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Abstract: Undoubtedly an accident involving gas is one of the greater disasters that can occur in a coalmine, 
thus being able to predict when an accident involving gas might occur is an essential aspect in loss prevention 
and the reduction of safety hazards. However, the traditional methods concerning gas safety prediction is 
hindered by multi-objective and non-continuous problem. The coalmine gas prediction model based on multi-
sensor data fusion technology (CGPM-MSDFT) was established through analysis of accidents involving gas 
using artificial neural network to fuse multi-sensor data, using an improved algorithm designed to train the 
network and using an early stop method to resolve the over-fitting problem, the network test and field 
application results show that this model can provide a new direction for research into predicting the likelihood 
of a gas related incident within a coalmine. It will have a broad application prospect in coal mining. Copyright 
© 2014 IFSA Publishing, S. L. 
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1. Introduction 

 

Since gas is a main byproduct of mining process, 
and its volatility can be linked as both cause and 
augmenter to mining incidents, safety protocols to 
deal with a gas related incident are integral to the 
design of any coalmine. As science has advanced and 
safety continued to become a more paramount issue 
owing to greater regulatory control by governments 
and management, the safety and stability of coal 
mines and their internal working conditions have 
improved, but accidents, though infrequent, still 
occur with devastating consequence. [1] By analyzing 
main factors of coal mine safety production, 
revealing its inner laws between each factor and 
establishing safety prediction system can improve 
safety situation and safety production level, reduce 

the losses of accidents, save lives and maintain 
stability of social and miners’ family. Therefore, gas 
prediction result affects mine economic and technical 
indexes directly. 

In the past, analytic hierarchy process, grey 
system theory and fuzzy mathematics method are 
used to coalmine gas prediction, [2-5] but the effect is 
not ideal, on the one hand, coalmine gas prediction is 
not only affected by the content of methane and other 
disaster inducing factors, such as coal dust, carbon 
dioxide, carbon monoxide, hydrogen sulfide content 
and exhaust air, but also limited by human factors 
and equipment technical level, it is difficult to 
describe the linkages between gas prediction and 
influence factors by using a fully equivalent 
mathematical equations. On the other hand, analytic 
hierarchy process, grey system theory and fuzzy 
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mathematics method are not utilizing experts` 
experience fully in the process of weights 
determination and membership functions 
establishment, they have great subjectivity. The 
optimal coalmine gas prediction must consider 
influence factors, combine theory knowledge and 
experts` experience. 

With the appearance of Artificial Intelligence and 
Data Fusion Technology, there appeared a series of 
methods like Artificial Neurotic Network (ANN) for 
gas safety prediction. The coalmine gas prediction 
model based on multi-sensor data fusion technology 
(CGPM-MSDFT) is established, and it can achieve 
coalmine gas prediction, artificial neural network is 
used to fuse the multi-sensor data. 
 
 
2. Analysis of Coalmine gas Accidents 

 
In coalmine production safety accidents, gas 

explosion accidents account for about 40 %, water 
accidents account for about 35 %, roof accidents 
account for about 17 %, fire and other accidents 
account for about 8 %. Thus, gas explosion is the 
major accident of coal mining. The conditions of gas 
explosion are as follow: 

1) Gas volume fraction is in explosion limit  
(5 %~16 %). 

2) Enough fire ignition sources are needed. 
Ignition temperature is not less than 650~7500 °C, 
duration time is greater than gas explosion ignition 
temperature. 

3) Oxygen volume cannot be less than 12 %. 
Because oxygen volume cannot be less than 12 % 

in underground working area, the main measure of 
gas explosion prevention is to control gas content. 
Gas explosion refers to the range of mixed gas 
explosion, with other combustible gas involving, gas 
explosion limit will change. Therefore, gas explosion 
limit is affected by many factors, such as coal dust, 
carbon dioxide, carbon monoxide, hydrogen sulfide 
content and exhaust air. 

 
 

3. The Parameters of CGPM-MSDFT 
 
Nowadays, coalmine gas safety prediction method 

only evaluate the safety grade of one accident factor, 
it lacks the research of interaction between hidden 
danger factors. The aim of coalmine gas safety 
prediction system is to make clear the coalmine gas 
condition and provide the basis of safety production. 
This paper establishes the gas prediction model based 
on multi-sensor data fusion. 

 
 

3.1. Factors of Multi-sensor Data Fusion 
 
As a kind of data synthesis and processing 

technology, data fusion is the integration and 

application of many traditional subjects and new 
technology. From the generalized definition of data 
fusion, it include: communication, pattern 
recognition, optimization, computer science, decision 
theory, signal processing, estimation theory, neural 
network and artificial intelligence. In order to carry 
out data fusion, the information representation and 
processing method must be derived from these areas. 
The basic function of fusion is relation and 
estimation. 

