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Table 1 Sequence value of pollutant concentration at observation point D
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Figure 2 Iterative curves of model parameter M based

on Metropolis algorithm with different initial values
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Figure 3 Iterative curves of model parameters based on multi-chain Metropolis algorithm
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Table 2 Posterior statistical results of model parameters based on multi-chain Metropolis algorithm
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VS YL R R M/ g 956. 38 4.36 957. 02 4.30
Y PRARAR X /m 200. 36 0.18 200. 29 0.15
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Tt Y I 15 R R M I [R] T,/ min 109. 91 0.08 109. 93 0. 06
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Table 3 Posterior statistical results of model parameters based on improved multi-chain DRAM algorithm
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GREARR Y/m 200. 84 0. 42 200. 38 0. 41
itk I B[] B B vk W e ) 7/ d 109. 60 0.37 107. 37 0.35
1 050
1040 3 g:él:i/e
1030
g1 (1) R Bayesian 24 54 LU BE %5 75 i s 5 52
1010 e N N o i g
1000 PEHL T 7K V5 Yy R ) 8, AT A Rk BUTS g R M B
o 990\\/\/\/\\ (V5 e Y55 B V5 Y U5 A7 B TS QIR HE T 4 ) .
! 980 — ., S iy Y o
* (2)32 112 . Metropolis 574 5 f 75 3 ¥ £
960 SIS SR A 45 SR 2 FEARR) IR RO B K, 25 5
Ot o S e 50 L 9 R, 7 0
(a) V5 Fe V3R B A 8 3 $4EL M MBEAE T EIR2Z B R,
225 N o . . .
220 (3)FFH0 T M7 EE Y Metropolis 57 7%
o T B B4R 10 4 R B RO
20| W P (EL R AR MR o 3 R T 87
£ 20s] AHVRE (¥ DRAM S 3 77 {54 F 52 38 45 % ofl 1 V14 B
% 200 PET AT 2 B S AR, HOnT R RS E MY
1
% o) i F 4 #. Metropolis 515,
190 - .
185 S LK :
0 2000 4000 6000 8000 10000 12000
EARIKHL
(0) 5 ReTRAR AR (O3 LY, [1] HAARIO H, SAKSMAN E, TAMMINEN J. An
201 adaptive Metropolis algorithm [ J]. Bernoulli, 2001, 7
2008 (2): 223-242.
' [2] ZENG L Z, SHI L. S, ZHANG D X, et al. A sparse grid
g 200.6 based Bayesian method for contaminant source identifica-
i_f 2004 tion[ J]. Advances in water resources, 2012, 37 1-9.
@ A (3] BRiEgEH, BER, 44, %. 3T Bayesian-MCMC
%200-2 FE I KR 75 YR B BT [T ], MK % 4R
T (KB ,2012,39(6) : 74-T78,
(4] DR, HH, EAR, % RAEMKE I8
199873000 4000 6000 8000 10000 12000 JELI] KB ERE, 2014, 25(1) ¢ 122-128.
E%Hﬁ?@%ﬁiﬁ@f (5] Jsce, /=3CE, 5Kk T5, 55, BT UL 4 3 5 ek
@ * " {1y MCMC J 3 I i /K ¥ e RS T 8 (0] ok
" FI2£ 44,2016, 47(6) : 772-779.
. (6] it B AR XU 25, B 1) MCMC 7 ik B 3G
=1 REAILT]. 7k F2: 417 ,2009,40(8) 1 1019-1023.
E 110 [7] RUZEK B, KVASNICKA M. Differential evolution al-
§ 109 gorithm in the earthquake hypocenter location [ J].
ﬁ 108 Pure and applied geophysics, 2001, 158: 667-693.
B (8] A PE LT B (b B0 05 B 5 e TR I 1)
o6 BIFSE (0] 7K 3 712 BF ¢ 5 6 JE (A 1) 201,26
2000 4000 6000 8000 10000 12000 1):24-30
AR (1):24-30.
(d) TS RTRHRIBUNS 2B 94T, (9] SRXUZE, Rk, XEI, . 36T 00 r-fodr i 4k

4 E-TFitE £ 5% DRAM SRR SHIE R EE
Figure 4 Ergodic mean plots of model parameters
based on improved multi-chain DRAM algorithm

