the 
proposed system, where the Unity3D software is the core 
platform. The SQLServer stores the actual operational data 
of the integrated mining equipment, and Unity3D collects 
the virtual operational data. MATLAB then reads the actual 
operational and virtual simulation data from the SQLServer 
and Unity3D, respectively, and fuses them according to the 
error calibration parameters. The over-filtering and deep 
learning algorithms then return the processed data to Uni-
ty3D to update the virtual scene.

3 � Working face operational data acquisition 
and sensor parameter calibration

3.1 � Smart mining and problem origin

We obtained some operational equipment and coal seam 
data in a working face from a coal mine located in China’s 
Shandong region. The smart level of this working face is 
high, and it adopts the technologies of shearer memory cut-
ting, hydraulic support automatic following shearer moving, 
remote centralized control and manual intervention inspec-
tion, geological coal seam detection, etc. In 2020, the iner-
tial navigation and longwall automation steering committee 
(LASC) was equipped. This allowed monitoring of the real-
time operational status of equipment and coal seams in this 
working face (Fig. 3).

The director of the considered coal mine believes that 
the level of smart construction is not sophisticated enough, 
and there is a gap between this and existing mining robots. 
Thus, there is a strong need to further strengthen R&D. 
The proposed approach provides historic operational data 
for equipment, geological data, etc. The director has a clear 
future goal to evaluate the current operations, obtain the key 
limitation factors, upgrade the smart mining level to smart 
mining 3.0, and gradually approach smart mining 4.0.

3.2 � Analysis and extraction of original equipment 
and coal seam geological data

The obtained data mainly include the shearer data, scraper 
conveyor data, hydraulic support data, and some coal seam 
information (Fig. 4). The volume is close to 150 MB in.csv 
format and contains cutting data for 100 cycles. After the 
analysis, the shearer data are complete with running position 
and altitude information. This provides accurate information 
in the 3D coal seam environment after algorithm processing. 
The positioning of the hydraulic support groups and scraper 
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conveyor is based on the plane data as reflected by LASC. 
The exposure data of the two lanes of the working face are 
provided from a geological perspective, which includes the 

absolute geological elevation and discrete data from the 
five drilling points. However, information such as the roof 
graphic trend of the coal seam is lacking and can only be 
depicted indirectly by extrapolation through the overall data 
of the equipment operations and from fitting the complex 
surface with existing data to construct the roof and floor 
plates of the coal seams.

3.3 � Future requirements of sensors and calibration 
of execution actions

The equipment performance and sensing control elements 
are calibrated, and the data in relevant papers with actual 
sensor configurations in the well are used to comprehen-
sively determine the indexes based on the working principle 
of the sensors. For example, the positioning of the shearer 
is determined from three kinds of sensors: (1) The infrared 
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sensor can only make rough judgments on which support the 
shearer runs to. The same value is given when the shearer 
both enters and leaves the same middle pan. Therefore, its 
accuracy is determined as a 0.8 support width (1.75 m), 
which is 1.4 m. (2) The encoder of the walking part has a 
higher positioning accuracy under ideal conditions of the 
working face. Under large fluctuations, the gap between the 
traveling wheel and pin row continues to accumulate, and 
the positioning accuracy is significantly reduced, which 

needs to be corrected. The average inclination of the work-
ing face under the mine is 4.5°, which is close to level. The 
accuracy is determined to be 0.5 m. (3) Inertial navigation 
is generally used as an altitude estimator to solve the three 
spatial angles of the shearer in real-time. Calculating the 
position and altitude of the shearer in real-time requires a 
comprehensive solution after a complete cycle rather than 
solving it in time, which has a delay. Thus, the mine con-
figuration is an offline solution. Based on the existence of 

(c) Video surveillance

(d) Real scene of working face (e) Central control center

(b) Shearer monitoring interface(a) Support monitoring interface

Fig. 3   Images and demand analysis from the demonstration working face

Fig. 4   Relevant equipment and coal seam data for 100 cycles
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inertial navigation calibration and cumulative errors, its 
accuracy is determined to be within 200 mm. The shape 
accuracy of the scraper conveyor based on inertial naviga-
tion information and the relevant accuracy as inferred by the 
LASC system depend on the relevant performance of the 
inertial navigation. Therefore, this method has a lower accu-
racy than inertial navigation, which is calibrated to 300 mm. 
The accuracy of geological guarantee within 5 m in front of 
mining is approximately 1.5 m.

