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Prediction of failure depth of coal seam floor in pressure mining based on small

sample enhancement of MTD class distribution
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Abstract: The prediction method of machine learning has been widely used in the prediction and evaluation of the failure depth of coal
seam floor in pressure mining. However, there are often some problems in the construction of the prediction model, such as high acquisi-
tion cost, difficulty in collecting and strong randomness of the measured data. The prediction performance of the model built based on a
small number of samples is often severely restricted by the prediction accuracy and generalization ability. Through literature research, 50
sets of measured data samples were collected, and MTD similar distribution virtual sample generation technology was introduced to gener-

ate virtual samples to further expand and enhance the measured samples of coal seam floor failure depth.Machine learning algorithms such
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as ADE-ELM, GA-PSO-BP and BP were used to build a prediction model of coal seam floor failure depth before and after virtual sample
enhancement, and the prediction accuracy of the model before and after enhancement was compared and analyzed. The results show that
the distribution of virtual samples generated by this method is basically consistent with that of measured samples. The accuracy of the pre-
diction models enhanced with virtual samples is significantly improved, among which the PCA-ADE-ELM prediction model enhanced
with small distributed samples of MTD class has the best prediction effect, and the error of the enhanced model can be reduced by
42.95% ~ 51.27%. MTD similar distribution virtual sample generation technology is used to enhance small samples, and the prediction
model of failure depth of coal seam floor under pressure can be built to more accurately predict the failure depth of coal seam floor under
the influence of multiple factors. Through comparison and analysis with the standard empirical prediction results and the slip line field the-
ory prediction results, the failure depth of 19105 working face of Yunjialing Mine predicted by this method is relatively large, which is
conducive to the safe production management of working face. The relevant research results provide favorable support for the safe and ef-
ficient mining of confined above-water coal seam of Ordovician limestone.

Key words: coal mining above confined water; failure depth of coal seam floor; small sample; data augmentation; neural network
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Fig.1 Influence factor correlation heat map
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Table 1 Total variance explanation 1.3 EF MTD ESHHEBREARE K
Fsr FHIE(E Jr A% 2% 1)3ET MTD 285545 4= i AR B SR B
| 5.541 29.163 29.163 MTD F4 357 [ B2 ] 2 iz, i A i)
I 2.464 12.971 42.134 AREAR B A2 5 LB #1451 5 RB #:X0(2) = (3)
m 2.121 11.163 53.297 HaE
I\ 1.534 8.072 61.370 Si .
v . 6957 68327 LB =] CL—Skewy X 4[-2X% N_L xIn(10-2°) LB < min
Vi 1215 6.396 74.723 min LB > min
VI 0.933 4912 79.635 (2)
Vi 0.823 4331 83.966 $? .
RB = JCL + Skewg X -2x —=xIn(1072°) RB > min
IX 0.743 3.910 87.876 Nr
X 0.588 3.097 90.973 min RB <( I;;n
X1 0.453 2.382 93.355
X1 0.310 1.633 94.989 Hrp:
XTI 0.286 1.508 96.497 CL = (max —min)/2
XV 0.267 1.404 97.901 Skew, = v ]:7_ LN
XV 0.176 0.925 98.827 LTHR
XV 0.122 0.641 99.468 Skewg = Nr
XV 0.079 0.415 99.882 Ni+Ng
XV 0.022 0.118 100.000 i (x,— ¥
XIX 0.000 0.000 100.000 g2 =
* n—1
x2 HBOER
Table 2 Component matrix
F 5 I | I v AY Vi VI Vil IX
A 0.377 0.526 —0.410 0.078 0.086 0.324 0.131 —0.246 0.072
5 -0.039 0.159 —0.346 -0.009 0.350 0.613 -0.325 0.429 0.123
£ 0.035 0.521 0.098 0.386 0.106 0.366 0.052 —0.405 —0.354
) 0.620 0.202 -0.237 0.097 —0.408 0.043 -0.109 0.076 —0.347
P 0.695 0.070 0.300 0.220 —0.348 0.091 -0.271 0.193 -0.061
h 0.661 -0.042 0.187 0.221 —0.387 0.125 -0.342 -0.014 0.194
P 0.453 —0.162 -0.768 0.204 0.159 —0.265 —0.071 -0.008 0.052
P —0.515 0.167 0.323 -0.147 —0.575 0.327 0.308 0.068 0.133
Ps —0.036 0.034 0.751 —0.124 0.482 -0.011 —0.279 -0.073 —0.245
k 0.280 0.755 -0.161 —0.148 -0.003 —0.325 -0.147 0.064 0.030
k, 0.219 0.741 0.150 0.148 0.046 -0.301 0.052 —0.145 0.314
0 0.662 -0.087 0.151 0.182 0.318 0.233 0.387 0.213 -0.021
H 0.789 0.098 0.408 -0.027 0.140 —0.224 —0.005 0.125 0.011
o -0.116 0.151 0.283 0.745 0.125 —0.091 0.260 0.276 0.185
M 0.782 —0.464 -0.056 0.157 —0.064 —0.030 0.125 -0.098 —0.143
L 0.629 —0.064 0.245 -0.312 0.092 0.194 -0.163 —0.234 0.346
L, 0.717 0.017 -0.031 —0.452 0.062 0.193 0.266 —0.085 0.120
m 0.765 -0.515 0.038 0.109 0.026 0.002 0.107 -0.138 0.068
Ly 0.559 0.380 0.003 —0.473 -0.021 —0.118 0.248 0.330 -0.247
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