
 

Document downloaded from: 

 

This paper must be cited as:  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The final publication is available at 

 

 

Copyright 

 

Additional Information 

 

http://hdl.handle.net/10251/204704

Chen, Z.; Zong, L.; Gómez-Hernández, JJ.; Xu, T.; Jiang, Y.; Zhou, Q.; Yang, H.... (2023).
Contaminant source and aquifer characterization: An application of ES-MDA demonstrating
the assimilation of geophysical data. Advances in Water Resources. 181.
https://doi.org/10.1016/j.advwatres.2023.104555

https://doi.org/10.1016/j.advwatres.2023.104555

Elsevier



Contaminant source and aquifer characterization using geophysical

data and the Ensemble Smoother with Multiple Data Assimilation
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Abstract

Contaminant source and aquifer characterization (CSAC) is critical in groundwater pollu-

tion evaluation and remediation. The ensemble smoother with multiple data assimilation

(ES-MDA) is employed to jointly identify contaminant source information and hydraulic

conductivities by assimilating time-lapse electrical resistivity tomography (ERT) data. In a

synthetic profile with a time-varying release history in a heterogenous aquifer, we verify the

performance of the proposed data assimilation framework. The results show that the CSAC

problem could be handled by the proposed approach. The time-varying release history and

the high permeability area can be identified with adequate time-lapse ERT measurements.

Further reproduction of the evolution of the plume after CSAC also shows consistency with

the reference plume. Data redundancy caused by the correlation between the measurements

is also analyzed through the comparison of four scenarios with different apparent resistivity

measurements. In the scenario with an AM-BN scheme with three different electrode spac-

ing, the identification result suffers from data redundancy and ends up with a poor inversion.

Properly accounting for correlated measurements, the proposed ES-MDA data assimilation
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framework could provide convincing inversion of time-varying releasing history and hydraulic

conductivities.

Keywords: Coupled modeling, Release history, Hydraulic conductivity, Data assimilation,

Inversion

1. Introduction1

Aquifers are a fundamental component of the hydrologic cycle, crucial for water supply2

and with many dependent ecosystems. Unfortunately, they can be easily polluted by anthro-3

pogenic activities, such as landfill operations, industry leakages, urban sewages, and others.4

Groundwater contamination is an important issue that has drawn the attention of researchers5

in the past decades (Gómez-Hernández and Wen, 1994; Gómez-Hernández et al., 2003; Feyen6

et al., 2003; Li et al., 2011; Megdal, 2018). A critical issue in groundwater contamination is7

the identification of the source of contamination together with the characterization of aquifer8

properties, mainly hydraulic conductivity. Inverse problems in hydrogeology have been the9

focus of many researchers, who have found that it is an ill-posed problem of difficult solu-10

tion (Carrera and Neuman, 1986; Capilla et al., 1998, 1999; Wen et al., 1999; Franssen and11

Gómez-Hernández, 2002; Bagtzoglou and Atmadja, 2005; Jiang et al., 2021). Joint inversion12

of13

To date, several methods have been developed for contaminant source identification and14

there are several good reviews available (Atmadja and Bagtzoglou, 2001; Michalak and Ki-15

tanidis, 2004; Gómez-Hernández and Xu, 2021). The proposed methods could be grouped16

into three main categories: optimization, probabilistic, and backward-in-time simulation17

methods. The optimization approaches build an objective function and attempt to mini-18

mize the discrepancies between simulated and observed measurements (Gorelick et al., 1983;19

Sun et al., 2006; Mirghani et al., 2009; Ayvaz, 2010; Li et al., 2012); the probabilistic ap-20

proaches handle the problem in a stochastic framework and try to maximize the posterior21
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probabilities of the simulated measurements conditioned on the observed ones (Woodbury22

and Ulrych, 1996; Zeng et al., 2012; Butera et al., 2013; Cupola et al., 2015; Pirot et al.,23

