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In order to predict the residual gas content in coal seam in front of roadway advancing face accurately and rapidly, an improved
prediction method based on both drilling cuttings indices and bat algorithm optimizing extreme learningmachine (BA-ELM) was
proposed. +e test indices of outburst prevention measures (drilling cuttings indices, residual gas content in coal seam) during
roadway advancing in Yuecheng coal mine were first analyzed.+en, the correlation between drilling cuttings indices and residual
gas content was established, as well as the neural network prediction model based on BA-ELM. Finally, the prediction result of the
proposed method was compared with that of back-propagation (BP), support vector machine (SVM), and extreme learning
machine (ELM) to verify the accuracy.+e results show that the average absolute error, the average absolute percentage error, and
the determination coefficient of the proposed prediction method of residual gas content in coal seam are 0.069, 0.012, and 0.981,
respectively. +is method has higher accuracy than other methods and can effectively reveal the nonlinear relationship between
drilling cuttings indices and residual gas content. It has prospective application in the prediction of residual gas content in
coal seam.

1. Introduction

Coal and gas outburst, a kind of mine dynamic disasters, are
characterized by the sudden ejection of large masses of coals
or volumes of gases in a short time. Gas outbursts destroy the
mining space and cause damage to production equipment,
thus imposing serious threat to the safety of workers during
underground coal mining. With depletion of shallow coal
resources, the mining depth of coal mines in China in-
creases. +e coupling effect of great in situ stress and high
gas pressure in deep coal seam increases the risk of gas
outbursts [1–5].

+e residual gas content is an important parameter for
gas outburst prediction. It is of significance to determine the
residual gas content ahead of advancing face quickly and
accurately and to provide scientific guidance for roadway
tunneling [6–9]. At present, the investigations into the gas
content prediction by different scholars can be divided into

two categories. First, theoretical analyses of the geological
factors affecting the gas existence in coal seam, such as the
burial depth, inclination angle of coal seam, lithology of roof
and floor, and geological structure of mine field, were carried
out [10–14]. Second, the grey theory, artificial neural net-
work, and other machine learning algorithms were applied
to predict coal seam gas content. +e prediction method is
determined through the comparative analysis of prediction
results [15–17]. +e above static-factor-based methods for
the residual gas content prediction have achieved good
results in the field application. However, these prediction
methods have limitations due to the complex and dynamic
geological conditions and material properties of coal seams.

Some methods have been proposed to predict the re-
sidual gas content in coal seam ahead of roadway advancing
face after gas predrainage. +e indices used for risk pre-
diction of gas outbursts include gas desorption index (K1)
and weight of drilling cuttings (S). Based on the laboratory
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test of gas desorption, Zhang et al. [18] proposed a method
for the rapid determination of residual gas content in coal
seam and applied it to the rapid tunneling of coal roadway.
Wang [19] studied the law of gas desorption of coal samples
through experiments and deduced the calculation formula of
gas desorption index of drilling cuttings and residual gas
content in coal seam by Langmuir’s equation. Gao et al. [20]
studied the relationship between gas desorption volume on
drilling cuttings and desorption time and analyzed the
amount of gas loss whenmeasuring the gas desorption index
of drilling cuttings in the field. A quantitative calculation
model between residual gas content in coal seam and gas
desorption index of drilling cuttings was established. +e
above domains studied the relationship between the residual
gas content in coal seam and the K1 value ahead of the
roadway advancing face without considering the S value.
Some studies have shown that the S value of coal seam
containing gas depends on three factors: gas content, in situ
stress, and coal mass strength [21–24]. +erefore, both K1
and S values can indirectly reflect the residual gas content in
the coal seam, which can be used to predict the residual gas
content.

