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Abstract: A novel hierarchy support vector machines(H-SVMs) model is presented to recognize the headstreams
of water inrush in coal mine. Firstly, an analytical model is deduced to analyze the generalization power of H-SVMs.
According to the results, a feasible approach is put forward to improve the performance of H-SVMs to guarantee
the performances of each SVM node, whose position is located at a high level. Secondly, a novel method is
presented to build H-SVMs, i.e. MMH-SVMs(maximal margin hierarchical SVMs), taking the separating margins
of each SVM node as indices for classification and clustering, using TopDown and BottomUp routes from top to
bottom to classify the input samples at each SVM node by maximal separating margin and from bottom to top
clustering the input samples by minimal separating margin. Experimental results show MMH-SVMs have a simple
structure, and a good generalization performance. It can predict the headstreams of water inrush correctly; and its
tree structure can also denote the hierarchy of headstreams. Moreover, the normal vector parameter W in each
SVM decision function can describe the weights of discrimination indices of the headstreams of water inrush, in
which a novel scientific method is introduced to predict the headstream of water inrush in coal mine.
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Table 1 Samples of multi-headstream™

33 19.58 7467 1692 2446  27.62 272.94 \Y
34 19.90 7047 16.78 18.40 10.79  294.47 v
35 20.54 51.73 16.04 2434 1234 236.00 v
36 23.76 66.40 1959 1813 57.26  255.29 |

37 9.97 64.45 2684 959 4053 288.14 1l
38 294.75 8.93 3.63 3027 2424 680.51 1l

39 14.19 8196 2441 2581 40.99 315.08 [\

2 TP B

Table 2 Discrimination rules to recognize multi-headstream

B A (mmol « LY K
s B
Na™+K* Cca®* Mg*® cCl S0 HCO; A
1 11.98 7615 1556 850 2690 292.84 |

2 19.34 65.73 18.48 10.64 67.24  239.19 |
3 11.50 8457 2481 1986 82.61 253.83 I
4 19.78 5250 1629 993 37.66 229.43 I
5 35.10 46.20 1760 3580 4320 212.90 |
6 44.88 7324 2480 2407 8597 303.56 |
7 10.29 61.23 2933 1216 4746  309.85 1l

8 10.64 59.30 2840 1259 3470 291.68 1l

9 8.00 69.30 26.39 1096 43.88 295.24 1
10 6.45 63.43 2410 924 4190 266.34 1l
11 8.30 63.50 2690 11.19 43.85 282.52 1l
12 7.10 63.00 2470 735 3780 266.13 1l
13 7.70 67.10 39.00 882 46,50 28157 1l
14 7.00 68.70 2490 11.70 4377 282.16 1l

15 17.85 6296 1728 6.68 2331 28457 1l
16 13.59 6159 1885 6.68 23,57  276.69 1l
17 10.00 63.87 3283 4.06 65.09 295.87 1l
18 12.69 69.39 29.38 13.64 3454 325.08 1
19 98.10 3.10 1.10 2350 43.84 638.70 11
20 207.35 3475 1116 23.78  46.54  558.82 1l
21 311.75 16.25 204 3358 2056 736.76 1l
22 303.12 10.24 855 3284 1747 77345 1l
23 304.82 5.77 3.61 4077 53.00 628.96 11
24 257.23 0.00 0.00 2722 1224 428.71 11
25 502.45 0.00 248 29.04 9.79  1105.8 11
26 309.33 0.00 0.00 29.03 0.00 562.17 11
27 358.58 10.22 3.72 3268 1469 691.17 11
28 9.10 86.50 31.80 2240 57.80 348.31 v
29 13.25 99.20 3110 2985 83.00 361.12 [\
30 9.20 106.70  39.10 40.10 69.80 402.10 [\
31 17.30 98.20 20.60 20.24 5320 354.40 [\

32 4.68 69.14 2293 26.67 13.38 251.26 [\

eS| fi f fs
| +1 +1 -1
1 +1 +1 +1
11 -1
v +1 -1

3 RS 0 SHA (W, b))
Table 3 Values of the parameters(w;, b;) of the discrimination

function f;

53] o B f, f, fy

Wiy (Na'+K*) —0.0055 0.1010 —0.050 0
Wip(Ca?") 0.0035 —0.096 2 —0.1920
Wis(Mg*) 0.001 3 —0.016 9 0.1287
Wig(CI7) 0.0005 —-0.2397 —0.0375
Wis(SO4) 0.0014 0.090 9 —0.0037
Wig(HCO3 ) —0.004 5 0.0015 0.065 4
by 23208 6.5314 —6.5323
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