The mine currently still adopts the fourth-generation (4G) 
network. Considering all transmission links, the delay in 
acquiring sensor information is approximately 400 ms. The 
calibration information is confirmed to be effective based on 
the actual conditions. The director of this coal mine plans 
to gradually integrate a surface inspection robot (EXScan 
full mine-scanning system), drone scanning, and other new 
smart mining approaches. The accuracy of various equip-
ment positions and altitude perception components could 
be improved, and video processing methods, such as camera 
imagery, can also be integrated. Further improvements are 
planned in all aspects of geological exploration means or 
equipment, sensing, and control elements. There are cur-
rently no accuracy indicators for visual monitoring and mine 
scanning, but ground-related indicators and the complexity 
of the mining working environment have expanded 1.5 times 
to 150 mm. If the 5G network is used, the delay time can be 

less than 200 ms. The data design of the virtual perception 
system is shown in Fig. 5.

4 � Offline scene construction‑based running 
deduction

The virtual scene is constructed based on relevant running 
data. The data do not have direct 3D spatial coordinate infor-
mation and cannot directly drive the operations of the virtual 
equipment. Thus, an initial high-precision scene must be 
established before the relevant derivation can be performed.

4.1 � Offline operation and simulation system 
framework

As shown in Fig. 6, the architecture of the virtual offline 
operational system includes the data optimization-process-
ing and virtual operation monitoring systems for mining 
equipment. The kinematic model between the equipment and 
coal seam allows the data optimization-processing system 
to utilize a series of algorithms and fuse the operational and 
virtual simulation data. The calibration parameters for the 
sensor errors provide the equipment operation data, which 
includes the shearer operation trajectory, cut-off trajectory, 
predicted cut-off trajectory, scraper conveyor altitude, and 
hydraulic support position. The virtual operation monitoring 

Fig. 5   Composition of the virtual perception system
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system establishes the initial virtual operation scene of the 
fully mechanized coal mining working face in Unity3D, 
which gradually improves the operation accuracy of the 
scene using the data provided by the data optimization-
processing system. This improves the accuracy of the scene 
through continuous iterations and data optimization.

4.2 � Coordinate system and absolute altitude 
information of equipment

The absolute coordinate system of the virtual working face is 
built at the face-end hydraulic support of the transport lane 
and well-calibrated with geological information (Fig. 7). 
After establishing the absolute coordinate origin, the abso-
lute geological information and equipment information 
could be further imported. This includes part of the drilling 
data and the exposed geological elevation of the two road-
ways. However, the geological information is significantly 
lacking.

The kinematic models for the equipment and between the 
equipment and coal seam are established. This includes the 
coupling models of the shearer and scraper conveyor (Xie 
et al. 2017), scraper conveyor and hydraulic support (Li et al. 
2021), cut-off trajectory and coal seam roof and floor plates, 
scraper conveyor and coal seam floor plate, and hydraulic 

support and coal seam, as well as the prediction model of the 
cut-off trajectory. The information on the equipment opera-
tions and coal seam gradually improved. As shown in Fig. 7, 
the operational data first drive the virtual shearer operations 
and provide the real-time 3D operations form of the shearer. 
The inversion of the scraper conveyor shape allows initially 
reconstructing the coal seam roof and floor. The height of 
the real-time up and down roller provides real-time correc-
tions to the roof and floor plate with health status informa-
tion. The current left and right cut-off tractions that represent 
the health state corresponding to each point in the bottom 
roll cut-off curve under the real-time cutting of the shearer 
are removed. If the data are within the normal range, those 
for the cut-off height are correct. Otherwise, the cut-off sta-
tus is abnormal. Decreasing the roof plate height data and 
increasing the floor plate height data adjust the current to 
transform and correct the cut-off trajectory to the coal–rock 
partition interface.

The shape of the scraper conveyor as inverted from the 
shearer is fused with the plane shape information on the 
scraper conveyor in LASC. The rolling time-domain con-
trol method using the analysis and predictions is adopted 
to realize real-time sensing of the 3D form of the scraper 
conveyor based on the floor plate information as deduced 
from the previous step. Information on the hydraulic support 
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is solved using information on the scraper conveyor through 
the floating connection mechanism approach. This is fused 
with the layout information on the support in LASC and 
the base inclination sensor of the base to solve the overall 
altitude of the hydraulic support groups in the absolute coor-
dinate system.

4.3 � Construction of coal seam simulation model 
in the working face

The coal seam trend of the fully mechanized coal mining 
working face is slow in the absence of geological forma-
tions. Thus, the equipment operation data between each 
cycle are similar to adjacent cycles to be mined in the future. 
Therefore, data related to real-time equipment operations 
and smart algorithms can be used to accurately model the 
limited transparent coal seam of the first few cycles. The 
geological model can be corrected to improve its accuracy. 
This provides operational and navigation information to the 
virtual equipment so that the accuracy of the coal seam is 
improved weekly, the equipment operation-working condi-
tions are continuously transparent, and the trajectory of each 
cycle is fit to the roof and floor surface of the coal seam.

