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Water resources security assessment based on support vector machine
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Center Beijing 100054 China; 3. College of Civil Engineering and Architecture Zhejiang University of Technology Hangzhou 310032 China)

Abstract: Based on statistical learning theory support vector machine( SVM) can transform the learning process
into a convex quadratic planning problem to get a global optimization by using the rule of structure risk minimiza—
tion which is appropriate to solving small sample nonlinear classification and regression. Based on the concept of
water resources security representative indicators were selected for the water resources security assessment indicator
system. Water resources assessment model based on support vector machine was established. Water resources securi—
ty standards were divided into five grades named good safe critical not safe and dangerous. Sample sets were
formed by stochastic method according to water resources security standards and their grade values. 180 samples
were used for training to construct 5 two-elassification support vector classifiers. Twenty samples were used for tes—
ting and all of which can be classified correctly. Applying the model to 11 cities in Shanxi Province the results show
that the algorithm is reasonable and feasible.
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Table 1  Check-up results of SVM1
i} / m / / /
/ GDP/
GDP/ 1% 1% 1% 1% mm mm
(m®/ ) (m?/ /)
1 385.3 187.63 3352.1 1.8722 1.027 2 1.039 0.590 52 0.794 04 466.24 1343.2
2 495.23  276.25 8540.9 3.6336 0.751 98 0. 825 46 0.778 22 0.962 1 670. 56 960. 69
3 381.86 185.01 4544.1 1.584 1.058 5 1.034 7 0.557 92 0.702 44 474.83 1311.3
4 413.77 178.39 3954.1 1.497 1.357 4 1.003 9 0.507 01 0.79501 411.35 1345.3
5 513.43 266.97 8515.5 4.568 4 0.712 72 0.887 27 0.799 35 0.972 19 608. 64 940. 04
6 384.34 198.74 4291.5 1.6415 1.31 1.096 5 0.528 0.709 89 466. 06 1392.1
7 575 546.8 9149.4 7.953 4 0.541 09 0.374 82 0.819 61 1 943.9 234.3
8 806.41 482.93 9731.4 5.5121 0.172 46 0.468 05 0.927 89 1 709. 94 891.62
9 35.056  52.255 2799.6 0.1527 9.800 4 7.002 2 0.220 06 0.276 35 50. 064 1503.4
10 518.54 289.5 8964.7 3.6241 0.773 31 0.895 14 0.744 12 0.952 84 677.45 912.96
11 170.31 74.25 809.9 0.308 49 9.045 5 7.497 2 0.399 48 0.614 49 227.04 2394.3
12 396.21 187.57 3109.6 2.3804 1.0223 1.032 1 0.586 16 0.764 68 471.94 1328.9
13 504.95 285.44 8134.8 4.4812 0.677 1 0. 847 45 0.729 23 0.943 49 664. 46 919.55
14 409.91 193.32 4393.8 1.8503 1.37717 1.053 0.568 59 0.743 15 388.16 1207.3
15 480.07 217.93 5564.6 3.2714 0.950 62 0.908 85 0.659 39 0.852 08 505.85 1123
16 540 290 9 105 4.63 0.6 0.8 0.8 1 680 900
17 486.25 242.67 6345.3 3.3243 0.860 24 0.972 51 0.697 79 0.81179 586.61 1130.7
18 202.25 129.9 1084.5 0.25327 2.970 3 9.647 2 0.096 854 0.606 08 70.784 2841.4
19 468.67 253.64 5360.2 3.0319 0.859 31 0.911 34 0.670 07 0.861 87 514.59 1082.7
20 389.12  193.09 3562.2 1.466 8 1.4155 1.007 6 0.570 26 0.718 42 487.85 1228.7
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Table 1  Continued
! / / / / / /
M k) @ ) (mP/ ) (LI ed) (L +d) %
1 45.491 3.5209 95298  300.21  204.63  101.87 0.3336 0.61506 0.60176  0.628 0.66481 -1 -1
2 72,44 40865 77.961  267.28  175.1 58.78  0.55439 0.86091 0.85373 0.82944 0.82779 —1 -1
