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More and more big data come from sensor nodes. There are many sensor nodes placed in the monitoring and prewarning system
of the coal mine in China for the purpose of monitoring the state of the environment. It works every day and forms the coal mine
big data. Traditional coal mine monitoring and prewarning systems are mainly based on mine communication cable, but they
are difficult to place at coal working face tunnels. We use WSN to replace mine communication cable and build the monitoring
and prewarning system. The sensor nodes in WSN are energy limited and the sensor data are complicated so it is very difficult to
use these data directly to prewarn the accident. To solve these problems, in this paper, a new data aggregation strategy and fuzzy
comprehensive assessment model are proposed. Simulations compared the energy consumption, delay time, cooperation cost, and
prewarning time with our previous work. The result shows our method is reasonable.

1. Introduction
Coal is the main energy source in China. According to
2016 National Economic and Social Development Statistical
Bulletin, the coal consumption in 2015 is about 64% of
total energy consumption. So the government of China is
paying more and more attention to safety production and
proposing to use WSN, big data, IOT, and AI technologies
to build “digital coal mine” so as to improve the safety level of
coal mine industry. In China, most of the coal mining has
happened underground, so it is very complicated about the
environment in the coal mine. Some gases such as CH4 and
CO are easy to gather in the coal mine tunnels; it is the main
reason causing explosion accident; many workers lose their
life. Since 2010, all of the coal mine industries were asked to
install the monitoring system to prevent the happening of the
accident. The monitoring system is working 24 hours a day
without interruption. It means there are lots of monitoring
data produced in the monitoring system every day. These data
mainly include the state of equipment, the concertation of
gas, the pressure of roof, the speed of the wind, and so on.

These data have the characteristics of big data: large data,
many types, high velocity, high value, and complex processing
process [1]. Taking the data obtained by monitoring system
by the State Administration of Work Safety in 2015 as an
example, the cumulative information exceeds 5 million and
the space occupied is 10TB [2]. We can use these data to build
the suitable prewarning model and decrease the accident. It
is meaningful to society.
The traditional communication method of the monitoring system is burying mine communication cable underground, but it is difficult to do at some places such as coal
working face because the coal working face always changes
with the digging process. With the development of WSN, its
characteristics were proved to easily be used in industry [3–
5]. For these reasons, many scholars proposed using WSN
to replace the mine communication cable of the monitoring
system. Obviously, the features of coal mine industry are
much different with other fields when we use WSN; the coal
mine tunnels are very long and narrow. For example, in the
mines of the Nanyang Coal Industry Co., Ltd., Hengyang,
China, the main haulage roadway is approximately 12,000 m
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Figure 1: The main haulage roadway.

long, and most return airways have lengths of more than
1000 m, but the width is only several meters (Figure 1 shows
part of the main haulage roadway). If we want to use WSN in
the monitoring system in the coal mine industry, we should
solve some problems. The big problem is how to extend the
lifetime because it is difficult to change the battery of sensor.
The monitoring system of coal mine almost works every
day. So it can produce big data. If we use these data reasonably, we can know the accident in advance and take some
measurement to prevent the happening of the accident.
Reference [6] proposed if we want to use big data in the
coal mine industry with WSN, we should consider how to
decrease the energy consumption. Reference [7] proposed
that data aggregation can be used in WSN and saved more
energy. Based on above research work, this paper will focus
on how to use WSN in the monitoring and prewarning system
based on big data in coal mine industry.
This paper is organized as follows: Section 2 describes
related studies. Section 3 explains the design of the monitoring and prewarning system. Section 4 presents the data aggregation strategy and prewarning model. Section 5 presents the
simulation and analyzes the performance. The final section
provides the conclusion and future research directions.

2. Related Studies
Big data is not a new concept now. But earlier, the big
data was limited to some specific organizations like Google,
Microsoft, Yahoo, and so on. However, with the developments
of IOT, cloud computing and sensor network, the cost of
hardware is decreasing and the storage and processing power
is increasing. As a result, many sources such as sensors
and applications start to generate more and more data. The
organizations tend to store these data easily for a long time
because the storage and processing ability are great.