Because gas explosive limit is not only  related to 
methane content, but also related to other factors, 
such as coal dust, carbon dioxide, carbon monoxide, 
hydrogen sulfide content and exhaust air. 

Methane has a feature of strong diffusion, it will 
explosive or burn under certain conditions. Coal dust 
is the combustible dust generated in coal mining 
process, normally, the mass concentration of coal 
dust explosion is 30 g/m3, but with gas content 
increasing, coal dust explosion limit will reduce. 
When the coal dust mass concentration reaches  
68 g/m3, lower explosion limit of methane (volume 
fraction) will be reduced to 2.5 %. Carbon dioxide is 
a harmful gas. In AQ_1028-2006 underground coal 
mining ventilation technical regulations, the volume 
fraction of carbon dioxide can not exceed 0.5 %. 
Carbon monoxide can reduce the lower limit of gas 
explosion. The volume fraction of carbon monoxide 
can not exceed 0.0024 %. Hydrogen sulfide mainly 
comes from the decay of organic matter, sulfur 
mineral hydrolysis, mineral oxidation and burn, 
hydrogen sulfide emission in coal mining area, the 
lower hydrogen sulfide explosion limit is 45.5 %, and 
the upper limit is 4.3 %. Mine ventilation is an 
important part of mine safety production, ventilation 
conditions affects the emission of methane and other 
harmful gas directly. Therefore, the reasonable 
ventilation is needed. 

The methane, coal dust, carbon dioxide, carbon 
monoxide, hydrogen sulfide content and exhaust air 
can be monitored by sensors. 

The key question of multi-sensor data fusion is 
data fusion algorithms, this paper uses the neural 
network to fuse multi-sensor data. 

 
 

3.2. Human Factors 
 
Because human factors can not be quantified, the 

human factors coefficient (R) is used to express 
human factors. First, according to different levels of 
technical operation, mine management and 
production records, mine workers get different scores 
(in percentage) and then the average (u) of three 
above is calculated.  

The equation of human factors coefficient R is as 
follow: 

 

 
2

2
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3.3. Equipment Usage Level 
 
With equipment usage level rising, coal mine 

safety grade has improved greatly. Here, the 
operation rate K is used to express equipment usage 
level. The equation of equipment usage level K is as 
follow: 

 

 1 2 3 100%
t t t

K
T

+ += ×
 

(2) 

 

where 1t  is the coal cutting time of Shearer, 2t  is the 

run time of shearer, 3t is the feeding time of shearer, 

T  is the all day time. 
 
 

4. The Neural Network Improved 
Algorithms 

 
4.1. The Neural Network Algorithms 

 

The traditional BP algorithm has many problems, 
such as slow training speed and low efficiency. In 
order to overcome these problems, the BP neural 
network improved algorithms are appeared, they 
include two types: one is heuristic techniques, such as 
self-adaptive learning algorithm, Elastic BP 
algorithm, the other is digital optimization 
techniques, such as Fletcher-Ribiere conjugate 
gradient algorithm, BFGS quasi Newton algorithm, 
OSS secant quasi Newton algorithm, Levenberg - 
Marquardt algorithm. [5-6] 

In order to compare these 6 BP neural network 
improved algorithms, the neural networks for all 
improved algorithms are designed based on the 6 BP 
neural network improved algorithms functions which 
in Matlab toolbox. In these networks, topological 
structure samples numbers and expected errors are 
designed to be the same. Through the comparison, 
the results are as follow in Table 1. 

From the Table 1, the training speed of Levenberg 
- Marquardt algorithm is the fastest, and the training 
number is the least. If this algorithm meets the 
problem of large memory consumption and many 
network parameters, the quasi Newton algorithm, 
OSS secant quasi Newton algorithm and Elastic BP 
algorithm can be used because of their lower memory 
consumption. The speed of self-adaptive learning 
algorithm is slower than other algorithms, but this 
algorithm can reduce training errors. In order to 
reduce the training errors, the self-adaptive learning 
algorithm is used to train the network. 