2019); backward-in-time simulation methods solve the solute transport equations backward24

to identify the most likely contaminant release locations (Bagtzoglou et al., 1992; Neupauer25

and Wilson, 1999; Bagtzoglou and Atmadja, 2003; Ababou et al., 2010).26

In recent years, data assimilation methods have become increasingly prominent for their27

versatile and efficient features. The ensemble Kalman filter (EnKF) proposed by Evensen28

(2003) and the ensemble smoother with multiple data assimilation (ES-MDA) proposed by29

Emerick and Reynolds (2013) have been progressively employed for contaminant source iden-30

tification. Xu and Gómez-Hernández (2016) first proposed the restart normal-score EnKF to31

solve the contaminant source identification problem and then extended this method for the32

simultaneous identification of both contaminant source and aquifer heterogeneous conductiv-33

ity (Xu and Jaime, 2018). Li et al. (2019) combined a mixed integer nonlinear programming34

optimization model with a Kalman filter to deduce contaminant source information. Pan-35

jehfouladgaran and Rajabi (2022) combined artificial neural networks and constrained the36

restart EnKF to characterize the contaminant source in a coastal aquifer and then moved37

one step further to identify aquifer heterogeneity in a tide-influenced coastal aquifer (Do-38

dangeh et al., 2022). The ES-MDA method has been coupled with generative adversarial39

networks by Bao et al. (2020) to handle a channelized aquifer characterization problem. To-40

daro et al. (2021) applied the ES-MDA method to identify contaminant source location and41

release history. Xu et al. (2022) addressed the problem of non-point source identification via42

ES-MDA.43

The aforementioned research findings are proof of the capacity of data assimilation meth-44

ods for the joint identification of contaminant sources and aquifer heterogeneity, however,45

despite a few applications in sandbox experiments, there is still a lack of verification in field46

cases. One main reason is that the measurements required are not available; at most, only47
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a few sparse and discontinuous pollution data are accessible. One possible solution to the48

lack of contaminant data could be the use of geophysical surveys. Geophysical methods have49

been broadly utilized in groundwater contamination investigation, especially electrical resis-50

tivity tomography (ERT), which is a non-intrusive, cost-effective, and high sampling density51

method (Seferou et al., 2013; Binley et al., 2015; Mao et al., 2016; Shao et al., 2021; Xia52

et al., 2021). ERT could be the perfect data source for ensemble-based contaminant source53

identification problems. As far as we know, several works have already combined data as-54

similation methods with ERT to study groundwater contamination issues. Bouzaglou et al.55

(2018) combined the EnKF method and the SUTRA model to update groundwater states56

and soil parameters by using ERT measurements in a seawater intrusion laboratory exper-57

iment. Kang et al. (2018) first developed an EnKF-based data assimilation algorithm to58

jointly invert DNAPL saturation and a hydraulic conductivity field by using time-lapse ERT59

data and later employed the ensemble smoother-direct sampling method (ES-DS) to identify60

a non-Gaussian hydraulic conductivity field by assimilating both geochemical and time-lapse61

geophysical datasets (Kang et al., 2019). Tso et al. (2020) proposed an ensemble-based data62

assimilation framework to jointly identify contaminant source location, initial release time,63

and solute loading from cross-borehole time-lapse ERT data. None of these works jointly64

addresses contaminant source identification and aquifer characterization.65

In this paper, we propose the ensemble smoother with multiple data assimilations (ES-66

MDA) to identify jointly contaminant source and aquifer heterogeneity by using time-lapse67

ERT data. Different cross-hole configurations are explored. To the best of our knowledge,68

it is the first time that the ES-MDA is used to jointly identify a contaminant source and69

aquifer heterogeneity. The paper is organized as follows: First, in section 2, we introduce the70

methodology of the proposed data assimilation framework, including the coupling of ground-71

water flow, solute transport, and geophysical modeling into the ES-MDA implementation;72

then, in sections 3, a synthetic case with a time-varying releasing history in a heterogenous73
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aquifer property is built that will be used as the reference to test the proposed method; sec-74

tion 4 evaluates and discusses the proposed approach, and the paper ends with a summary75

and conclusions of the main findings in section 5.76

2. Methodology77

2.1. Groundwater flow and solute transport model78

Transient groundwater flow and solute transport in an aquifer can be described by the79

following partial differential equations (Bear, 1972; Zheng and Wang, 1999)80

Ss
∂h

∂t
= ∇ · (K∇h) + w, (1)81

82

∂ (θC)

