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Soft measurement of coal mine gas emission based on quantum-behaved
particle swarm optimization and deep learning
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Abstract : The existing soft measurement methods of absolute gas emission generally do not consider the influence of the historical data of
gas emission. To address this issue, a soft measurement model of gas emission based on the long short-term memory (LSTM) in deep
learning is proposed. The time series of historical data of absolute gas emission and its related influencing factors are utilized for
prediction. Due to the gradient problem, the LSTM model needs to pay special attention to control the learning rate to prevent the severe
decreasing of prediction results. The LSTM cell structure is adjusted, and the softsign function is introduced to solve the gradient
problem through its first derivative with relatively gentle changes. In this way, the network convergence is faster and less prone to
saturation. In view of the existence of many hyperparameters in LSTM, the quantum-behaved particle swarm optimization ( QPSO)
algorithm is used to optimize the soft measurement accuracy of absolute gas emission. And the kernel-principal component analysis is
utilized to reduce the dimension of measurement indexes to accelerate the convergence speed of the model. Comparing the improved
model with the initial model, the improved model has higher accuracy and efficiency. The root mean squared error, mean absolute
percentage error and goodness of fit determinant are 0. 080, 0. 82% and 0. 988, respectively. Comparing the proposed model with ELM,
PSO-SVM, PSO-BP and GRU models, the proposed model has smaller error and better measurement results than other models.
Experimental results show that the proposed soft measurement model of gas emission has better performance.
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Table 1 Monitoring data of gas emission from mining face

i X,/ X,/ X/ X,/ X/ X¢/ v X/ X/ X,/
(m*-min™") (m*t™) m m m (t-d™") (m-d™") (m*™) m
1 7.68 4.34 607 6.1 6.1 3087 0.785 2.77 3.02 1.74
2 7.80 4.03 604 6.2 6.2 3354 0.812 2. 64 3.15 1.80
3 8.51 4.80 634 6.5 6.5 3620 0.773 2.92 2.98 1.92
4 7.95 4.67 640 6.3 6.3 3412 0. 802 2.75 2.56 1.75
5 7.24 4.21 590 5.9 5.9 3139 0.795 2.85 3.40 1.50
6 7.34 3.82 579 3.1 3.1 3122 0.743 2.65 2.68 1.59
7 8.04 4.62 629 6.4 6.4 3456 0.803 2.80 3.35 1. 61
8 7.69 4.43 609 6.1 5.9 3620 0.781 2.79 3.31 1.67
9 7.48 4.21 601 5.2 6.1 2 956 0. 694 2.68 3.24 1.73
10 8.02 4.52 613 5.9 6.3 3056 0.810 2.81 3.16 1.67
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Table 2 Principal component contribution and

cumulative contribution

7 22 TR FitJy 25 TURRE

Hi—FT 0.619 0 0.619 0
£ e T 0.148 7 0.767 7
H=FC 0.092 9 0.860 6
EHIIEC 0.041 0 0.901 6
HHET 0.036 3 0.9379
HARFET 0.019 2 0.957 1
IR 0.015 7 0.972 8
EVNETH 0.013 4 0.986 2
EYIECY 0.009 8 0.996 0
S Foo 0. 004 0 1

M2 A, a3 N EITCH Bt E Tk E R
0. 860 6, X 3 > FICREMS SLBLIT A FICRILAE T
85% LA b, P BRCHT 3 4> 35 0 Sy B3 H )
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Table 3 Eigenvectors of principal components

H—Fot ®_ET B=FET
-0.2519 0.044 9 -0.187 1
0. 066 3 -1.414 2 -0.343 1
1.948 6 1.728 5 1.216 4
0.464 0 -0.179 6 1.528 3
-1.418 4 0.942 8 -1.070 9
-1.1533 -1.3020 -1.6427
0.702 6 0.381 6 0.956 5
-0.225 4 0.269 4 -0.083 2
-0.782 1 -0.965 3 -0.499 1
0.649 5 0.493 9 0.124 8
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Fig.4 Measurements of Softsign and tanh functions
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Table 4 Error comparison of different activation functions

S PR RMSE MAPE/% R2
softsign 0.131 1.08 0. 967
tanh 0. 142 1.17 0.961

M2 4 500, 8T softsign BRI A% S5 2 A4S TR Fofs )
B T tanh pREL, BLAN, ZE R 4 BOSIE R, A
softsign PRELAIBLRIIEFT T 29 500 3R U5, 46 X% FL I
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500 %, FIH A5, 0 softsign PR AT ARk Sl oL
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Fig.5 Measurements for different LSTM layers
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Table 5 Error comparison of different LSTM layers

LSTM 2%t  RMSE  MAPE/% R? YIZRT ]
1 0.211 1.97 0.914 7 min 32 s
2 0. 144 1.24 0. 960 14 min 40 s
3 0. 131 1.08 0. 967 21 min 22 s
4 0. 130 1.07 0. 968 28 min 31 s
5 0.135 1.13 0. 965 35 min 5 s
6 0. 138 1.19 0. 963 43 min 1s

2 T <4 3 P2 BB 4
ORI , AR T 4 B, S22 1N AR IR

Tt LTS LSTM 78 4 22N, 1Ak, MEBUNT55
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T AR PR DR IE 158 25 B AR 1Y [R] B, B8 I 7 i 7 4 3l
YRmFI], 25 S R
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Fig. 6  Optimizing iteration processes for two fitness functions
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Table 6 Error comparison of two fitness functions

for optimizing measurement results

TE I PR RMSE MAPE/% R?
fit, 0. 084 0.84 0. 986
fit, 0. 080 0. 82 0. 988
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D eof 8 1 i T IR A A, b (=K (19) s iy i
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Fig. 8 Measurement of QPSO-LSTM soft measurement

model for gas emission
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Fig. 9 Measurement of gas emission from different models
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Table 7 Error comparison of measurements for

different models
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