 
 

4.2. The Self-adaptive Improved Algorithm 
  

The self-adaptive learning algorithm can adjust 
learning rate, so it can reduce learning time. The 
learning rate can’t be too long or too short. If too 
long, neural network will be modified more, and 

resulting in divergence, if too short, it will cause 
lower convergence speed. [7-9]Hence the self 
adaptive learning improved algorithm is built  
as follow: 

 

 

( 1) ( ) ( ) ( )

( ) 2 ( 1)

[ ( ) ( 1)]

y

w k w k a k D k

a k a k

y sign D k D k

+ = +
= −

= −

 (3) 

 
where ( 1)w k +  is the weight of the k+1 iteration, 

( )w k is the weights of the k iteration, ( )a k is the 

step of the k iteration, ( 1)a k − is the step of the k-1 

iteration, ( )D k is the negative gradient of the k 

iteration, ( 1)D k − is the negative gradient of the k-1 

iteration, y  is the Step adjustment coefficient. 

The equation of the threshold value and weight is 
as follow: 

 

 r

E
X l

X

∂Δ = ×
∂

 (4) 

 

where E  is the error function, rl  is the learning rate. 

Under normal situation, the adjustment guidelines 
of learning rate are as follows: revision weight value 
is checked whether it really reduces mistakes, if yes, 
it shows that learning rate is too short, learning rate 
value needs to add a quantity; if not, it shows that 
learning rate is too long, learning rate value needs to 
reduce a quantity.  

 
 

Table 1. Capability comparison of different neural network 
improved algorithms. 

 

Training 
function 

BP 
improved 

algorithms 

Convergence 
time 

Training 
number 

Traingdx.m 
Self-
adaptive 
algorithm 

62.20 1201 

Traingp.m 
Elastic BP 
algorithm 

15.15 185 

Trainbfg.m 

BFGS 
quasi 
Newton 
algorithm 

11.32 52 

Trainoss.m 

OSS secant 
quasi 
Newton 
algorithm 

19.35 101 

Traincgf.m 

Fletcher-
Ribiere 
conjugate 
gradient 
algorithm 

15.60 82 

Trainlm.m 
Levenberg 
Marquardt 
algorithm 

2.10 7 
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In the neural network toolbox of MATLAB, the 

adjustment equation of learning rate ( rl ) is as follow: 

 

 

1.05 ( )

( 1) 0.7 ( )

( )

( 1) 1.04 ( )

r

r r

r

l k

l k l k

l k

mse k mse k

others


+ = 



+ >  
(5) 

 
where mse  is the mean variance. 

In the neural network toolbox of MATLAB, the 
training function ( traingdx.m and traingda.m) is used 
to achieve self adaptive learning algorithm. 

The training parameters of the self adaptive 

learning algorithm include: rl (initial learning rate), 

epoch  (network training number), goal  (error 

function), r  (0.7)dec  ( rl  reduction coefficient), 

rl  (1.05)inc  ( rl  add coefficient), m a x  perf  

inc  (error rate), min grade  (minimum gradient), 

mc  (momentum factor momentum factor), time  

(training ) and show  (training step). [10-12] 
When the network meets the following 

conditions: Network function index is less  
than expectation error; the number of training  
attains maximum number, they represent training 
time is out, network will stop learning. The self 
adaptive learning improved algorithm is used to 
training the network. 

 
 

4.3. The Generalization Ability of Neural 
Network 

 

The aim of neural network is to find the rule 
which is hidden behind of samples through training 
finite examples (training samples). Network can learn 
rules or learn to a degree through discrete samples, 
the results of study can reflect the rule of object, 
instead of learning too much or too little. This is 
generalization ability of the neural network, it also 
can be called “over-fitting” problem. [13-15] There is 
relationship between this problem and network 
algorithm study, network structure problems and 
samples. The network generalization ability can make 
the right response to the samples which are not 
appeared in training (but have same rule). The “over-
fitting” problem means the expression of low 
generalization capability. [16] The following two 
methods are used to enhance the generalization 
ability of network. 

1) Early stopping method. 
In order to overcome “over-fitting” phenomenon, 

the relative easy implementation measure is early 
stopping method. The data has been divided into 3 
groups: The first group of data is set as training 
samples, it can be used to train network and adjust 
network weights and threshold. The second group of 

data is set as monitoring sample. In the training 
process, the monitoring samples have been 
calculated. In the initial stage of training, the errors 
are decrease follow training, in case of “over-fitting” 
phenomenon happen, the errors of this group of data 
become small to large, when preset number is 
reached, even if the error is reducing, network will 
stop training. Network weights and threshold are 
used as a further test when monitoring samples reach 
their minimum value. The third group of data is  
set as the test samples to test accuracy of different 
input patterns. Based on the thinking above, the 
network generalization ability can be improved to a 
certain extent. 