340.726  3.5025 99.885  316.06  211.61  107.4  0.25595 0.6768 0.69042 0.64233 0.61444 -1 -1
4 48738 3.5711  99.833  313.00  204.74  101.56 0.34441 0.69429 0.68289 0.67583 0.66851 -1 -1
5 67.794 4.7238  68.512  265.53  177.69  59.907  0.5114 0.89894 0.87461 0.89854 0.84588 -1 -1
6 41.226 3.6204 94.395 318.82  213.12  105.86 0.30769 0.62469 0.67039 0.63341 0.65376 -1 -1
7 77.412  6.7138  12.841  210.05  149.84  46.504  0.8263 0.93415 0.9293 0.90897 0.9071 1 1
§ 90.366 7.5595 0.47944 80.571  127.48  32.726  0.996 81 0.93142 0.9793 0.94775 0.95176 1 1
9 12.276 0.16957 123.17  391.08  304.37  176.91 0.07808 0.1446 0.58969 0.27426 0.28078 -1 -1
10 73.531  4.6015 62.255 277.22  173.94  51.155 0.50072 0.85665 0.89132 0.83698 0.87473 -1 -1
11 33.903 1.5095 105.78  538.83  257.14  265.95 0.16833 0.12072 0.019273 0.59428 0.19579 —1 -1
12 47.456  3.6237  92.54  303.54  202.24  119.78 0.31024 0.61364 0.64165 0.62249 0.65847 -1 -1
13 67.039 4.3891 65.026 263.16  174.35  50.558  0.59629 0.84642 0.88529 0.82139 0.899 11 -1 -1
14 42,359 3.5133  92.108  318.31  219.66  119.06 0.33251 0.68553 0.676 13 0.65138 0.6398 -1 -1
15 64.284 3.7864  85.13  289.25  183.92  79.736 0.49741 0.73119 0.72056 0.769 08 0.791 66 -1 -1
16 76 4.76 58 260 160 50 0.65 0.9 0.9 0.9 0.9 1 -1
17 55.641 3.9828 81.496  297.57  193.5  92.835 0.35597 0.74355 0.7694 0.746 13 0.79373 -1 -1
18 34.632 3.2485  141.3  333.67  320.39  299.92 0.21495 0.52577 0.49007 0.503 14 0.16592 -1 -1
19 62.575 3.8973  83.642  286.65  196.44  77.249 0.38985 0.74039 0.7874 0.70003 0.76476 -1 -1
20 48.562 3.6358 99.201  306.64  218.77  109.98 0.25233 0.69426 0.69986 0.61238 0.67009 -1 -1
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Table 2 Standardized index set

0.1000 0.2945 0.3893 0.4654 0.7526 0.6242 0.9000 0.4546 0.4819 0.4646 0.2980
0.3671 0.1000 0.3565 0.3546 0.9000 0.1379 0.2486 0.1529 0.3152 0.7707 0.173 4
GDP 0.9000 0.3630 0.1339 0.3621 0.2851 0.1000 0.1006 0.1026 0.2669 0.3614 0.368 4
GDP 0.9000 0.4221 0.6039 0.3961 0.5260 0.4325 0.1364 0.1000 0.3130 0.2818 0.209 1
0.3849 0.6480 0.4671 0.7849 0.9000 0.2973 0.7849 0.6808 0.7795 0.6206 0.1000
0.1440 0.4963 0.5404 0.7459 0.7532 0.7973 0.9000 0.5257 0.2615 0.7899 0.1000
I / 0.616 7 0.1000 0.1917 0.5600 0.2808 0.5250 0.4750 0.4723 0.3091 0.1648 0.9000
I / 0.5333 0.816 7 0.5167 0.8167 0.8000 0.4000 0.9000 0.7833 0.6833 0.5667 0.1000
0.3164 0.1604 0.5288 0.7169 0.9000 0.1000 0.3496 0.4276 0.4594 0.5717 0.699 0
0.4790 0.3863 0.1842 0.5042 0.6053 0.4284 0.4958 0.1632 0.9000 0.5211 0.1000
0.1000 0.2108 0.6721 0.4896 0.9000 0.1627 0.3080 0.2535 0.3098 0.4723 0.303 4
0.5389 0.176 0 0.4646 0.3436 0.9000 0.4300 0.3557 0.1000 0.1449 0.2642 0.5804
0.8063 0.7609 0.5784 0.7396 0.9000 0.1000 0.6680 0.8805 0.8985 0.6961 0.8063
0.5436 0.6644 0.1000 0.4140 0.9000 0.6550 0.5559 0.4985 0.5332 0.4175 0.668 0
0.1000 0.7919 0.8343 0.6954 0.4860 0.8963 0.8777 0.9000 0.7919 0.7425 0.748 4
0.6619 0.8249 0.1000 0.8249 0.5611 0.9000 0.6920 0.8357 0.6941 0.7949 0.69%4 1
0.9000 0.7323 0.1000 0.3323 0.3323 0.3581 0.6032 0.2419 0.2161 0.1774 0.3452
0.9000 0.6714 0.4429 0.3857 0.3286 0.1000 0.1000 0.1000 0.3857 0.3286 0.3857
0.9000 0.5444 0.4556 0.2778 0.2778 0.1000 0.2778 0.1000 0.3667 0.5444 0.6333
0.9000 0.4429 0.2143 0.1571 0.1571 0.1000 0.1000 0.1000 0.3286 0.2143 0.4429
0.9000 0.5364 0.5364 0.3546 0.3546 0.2818 0.1727 0.1000 0.2455 0.1727 0.3546
N N o 5
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