In fact, there is no uniform definition for “big data.”
The well-known definition is 3V’s [8]: volume, variety, and
velocity (as shown in Figure 2). EMC [9] has defined big
data as any attribute that challenges constraints of a system
capability or business need.
More and more big data come from sensor nodes. Reference [10] proposed a greenhouse gas sensor network located
throughout California where it collects a large number of
real-time data about greenhouse gases and their behavior. The
project [11] embedded about 200 sensor nodes on the bridge
to monitor the state of the bridge. This monitoring system
collects a variety of data including temperature and the pressure of the bridge’s concrete reaction to any change. Sensor
nodes can collect information in the natural disaster situation
in order to optimally utilize the resource and manage supply
chains [12]. The challenges in big data mainly include two
categories: engineering and semantic [13]. The Jet Propulsion
Laboratory (JPL) has identified a number of major challenges
in big data [14]; it includes the energy problem especially for
the sensor nodes because there are more and more big data
coming from sensor nodes in the future.
As to the problem of energy, data aggregation is an
efficient method to decrease energy consumption and prolong the lifetime of WSN [15]. To reduce the amount of
communication data in WSN, a lot of correlation-based
data aggregation methods have been proposed in [7, 16–24].
The traditional data aggregation methods which are used in
WSN mainly include two categories, the first type is based
on least square method, Bayesian estimation method, D-S
evidence theory, and so on; the other is based on artificial
intelligence theory of artificial neural network method, fuzzy
reasoning method, and rough set method [25]. Reference [26]
introduced the data density correlation degree to decrease the
amount of data conveyed to sink node, so it can help save
more energy.
However, most of the previous studies do not focus on
the coal mine. Only a few studies are about coal mining.
References [3, 27–30] have studied the energy consumption
problem of the coal mine, but all of them did not consider the
big data technology and only use single-sink structure. Some
novel algorithm is proposed in [31, 32]: in [31] a model for
underground mines is generated by adopting a performancebased approach; in [32] a green MAC algorithm is proposed for smart home sensor networks. These strategies
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effectively extend the network lifetime and improve network
performance. Reference [33] introduced IOT and WSN in a
mine and described the mine production, monitoring, and
prewarning system based on big data technology, but it did
not explain how to use sensor nodes and how to build the prewarning model. References [34–44] designed an architecture
of monitoring system based on WSN and discussed a data
aggregation strategy but did not consider using big data.
Our paper focuses on how to design the monitoring and
prewarning system suitable for coal mine industry, how to use
data aggregation strategy to decrease energy consumption,
and how to build a prewarning model to prevent the accident
happening in advance.

3. Design of the Monitoring and
Prewarning System
3.1. Overall Structure of System. The Local Administration of
Work Safety requires knowing the real-time production state
of each coal mine, so all of the monitoring data are sent to
the information center of the Local Administration of Work
Safety. We design the structure of monitoring and prewarning
system based on big data which is shown in Figure 3.
The monitoring data are sent to the cloud cluster and form
big data; then we can use furry comprehensive assessment
model (explained in Section 4.2) to prewarn the problems
of the coal mine in advance. The officers and workers in
Local Administration of Work Safety and coal mines can
gain the prewarning message through their mobile phone or
computer, and then they can make some decisions and
measures to solve the problems to avoid the accident in
advance [23, 30].
3.2. Structure of Monitoring Network. The monitoring network is located in underground. There are a large number of
monitoring data, mainly the data generated by sensors in the
WSN, that are generated in the production process, like the
values of voltages, the concentration of gas, the speed of the

wind, the pressure of roof, and so on [33]. In our study of
the monitoring system, we focus on the monitoring of the
concentration of CH4; it is the main reason for explosion and
fire accident in the coal mine. We can use the same method
to monitor and process other gases such as CO.
The Coalmining tunnels in China usually are categorized with their functions, including development tunnels,
preparation tunnels, and mining tunnels [23, 30, 35–44]. The
development tunnels are served for the whole mine, including
the horizontal mining area, such as the main haulage roadways and the main return airways. The preparation tunnels
are used for digging tunnels such as upward and downward
mining areas. The mining tunnels are used to form the coal
working face, such as the return airflow roadway and the
haulage roadways of coal working face.
The main haulage roadways are relatively wide conveniently to bury mine communication cable. Along the development tunnels, there are many branches; most of them are
coal working face tunnels. The coal working face tunnels are
narrow, irregular, and always changing with the development
of coal mining, so it is difficult to bury mine communication
cables; we use WSN to replace the mine communication
cable. For these considerations, in our study, the structure of
monitoring network is shown in Figure 4.
The WSN is composed of two types of nodes: sink nodes
and sensor nodes. The sink nodes are placed near the junction
of haulage roadways and coal working face tunnels; it means
the number of sink nodes is equal to the number of branches.
The sink nodes connect to each other through the mine
communication cable. The sensor nodes are placed at the
top and the middle of the roof, because the CH4 is lighter
than air and always gather together at the top of the roof.
The sensor nodes in each coal working face tunnel have their
own ID; the ID number increases along with coal working
face tunnel; it means the ID of the first sensor node near the
sink node is 1; then its neighbor’s ID is 2. In order to gain
stable communication performance, we use the Mine Segmenting Wireless Channel Model [31]. The sensor nodes can
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Figure 4: The structure of monitoring network.