∂t
= ∇ · (θD · ∇C)−∇ · (θvC)− qsCs, (2)83

where Ss represents specific storage [L
−1]; h stands for hydraulic head [L]; t denotes time [T ];84

∇· and ∇ are the divergence and gradient operators, respectively; K represents hydraulic85

conductivity [LT−1]; w represents distributed sources or sinks [T−1], θ represents porosity86

of the medium [-]; C is dissolved concentration [ML−3]; D is a hydrodynamic dispersion87

coefficient tensor [L2T−1]; v stands for the flow velocity vector [LT−1] derived from the88

solution of Eq. (1); qs represents volumetric flow rate per unit volume of aquifer associated89

with a fluid source or sink [T−1] and Cs is concentration of the source or sink [ML−3]. The90

solution of both equations requires the specification of initial and boundary conditions. In91

this work, the flow equation is numerically solved using the finite difference MODFLOW92

program Harbaugh (2005) and the transport equation using the finite difference MT3D93

program Bedekar et al. (2016).94
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2.2. Geophysical model95

The electrical potential field induced by a couple of electrodes can be described by the96

following equation97

−∇ · 1
ρ
∇V = I(δ(r− r+)− δ(r− r−)), (3)98

where ρ is porous media resistivity; V denotes electrical potential field; I is the input current99

from a dipole; r+ and r− are the locations of the positive and negative electrodes, respectively,100

and δ(·) is the Dirac delta function.101

The electrical resistivity of the porous medium depends on several factors, such as poros-102

ity or pore water conductivity. The resistivity model developed by Revil et al. (2018) is103

employed in this work104

1

ρ
= (Swϕ)

mσw + (Swϕ)
m−1ρs(B − λ)CEC, (4)105

where Sw is water saturation, which equals 1 in aquifers; ϕ is porosity, which in this study106

is 0.32 for both the coarse and fine sands (Power et al., 2013); m is a cementation exponent;107

ρs is grain density; B and λ are apparent mobility of the counterions responsible for surface108

conduction and polarization, respectively; CEC is the quantity of exchangeable cation on109

the surface of the mineral; and σw is pore water conductivity, which is related to the ionic110

concentration and temperature (Sen, 1992) according to the following expression111

σw = (5.6 + 0.27T − 1.5× 10−4T 2)C − (
2.36 + 0.099T

1.0 + 0.214C
)C

2
3 , (5)112

where T is temperature, which is assumed constant at 25 ◦C in this research; and C is ionic113

concentration.114

Apparent resistivities (ρa), which are the values observed in an ERT survey, are computed115

from the resistivity values obtained from Eq. (4) solving a geophysical forward problem using116

the finite-element open-source software ResIPy (Blanchy et al., 2020).117
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The combination of MODFLOW, MT3D, Eq. (4) and (5) and ResIPy serve to establish118

the relationship between apparent resistivity ρa and concentration C.119

2.3. Ensemble Smoother with Multiple Data Assimilation (ES-MDA)120

The ES-MDA technology is employed to identify a contaminant source and aquifer het-121

erogeneity from apparent resistivity data. A short description of the ES-MDA is provided122

next, for a more in-depth discussion the reader is referred to Emerick and Reynolds (2013):123

1. Procedure124

The first step of the ES-MDA technology is to generate Ne realizations with unknown125

CSAC parameters, which include time-varying release history and hydraulic conductivity126

spatial distribution in this work. Once the number of iterations Na and the inflation factor127

αj (explained in detail below) are determined, the method will go through two steps: forecast128

step and analysis step.129

In the forecast step, the groundwater flow, solute transport and geophysical models130