As the cut-off trajectories of the roof and floor are known, 
the three machine states and the position of the next cycle 
are predicted and judged based on the equipment positioning 
and setting method. We use the joint and cycle positioning 

and setting method of the three machines to extract the roof 
and floor plate curves as formed by multiple cycles of the 
cut-off from the front and rear drums of the shearer, the 
support state of each cycle of the hydraulic support, and the 
cycle layout state of the scraper conveyor. The fusion of the 
four datasets with two lines of the exposure data continu-
ously updates the dynamic coal seam, describes its 3D state, 
and constructs the simulation model for the 3D working 
face. After determining the data, the coal seam point cloud 
is fit via parameterization and imported into Unity3D. The 
mesh of the coal seam floor, which is realized by connecting 
triangles, is divided and constructed. The mesh properties of 
the constructed mesh surface are added and rendered using 
the MeshFilter and MeshRender components in Unity3D to 
virtually reconstruct the coal seam based on the data (Fig. 8).

4.4 � Collaborative operational simulation method 
driven by offline operation data

The roof and floor surfaces of the coal seam as determined 
by the physical engine allow the equipment to run autono-
mously. The generated coal seam model reintegrates the 
equipment into the coal seam. The virtual operating system 
is driven by the physical engine and data to run collabora-
tively, which completes the construction of the initial scene. 
The hydraulic support group and scraper conveyor are con-
nected through the floating connection mechanism and work 

(d) Coal seam construction

(a) Cutting data of shearer operation

(c) Surface fitting

(b) Analysis of cutting roof and floor model

Fig. 7   Established coordinate system for the working face
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together to move forward under the action of the coal seam 
floor and roof plates. The position and layout information of 
the support equipment on the coal seam floor provides for 
the virtual cooperative operations of the coal seam roof and 
support space of the hydraulic support group.

4.5 � Workspace of equipment and dynamic coal 
seam analysis

The spatiotemporal kinematics for all equipment operations 
are studied through virtual operations to plan and analyze 
the relationships between the equipment cut-off, propul-
sion path, and coal seam as well as to optimize the path. 
Mending the key information points of the virtual equipment 
outputs the real-time coordinates in the extensible markup 
language (XML) format. The constructed spatiotemporal 
motion model can analyze the spatiotemporal kinematics 
of the equipment and coal seam. Considering an example 
of the supporting space of the hydraulic support, some key 
positioning points are arranged on the parts to obtain the 
entire state. These parts include the front and rear ends of the 
base, the four connecting rods, the front and rear ends of the 
roof beam, the guard plate, and the scraper conveyor near the 
coal wall side. The operational data are exported, compared, 
and analyzed with real data to determine the credibility of 

the virtual projections. The process includes predicting the 
cut-off trajectory, analyzing the straightness of the working 
face, reconstructing the working space, and real-time cor-
rections of the coal seam to grasp all details.

5 � Design and evaluation of virtual 
equipment cooperative operation 
simulation system

An accurate simulation model of coal seam operations is 
determined and a virtual equipment cooperative operation 
simulation system is established based on the virtual preview 
and data recording of the 100-cycle data in Sects. 3 and 4. 
The equipment could be set up with a degree of smart min-
ing for accurate real-time analysis with changes in mining 
conditions.

5.1 � Definition and division of smartness degree

Smart mining 1.0 is traditional manual mining, which has 
less sensing information. The decision-making and control 
depend on individuals, so these are not considered tempo-
rary. The definitions and characteristics of smart mining 
2.0–4.0 are as follows.

Fig. 8   Construction method for the coal seam cutting floor based on a mesh grid
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(1)	 The main feature of smart mining 2.0 is the “auto-
matic control + remote intervention.” Based on the 
memory cutting of the shearer, automatic follow-up of 
the hydraulic support, and visual remote monitoring, 
the smart monitoring and centralized control of fully 
mechanized mining equipment are realized to ensure 
automated operations of coal cutting, pushing scraper 
conveyor, moving support, and transportation based on 
the program.

(2)	 Smart mining 3.0 is characterized as automatic straight-
ening. The imported LASC technology effectively con-
trols the straightness of the working face. A geologi-
cal model with errors that are within a certain range 
is constructed based on the transparent working face. 
The shearer relies on inertial navigation with a higher 
control accuracy and can realize normal operations of 
automatic production modes of the working face under 
complex conditions.