communicate with neighbor sensor nodes within two hops.
The sensor nodes send data to the sink nodes in one or two
hops.
In this paper, we suppose that the number of sensor nodes
in the network is 𝑁, and they are distributed in a long-strip
region measuring 𝐿 × 𝑊 with 𝐿 ≫ 𝑊. As soon as the sink
nodes and sensor nodes are deployed, the location is fixed
and it no longer changes; the output power of sensor nodes is
adjustable according to [31]. The sensor nodes are isomorphic
with the same initial energy, and they also have data fusion
function and self-sensing of residual energy. Furthermore,
the energy of sink nodes is unlimited.
3.3. Working Mode. The monitoring network is always in
working state for 24 hours without interruption, so the sensor
nodes can collect and transfer data permanently; it means the
sensor nodes will consume much energy. As we all know that
the sensor nodes are powered by the battery which energy is
limited and the consumption of energy mainly comes from
the communication process. So in our study, we propose the
sensor nodes working in two modes; the first mode is decision
mode; the second mode is transferring mode. We describe the
two modes as follows.
(1) Decision Mode. According to “coal mine safety regulation”
which is issued by State Administration of Work Safety in
China, there are three important values in the monitoring
system, which are alarm value, power-off value, and powerrecovery value; if the concentration is more than the alarm
value, the monitoring system will alert to the workers to prevent the concentration from rising and evacuate from their
working place; if the concentration is more than the power-off
value, all of the electrical equipment will be powered down to
prevent the happening of accident; if the concentration is less
than the power-recovery value, the monitoring system will
give power to the electrical equipment. So it means some data
is not important and some data is important. If the sensor
nodes only transfer the important data, it will decrease the
power consumption largely. So we propose a threshold value

(𝐸𝑉) to help sensor nodes to make a decision; we call this
procedure as decision mode. Senor nodes will shut down
their communication module, keep collecting environmental
parameters, and judge which data should be sent to their
neighbor in this mode. When the concentration of CH4 is
larger than 𝐸, the sensor nodes will be woken up and enter
the transferring mode.
(2) Transferring Mode. In this mode, the sensor nodes will
send or receive data. Because the structure of monitoring network is shown in Figure 4, the data will only be sent forward
and from the sensor node whose ID is larger than another
sensor node. Each sensor node can send its data to next
sensor node in two hops; to prolong the network life, we
propose the cooperation decision mechanism (explained in
Section 4.1.2), to help the sensor node decide which node it
will send. After that, the sensor node will send the important
data to the selected next sensor node until arriving to the sink
node.

