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W N e

Abstract: The current single gas prediction model is not sufficient for identifying and processing all
the characteristics of mine gas concentration time series data. This paper proposes an ARIMA-LSTM
combined forecasting model based on the autoregressive integrated moving average (ARIMA) model
and the long short-term memory (LSTM) recurrent neural network. In the ARIMA-LSTM model, the
ARIMA model is used to process the historical data of gas time series and obtain the corresponding
linear prediction results and residual series. The LSTM model is used in further analysis of the
residual series, predicting the nonlinear factors in the residual series. The prediction results of the
combined model are compared separately with those of the two single models. Finally, RMSE, MAPE
and R? are used to evaluate the prediction accuracy of the three models. The results of the study
show that the metrics of the combined ARIMA-LSTM model are R? = 0.9825, MAPE = 0.0124 and
RMSE = 0.083. The combined model has the highest prediction accuracy and the lowest error and is
more suitable for the predictive analysis of gas data. By comparing the prediction results of a single
model and the combined model on gas time series data, the applicability, validity and scientificity of
the combined model proposed in this paper are verified, which is of great importance to accurate
prediction and early warning of underground gas danger in coal mines.

Keywords: gas prediction; ARIMA algorithm; LSTM algorithm; data fitting

1. Introduction

Gas concentration index prediction is based on the statistics, analysis and mining of
daily gas monitoring and monitoring data and is a method for studying the change law of
gas concentration and predicting the development trend of gas concentration [1-4]. The
methods that are often used to predict gas concentration include the neural network model
method, exponential smoothing method, grey system theory prediction method and time
series prediction method [5-7]. Among them, the ARIMA method in time series is the
most commonly used method for studying the one-dimensional mine gas data prediction
problem. However, its disadvantage is that it can only be used to analyse linear features in
data, and it lacks the ability to analyse and process nonlinear features in gas time series. To
solve this problem, a large number of nonlinear methods are widely used in the analysis
and prediction of mine gas time series data [8-10]. Wang [11] proposed an improved
support vector machine coal mine gas prediction algorithm and performed an experimental
analysis on it, which effectively improved the prediction accuracy, and the generalisation
function reduced the error value. Kang et al. [12] improved the ant colony algorithm to
improve the global optimisation performance and convergence speed of the algorithm and
used the ant colony clustering algorithm to discriminate the prominent occurrence state.
Xie et al. [13] established a prediction model of gas concentration in tunnelling roadways,
analysed the correlation between different gas data in the roadway in depth, and predicted
the gas concentration using the random forest regression model. The results show that the
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model has good prediction performance. Zhang et al. [14] proposed an LSTM model based
on actual coal mine production monitoring data, selected gas concentration time series
to verify it and showed that LSTM has a high accuracy for predicting samples with large
amounts of data. The linear and nonlinear characteristics of mine gas concentration data
cannot be handled by a single gas prediction model alone, and most combination models
have low accuracy in the prediction process.

A gas concentration prediction method that combines ARIMA and LSTM is proposed
in this paper. The ARIMA model can achieve high-precision prediction of time series and
has a strong ability to explain linear fluctuations. LSTM has a good prediction effect on
nonlinear feature data and strong generalisability. The combination of the two integrates the
advantages of a single model. By assigning appropriate weights, the prediction results of
the LSTM model and the prediction results of the ARIMA model are linearly superimposed,
and finally, prediction results with high accuracy, small error and high fitting degree are
obtained. The prediction accuracy of the combined model is verified by comparing the
measured data in the mine with the prediction results.

2. Materials and Methods
2.1. ARIMA Algorithm

The ARIMA (p,d,q) model is used to collect and analyse observations from past time
points to portray their intrinsic connections and predict future values. Its prediction of
the future can be achieved by using past time values and linear error equations [15-18].
Suppose X = {xj,i=1, 2,...,, N} is a temporal dataset and ARIMA (p,d,q) can be described by
Equation (1).

Iy =00+ @111+ @aXpo + -+ @pxr_p —&r — 01841 — Operp — - —Ogerg (1)

In Equation (1), p is the order of the autoregression, d is the order of the difference,
and g is the order of the moving average. x; is the true value; I} is the predicted value of xy;
¢ is the predicted error value; and ¢ and 6 are the values of the parameters to be estimated.
ARIMA satisfies Equation (2).
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In Equation (2), V4 = (1— B)Yand ®(B) = 1 — @B — - — @B is the autore-
gressive coefficient polynomial of the smooth reversible ARIMA (p,q) model. ®(B) =
1—601B—---—6;B1is the moving smoothing coefficient polynomial of the smooth re-
versible ARIMA model.

