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Abstract—Gas emission is basically non-stationary time series, 
Based on this view, wavelet multi-resolution analysis was 
applied to the predication of gas emission. Firstly, the gas 
emission data was decomposed by wavelet multi-resolution 
analysis. Secondly, the single branch reconstruction of each 
layer was predicted by establishing AR forecasting model. 
Synthesized all of the results from every layers, the forecasting 
result was obtained. The simulation showed that predication 
for mine gas emission with the method of this paper has much 
higher accuracy than AR model forecasting model. 
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I. INTRODUCTION 

For poor natural condition and complex geological struc-
ture, our China’s coal mine accidents often occur, It is pro-
vided that mine gas emission is an important indicator of 
coal mine safety, an indispensable part of gas prevention, 
and is directly related to safe production of coal and the 
decision making. At present, forecasting method widely 
used are Statistic method, different-source method, grey 
theory predication method and neural network forecasting 
method. Based on system theory, the series of gas emission 
dynamic data, according to its data order and its size, 
inevitably contains traces and large amount of feature infor-
mation of the dynamic evolution[1]-[2]. The common methods 
of time series predication are autoregressive model AR, 
moving aver-age model MA and mixed model ARMA, and 
its premise condition is that the time series is smooth or 
stationary. But gas emission data are often non-stationary, 
so direct use of those model lead to the prediction error 
larger. Aiming at this point, the paper introduced multi-
resolution analysis into the prediction of time series, 
because some nonstationary time series can be decomposed 
into several approximate stationary time series by wavelet 
multi-resolution analysis. 

II. WAVELET MULTI-RESOLUTION ANALYSIS 

In 1988, S.Mallat proposed the concept of multi-
resolution analysis (MRA) [3], illustrated the multi-
resolution characteristics of wavelet from the perspective of 
function space. Multi-resolution analysis which is also 
known as multi-scale analysis studied the multi-scale 

representation of the function or signal from the point of the 
space. In addition, it also provided a unified framework for 
constructing wavelet, as well as a fast algorithm of signal 
decomposition and reconstruction, Mallat algorithm. 

Multi-resolution analysis of time series is further de-
composing in the low frequency portion at different scales, 
while the high frequency doesn’t deal with, as it shown in 
Figure 1. 

 
Figure1.  Multi-resolution analysis of wavelet decomposition tree graph 

Where A  represents the decomposition of the low fre-
quency part, and D  represents the high frequency part., j  

in jA and ( )1 3
j

D j =   is the decomposition layers. 

Mallat algorithm[4]- [5] occupies an important position in 
the multi-resolution analysis. It is the fast algorithm about 
the construction and transform of orthogonal wavelet. Set 
the scaling function is ( )tϕ , and its corresponding wavelet 
function is ( )tψ , the two-scale equation is  
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Mallat algorithm include decomposition and de-
composition algorithm, The decomposition algorithm is 
shown as following. 

 
Figure2.  Schematic diagram of decomposition algorithm 

Mallat reconstruction algorithm is actually the inverse 
operation of the decomposition algorithm as figure3 showed. 
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Figure3.  Schematic diagram of reconstruction algorithm 

III. AR PREDICTING MODEL 

Set a time series is { }tx , 1, 2, ,t N=  , and AR( )n  

model[6] is      

1 1 2 2t t t n t n t
x x x x aϕ ϕ ϕ

− − −
= + + + + ，

2

NID(0, )
t a

a σ        （2.1） 

In the model above, the unknown parameters is 
2

1 2
, , ,

n a
ϕ ϕ ϕ σ , and the relations is as following 
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The premise of establishing model is parameter estimate 
and model test. There are many methods of model test, the 
paper choose Akaike information criterion, whose basic idea 
is with model order increasing, the accuracy of model 

approximation to the real system improves, and 2

a
σ   de-

creases. However, the rise of model order means that the 
number of model parameters increase and leads to the error 
increases. Consolidated these two aspects, there should be a 
more appropriate order, which corresponds to model is the 
suitable one. Akaike information criterion includes FPE 
criterion, AIC criterion, BIC criterion, Φ IC criterion, Φ IC 

criterion, BI
1

C  criterion, CAT criterion. However, these 

guidelines are only tested from one aspect to test model, and 
is not comprehensive enough. Guoqiang Chen etc[7]  had 

proposed a test method that combined three commonly 
used criterions to determine the model order, which is 
through drawing FPE, AIC, BIC function with respect to the 
order n , seek the common minimum value which is the 
model order. It is intuitive and simple to determine the 
model order. 

The paper firstly determined the scope of the order by 
experience criterion, then used the method above within the 
scope to determine the model order. 

AR( )n  model 
1 1 2 2t t t n t n t

x x x x aϕ ϕ ϕ
− − −

= + + + + , its best 

predictor formula is 
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       （2.4） 

Where l  referring to the number of steps, ˆ ( )tx l  is the 

best predicted value of forward l  steps in t . 