4. The Data Aggregation Strategy and
Prewarning Model
In our study, we propose a data aggregation strategy and a
fuzzy comprehensive assessment model based on big data in
the coal mine industry.
The data aggregation strategy is used in the process of
data transformation from one sensor node to the next sensor
node and eventually arrives to the sink node in underground.
The fuzzy comprehensive assessment model is used in the
prewarning system on the ground to prevent the happening of
the accident.
4.1. Data Aggregation Strategy. We propose this strategy that
mainly takes into consideration the limited power capacity
of the sensor nodes and tends to extend the lifetime of
the WSN. First of all, the sensor node collects the data
and estimates the importance of the data locally; thus it
prohibits communications corresponding to unimportant or
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redundant data. When the sensor node 𝑠𝑖 (originator node)
detects important data, it will send a message to wake up
and ask its closest neighbors in two hops (𝑠𝑖−1 and 𝑠𝑖−2 ) to
cooperate with it. Neighbors decide to cooperate or not,
according to their interests, which are defined by a cooperation decision mechanism (explained in Section 4.1.2). The
sensor node 𝑠𝑖 (originator node) will choose the best neighbor
to cooperate and send data to it. Figure 5 shows the overall
negotiation process.
4.1.1. Overall Negotiation Process among Sensor Nodes. As
Figure 5 shows, the process consists of five steps. 𝑠𝑖 is the
first sensor node which detects important data; it will send
an announcement message to 𝑠𝑖−1 and 𝑠𝑖−2 (step 1); the
two neighbors will calculate their cooperate relevance (𝑅)
according to cooperation decision mechanism (explained in
Section 4.1.2). After their calculation, they will send 𝑅 to 𝑠𝑖
(step 3). 𝑠𝑖 receives 𝑅 and selects the larger one as the next
cooperation sensor node (step 4). We assume 𝑠𝑖−2 has the
larger 𝑅, so 𝑠𝑖 will send data to 𝑠𝑖−2 .
In some special circumstances, the sensor node should
send important data to its neighbor node and receive the
announcement message to cooperate with other nodes at the
same time. It is shown in Figure 6 that the sensor nodes 𝑠𝑖−1
and 𝑠𝑖 detect important data, so 𝑠𝑖−1 needs not only to send but
also receive the announcement message. In this condition, we
will have a rule that the data should always be sent to the light
load sensor node. It means 𝑠𝑖 will send data to 𝑠𝑖−2 and 𝑠𝑖−1 will
send data to 𝑠𝑖−3 (along with the bold line).
4.1.2. Cooperation Decision Mechanism. In this section, we
explain the mechanism used in the transferring mode to

calculate the cooperate relevance (𝑅) by sensor nodes. When
the sensor node wants to send important data to its neighbor
nodes, it should choose the better one from them, considered
to prolong the lifetime of WSN; we define 4 parameters that
may have a large influence on the network. These parameters
are as follows: the energy (𝐸), the density (𝐷), the position
(𝑃), and the data important degree (𝐼). We use (1) [24] to
calculate 𝑅. These parameters will be explained in detail later
in this section.
𝑅 = 𝐸 × 𝛿𝑒 +

1
× 𝛿𝑑 + 𝑃 × 𝛿𝑝 + 𝐼 × 𝛿𝑖 ,
𝐷

(1)

where 𝛿𝑒 , 𝛿𝑑 , 𝛿𝑝 , and 𝛿𝑖 are the important factors for the
energy, the density, the position, and the data important
degree, respectively.
(1) Energy. It is the most important parameter in WSN
because the sensor nodes are energy limited. If the sensor
node is power exhausted, it will decrease the lifetime of WSN.
So we use 𝐸 to represent the residual energy level. If the sensor
node has more residual energy, it is advised to participate in
cooperation; another sensor node will save more energy, so it
extends the whole lifetime of WSN. We use (2) to calculate 𝐸;
𝐸𝑟 refers to the residual energy; 𝐸0 refers to the initial energy.
𝐸=

𝐸𝑟
.
𝐸0

(2)

(2) Density. The density is the number of sensor nodes per
square meter. We will consider the number of neighbor
sensor nodes within its radio range according to [31]. If the
sensor node has more neighbors within its radio range, it
means the value of 𝐷 is bigger, the distance between two
sensor nodes is shorter, and the energy consumption will be
less, so it is advised to participate in cooperation. That is why,
in (1), we take the inverse of the density (𝐷) to calculate. We
define the density (𝐷) with
𝐷=

𝑁𝑟 / (𝜋 × 𝑟2 )
𝑁ideal / (𝜋 × 𝑟2 )

=

𝑁𝑟
𝑁ideal

(3)

where 𝑟 refers to the radio range of the sensor node, 𝑁𝑟 refers
to the number of sensor nodes within the radio range, and
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𝑁ideal refers to theoretical number of sensor nodes and it is
given from the ideal distribution of sensor nodes according
to [31]. In the ideal case, 𝑁𝑟 should be equal to 𝑁ideal .
(3) Position. There are two types of positions in WSN. The first
position is the normal position, where the sensor node has
multiple neighbors. The second position is the edge sensor
node, which stays at the edge of the network. In fact, only two
sensor nodes are belonging to the second position; they are
the sensor nodes which have the largest ID and the smallest
ID. We define the position as the distance between the sensor
node with sink node in the same coal working face.
(4) Data Important Degree. This parameter depends on the
running application and the trend of concentration changing
of CH4. It is calculated by local processing, where the
sensor node estimates the data important degree according to
the rule. For example, if the increment of concentration is
growing in 6 hours, it indicates some dangerous thing will
happen even the concentration is less than the threshold value
(𝐸𝑉). The data will be estimated as important; otherwise,
the data is considered unimportant. Figure 7 describes the
process of data aggregation strategy.
4.2. Fuzzy Comprehensive Assessment Model. There are many
types of sensor nodes in the coal mine. We focus on the