2.2. LSTM Algorithm

LSTM is a special kind of RNN that mainly solves the gradient disappearance and
gradient explosion problems while training long sequences [19-22]. Compared with normal
RNN, LSTM can have better performance in longer sequences. The basic unit structure of
the network is shown in Figure 1.

The basic unit of the LSTM network contains an oblivion gate, an input gate and an
output gate. The input x; in the forget gate together with the state memory unit S;_; and
the intermediate output ;_; determine the forget part of the state memory unit. The x;
in the input gate is varied by the sigmoid and tanh functions and jointly determines the
retention vector in the state memory unit. The intermediate output /; is determined by the
updated S; together with the output o; and is calculated as follows in Equations (3) to (7).
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Figure 1. The basic unit of an LSTM network.

ft = c(Wg - [h4—1, xt] + by) ®3)
ir = 0(W; - [he—1,xt] + b;) )
Ct = tanh(We - [hy_1, x¢] + bc) (5)
or = 0(Wo - [hy_1, x¢] + bo) (6)
hy = o; x tanh(Cy) (7)

In Equations (3) to (7), fi, it, g+, Ct and o are the forget gate, input gate, alternative
cell state used to update, updated cell state and output gate, respectively; C; is candidate.
Wy and by are the corresponding weight coefficient matrix and bias term, respectively;
and ¢ and tanh denote the sigmoid activation function and hyperbolic tangent activation
function, respectively.

2.3. Combined ARIMA-LSTM Algorithm

Gas concentration time series data have both linear and nonlinear trends, considering
the unique advantage of the ARIMA model in dealing with linear data and the outstanding
performance of L5TM in analysing and predicting nonlinear data [23-26]. Therefore, the
linear prediction results and residual series were obtained by the ARIMA model after
processing the historical data of the gas. Second, LSTM was used to further analyse the
nonlinear factors of the residual series to obtain nonlinear data prediction results. Finally,
the linear prediction results and the nonlinear prediction results were superimposed on
the data to obtain the final prediction results of the gas data. Given that the time series
Y = {y;,k = 1,2...,,N} consists of both linear and nonlinear components y; = Iy + nly, the
one-dimensional gas data are first processed through the ARIMA model, and a time series
of linear prediction results I}, and residual series d; = yx — I, are obtained, followed by a
set of time series of nonlinear prediction results nl, by further processing the residual time
series. Finally, the combined linear and nonlinear results are the final time series prediction
results yi, = Iy, + nly,. The three indicators of mean absolute error (MAE), mean absolute
percentage error (MAPE) and R? are used as the evaluation indicators of the model [27-30],
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where R? usually takes the value in [0,1], and the closer the result is to 1, the better the
fitting effect is. The equations are as follows.

®)

©)

(10)

In Equations (8) to (10), where x; is the observed value; y; is the predicted value; and
N is the number of samples. ¥ is the average of y;. ; is regression fitting value.

3. Gas Data Processing and Prediction Process
3.1. Data Sources

To verify the feasibility of the combined prediction model proposed in this paper, the
statistical indicators of gas concentration data for a total of 6 days from 1 March to 6 March,
2021, at the corner of the 803 working face of a mine, were selected as the object of empirical
research. The dataset was monitored from 0:00 on March 1 and recorded once every 30 min
so that the gas data were smoothed by 30 min averaging, and 288 sets of data were collected
as experimental data. The raw recorded data plot is shown in Figure 2. A total of 192 sets
of data from 1 March to 4 March, 2021, were selected as the training set for the estimation
of model parameters, and 96 sets of data from 5 March to 6 March were used as the test set
for testing and examining the generalisability of the model. The Lajda criterion was used to
first assume a set of data with only random errors, analyse the data to obtain the standard
deviation, and construct an interval according to the set probability. If the error value does
not fall within the set interval, it is a gross error and should be discarded. The anomalous
data in the collected data—i.e., the data when the absolute value of the difference between
the measured value of the gas sensor and its mean is greater than three times its standard
deviation—were processed, and the anomalous data were replaced by the average value
on both sides of the anomaly.