(MODFLOW, MT3DS and ResIPy), are run for each member of the ensemble,131

Bf
i,j = ψ[B0, Ai,j], (6)132

for i = 1, 2, . . . , Ne, and j = 1, 2, . . . , Na, where Bf stands for the vector of forecasted133

apparent resistivity, and B0 for the vector of initial apparent resistivities; ψ represents the134

forward numerical model; A is the vector of CSAC parameters, including source release135

history and hydraulic conductivity distribution.136

Then, the CSAC parameters are updated using a truncated singular value decomposition137

(TSVD) method in the analysis step,138

Ai,j+1 = Ai,j +∆Aj(∆B
f
j )

T [∆Bf
j (∆B

f
j )

T + αjR]
−1[yobs +

√
αjε−Bf

o,i,j], (7)139
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where yobs is a column vector with dimensions No · Nt of real measurements (No stands for140

the number of apparent resistivity measurements, and Nt the number of observation time141

steps); ε stands for the observation error, while R is the covariance matrix of the observation142

error; Bf
o,i,j stands for the vector of forecasted apparent resistivity at observation locations;143

∆Aj and ∆Bj are square root matrices defined as144

∆Aj =
1√

Ne − 1
[A1,j − Aj, A2,j − Aj, . . . , ANe,j − Aj], (8)145

146

∆Bf
j =

1√
Ne − 1

[Bf
1,j −Bf

j, B
f
2,j −Bf

j, . . . , B
f
Ne,j

−Bf
j], (9)147

where Aj and Bf
j are the ensemble means of the CSAC parameters subject to identification148

and of the forecasted apparent resistivity at the jth iteration, respectively.149

2. Inflation factor150

The inflation factor αj is influential to the performance of the ES-MDA, and several ways151

on how to compute them have been described in previous studies (Le et al., 2016; Rafiee152

and Reynolds, 2017; Evensen, 2018). In this work, based on our previous experience ADD153

REFERENCE HERE, to the JCH paper or your PhD thesis , we decide to apply the inflation154

factor scheme proposed by Rafiee and Reynolds (2017).155

The inflation factor at the first assimilation step is given by156

α1 = (
1

N

N∑
i=1

λi)
2, (10)157

where N is the minimum of Ne and No ·Nt; and λi are the singular values of the matrix Dj158

given by159

Dj = R− 1
2△Bf

j . (11)160
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The subsequent inflation factors are chosen in a geometrical decreasing progression,161

αj = βj−1α1, (12)162

where β is the ratio that ensures that the sum of the inverse of the inflation factors equals163

one. Its value is given by164

1− (1/β)Na−1

1− 1/β
= α1. (13)165

3. The normal-score transformation166

Although ES-MDA is capable of dealing with non-linear models, it failed when the aug-167

mented state followed a non-Gaussian distribution (Zhou et al., 2014; Cao et al., 2018). To168

address this problem, several methods have been proposed, such as using Gaussian mix-169

ture models, iterative approaches, reparameterizations, and normal-score transform (Hen-170

dricks Franssen and Kinzelbach, 2008; Zhou et al., 2011; Kumar and Srinivasan, 2019). In171

this paper, the normal-score transform algorithm is combined with ES-MDA to deal with172

non-Gaussianity. The main procedure of this method follows two steps: (i) transform the173

non-Gaussian augmented state vector into a marginally-Gaussian vector, and then perform174

ES-MDA in Gaussian space; (ii) back transform the ES-MDA updates into original space.175

Although the normal-score transform algorithm does not ensure that higher-order moments176

will follow a multi-Gaussian distribution (Jafarpour and Khodabakhshi, 2011; Kumar and177

Srinivasan, 2020), the outcome of normal-score ES-MDA outperforms ES-MDA for clearly178

non-Gaussian parameters.179

2.4. Data assimilation workflow180

Figure 1 shows the overall description of the proposed data assimilation workflow. Using181

this workflow, we are able to jointly update the non-Gaussian hydraulic conductivity and182

source release history by assimilating the apparent resistivity. Note that since MODFLOW183
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Framework: ES-MDA with coupled models

• Generate initial ensemble, A0 (including K0,C0).
• Choose the number of ES-MDA iterations, Na.
• For j = 1 to Na

◦ Set Af
i,j = Aa

i,j−1 for i = 1, 2, ...Ne.
◦ Run the groundwater flow and solute transport model in each realization.
◦ Calculate ρ using (4) and (5).
◦ Run the geophysical model, obtain apparent resistivity ρa.
◦ Calculate αj using (10),(11),(12) and (13).
◦ Apply the normal-score transformation.
◦ Update model parameters Aa

i,j based on (7).
◦ Apply the normal-score back transformation.