concentration of CH4 in the monitoring system, but there
are numerous factors that may give influence to the safety
of coal mine, because the environment underground is very
complicated. If we use single-layer evaluation model in the
prewarning system, the incorrect divide will happen because
some key parameters may be neglected. It is similar with
the mode proposed by [45], so we use it as a reference and
propose our fuzzy comprehensive assessment model.
According to “coal mine safety regulation,” the different
place has different requirements. Coal working face and
return airway are the most dangerous places; most explosions
and roof accidents have happened in this place. The main
haulage roadways are relatively safe because the air is fresh
and the geological conditions are better than other places.
Reference [36] sums up and analyzes the main reasons of gas,
roof, transportation, floods, and fire accident, so we propose a
fuzzy comprehensive assessment model in this section.
The monitoring system includes environmental monitoring, equipment operation status monitoring, coal mine
transportation monitoring, and so on. We take the environmental monitoring system as an example; it mainly includes
the concentration of CH4 , CO, O2 , C2 H2 , and so on.
Assuming the state factor set of environmental monitoring in the coal mine is 𝑈 = {𝑢1 , 𝑢2 , . . . , 𝑢𝑛 }, 𝑢𝑖 (1 ⩽
𝑖 ⩽ 𝑛) is a certain evaluation factor of the environment.
The evaluation set of the safety prewarning model is 𝑋 =
{𝑥1 , 𝑥2 , . . . , 𝑥𝑚 }; 𝑥𝑖 (1 ⩽ 𝑗 ⩽ 𝑚) is the alert level of the coal
mine. So the evaluation model is the equal of structuring a
mapping rule 𝑓 : 𝑈 → 𝑋, making the only sure comments

} that correspond to the facts 𝑈0 =
𝑋0 = {𝑥1 , 𝑥2 , . . . , 𝑥𝑚



{𝑢1 , 𝑢2 , . . . 𝑢𝑛 }. So, the safety rewarning evaluation model
considers various factors and gets the alert level 𝑥𝑘 (1 ⩽ 𝑘 ⩽
𝑚).
By using the multilayer comprehensive evaluation model,
the state factor set 𝑈 is divided into ℎ subsets; we call
them 𝑈 = {𝑢1 , 𝑢2 , . . . , 𝑢ℎ } and assume the corresponding
evaluation weight matrix is 𝑊 = {𝑤1 , 𝑤2 , . . . , 𝑤ℎ }, in which
𝑊𝑖 (𝑖 = 1, 2, . . . , ℎ) is the weight set of each factor subset. Each
element is weight set and satisfies the normalization condition ∑ℎ𝑖=1 𝑊𝑖 = 1. 𝑅 (𝑗 = 1, 2, . . . , ℎ) express the
fuzzy constraint relationship between each factor subset and
evaluation set.
At the beginning, from the first layer, the level 1 assessment 𝐺𝑖 = 𝑊𝑖 ∘ 𝑅𝑖 (𝑖 = 1, 2, . . . , ℎ). Then assemble the 𝐺𝑖
as the level 2 fuzzy constraint relationship 𝑅 between factor
set and evaluation set. Then step by step evaluate the level set
according to the process until arriving to the highest level. The
two-layer fuzzy comprehensive evaluation model is shown in
Figure 8. The evaluation flow is shown in Figure 9.

5. Performance Evaluation
5.1. Simulations. In order to confirm the performance of data
aggregation strategy and fuzzy comprehensive assessment
model, we use MATLAB and GlomoSim [37, 43, 44] to do
some simulations.
In Table 1, we choose the simulation parameters as close
as possible to the reality. For example, the sensor nodes
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Weight set W2
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The third level evaluation
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Table 1: Simulation parameters.
Simulation parameters
Network coverage
Number of sink nodes
Number of sensor nodes
Initial energy of sensor node
Radio range
Throughput
Simulation time

Values
(0, 0)–(1000, 20) m
1–6
0–600
0.5 J
75 m
1 Mbps
48 hours

The second level evaluation
Assessment result G2
The ﬁrst level evaluation
Assessment result Gℎ