LR QIR PUN SR [T]. IR K%M (T
“#hR) ,2018,48(1) :131-136.
[10] HOLLAND J. Adaptation in Natural and Artificial Sys-



20040000247002 L 29 #i 16 . fbd
=

78 N K F F W (T % R 2020 4

terms [ M]. Ann Arbor, MI: University of Michigan [18] HAARIO H, LAINE M, MIRA A. DRAM: Efficient

Press, 1975. adaptive MCMC [ J]. Statistics and computing, 2006,
(11] DA, J 2248 sk Al , 55 %9 - 18005 72 U IR 16(4) : 339-354.
SRS A g [T]. K MR SR, A (197 FRYCVL. Hb R /K5 YL U6 M A (1 DLt 3 s 4 31 5 &
% ,2004,19(4) : 520-524. BRI (D] AU B K, 2017,
[12] EFHFgE,SEE. ZE@EE 5P (M. dby . B+ [20] VRUGT J A. Markov chain Monte Carlo simulation
ol B Rt ,2004. using the DREAM software package: Theory,
[13] METROPOLIS N, ROSENBLUTH A W, ROSENB- consepts, and  Matlab  implementation [ J ].
LUTH M N, et al. Equation of state calculations by Enviromental modeling & software, 2016 (75) : 273
fast computing machines[ J]. The journal of chemical -316.
physics, 1953, 21(6) :1087-1092. [21] #BE%. HFH0T 87 7l me B i i0 3 i i 0 45 21
[14] HASTINGS W K. Monte Carlo sampling methods using ANHEMNESH (D], Kb . KPP T k%, 2011.
Markov chains and their applications[ J]. Biometrika, [22] 2R, £ 2. 3T 0l sl 3 00 90 200 12 )2 56
1970, 57(1) :97-109. [ G A5 [T]. FBMI K224 (T4 ) ,2012,33
[15] TIERNEY L, MIRA A. Some adaptive MonteCarlo (6): 1-4.
methods for bayesian inference[ J]. Statistics in medi- (23] X)X, 600, 34 T 30 M-8 3 00 35 75 Bk
cine, 1999(18) :2507-2515. BRI [J]. IR 22240 (T2 1) ,2017,
[16] MIRA A. Ordering and improving the performance of 38(2): 55-60.
Monte Carlo Markov Chains [ J ]. Statistical science, [24] WRsdy , ZHEE. T /KB BB iR [M].
2002(16) : 340-350. B : L H BT KA A, 1996.
[17] HAARIO H, SAKSMAN E, TAMMINEN J. An [25] ##& 1, BENNETT G D. #h T 7K 75 4L ¥ iF B #5 4l
adaptive Metropolis algorithm [ J]. Bernoulli, 2001, 7 [(M].2 . db 5t m & #F B R A,2009.
(2):223-242.

Improved Multi-chain DRAM Algorithm Based on Latin Hypercube Sampling
for Inverse Problems of Underground Water Pollution
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Abstract; Aiming at the problem of the result affected by samples’ initial values with classical MCMC algo-
rithm ( Metropolis algorithm ) , when the inverse problems of underground water pollution were solved by
Bayesian statistical methods, an improved multi-chain delayed rejection and adaptive Metropolis( DRAM) al-
gorithm based on latin hypercube sampling was presented. An underground water pollution source identification
model was built by coupling Bayesian statistical methods to two-dimensional water quality convection-diffusion
equation. An example of a pollutant in the underground aquifer discharged instantly was put forward, and the
pollution source information including source’s position, intensity and discharging time was solved by
Metropolis algorithm, multi-chain Metropolis algorithm and improved multi-chain DRAM algorithm
respectively. The example showed that the inversion results affected by initial values with Metropolis algorithm
were locally optimal or difficult to convergence; While the multi-chain Metropolis algorithm could significantly
improve the accuracy of the inversion results, the inversion efficiency was relatively low; On the contrary, the
improved multi-chain DRAM could significantly improved the inversion efficiency under the condition of accu-
racy (improved by 68% compared with the multi-chain Metropolis algorithm ) , realizing double improvement of
inversion accuracy and efficiency.

Key words: two-dimensional water quality model; Bayesian-Markov chain Monte Carlo simulation; latin hy-

percube sampling; delayed rejection and adaptive Metropolis algorithm ; pollution source identification



