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An RSNN-based Prediction Method for the Coal Mine Spontaneous Combustion

HOU Yuarbin
(X7 an University of Science and T edinology, Xi’ an 710054, China)

Abstract: A method based on the rough set neural network (RSNN) for the prediction of the coal mine sponta-
neous combustion is presented in this paper. The measured data is decreased in this way by use of the rough set re-
duction theory, the data & based on the intensity of the wind leak Q and the temperature of the coal mine Tc mea
sured in the mined out area of the fully mechanized long w all top- coal caving face. Then the RSNN is established on
foundation of the data reduced, and the minimum t hickness of t he mine layer is predicted using the RSNN. T he re-
a-time measured data shows that this method is simpler t han the ordinary AMAX prediction method and its prect
sion is high. T he met hod lays a good foundat ion for the network based remote coal mine safety monitoring and corn-
trol system.
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Tab.l The minimum thickness of the mine layer causing spontaneous combustion
1 2 3 4 5 6 7 8 10 11 12 13 14
r. C 3.1 [ 36.9 [ 43.1 | 49.0 | 53.3 [ 57.5 | 61.5 | 66.8 .8 | 77.8 | 83.6 | 90.2 | 101.8 | 126.2
r, ¢ 28.1 [ 31.0 [ 341 | 37.0 | 39.2 | 41.3 | 43.3 | 45.9 | 48.4 | 51.4 | 54.3 | 57.6 | 63.4 [ 75.6
qo( T.) 1.17 | 1.56 | 1.82 | 2.91 | 3.85 | 5.60 | 6.62 | 8 14 | 9.58 | 10. 1 15.3 | 33.7 | 87.8 196
Rmin - M 0.88 [ 0.96 [ 1.10 | 1.00 | 0.94 | 0.83 | 0.81 [ 0.78 [ 0.77 | 0.79 | 0.68 | 0.48 | 0.32 [ 0.25
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Tab. 2 Prediction result
AMAX RSNN
1 2 3 4 1 2 3 4
hmin  |1. 221. 19]0. 03]1. 29]1. 260. 03|3. 21{ 3. 3 [0. 09(0. 77|0. 83|0. 05|1. 18|1. 19]0.01|1. 24|1. 26(0. 02|3. 24| 3. 3 |0. 06/0.81/0. 83|0. 02
Q 2.5 5 100 2.5 2.5 5 100 2.5
T. 25~ 37 25~ 37 25~ 37 43~ 53 25~ 37 25~ 37 25~ 37 43~ 53
T, 20 20 20 20 20 20 20 20
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