IV. PREDICTING METHOD BASED ON MULTI-RESOLUTION 

ANALYSIS
[8]- [10] 

Set 
1 2

{ , , , }nS x x x=   is a non-stationary time series, 

decomposes S  with wavelet, that is only further 
decomposes the low frequency part of the time series, then 
single branch reconstructs each layer, the following 
equation can be achieved. 

                        
1 2 i i

S D D D A= + + + +                    （3.1） 

Here i  is the number of layers, iD  is the result of 

single branch reconstruction of high frequency part, iA  is 

the result of single branch reconstruction of low frequency 

part. 
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can be expressed as 
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Now { ( )}S t  is given, the value after l  steps is 
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the AR prediction model, solving steps are as follows. 
Step1: Determine the model parameters and order for 

( 1, 2, , )
i

D i i=   and iA , establish AR model respectively; 

Step2: Predict 
1, 2 , 3 , ,

ˆ ˆ ˆ ˆ, , , ,
n l n l n l i n l

d d d d
+ + + +

  and 
,

ˆ
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a
+

 with the 

model established in step 1, then substituted them into the 
formula (3.3), the predicted value of the time series can be 
achieved. 

V. THE SIMULATION EXPERIMENT OF GAS EMISSION 

PREDICTING 

The gas emission data were collected daily from 
February 13 to December 31 in 2006 in a cool mine. The 
simulation is divided into two parts: the first part is predict-
ing with AR model, the second part is predicting based on 
multi-resolution analysis. All the forecasting curves is 
compared to the original data. The figure below is the 
original data of gas emission. 
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Figure.4 Original data diagram 
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It can be seen from Figure.4 that the fluctuation of gas 
emission with the changing of time, and it is a nonstationary 
time series. 

A. Prediction of AR model.  
Establish AR model, Fistly, determine the order of 

the model as Ⅲ mentioned, the Figure is as following. 
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Figure.5 The order of AR model determination 

From (a) and (b) in Figure.5 , it can be seen with the in-

creasing of model order, the overall trend of 2

a
σ  is down-

ward, and when n  is smaller, it declined soon, with n rising, 
the downtrend became slow. The value of criterion function 
decline fast when n  is relatively small, and soon after,  it 
changed smoothly. However, no matter which kinds of 

criterion function, when 4n = , the function value and 2

a
σ  

are all minimum, so (4)AR  is appropriate, and the model 

parameters is T
0.5152 0.2547 0.0356 0.1916[ ]ϕ = .The compari-

son figure between predication and original data is as 
Figure,6. 
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Figure.6 Predication result of AR(4) 

Chose the standard deviation of the prediction error as 
the evaluation index, the prediction error of (4)AR  is 0.1543. 

B.  Predication based on Multi-resolution analysis 
The time series of gas emission is firstly decomposed by 

wavelet multi-resolution analysis, which chose the wavelet 
function 3db , and decomposed 4 layers. The decomposition 
result is as following. 

 
Figure.7 The decomposition diagram of multi-resolution analysis 

Then the result of single branch reconstruction of each 
layer is predicted with AR model. synthesized the prediction 
results of every layers. The final comparison between 
forecasting result and original data is shown below. 
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Figure.8 Prediction result based on multi-resolution analysis 

The error of Prediction based on multi-resolution analy-
sis is 0.037. Different wavelet functions and decomposition 
layers, predicted results are different. Through Matlab simu-
lation and constantly testing, it can be achieved that select-
ing 3db  and 7sym , the results is better. TableⅠ is the com-
parison of different wavelet function and different decom-
position layers which is from 1 to 10. 

As can be seen from TableⅠ  , the predication error 
based on multi-resolution analysis is less than directly using 
AR  model forecasting. When the wavelet function is 3db , 

and the decomposition layer is 4, the error reached mini-
mum 0.037, meanwhile when the number of layer between 
4~8, the error value is small and stabilized.  

TABLEⅠ. The comparison of predicted results 

Decomposition
layers 

1 2 3 4 5 

db3 0.064 0.057 0.048 0.037 0.037 
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sym7 0.081 0.049 0.041 0.040 0.040 

Decomposition 
layers 

6 7 8 9 10 

db3 0.037 0.037 0.037 0.037 0.037 

sym7 0.040 0.040 0.040 0.175 0.243 

VI. CONCLUSIONS 

In this paper, multi-resolution analysis was applied into 
the predication of gas emission, and this method was 
compared with AR  forecasting. Through the simulation, the 
following conclusion can be drawn. The method of 
predicating based on multi-resolution analysis can be used 
on gas emission and the accuracy is much higher than direct 
applying AR model. Meanwhile, the contrasts with different 
wavelet function and decomposition layers illustrate that the 
best number of layer is 4~8. 
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