• Endfor

Figure 1: Overall description of the proposed data assimilation framework.

and MT3DS are finite-difference numerical methods, while ResIPy is a finite-element method,184

an extra grid refinement procedure is needed before the geophysical model is run.185

3. Application186

3.1. Synthetic profile description187

To test the proposed data assimilation framework, a non-Gaussian confined aquifer188

with a time-varying contaminant release is constructed. The contaminant moves in a two-189

dimensional synthetic sandbox of 40× 1× 20 m, time-lapse ERT is simulated to capture the190

evolution in time of the pollutant concentration.191

The profile model is discretized into 80 by 1 by 40 cells, each cell being 0.5 by 1 by 0.5 m.192

The synthetic sandbox is filled with fine and coarse sand, according to a spatial arrangement193

generated using a truncated Gaussian simulation (Journel and Isaaks, 1984) with the first194

quartile as the truncation threshold, resulting in a coarse sand proportion of 0.25, as shown in195

Figure 2 MISSING INFORMATION: how the coarse sand conductivity values are generated.196

Later, in the table, the coarse sand is listed as homogeneous, in which case, the realization197

in Fig. 1 should be replaced, as is, it shows heterogeneity . The boundary conditions are198
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set as follows: the upper and lower boundaries are impermeable; the left boundary is a199

constant head boundary of 30m; the right boundary is zero-flow, except for the top four200

cells that are time-varying income flow through which the contaminant enters the sandbox.201

Such contamination could mimic the release from a contaminated river or irrigation canal in202

reality. The release pattern follows the same bimodal pulse proposed by Skaggs and Kabala203

(1994) and used many times later by others (Figure 2) given by:204

C(t) = 2 · exp(−(t− 10)2

35
) + 0.6 · exp(−(t− 25)2

80
) + exp(−(t− 45)2

40
) 0 ≤ t ≤ 100

(14)205

0 10 20 30 40 50 60 70 80 90 100

Time(d)

0

0.5
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n
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g
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)

(a)

(b)

Figure 2: Schematic view of the groundwater flow and solute transport reference model. (a) Flow boundary
conditions and reference hydraulic conductivity field. (b) Reference concentration release curve.

For the time-lapse ERT, 30 electrodes are assigned in three vertical boreholes with an206
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Table 1: Definition of the synthetic scenarios

Scenario 1 Scenario 2 Scenario 3 Scenario 4

Vertical separation distance, a (m) 6 4 2 2, 4 and 6
Number of ρa measurements 98 128 162 388

interval of 2 m as shown in Figure 3. A and B represent the current electrodes, while207

M and N represent the potential electrodes. We adopt the bipole-bipole electrode array208

configuration based on previous research since the cross-hole AM-BN configuration yields209

greater flexibility in practice without any singularity problem in data acquisition (Zhou and210

Greenhalgh, 2000). In this paper, the separation between the electrodes BN is kept the same211

as those in AM (AM=BN=a). Three vertical separation distance values are analyzed (a=6212

m, 4 m, 2 m). Four different numbers of ρa measurements are considered (98, 128, 162,213

and 388). See Table 1 for the list of scenarios analyzed. In scenario S1, a sparse AM-BN214

scheme with an electrode spacing of 6 m is used (98 measurements per time step, 980 in215

total). This is a relatively small amount of measurements in a time-lapse ERT survey but216

could happen in reality when limited data processing capabilities are available (Binley and217