In this paper, the outburst risk prediction data of coal
roadway advancing face in Yuecheng coal mine were taken
as samples, including K1 value, S value, and residual gas
content. +e relationship between K1 value, S value (pre-
diction input), and the field measured residual gas content
(prediction output) was established by applying the BA-
ELM neural network. +e results provide an insight into the
relationship between drilling cuttings indices and residual
gas content in the coal seam and provided a theoretical
guidance for the rapid prediction of residual gas content in
front of coal roadway advancing face.

2. Drilling Cuttings Indices and Residual Gas
Content Field Test

2.1. Principle of Drilling Cuttings Indices Test. Drilling cut-
tings indices method can quickly determine the risk of gas
outburst ahead of coal roadway advancing face by using the
parameters (K1, S). +e K1 value refers to the gas desorption
volume within 1 minute during coal cuttings sheared from
the coal mass. Drilling cuttings indices method is adopted to
predict outburst in the coal seam. +e K1 value is measured
by WTC outburst parameter instrument every two meters,
with the unit of mL/(g·min1/2). +e S value refers to the coal
cuttings weight per meter during borehole drilling, with the
unit of kg/m.

When the drilling cuttings indices method is used to
predict outburst risk in the advancing face in nearly hori-
zontal or gently inclined coal seam, at least 3 predicted
boreholes should be drilled. +e diameter of these boreholes
is 42mm and the depth is 8–10m. +e boreholes should be
located in the soft stratification of coal seam as far as
possible. +e directions of the boreholes in the middle of the
roadway are consistent with the roadway tunneling. And the
end points of boreholes are located in 2–4m beyond the two
sides of the roadway, as shown in Figure 1.

2.2. Principle ofGasContentTest. Gas content in coal seam is
one of the direct indices to determine the outburst risk in
front of advancing face, but it needs a longer testing time
compared with the drilling cuttings indices. +is index
includes nondesorption gas content (normal pressure) and
desorption gas content (normal pressure). +e non-
desorption gas content which is usually a constant for a
specific coal seam can be calculated by

Q1 �
0.1ab

1 + 0.1b
×
100 − Ad − Mad

100
×

1
1 + 0.31Ma d

+
φ
c

, (1)

where Q1 is the nondesorption gas content at normal
pressure (m3/t), a is the gas adsorption constant of coal
(m3/t), b is the gas adsorption constant of coal (MPa−1), Ad
is the ash content of coal (%),Mad is the moisture content of
coal (%), φ is the porosity of coal, and c is the density of coal
(t/m3).

+e desorption gas content is tested in both under-
ground and surface by direct gas content test device (DGC).
+e desorption gas content mainly includes three parts: gas
loss during underground drilling (Q2), gas desorption
during coal core transport (Q3), and gas desorption during
coal core crushing (Q4).+e test process is shown in Figure 2
[25–27].

+e gas content of coal seam is the sum of the non-
desorption and desorption gas contents, which can be cal-
culated as follows:

Q � Q1 + Q2 + Q31 + Q32 + Q4, (2)

where Q31 is the gas desorption of coal sample underground
(m3/t) and Q32 is the surface gas desorption before coal
sample crushing (m3/t).

2.3. Results of Drilling Cuttings Indices and Residual Gas
Content Tests. In this paper, 95 groups of drilling cuttings
indices and residual gas contents in coal seam (the buried
depth is 280–530m, the thickness is 5.04–7.16m, and the
average dip angle is 5°) in Yuecheng coal mine were re-
covered by the drilling cuttings indices method and de-
sorption gas content method during the coal roadway
tunneling from June 2018 to December 2018.+e above data
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Figure 1: Borehole layout for outburst risk prediction in coal
roadway advancing face.
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were used to verify the outburst prevention measures. In
addition, the drilling cuttings indices and the residual gas
content in the coal seamwere corresponding to each other in
the roadway tunneling engineering plan, as shown in Fig-
ure 3. Finally, the sample dataset for training and prediction
of residual gas content in coal seam was formed, as shown in
Table 1.