2) The preferred inspection method. 
The basic idea of preferred inspection method is 

as follow:  Sample data is divided into three groups, 
two groups are used to test, and the third group is 
used to judge the first and the second group. The first 
two groups of data predict the third group and the one 
which gets a better effect will be the judgment of the 
third group. The number of group may differ by the 
length of samples, if too long, samples data can be 
divided into multi-groups and set one group as the 
judgment. According to the requirement of CGPM-
MSDFT, the length of every group needs to equal, 
the purpose is to make the entire group have  
equal information.  

Through the sample test in Matlab, the early 
stopping method is used to improve generalization 
ability. 

 
 

5. The Basic Principle and Structure  
of CGPM-MSDFT 

 
5.1. The Basic Principle 

 
The main idea of CGPM-MSDFT is as  

follow: According to the successful cases of gas 
prediction, the network can be used to judge the 
coalmine gas safety grade through the characteristics 
of neural network self learning ability and  
memory ability. 

Strong self learning ability is a major 
characteristic of neural network. Some successful gas 
prediction cases can be provided as learning samples, 
neural network improved algorithm is used to train 
learning samples (this system use self adaptive 
improved algorithm), the node threshold and 
connection weights can get constant revised in 
training process, finally, the requirement can be 
attained, and the network can memory all the learning 
samples.  

Memory ability is another characteristic of neural 
networks. First of all, input variables will be put into 
network; the second step, output model of learning 
samples which close to the solution mostly is recalled 
through network training; finally, the network can 
predict the reasonable coalmine gas safety grade. 
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5.2. The Design Process and Prediction 
Mechanism 

 
The design process and prediction mechanism of 

CGPM-MSDFT is as follows as Fig. 1. 
 
 

 
 

Fig. 1. The design process and prediction mechanism. 
 
 

6. The System Inference Mechanism of 
CGPM-MSDFT 

 
6.1. The First Reasoning 

 
The first reasoning is to convert input variable 

into acceptable numerical values through 
preconstruction concept. The methane content, coal 
dust content, carbon dioxide content, carbon 
monoxide content, hydrogen sulfide content, exhaust 
air are quantitative factors, so they can be expressed 
by their values which detected by sensors. Human 
factors and equipment usage level can be expressed 
by equations ((1) to (2)), their values are controlled 
within [0, 1]. 

 
 

6.2. The Second Reasoning 
 
The second reasoning is based on the first 

reasoning. The results of second reasoning are 
inputted into network to get the final output.  

The second reasoning can be achieved by BP 
neural network improved algorithm. 

Supposing that the BP neural network including 
n+1 layers, the BP neural network training steps are 
as follows: 

1) Given a random number to threshold and 
weight. 

2) According to forward direction, calculation is 
to be done as follow: 

 

 

1

0

( ) ( )

( 1,2,......, )

,

m m m m m
j j ij i j

i

i i

y F S F W y

m n

y x

θ− = = +

 =
 =


 

(6) 

 

where F  is the nonlinear transfer function, ix  is the 

input values of the I Node, m
jy  is the output values 

of the j node of m layer, jT  is the output of the j 

node, m
jθ  is the threshold of the J node, m

ijW  is the 

weight of the J node of the m Layer to the I node of 
the m-1 layer. 

The S function: 
1

( )
1 x

F x
e−=

+
 is used to be as 

transfer function. 
3) The error value of every node is needed to be 

calculated, the equation is as follow: 
 

 (1 )( )n n n n
j j j j jy y T yδ = − −  (7) 

 
4) According to reverse direction, the error value 

of every nodes of hidden layer is calculated, the 
equation is as follow: 

 

 

1 ' 1( )

( , 1,......, 2)

m m m m
j j ij i

i

F S W

m n n

δ δ− −=

= −

  (8) 

 
5) The modifier of threshold and weight is 

calculated, the equation is as follow: 
 

 

1( 1) ( ),

( 1) ( )

m m m m
ij j i ij

m m m
j j j

W t y W t

t t

ηδ α

θ ηδ α θ

−Δ + = + Δ

Δ + = + Δ
 

(9) 

 
6) The adjustment of threshold and weight is 

calculated, the equation is as follow: 
 

 
( 1) ( ) ( 1),

( 1) ( ) ( 1).

m m m
ij ij ij

m m m
j j j

W t W t W t

t t tθ θ θ

+ = + Δ +

+ = + Δ +
 

(10) 

 
7) The result is checked whether it can satisfy the 

accuracy requirements, if yes, training will be 
stopped, if not, 2) to 6) need to do again. 

 
 

6.3. The Third Reasoning 
 
The third reasoning is based on the second one. 