(3)	 Smart mining 4.0 is the stage of fully smart and adap-
tive mining. The full smart mining strategy of “percep-
tion-analysis-decision-control” is developed through 
continuous deep learning based on the big data of smart 
mining under a transparent working face. Machine 
vision, multisource information fusion, and 3D physi-
cal simulations are used to analyze the collected data so 
the system can independently recognize and understand 
the state of the working face environment and equip-

ment. Thus, the mining decision-making and execution 
control are performed by the smart decision-making 
control technologies, such as self-adaptive height 
adjustments to the shearer drum, straightness control, 
and up-and-down sliding control.

5.2 � Operational framework of virtual mining 
equipment

The developed system realizes the above process in a VR 
environment, with the general framework shown in Fig. 9. 
Each piece of equipment should have the corresponding 
characteristics of perception–decision–operation capabili-
ties at different stages. This is divided into the perception, 
decision-making, operation, and environment and posture 
change layers.

The perception layer is the interface between the equip-
ment and the real world. It constantly reads the operational 
state and data to obtain information for decision-making. 
This behavior is realized primarily by the scripting interac-
tion technology of the virtual simulation in Unity3D. The 
decision-making layer uses the results of the previous step 
to select the next appropriate behavior that matches the 
decision. This behavior searches the solution space and 
switches between multiple possibilities. Each virtual equip-
ment should have a decision controller that selects relevant 
behaviors.

Fig. 9   General framework for the AI operations of virtual mining equipment
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The decision results are used to issue commands, update 
the state, and perform virtual operations by the operation 
layer. The behaviors correspond to the virtual equipment 
simulation operations. However, attention is given to the 
consistency of the virtual and real behavior operations. The 
operational mechanism is analyzed by the environment and 
posture change layer based on the data obtained under-
ground. The coal seam (roof and floor) and surrounding 
environment (gas and mine pressure) are also factors to man-
age the AI and evaluate the overall situation and posture of 
the cooperative operation system. The corresponding events 
occur based on the mechanism to make relevant evaluations 
of the overall equipment operations.

In general, the traditional agent relies primarily on a 
priori experience to model the environment. However, 
the complexity of the environment and tasks for the coal 
mining equipment and the uncertainty of the environment 
require relying on various means, such as sensors, for real-
time dynamic modeling. A direct link between perception 
and action is established using sensing technology. Com-
plex actions are then coordinated using the planning and 
decision-making of the sensors.

Analyzing the problems of perception, decision-making, 
and control in actual equipment operations indicates that the 
most typical problems are from the insufficient measurement 
accuracy of the sensors, delays in the network transmission 
system, error operations of the single programmed decision-
making system, and lack of action for the control elements. 
Therefore, the issue is how VR can consider these factors 
for high-quality simulations. Relevant devices and buttons 
were added or disabled according to the user interface and 
different smart configurations. The basic framework is to 
utilize smart coal mining 2.0–4.0. The simulation begins 
after clicking OK; thus, the simulation process is visualized, 
and the running results are output. Finally, related decisions 
are made.

5.3 � Virtual perception and information interactions

The information perception capabilities of AI equipment 
need to be designed based on the perception capabilities of 
real equipment operations. An AI may have multiple percep-
trons, such as common sensor and environment (visual and 
auditory), which are used to detect dynamic equipment and 
environmental information. Perception cannot and does not 
need to be performed in each frame when the virtual AI is 
running, and the status of all other characters does not need 
to be queried. The perceptron system involves some complex 
computations, and the required information is obtained using 
two techniques: polling and events.

(1)	 Polling obtains information by retrieving the surround-
ing environment and associated equipment, which is 

used in the existing centralized control system. This 
includes position and postural information about the 
shearer in real-time for comprehensive judgments on 
how to move the support group needs. A polling center 
is directly searched for variable interactions between 
objects to establish the virtual program.

(2)	 Event-driven information is from sitting and waiting for 
messages. This can simulate the autonomous percep-
tion capability of equipment, including vision (image 
recognition), touch (hydraulic support and shearer 
collision beam), and hearing. The distributed control 
architecture adopts this approach. When the physical 
engine detects a collision, the trigger function is auto-
matically called by adding a virtual perception compo-
nent, and the central detection system (time manager) 
notifies all roles within a certain range.

Smart coal mining 2.0 is suitable for polling, smart coal 
mining 3.0 is close to an event-driven approach, and smart 
coal mining 4.0 is the combined driving mode of centralized 
and decentralized systems. While virtual sensors are noisy, the 
noise level is calibrated and needs to be reflected based on a 
certain rule. This is finally reflected in the perception accuracy. 
From smart coal mining 2.0–4.0, the amount of information 
required increases, which corresponds to how many variables 
are set in the virtual program. The reliability of information 
ranges from large to small errors, which corresponds to the 
relative accuracy of the perceptual variables in the virtual pro-
gram. The reliability of the sensor networks influences the 
control decision-making process.