In the direction of roadway advancing, the drilling
cuttings indices were collected per 6m, and the drilling
depth is 10m. +e residual gas content in the coal seam was
tested by taking coal core per 30m, and the drilling depth is
50m. +e drilling cuttings indices and the residual gas
content correspond to each other in the end of the tested
borehole.

3. Bat Algorithm Optimizing Extreme Learning
Machine Theory

3.1. Extreme Learning Machine. ELM is a kind of single-
hidden-layer algorithms based on feedforward neural net-
work [28–30]. +is algorithm can solve the problems of low
learning efficiency and complex parameter setting of back-
propagation. It is characterized by fast training speed and
good generalization performance and can be used to predict
residual gas content in coal seam in front of coal roadway
advancing face. +e algorithm solving process is as follows.

Assume that the sample input matrix is X and the output
matrix of the hidden-layer neuron is H:

H � f wX
T

+ b , (3)

where f is the activation function, w is the weight between
the input layer and the hidden layer, and b is the threshold of
hidden-layer neurons.

Assuming the ELM neural network is determined by
solving β, the sample output matrix Y can be expressed as

f wX
T

+ b β � Y, (4)

where β is the weight between the hidden-layer neuron and
the output layer.

According to the principle of zero error approximation
and least square method, β can be calculated as follows:

min
β

||H − Y||⟹ β � H
+
Y, (5)

where H+ is the Moore–Penrose generalized inverse of
hidden-layer neuron H.

3.2. Bat Algorithm Optimizing Extreme Learning Machine.
BA is a mathematical algorithm, which simulates the bio-
logical behavior of bats using sonar to detect moving objects
and the associated problem of solving optimization objec-
tives [31, 32].

+e input weight matrix w and hidden-layer neuron
threshold b in ELM model are generated randomly by bat
algorithm. When the number of hidden-layer neuron nodes
equals zero, some hidden-layer nodes may fail, thus affecting
the prediction results. +erefore, BA-ELM was used in this
paper to generate the optimal w and b. +e process of bat
algorithm optimizing extreme learning machine neural
network is shown in Figure 4 [33–35].

(1) Initialize the bat algorithm parameters: assuming
that the individual number of bat population is N,
the position and velocity of the qth bat are Sq and
Vq, respectively, and the emission pulse frequency
is [λmin, λmax], the pulse rate is r0, the pulse rate
enhancement coefficient is c, the loudness atten-
uation coefficient is α, the scope of loudness is [A0,
Amin], the number of iterations is L, the number of
training set samples is U, the number of prediction
set samples is V, and the number of nodes in the
ELM model is P. Each bat contained optimization
parameters w and b; the qth bat could be expressed
as
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Figure 2: Gas content test process.
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Nq � w11, . . . , w1U, . . . , wP1, . . . , wPU, b1, b2 . . . , bP .

(6)

(2) Assuming that the optimal location of bat population
is S∗N, the fitness function could be expressed by the
average square error of the prediction set:

Fit �
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q�1βq ∗ wq ∗ Sj + bq  − tq

�����

�����
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2
 

V




,
(7)

where j� 1, 2, ..., V, V is a temporary variable.
(3) Bats detect distances from moving objects by

echolocation. After υ iterations, the basic parameters
of bat q could be updated:

λq � λmin + λmax − λmin( σ,

Vυ
q � Vυ−1

q + Sυq − S∗ λq,

Sυq � Sυ−1
q + Vυ

q,

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

(8)

where υ is the current iteration number, and the
random variable σ ranges from 0 to 1.

(4) Bat q randomly generated a new location SqM
′ around

its selected location. If bat q′s fitness F(SqM
′ ) is better

than its extreme fitness F(SqM), the SqM position is
updated:

SqM
′ � SqM + μA

υ
, (9)

where μ is a random number in the [−1, 1], Aυ is the
average of the pulse loudness of all bats at the current
iteration number, and M is the dimension of search
space.