Table 2: Cooperate relevance equation parameters.
Equation parameters
𝛿𝑒 , 𝛿𝑝 , 𝛿𝑖
𝛿𝑑

Values
0.35
0.15

Train level evaluation

Assessment result

Figure 9: The evaluation flow.

characteristics (transmission, processor, radio range, etc.) are
determined according to the specification of [31, 35, 39, 42].
Table 2 resumes the values of importance factor 𝛿𝑒 , 𝛿𝑝 , 𝛿𝑖 ,
and 𝛿𝑑 . By giving the same value to 𝛿𝑒 , 𝛿𝑝 , and 𝛿𝑖 , it means we
give the same importance to the energy, the position, and the
data importance degree to calculate the cooperate relevance
(𝑅). After we make several simulations, we have found that
best values for 𝛿𝑒 and 𝛿𝑑 are 0.35 and 𝛿𝑑 is 0.15. According to
the “coal mine safety regulation” and simulations, the threshold value (𝐸𝑉) of CH4 should be between 0.5 and 1.5; for the
balance of produce with safety, we choose to fix a threshold
of 𝐸𝑉 to 0.7.
5.2. Performance Analysis. In this section, we will compare
and analyze the energy consumption, the delay, the cooperation cost, and the prewarning time. The goal of data aggregation strategy is to reduce the amount of communicated data,
increase the valid data in big data, and hence reduce the
energy consumption and prolong the lifetime of the network.

The aim of fuzzy comprehensive assessment model is to
decrease the time of prewarn.
In the simulation, we compare the data aggregation
strategy with PCEB-MS protocol which is proposed in our
previous work [35] and give a simulation to prove the fuzzy
comprehensive assessment model can reduce the prewarning
time compared with the other methods [33].
(1) Energy Consumption. We define the energy consumption
as the average value of the energy consumed by each sensor
node during their transmit, receive, and process data. We use
the classical energy consumption model [39–41] for simulation. Figure 10 shows the comparison between PCEB-MS and
our strategy. The result proves that our strategy is significantly
better than our previous work. At the beginning, the average
consumption of two methods is similar, but with the increase
of sensor nodes, our strategy can save more energy; when
the number of sensor nodes is 600, the average energy
consumption of PCEB-MS is 15 × 104 , but our strategy is only
about 10 × 104 , so the average energy consumption is reduced
by about 34%.
(2) Delay. We define the delay as the average latency needed to
send a message from a sensor node which detects important
data to the sink; it is including the communication and
processing time. At this simulation, we placed 6 sink nodes.
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In this simulation, we use the fuzzy comprehensive
assessment model on the platform. We get the data from the
simulated coal mine, which is a project to train the staff for
coal mine industry in our college. Table 3 shows the difference
between using this model and not using this model to
prewarn of the accident. Obviously, the model can increase
about 0.5–1.0 hour of prewarning time.
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Figure 11: Comparison of delay.

Figure 11 shows our strategy needs less time from each sensor
node to sink node because relatively the sensor node does not
need process complicated data.
(3) Cooperation Cost. When the sensor node needs to send
important data, it will wake its neighbor up in two hops and
make a decision to choose a neighbor to send data, so it will
cause cooperation cost. Figure 12 shows with the increase of
the sensor nodes the cooperation cost will decrease and the
consumption is very little. It means the cost is valuable.
(4) Prewarning Time. We use the prewarning time to make
sure the fuzzy comprehensive assessment model is reasonable. We define it as how long the time is before the accident is
prewarned. There are some studies about the prewarning system in China, such as [33, 46, 47], but only [33] has the similar
prewarning system structure with our study, so we choose
[33] as a comparison. Reference [33] has proposed a data
analysis platform to forecast the accident through the IOT
and big data technology, but it has not used any prewarning
model.

6. Conclusions
In this paper, we focus on the safety problems of coal mine
industry in China. We proposed a monitoring and prewarning system based on big data to prevent happening of
the accident. We used the WSN network to replace mine
communication cable underground at coal working face and
designed the data aggregation strategy and fuzzy comprehensive assessment model to help the system prewarn the
accident in advance. At last, we use MATLAB and GlomoSim
to do some simulations to make sure our strategy and model
are reasonable. Results of simulations show that our method
can improve the performance of the monitoring network and
prewarning system largely.
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