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(School of Resources and Environmental Engineering, Hefei University of Technology,
Hefei, Anhui 230009, China)

Abstract: The ensemble Kalman filter (EnKF) is one of the most widely used data assimilation methods.
However, it exhibits limitations in handling non-Gaussian problems. To effectively address such issues and
accurately describe the connectivity of aquifers, a novel approach named NS-ES-MDA is developed in this study.
The proposed NS-ES-MDA synergistically combines the normal-score transformation (NST) with ensemble
smoother with multiple data assimilation (ES-MDA). Through comparative experiments, the efficacy of NS-ES-
MDA in estimating the hydraulic conductivity of non-Gaussian distributed aquifers is demonstrated. By
assimilating the same dataset, NS-ES-MDA exhibits approximately 34% improvement in parameter estimation
accuracy and about 35% enhancement in computational efficiency compared to the restart normal-score ensemble
Kalman filter (rNS-EnKF). Furthermore, the NS-ES-MDA shows case robustness against the “equifinality” and
displays remarkable updating capabilities, which leads to more precise parameter estimates. This study provides an
effective solution for parameter estimation in non-Gaussian distributed aquifers.
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Table3 Metrics at head control points
eI VIRES So S, S, S, S, S; S,
Tense(Head #1)/m 12.10 1.07 38.00 5.82 1.03 0.70 0.24 1.22
Is(Head #1)/m 27.88 4.47 50.17 18.28 8.53 6.27 5.51 5.03
Iyse(Head #1) 0.03 0.99 -8.59 0.78 0.99 1.00 1.00 0.99
Ieyse(Head #2)/m 57.96 3.14 230.50 41.99 5.30 6.14 3.00 1.42
Is(Head #2)/m 50.92 12.54 202.68 76.99 26.19 14.53 9.68 8.84
Iys:(Head #2) 0.72 1.00 -3.40 0.85 1.00 1.00 1.00 1.00
Iews:(Head #3)/m 123.40 9.81 416.68 72.18 19.15 24.69 11.03 3.89
Is(Head #3)/m 100.99 17.04 255.07 98.46 38.17 21.65 13.06 12.09
Ivsz(Head #3) 0.70 1.00 -2.42 0.90 0.99 0.99 1.00 1.00
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Fig. 4 Normalized concentration breakthrough curves at concentration control points for the initial ensemble and S,, S5
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Table 4 Metrics at concentration control points

W bR WIREE S, S, S, S, S, S5 S
s (Conc #4)/(grm™) 457 3.80 3.28 2.41 125 0.89 0.84 0.71
Iys(Conc #4)/(g'm™) 6.58 2.69 472 3.19 1.29 0.84 0.79 0.75
Iyse(Conc #4) -0.21 0.42 0.57 0.75 0.92 0.97 0.96 0.97
Innse(Conc #5)/(g-m™®) 1.86 2.74 3.09 2.54 0.80 0.28 0.24 0.25
Iis(Conc #5)/(g'm™) 2.61 1.64 2.18 1.84 0.99 0.55 0.38 0.33
Iys:(Conc #5) 0.34 0.79 0.67 0.72 0.95 0.99 0.99 0.99
Tnwse(Conc #6)/(g-m™) 25.12 26.63 28.40 28.07 27.79 18.57 9.99 6.84
Is(Conc #6)/(g'm™) 13.19 8.82 9.77 8.61 7.96 6.76 6.22 5.58
Iys:(Conc #6) -0.21 —0.83 -1.06 —0.98 -1.06 0.57 0.99 1.00
T BE AR, 5l LT & 4L 2 R (e SRR T % D] BTN : WiV K22, 2017. [ ZHANG
1 7 Bt R A S | e JEE S A ) S 42 B 5 B B Jiangjiang. Bayesian monitoring design and parameter

inversion for  groundwater  contaminant  source

WU CEE AN R RS 12 R BORS Qe RS H5E ) .

identification[D]. Hangzhou: Zhejiang University, 2017.
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