0.40
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Figure 2. Raw gas concentration data.
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3.2. Data Fitting Effectiveness
3.2.1. ARIMA Model Predictions

First, the augmented Dickey-Fuller test (ADF) is used to determine the smoothness of
the data series, assuming that there is a unit root in the training dataset. If the significance
test statistic (T value) obtained is less than three confidence levels of 10%, 5%, 1%, then
it corresponds to a (90%, 95, 99%) certainty to reject the original hypothesis, and the
probability value (p value) corresponding to the T value is less than 0.05 (preferably equal
to 0) and then it can be determined. For the smooth time series, if the above conditions are
not met, it is a nonsmooth time series. Then, we use the difference method to smooth the
nonsmooth time series and finally use ADF to continue to test the series after the difference
until it reaches smoothness. It is necessary to use the difference method to smooth the
nonstationary time series and perform a unit root test. The calculation results are shown
in Table 1.

Table 1. The augmented Dickey-Fuller test result.

Threshold Values P T
1% 5% 10% 055 e
—2.57 —1.94 —1.61

According to Table 1, T = —6.32 is less than the critical values of 1%, 5% and 10%,
and P = 0.55 is greater than 0.05, so the preprocessed gas data series was determined to
be a nonstationary time series. The nonstationary time series were subjected to first-order
difference and second-order difference analyses (Figure 3). In Figure 3, the nonstationary
time series becomes stationary after first-order difference and second-order difference
processing, and the gas concentration distribution trends after the first-order difference and
second-order difference processing are less different. All tend to be stationary series, so the
first-order difference is taken as the model parameters.

Original sequence
0.4 4 diff- 1
— diff-2
0.3
c
h=]
g
€ 02
3
c
o
o
a 0.1 1
(O]
00 9 . A i ! 2 ’ '
‘
-0.1

2021/3/1 2021/3/2 2021/3/3 2021/3/4 2021/3/5 2021/3/6
Date

Figure 3. Postdifferential data sequence.

After smoothing the data series, the ARIMA model was ordered using the autocor-
relation function (ACF) and partial autocorrelation function (PACF), as well as the BIC
criterion, as shown in Figure 4, with the ACF falling in the confidence interval after order 3
and the PACF approximately falling in the confidence interval after order 0. At the same



Processes 2023, 11, 174

6 of 12

time, the Bayesian information criterion (BIC) was used to select the model, with a smaller
BIC value indicating a better model (Figure 5). When the AR autoregressive model order p
is 3 and the MA moving average model order g is 0, the BIC value is the smallest; therefore,
the ARIMA (3,1,0) model can be determined to be the optimal model.

1.04
0.84
0.6+
0.4+
0.24
0.0-
_02 4
_04 4

Relevance

0 10 20 30 40 50 60 70 80
Autocorrelation

1.04
0.8
0.6
0.4+

Relevance

0 10 20 30 40 50 60 70 80

Partial Autocorrelation

Figure 4. Autocorrelation function and partial autocorrelation function.
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Figure 5. BIC diagram.

Combined with the normal distribution plot (Figure 6), Q-Q plot (Figure 7) and a
test of the applicability of the model, the scatter points shown in Figure 6 below are all
approximately around the fit line, and the residuals also satisfy the normal distribution.
A p value of 0.55423 was obtained by the Ljung—Box test, indicating that the residuals are
consistent with white noise and that the model is suitable for the trend of the gas data.
When applying this optimal model for prediction, the prediction results are shown in
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Figure 8, from which it can be seen that the ARIMA model has been fitted to a high degree,
but there is still a certain amount of fitting error with the actual data.

-2 0 2
Distribution

Figure 6. Histogram plus estimated density.
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Figure 7. Quantile-Quantile plot.
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Figure 8. ARIMA model prediction results.



Processes 2023, 11, 174

8of 12

3.2.2. LSTM Model Predictions

The LSTM model is used to fit the ARIMA model prediction residuals. The model’s
fitting ability is determined by the number of implied layers, a loss function is used to
observe the degree of model fit to prevent overfitting and training is stopped when the loss
function is not decreasing. The loss function is defined in Formula (11).

N

LOSS = Y (x; — ) (11)
i=1

where x; is the observed value at time i and y; is the predicted value at time i.

A time-based backpropagation algorithm is used for training, with batch_size set
to 1, where 1 represents updating the weights after each sample, a process known as
gradient descent (SGD). The activation functions are usually sigmoid, tanh and ReLU.
As sigmoid is prone to gradient disappearance during back propagation and tanh’s SGD
converges too slowly, ReLU is chosen as the activation function for the study discussed
in this paper, with the number of iterations set to 100. Usually, neural network models
deal with normalised data in the range of [-1,1]. With normalisation, the learning rate
no longer has to be adjusted according to the range, improving the training speed of the
model. The LSTM model prediction results and the convergence of the loss function are
shown in Figure 9, with the loss values decreasing rapidly between 0 and 10 iterations and
levelling off at 20 iterations before converging completely at 30 iterations. At 30 iterations,
the model converges completely to the optimum. The final prediction fit of the LSTM
model is displayed in Figure 10, which shows that the prediction error of the LSTM model
is smaller than that of the ARIMA model.