Different variables defined in the relevant scripts can be 
called directly in the virtual agent system, such as the position 
and altitude monitoring of the shearer, tilt monitoring of the 
hydraulic support, and displacement travel sensors. Consider-
ing an example from the data of the shearer inertial guidance 
system, the position of the shearer in the absolute coordinate 
system of the working face and the 3D altitude of the shearer 
are obtained as (xcg
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, y

cg
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cg
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real-time position and postural information of the shearer dur-
ing actual operations can be obtained together with the relevant 
noise as calibrated by the sensors. In the future, improvements 
to the accuracy of inertial guidance can also be added using 
high precision and Gaussian distributions. In addition, the 
measurements can be entered automatically based on the 
actual positioning level of the current working face.

5.4 � Virtual decision and control

The decision and control layers are designed after the per-
ception layer, which completes the strategy for making rel-
evant decisions and actions. The shearer, scraper conveyor, 
and hydraulic support are all integrated into a robot, and its 
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agent model is established. The decision-making from smart 
coal mining 2.0–4.0 has experienced program control (direct 
data reading), semi-program control (reading and physical 
perception), and AI control (emotional integration). After 
the decision-making sends out relevant instructions, the 
actions of the control are paramount, which forms a closed-
loop effect with the perception. After the scraper conveyor 
and hydraulic support are sensed, the ability to straighten 
them in place is influenced by many key factors.

The decision-making method for smart coal mining 2.0 is 
to control rules through the control program and make rel-
evant decisions and actions. The shearer has a certain mem-
ory-cutting ability. The hydraulic support reads the relevant 
operational data of the shearer at any time and performs 
the actions of extending and retracting, moving the support, 
pushing, and sliding based on the set rules. These refer to a 
three-machine collaboration method (Xie et al. 2018). Coal 
mining 2.0 mainly performs relevant interactions by reading 
variables between various scripts. The perceived relevant 
information and calibration range allow adding a random 
quantity within the calibration error range to the variable, 
which indicates the perceived information is inaccurate. The 
time delay of the actual working face is expressed by obtain-
ing the number of frames for the data delay. Control related 
to the transition is realized by considering the transition vari-
able and adding a certain amount of noise.

The decision-making method for smart coal mining 3.0 
has a certain degree of autonomy as well as comprehensively 
analyzing and determining the decision-making methods 
through a complex behavior tree. For example, the shearer 
can predict cutting. The relevant predictive cutting ability is 
embedded in the floor of the software. Compared with smart 
coal mining 2.0, the 3.0 not only has a rough map of the coal 
seam but can also identify coal and rock. Finally, it compre-
hensively decides the operational strategy of the shearer, and 
the control angle is more accurate, which refers to the cutting 
method. The straightness control of the working face includes 
the detection of the hydraulic support and scraper conveyor. 
The shape of the scraper conveyor is predicted based on the 
running track of the shearer, and the relevant straightening 
simulation is performed based on the LASC data.

Coal mining 4.0 integrates additional robots and smart 
elements, including for visual scanning and inspection. 
The inspection robot for visual-scanning data provides the 
posture of each hydraulic support through the relevant sen-
sors between hydraulic supports. The collision and inter-
ference behaviors between the supports are then analyzed. 
The related models for reinforcement learning (RL) are also 
added to the decision-making and control methods. The 
distributed decision control method (Zhao et al. 2020) has 
no central node. An agent model is then established and 
upgraded to establish a deep RL agent model (Zaatari et al. 
2020), which is given as:

 < A, S, R, P > 
Action space: A
State space: S
Reward: R: S × A × S → R.
Transition: P: S × A → S.
This is the classic quaternion in the RL; A represents all 

actions of the agent; S is the state of the world that the agent 
can perceive; R is a real value that represents the reward 
or punishment; and P is the world that the agent interacts 
with, also known as the model. The robots should decide 
the action based on the current environment and their state 
(Moss et al. 2021). These problems have the feature where 
smart mining needs to observe the environment and its state 
and then decide the action to achieve the desired goal (Peng 
et al. 2021).

5.5 � Evaluation indicators build evaluation systems 
and methods to score

The AI equipment suggests that the described operation 
evaluation system for the fully mechanized coal mining 
working face is iteratively optimized and virtually previewed 
based on the results of the smart parameter analysis for the 
input equipment and geological exploration means. The 
equipment operational status and the influence factors for 
each parameter are evaluated based on the preview results. 
It is divided into major and minor factors, and a comprehen-
sive evaluation strategy to operate the fully mechanized coal 
mining working face based on deep learning is established.