(5) In the iteration process, if the fitness F(SqM) of bat q
is superior to the fitness F(S∗) of optimal bat S∗, the
basic parameters of bat q should be updated:

S∗ � SqM,

Aq
υ+1 � λAq

υ,

rυ+1
q � r0q[1 − exp(cυ)].

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

(10)
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Figure 3: Corresponding diagram of drilling cuttings indices and residual gas content in coal seam.

Table 1: Sample dataset for drilling cuttings indices and residual
gas content in coal seam.

No. K1 (mL/(g·min1/2)) S (kg/m) Q (m3/t)
1 0.29 3.0 6.233
2 0.12 2.9 5.230
3 0.15 2.9 5.375
4 0.16 2.9 5.417
5 0.05 3.0 4.578
6 0.04 3.0 4.090
7 0.03 2.8 4.020
8 0.18 2.9 5.558
9 0.14 2.9 5.344
10 0.18 3.2 5.611
11 0.10 3.1 5.587
12 0.30 3.1 6.127
13 0.13 2.9 5.397
14 0.24 3.1 5.709
15 0.04 2.9 4.977
16 0.08 2.8 4.755
17 0.07 3.1 5.370
18 0.20 3.1 6.031
19 0.25 3.7 6.510
20 0.31 3.2 6.266
Note. +is table lists the first 20 groups of the sample data.
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Figure 4: Flow chart of BA-ELM method.
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(6) If the iteration results satisfied the search termina-
tion conditions, the optimal solution was S∗, the
corresponding fitness function was F(S∗), and the
corresponding parameters w and b were the optimal
parameter values. Otherwise, go back to step (3) and
continue iterating through the search until the ter-
mination condition was met.

4. Prediction of Residual Gas Content in Coal
Seam Based on BA-ELM

4.1. Sample Data Standardization. Due to the diversity of
magnitude and dimension of K1 and S values, the influence
of them on residual gas content in coal seam is different. It is
necessary to standardize the collected K1 value, S value, and
residual gas content in the coal seam. +e range of collected
parameters after standardization is [−1, 1], as shown in
Table 2.

4.2. Prediction of Residual Gas Content in Coal SeamBased on
BA-ELM. Suppose that the number of bat population
N� 200, initial pulse rate r0 � 0.1, pulse rate enhancement
coefficient gamma c � 0.9, pulse emission frequency λ∈[0, 2],
loudness attenuation coefficient α� 0.9, loudness range A∈
[1, 2], and iteration number L� 200.

+e first 80 groups of sample data were used to train
ELM neural network. By comparing the operation perfor-
mance of the neural network with different types of acti-
vation function and different number of hidden-layer
neurons, the appropriate type of activation function and
number of hidden-layer nodes were determined. According
to the empirical formula [36], the number of hidden-layer
neuron nodes in ELMmodel was set as 3 (sum of input layer
and output layer nodes), and the sigmoidal, sin, and hardlim
functions were selected as the activation functions. +e
generalization performances—average absolute error and
training time [37]—of different activation functions were
compared, as shown in Table 3.

Prediction results show that the sigmoidal function has
the smallest average absolute error under the same condi-
tion, and the performance of the model is the best. After the
sigmoidal function is selected as the activation function of
the model, the reasonable number of hidden-layer neuron
nodes is determined by comparing the average absolute
error. When the number of hidden-layer neuron nodes is 6,
the average absolute error is the minimum, as shown in
Figure 5. +erefore, sigmoidal function is selected as the
activation function of ELM neural network, and the number
of hidden-layer neuron nodes is 6.

+e last 15 groups of sample data were selected as
prediction set, and the corresponding K1 and S values were
taken as model inputs. +e optimized BA-ELM neural
network model was used to predict residual gas content.
Under the same training and testing sets, the prediction
results of BA-ELMmethod and BP, SVM, and ELMmethods
on residual gas content were compared to verify the accuracy
of the improved method (BA-ELM) [38, 39]. +e prediction
results of different models are shown in Figure 6.