3.2.3. ARIMA-LSTM Model Predictions

As the ARIMA model and LSTM model have their own advantages in linear and
nonlinear models, respectively, the combined ARIMA-LSTM model is proposed. The
ARIMA model is used to process the historical data of the gas time series and obtain the
corresponding linear prediction results and residual series. LSTM is used for residual
data processing and prediction. Finally, the processing results of the two models are
superimposed to obtain the final prediction results (Figure 11). In Figure 11, blue is used to
show the original data and yellow is used to show the prediction results of the combined
ARIMA-LSTM model, from which it can be seen that the prediction curves of the combined
model fit well with the original value curves.

° ® |0ss
0.10 1
0.08 |
[«5]
=
[
>
2 0.06
-
[ ]
0.04 |
L ]
[ ]
002] %
0 20 40 60 80 100

Training times

Figure 9. Loss function training process.
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Figure 10. LSTM model prediction results.

0.50 -
—— Original sequence
Predictive value of ARIMA-LSTM model
0.37
[y
i)
T Mu
8 0.25 \ L
2
O
0.12
0.00

0 30 60 90 120 150 180 210 240 270 300
Number

Figure 11. ARIMA-LSTM model prediction results.

4. Discussion

RMSE, MAPE and R? were used as metrics to evaluate the ARIMA model, LSTM
model and combined ARIMA-LSTM model (Table 2). The closer the RMSE and MAPE are to
0, the closer the predicted value is to the observed value, and the closer the R? valueisto 1,
the better the fitting effect is. At the same time, combined with the prediction results of each
model in Figure 12, the blue line indicates the original gas series, the green line indicates the
ARIMA model prediction series, the red line indicates the LSTM model prediction series,
and the purple line indicates the ARIMA-LSTM combined model. The combined model,
ARIMA-LSTM, is more suitable for gas time series prediction than the single ARIMA model
and LSTM model. The ARIMA and LSTM models cannot learn all the patterns of the data,
resulting in large errors. The ARIMA-LSTM model is optimal mainly because it learns both
linear and nonlinear data features during the training process. However, the causes of
errors are related to the interaction of data between different dimensions, in addition to the
defects in the model itself. The variation in mine gas concentration is affected by various
factors, such as the underground environment and coal mining speed. This paper mainly
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studies the applicability of the model, and the next step will be to consider prediction under
the conditions of various environmental factors.

Table 2. Table of RMSE, MAPE and R? evaluation results.

Parameters R2 MAPE RMSE
ARIMA 0.3648 1.4135 1.5769
LSTM 0.5244 0.4253 0.7823
ARIMA-LSTM 0.9825 0.0124 0.0830
0.5 Original sequence
ARIMA
LSTM
ARIMA-LSTM
0.375
c
§=l
s
= 0.25
[«5]
(&)
[
S
o
3
(O]
0.125 -
0.000

0 10 20 30 40 50 60 70 80 90 100
Number

Figure 12. Comparison of prediction results of three models.

5. Conclusions

In this paper, the ARIMA model, LSTM model and combined ARIMA-LSTM model
are constructed to predict gas concentration data. The optimal model is ARIMA (3,1,0) by
combining the autocorrelation function (ACF) and partial autocorrelation function (PACF)
with the BIC criterion, and the model’s applicability is tested by Q-Q plots and positive-
terrestrial distribution plots. The loss function completely converges when the number
of iterations is 30, and the optimal prediction result of the LSTM model is obtained. The
ARIMA model is used to process the gas time series data and obtains the corresponding
linear forecasts and residual series, while the LSTM model is used to further analyse and
predict the nonlinearities in the residual series in the panel data affecting the gas time series
and to obtain the final combined model forecasts. The R? of the ARIMA-LSTM combined
model is 0.9825, which is closer to 1 than the other two models, and the RMSE and MAPE
values are 0.0830 and 0.0124, respectively, which are closer to 0 than the other two models,
resulting in a higher prediction accuracy of the ARIMA-LSTM combined model than the
other two models. The combined ARIMA-LSTM model has higher prediction accuracy than
the other two models and is more suitable for gas time series prediction, which lays the
foundation for intelligent gas hazard prediction and early warning in underground wells.
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