The goal of the three-machine collaboration is to continu-
ously perform coal mining, transportation, and support oper-
ations both safely and efficiently. The effectiveness of the 
three-machine collaboration is reflected in the combination 
of benefits and the price to pay during the operational pro-
cess. To control the three-machine cycle to complete tasks 
by comprehensively considering safety, productivity, and 
health, the comprehensive efficiency index J of the benefits 
and the price to pay are the optimization targets by adjusting 
the healthy state of the three machines at each stage.

The operational status assessments of the equipment 
include the shearer, predicted cut-off trajectory, scraper 
conveyor straightness, hydraulic support straightness, equip-
ment-working space, and coal seam roof and floor plate. 
The operational status of the shearer is evaluated based on 
the parameters of the cutting section current and running 
speed of the shearer. The predicted cutting curve is evalu-
ated based on the actual cutting trajectory. The straightness 
of the scraper conveyor and hydraulic support are evaluated 
based on the scraper conveyor and hydraulic bracket posi-
tion parameters. The equipment workspace is evaluated by 
comparing the actual equipment workspace with the vir-
tual equipment. The roof and floor of the constructed coal 
seam are evaluated based on the actual information about the 
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roof and floor. The operating status of the subsequent fully 
mechanized coal mining equipment is adjusted based on the 
results of the equipment evaluations.

The constructed evaluation index model is shown in 
Fig. 10. The mining and transportation equipment is the 
cause of cooperative operations for a fully mechanized min-
ing face, which determines the working face production effi-
ciency and the cutting coal seam condition. The production 
efficiency includes the traction speed of the shearer and the 
load of the scraper conveyor. The cutting coal seam condition 
is evaluated from the coal retention, rock cutting, and health 
degree, which accounts for 30% of the total. The constructed 
virtual coal seam data are the benchmark of the coal seam. 
A comparison between the cutting roof and floor and the 
benchmark coal seam is used to judge the health conditions. 
The judgment is based on the coupling model of the shearer’s 
height adjustment operations and the coal and rock environ-
ment (Xie et al. 2018). The production efficiency and load 
of the scraper conveyor could be determined based on the 
coupling model of the shearer traction speed and the trans-
portation volume of the scraper conveyor (Xie et al. 2018).

The support and transportation equipment deter-
mine that the safe operation status of the working face 

accounts for a total of 30%. These are evaluated based on 
the safety efficiency (average following distance), maxi-
mum empty roof distance, straightness of the extracted 
relevant hydraulic support groups and scraper conveyor, 
and the working operational space of the equipment 
related to the health degree (mine pressure) of each sup-
port. These are determined from the coupling model of 
the follow-up control and shearer operation (Xie et al. 
2018). The straightness of the scraper conveyor and 
hydraulic support are judged based on the method of 
extracting information from the chute or base of each 
support (Li et al. 2021). The health degree of support 
is determined from the coupling model of the follow-up 
control and the roof and floor (Xie et al. 2018). The over-
all operations account for 40%, which mainly includes 
the quality and effect of the coal production, shape of 
the formed dynamic coal seam, and the coal and rock 
cutting situation over the entire working face as solved in 
real-time with the working operation space of the equip-
ment. These data can be directly read out from the virtual 
simulation software in 5.3 for relevant judgments. These 
factors are iterated and optimally solved to evaluate the 
overall operations.

Fig. 10   Evaluation index model for coal mining health and status
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6 � Construction and testing of prototype 
system

6.1 � Preview results of offline data

First, the virtual shearer is driven to run synchronously 
using the data, and the results for the roof and floor curves 
are plotted. The virtual scene is constructed by fusing the 
relevant data from the LASC scraper conveyor and hydrau-
lic support group so it can run offline. If the test accuracy 
of the sensor element is ignored, the data for the run curve 
as derived from the virtual scene agree with the observed 
results. The accuracy of the posture and cut-off trajec-
tory of the shearer operations is more than 90%, and the 
arrangement of the hydraulic support groups and scraper 
conveyor is more than 78%. The accuracy of the coal seam 
is fused with the data of the two lanes, which matches the 
geological report (Fig. 11).

The cyclic data are predicted and compared with the 
data over 100 cycles based on the principle of similarity 
with satisfactory results. The coal seam corresponds to the 
cutting curve of the equipment. Real-time changes in the 
running state of the equipment and the shape of the coal 
seam are reproduced, and the prediction errors of the cut-
off trajectory are less than 15% (Fig. 12).

6.2 � Analysis of offline data results and support 
workspace analysis

The accuracy of the inclination sensor and control element 
is ignored in the analyses. As shown in Fig. 13, in the VR 
simulation system (Fig. 13a), the working space of the 
shearer (Fig. 13b) is gradually constructed as the simulation 
system operates, i.e., the dynamic coal seam, working state 
trajectory of the scraper conveyor (Fig. 13c), and the support 
space of the hydraulic support (Fig. 13d). Their associated 
operating states and straightness are analyzed.