The final output values from second reasoning will 
be converted to gas safety grade. 
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7. The Achievement of CGPM-MSDFT 
 
7.1. Knowledge Base Construction 

  
1) Network construction knowledge base. 
The main function of network construction 

knowledge base is to store network layers and hidden 
nodes. The CGPM-MSDFT uses 3 layers networks, 
Input nodes are the main factors which affect the 
coalmine gas safety, and they include 8 factors: 
methane content, coal dust content, carbon dioxide 
content, carbon monoxide content, hydrogen sulfide 
content, exhaust air, human factors and equipment 
usage level. The output includes 1 factor: gas safety 
grade. 

2) Case knowledge base. 
The main function of case knowledge base is to 

store the successful cases of coalmine gas safety 
grade prediction. 

 
 

7.2. The Realization of CGPM-MSDFT Data 
Preprocessing 

 
Before network training, first of all, input data 

needs to do a unified treatment, so it can be converted 
to a specified range values. After conversion, input 
data needs to be checked whether it shows 
approximate normal distribution or normal 
distribution, if not, input data needs to do the further 
conversion, until the final input data shows 
approximate normal distribution or normal 
distribution. The equation of conversion is as follow: 

 

 
min

max min

iy y
y

y y

−=
−

 
(11) 

 
where y  is the value after treatment, iy  is the  

I component of dependent variable, miny  is the 

minimum values of dependent value, maxy  is the 

maximum values of dependent value. 
In this network, the input layer neuron number is 

8, the output layer neuron number is 1, and the 
hidden layer neuron number is set to 12. The gas 
safety grade: safety, normal, more dangerous, 
dangerous. In order to obtain more effective results, 
[0 0 1] is express safety grade, [0 1 0] is express 
normal grade, [1 0 0] is express more dangerous 
grade and [0 1 1] is express dangerous grade in this 
network. 

 
 

7.3. Network Test Results 
 

126 successful coalmine gas safety prediction 
samples are used to train and test network.  
120 samples are used to train network, 6 samples are 
used to test network. 

Through training the network, relatively stable 
weights and thresholds are gotten. The results of 
testing samples are shown in Table 2. 

 
 

Table 2.  Test result. 
 

No 
Gas safety grade 

Test result Actual 
1 0.031 1.022 0.002             Normal 
2 0.023 -0.065 1.052          Safety 
3 0.009 0.063 1.021            Safety 
4 1.051 -0.052 0.008  More dangerous 
5 0.023 1.033 1.051          Dangerous 
6 0.052 1.023 -0.036        Normal 
 
 
Based on the Table 2, the maximum error value of 

gas safety grade is 6.5 %, it is so tiny. The CGPM-
MSDFT can predict coalmine gas safety grade 
accurately. 

 
 

7.4. Field Application 
 
Songzhuang colliery is mining the 12223 working 

face. The geological conditions are as follows: Coal 
seam thickness is between 0.97 to 1.32 m, the 
average thickness is 1.2 m; Simple structure, 2 layers 
of rock, rock dissection is between 0.2 to 0.5 m; The 
directly roof is grey white conglomeratic coarse 
sandstone, the thickness is 5.68 m, the basic roof is 
grey sandstone with high anti weathering ability, the 
thickness is 18.92 m; The floor is gray grit stone, 
mineral cementation, the thickness is 17.06 m; Coal 
seam dip angel is between 5 to 9°, the average angel 
is 7°; According to water inflow measured data, 
water quantity is between 4.8 to 9.3 m3/h. 

12223 working face used this model to predict gas 
safety grade. The results are as follows as Table 3. 

 
 

Table 3. Prediction results. 
 

Test value Result 
1.022 0.051 0.010 More dangerous 

 
 
Before pre production, Songzhuang colliery did a 

lot of measures to prevent gas accidents. At present, 
12223 working face has been promoting 1000 meters 
safely, none gas overrun occurred. The prediction 
goal is reached. 

12221 working face has been mined, and it has 
the similar geological conditions as 12223 working 
face. The gas safety grade was identified as normal 
through tradition method, safety measures are not in 
place, when working face had been promoting  
300 meters, gas explosion occurred, it caused huge 
losses. This method helped Songzhuang colliery 
predict an accurate gas safety grade. 
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8. Conclusion 
 
Reasonable coalmine gas prediction is an 

important issue in coal mining design. Coalmine gas 
prediction is not only affected by accident inducing 
factors, such as methane, coal dust, carbon dioxide, 
carbon monoxide, hydrogen sulfide content and 
exhaust air, but also limited by human factors and 
equipment technical level. The CGPM-MSDFT is 
establishment, and it can avoid subjectivity and 
resolve the multi-objective and non-continuous 
problem of gas prediction. The results of network test 
and field application show that this model can 
achieve coalmine gas safety grade prediction, and 
provide technical support for coal mining design. 
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