From Table 4, the generalization performance of BP and
SVM prediction models is poor with large errors. +e av-
erage absolute errors of BP and SVM prediction method are
0.044 and 0.019 higher than ELM prediction method, re-
spectively, and the average absolute percentage errors are
0.009 and 0.005 higher than ELM prediction method, re-
spectively. BA-ELM method optimized by BA algorithm
improves the prediction accuracy. Compared with ELM
method, the average absolute error and average absolute
percentage error of the BA-ELM are decreased by 0.051 and
0.008, respectively, and the determination coefficient is
increased by 0.041.

According to Figure 7, the minimum absolute error of
BA-ELM method for residual gas content in coal seam is
−0.16, while the maximum error is 0.14.+eminimum value
of relative error is 0.04%, and the maximum value is 3.03%.
+e predicted results of coal seam residual gas content by
BA-ELM method in this paper have a good agreement with
the tested gas content, showing a high prediction accuracy.
+is model effectively expresses the nonlinear relationship
between residual gas content and drilling cutting indices and
can be widely used for rapid prediction of residual gas
content in coal seam.

5. Conclusions

(1) In this paper, an improved method for coal seam
residual gas content prediction is proposed on the
basis of both drilling cuttings indices and BA-ELM
algorithm. +e prediction efficiency of residual gas
content is elevated by changing the static factors into
the dynamic test indices.

(2) +e bat algorithm is used to optimize the inherent
randomness of the inputs of ELM neural network.
+e BA-ELM method is applied to the prediction of
residual gas content in coal mass ahead of advancing

Table 2: Standardized collected parameters.

No. K1 S Q
1 0.857 −0.556 0.778
2 −0.357 −0.778 −0.028
3 −0.143 −0.778 0.089
4 −0.071 −0.778 0.122
5 −0.857 −0.556 −0.552
6 −0.929 −0.556 −0.944
7 −1.000 −1.000 −1.000
8 0.071 −0.778 0.236
9 −0.214 −0.778 0.064
10 0.071 −0.111 0.278
11 −0.500 −0.333 0.259
12 0.929 −0.333 0.693
13 −0.286 −0.778 0.106
14 0.500 −0.333 0.357
15 −0.929 −0.778 −0.231
16 −0.643 −1.000 −0.410
17 −0.714 −0.333 0.085
18 0.214 −0.333 0.616
19 0.571 1.000 1.000
20 1.000 −0.111 0.804
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Table 3: Selection of activation function.

Activation function Hidden-layer node number Average absolute error Training time (s)
Sigmoidal 3 0.131 0.027
Sin 3 0.171 0.027
Hardlim 3 0.219 0.030
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Figure 5: Selection of hidden-layer nodes.
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Figure 6: Prediction results of different methods.

Table 4: Errors and determination coefficients of different prediction methods.

Model type Average absolute error Average absolute percentage error Determination coefficient
BP 0.164 0.029 0.890
SVM 0.139 0.025 0.909
ELM 0.120 0.020 0.940
BA-ELM 0.069 0.012 0.981
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face. Compared with the tested gas content, the
average absolute error is 0.069, the average absolute
percentage error is 0.012, and the determination
coefficient is 0.981, illustrating an improved pre-
diction accuracy.

(3) Compared with the prediction results of BP, SVM,
and ELM methods, the BA-ELM prediction method
interprets the nonlinear relationship between re-
sidual gas content in coal seam and drilling cuttings
indices more accurately and has a wider application
prospect in prediction of the residual gas content in
coal seam.

(4) In the future study, the mechanical properties of
different types of drilling tools [40–44] and their
relationship with drilling cuttings indices will be
studied. Meanwhile, advanced algorithms such as
improved dolphin swarm [45, 46] will be applied to
further improve the prediction accuracy of residual
gas content in coal seam.
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