The roof and floor cutting curves, coal and rock cutting, 
and equipment operation space are derived and extracted at the 
50th cycle via XML data. These are compared with offline data 
based on the shearer with an accuracy that meets the associated 
requirements. The real-time straightness information about the 
working face is derived, as shown in Fig. 14. The straightness 
information for the scraper conveyor and hydraulic support 
groups is extracted from the XML data as a 3D curve. The 
curve is projected in the work plane and compared with the data 
recorded by the LASC. We found that the two pieces of infor-
mation correlate and meet the requirements for the straight-
ness measurements of the working face. Therefore, the virtual 
working face constructed using this method could reproduce the 
relevant state of the equipment for offline operations.

(d) Monitoring of single hydraulic support

(b) Action reappearance of shearer(a) Absolute coordinate system
of virtual working face

(c) Real time comparison of cutting curves

Fig. 11   Initial scenario construction and offline simulation results
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Fig. 12   Forecast coal seam conditions

(a) Virtual equipment operation

(b) Construction of dynamic coal seam model

(d) Equipment operation space extraction

Roof target curve

Floor target curve

Fully mechanized 
mining equipment

Dynamic 3D 
geological model

Initial 3D 
geological model

Support space of 
hydraulic support 

(c) Analysis model of working face straightness

Fig. 13   Evaluation method for the simulation workspace
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6.3 � Simulations of various conditions with different 
smart levels

The simulations are analyzed according to the smart coal 
mining 2.0, 3.0, and 4.0, and the design for the experimental 
scheme is shown in Table 1.

The simulation results for the three groups are shown in 
Fig. 14. To better observe the fully mechanized mining 
equipment workspace, all equipment is hidden after the 
workspace construction. The fully mechanized coal mining 
equipment workspace and the dynamic coal seam for the 
three cutting schemes are constructed. The black part repre-
sents the target cutting coal seam, and the pink represents 
the actual cutting coal seam. The red circles are the key 
information points of the shearer’s movement at every dis-
tance. As the analysis methods of the shearer’s cutting roof 
and floor are the same, the error analysis is performed using 
the roof as an example. The cut-off error of the shearer is 
expressed as the mean absolute er ror  (MAE): 

MAE =
k∑

i=1

��Yi − yi
�� , where Yi represents the height of the key 

point of the cut-off path of the shearer and yi indicates the 
height of the target trajectory. The equipment operation 
workspace and dynamic coal seam model are imported into 
the UG software for Boolean operations to determine the 
coal retention and rock-cutting quantity. The original 3D 
model is then hidden. In turn, the measurement volume is 
selected on the interface to measure the coal retention and 
rock-cutting volume. The coal retention and rock-cutting of 
the three schemes are shown in Fig. 15, and the obtained 
volumes are shown in Table 2. The other parameters are also 
derived.

In the smart mining 2.0 cutting process, the shearer is 
manually operated to generate the demonstration cycle. The 
coal seam is mined completely based on the cutting height 
of the demonstration cycle. The high level of the shearer 
driver does not allow the formation of any rock-cutting vol-
ume. Therefore, manual cutting is conservative. There is 
no rock-cutting volume, and only coal retention volume is 
present (Fig. 15). In the smart mining 3.0 scheme, the coal 
retention is reduced, but the cut rock increases significantly. 

Real time shape 
curve of scraper 

conveyor

Real time position and 
posture arrangement 

curve of hydraulic 
support group

Real time update of floor 
information

Fig. 14   Straightness information extraction of the scraper conveyor and hydraulic support groups

Table 1   Design of experimental scheme

Period Inclination tilt 
angle sensor

Inertial naviga-
tion system 
sensor

Control elements Autonomous percep-
tion

Coal and rock 
identification

Depth 
detec-
tion

Remarks

Smart mining 2.0 Yes No General accuracy Weak capacity Poor No Shearer memory 
cutting

Smart mining 3.0 Yes Yes Higher Moderate Moderate No Autonomous opera-
tion/manual inter-
vention

Smart mining 4.0 Yes Yes High Strong Strong No Unmanned face/robot 
coal mining
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This indicates that geological detection methods and artifi-
cial smart mining algorithms should still be strengthened. 
The analysis shows that the autonomous cutting scheme 
of the shearer for smart mining 4.0 could cut more coal, 
produce a higher recovery efficiency, and improve produc-
tion. This could cut the smallest amount of rock among the 
three schemes, which reduces the wear degree of the cutting 

teeth to a certain extent and increases the service life of the 
shearer. Thus, this is the optimal cutting scheme.

