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Study on the Surrogate Model of Groundwater Numerical Simulation Model
Based on Radial Basis Function Neural Network
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Abstract: In recent years, the surrogate model has become an effective way to connect the numerical simula-
tion model and optimization model. The quality of surrogate model depends on sampling method and the type
of surrogate model. In this paper, Jinquan Industrial Park groundwater sources was selected as the study
area, the radial basis function neural network model was established as the surrogate model of groundwater
numerical simulation model by combining with the groundwater numerical simulation model of the study
area, accessing to input (pumping) output (water level drawdown) data set, and using artificial neural net-
work based on Latin Hypercube Sampling techniques. It was proven that the mean water level drawdown
output of RBF neural network model and simulation model results fit the average relative error was 0. 038;
water level drawdown of the remaining average relative standard deviation of the fitting error was 0. 042. Fit-
ting the average relative error was small, showing that the radial basis function neural network model can ef-
fectively replace groundwater numerical simulation model. The result of research provides a scientific basis
for the future in-depth study of surrogate model.

Key words: surrogate model; radial basis function neural network; Latin Hypercube Sampling; Jinquan In-
dustrial Park
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1 45 30 304 165 625
2 150 130 1089 19 400
3 100 195 119 110 985
4 430 260 28 213 23
5 370 300 1219 390 1100
6 265 393 492 278 108
7 525 461 1437 336 1254
8 385 530 185 441 170
9 600 595 1219 1106 1432
10 735 657 365 500 215
11 1335 726 981 997 1319
12 800 790 1674 554 278
13 665 842 1325 629 1608
14 1407 918 743 1288 336
15 866 990 1561 1505 1384
16 1069 1055 230 599 456
17 800 1120 1620 1546 1537
18 938 1188 425 1210 1653
19 1742 1255 1507 720 518
20 1000 1319 552 1455 1198
21 1809 1386 620 778 579
22 1135 1452 1365 1391 1496
23 1900 1500 1277 884 684
24 1671 1569 1035 835 729
25 1268 1649 928 946 1132
26 1742 1715 679 1669 806
27 2000 1778 1175 1037 1021
28 1532 1846 800 1153 869
29 1875 1905 1158 1325 934
30 1600 1979 865 1615 916
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RBF R o
3 RBF
/(m® «d )
/m /m
Q Q. Q; Q Qs y S
1 45 30 304 165 625 0. 496968 0. 447849
2 150 130 1089 19 400 0.491058 0.443612
3 100 195 119 110 985 0. 490845 0.443836
4 430 260 28 213 23 0.498168 0. 434339
5 370 300 1219 390 1100 0.537995 0. 465451
6 265 393 492 278 108 0.51251 0.447243
7 525 461 1437 336 1254 0.543607 0.473492
8 385 530 185 441 170 0.51537 0.430239
9 600 595 1219 1106 1432 0.580342 0.44418
10 735 657 365 500 215 0.528012 0. 431454
11 1335 726 981 997 1319 0.577758 0. 433291
12 800 790 1674 554 278 0. 566497 0. 470527
13 665 842 1325 629 1608 0.56024 0. 457654
14 1407 918 743 1288 336 0.589012 0.421565
15 866 990 1561 1505 1384 0.615923 0. 448406
16 1069 1055 230 599 456 0.536002 0.421353
17 800 1120 1620 1546 1537 0.619618 0. 450367
18 938 1188 425 1210 1653 0.572725 0. 415609
19 1742 1255 1507 720 518 0.584738 0. 453291
20 1000 1319 552 1455 1198 0.590627 0.417635
21 1809 1386 620 778 579 0. 566305 0.423437
22 1135 1452 1365 1391 1496 0.610618 0. 439895
23 1900 1500 1277 884 684 0.590645 0. 440086
24 1671 1569 1035 835 729 0.579652 0.435076
25 1268 1670 928 946 1132 0.5785 0.43143
26 1742 1715 679 1669 806 0.616283 0.415575
27 2000 1778 1175 1037 1021 0.59905 0.432311
28 1532 1846 800 1153 869 0.590392 0.421759
29 1875 1905 1158 1325 934 0.613212 0.427985
30 1600 1979 865 1615 916 0. 618205 0. 420699
1 720 356 983 1067 562 0.512664 0.46123
2 348 1385 862 1468 289 0.593256 0.53165
3 185 942 257 359 827 0.512534 0.39012
4 529 487 246 1322 1479 0.532882 0.40175
5 765 654 234 925 1632 0.563761 0.42518
4 RBF
4
,
/m /m , i
RBF RBF , RBF

1 0.5628 0.512664 0. 4481 0.46123 ° » RBF
2 0.5926  0.593256 0. 4904 0.53165
3 0.5184  0.512534 0.4217 0.39012 . RBF
4 0.5581  0.532882 0. 4074 0.40175 ,
5 0.5446  0.563761 0.4198 0.42518
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