The scores are calculated based on the established evalu-
ation system, as shown in Table 3. The accuracy of the cut-
ting follows the order of smart mining 4.0, 3.0, and 2.0. The 
memory cutting in smart mining 2.0 has difficulty adapting 
to the complex and changing terrain. The partially smart cut-
ting in smart mining 3.0 improves the accuracy to a certain 
extent, but there are large errors. The accuracy of cutting is 
significantly improved by autonomy in the equipment from 
smart mining 4.0. This schema provides the optimal cutting 
project.

6.4 � Discussion

The proposed system opens a channel between actual mining 
data and virtual scene construction. The virtual operations 

(a) Memory cutting scheme of shearer

(b) Memory cutting scheme of shearer with manual intervention

(c) The scheme of self cutting of shearer

Initial coal seam model

Dynamic coal seal model

Initial coal seam model

Initial coal seam model

Dynamic coal seal model

Dynamic coal seal model

Coal retention

Coal retention

Coal retention

Rock cutting quantity

Rock cutting quantity

Fig. 15   3D schematic of the fully mechanized mining equipment workspace with three cutting schemes

Table 2   Comparison of coal retention and rock-cutting volumes

Serial 
number

Scheme Coal retention (dm3) Rock-cutting 
quantity 
(dm3)

1 Smart mining 2.0 106,641.98 0
2 Smart mining 3.0 44,427.07 46,150.44
3 Smart mining 4.0 34,762.41 29,534.01

Table 3   Experimental results Number Q1 (0.3) Q2 (0.3) Q3 (0.4) Total

Direction V1 V2 V3 Total V4 V5 V6 Total V7 V8 V9 Total –
Weight 0.35 0.4 0.35 1 0.4 0.4 0.3 1 0.4 0.3 0.4 1 –
D1 76.29 62.75 52.95 21.10 62.57 52.25 66.29 19.80 80.29 73.75 64.57 32.08 72.98
D2 82.57 67.25 72.19 24.32 68.86 55.75 71.24 21.40 84.00 79.00 73.71 34.72 80.44
D3 85.14 70.00 74.67 25.18 74.00 63.75 81.14 23.94 86.00 80.25 75.57 35.46 84.58
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of the fully mechanized coal mining working face are repro-
duced. The high accuracy, real-time position, and altitude 
relationship of the fully mechanized mining equipment in 
the coal seam environment are presented. The perceptual 
decision and control information in different smart stages 
are inputs for the simulations and evaluations, and the smart 
level of coal production is improved. The relevant use per-
spectives for coal production companies, coal machinery 
and equipment manufacturing companies, and scientific 
and technological management workers are given as follows:

(1)	 For coal production companies, in the R&D process of 
fully mechanized smart mining, the overall improve-
ment level is tested using various key technologies, 
such as perception, decision-making, and control. 
Relevant R&D plans should optimize the production 
capacity.

(2)	 For coal machinery and equipment manufacturing com-
panies, limitations in production equipment and the 
integration point between other equipment and geologi-
cal environments are found, which promotes the R&D 
and design of smart equipment.

(3)	 For scientific and technological management work-
ers, the key technology and key points of coal mining 
equipment are found in the proposed system. The pro-
ject will promote scientific and technological work in 
the coal industry and create breakthroughs in common 
key technologies.

7 � Conclusions

The scene construction and offline simulations based on real 
data were realized in a virtual space. This reproduced the 
virtual operation-mining situations of a fully mechanized 
coal mining working face. Some predictive analyses of the 
future operating state were performed to realize the real-time 
accurate position–altitude relationship for equipment in the 
coal seam environment. Thus, the equipment operational 
information could be accurately determined to improve the 
mining automation level.

The entire life cycles of the fully mechanized coal min-
ing equipment and smart mining technology are upgraded 
and transformed. From an overall perspective, the proposed 
system controls the design and operations of the working 
face as well as tests the relevance of each piece of equip-
ment, sensing components, control components, and various 
key technologies. This provides analysis and evaluation for 
the current level of smart mining and the advancement of 
some local or small aspects of technological progress for the 
overall operations of the working face, identifies the key and 
necking points, and finds contradictions for the full attack 
and breakthrough. Therefore, coal production enterprises 

could establish a predictive smart fully mechanized coal 
mining concept and quickly promote smart construction.

The bridge between the performances of each piece of 
equipment, perception components, control components, 
and overall operations of the working face are established to 
test the equipment perception decisions. It is found that the 
operational capabilities could be improved. The surround-
ing environment is perceived by the virtual equipment, and 
a deep RL model is employed for the AI equipment analysis 
system to select the optimal strategy, take corresponding 
actions, and realize the cooperative operations of the fully 
mechanized coal mining equipment. Future work will real-
ize collaborative linked optimization operations with online 
data and access to actual operational data for evaluations 
and analyses.
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