Kemna, 2005). We gradually increase the number of measurements in scenarios S2 and S3,218

with AM-BN schemes of 128 and 162 measurements, respectively. In scenario S4, all three219

electrode separation distances are used, resulting in a total of 388 measurements per time220

step. WARNING. The description of the ERT measurement is not very clear. The arrow221

with the ”2m” label in figure 3b does not help to understand anything222

You must show also the reference hydraulic heads, a couple of snapshots of the reference223

concentration, AND the reference resistivity for those snapshots224

The total simulation time of groundwater flow and transport solute is 100 days, and the225

models are run in 50 equal-sized time steps. As for the geophysical model, the measurements226

are acquired with a time interval of 10 days. A more detailed description of the parameters227

used in the MODFLOW, MT3DS and ResIPy models are listed in Table 2.228
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(a) (b)

Figure 3: Schematic view of the geophysical synthetic model. (a) The distribution of the boreholes and
electrodes. The black dotted box represents the borehole; the blue circle stands for a single electrode. (b)
Configuration of the bipole-bipole electrodes array. A and B represent the current electrodes, M and N
represent the potential electrodes. THIS FIGURE IS HARD TO READ. You may wish to put (a) on top of
(b) instead of side by side

For the assimilation phase, and based on our previous work (Chen et al., 2018, 2021; Xu229

et al., 2021), the number of iterations (Na) is chosen to be 4, the ensemble size (Ne) is taken230

as 500. The initial hydraulic conductivity distribution fields are generated from the same231

algorithm as the reference one, while the initial release history is generated as constant in232

time using a uniform distribution with ranges [0.5, 1.5] g/l. The model error is neglected233

and the ρa measurements errors follow Gaussian distribution with a mean of 0 and standard234

deviation of 0.1 Ω ·m, which amounts to approximately 2.68% relative error.235

3.2. Performance Assessment236

The use of an ensemble-based method allows to analyze the performance of the method237

using the root mean square error (RMSE) and the relative RMSE:238

RMSE =

√√√√ 1

n

n∑
i=1

(Aref − Ai)2, (15)239

where n is the number of points used to discretize the release history curve or the number240

of cells in which hydraulic conductivity must be identified, Aref is the reference CSAC241

parameters while A stands for the ensemble mean of the updated CSAC parameters. The242
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Table 2: Groundwater flow, solute transport, geophysical model parameters

Parameters Value

Model discretization
model length along x (m) 40
model length along y (m) 1
model height along z (m) 20
grid size ∆x×∆y ×∆z(m) 0.5× 1× 0.5
total simulation time (d) 100
time step length (d) 2
number of time steps 50
Groundwater flow model parameters
hydraulic conductivity, coarse sand (m/d) 15
hydraulic conductivity, fine sand (m/d) 0.5
Solute transport model parameters
longitudinal dispersivity (m) 0.5
transverse dispersivity (m) 0.025
molecular diffusion coefficient 0
initial water concentration (g/l) 0.15
Geophysical model parameters
porosity, coarse sand & fine sand 0.32a

CEC, coarse sand & fine sand(C/kg) 7.2a

Cementation exponent, coarse sand & fine sand 2.0a

B(m−2s−1V−1) 4.1× 10−9 b

λ(m−2s−1V-1) 3.46× 10−10 b

a Power et al. (2013).
b Revil et al. (2018).
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smaller the values for RMSE, the better the estimation of the CSAC parameters.243

4. Results244

4.1. Contaminant source and aquifer characterization245

Figure 4 shows the recovered release histories for scenario S1 to S4. In each plot, the blue246

curve corresponds to the actual release history, the gray lines are the recovered release history247

curves for all 500 realizations, the red dotted lines are the median, and the black dashed lines248

are the 5 and 95 percentiles. It can be observed that the median of the recovered release249

history curves follows the true release in all scenarios, but with an excess of fluctuation.250

This noticeable fluctuation in the ensemble medians and individual curves is believed to251

be caused by the inherent ill-posedness of identification problem (?). For scenarios S1 to252

S3, the increase in the number of measurements seems to improve the overall uncertainty253

as given by the width of the 90% confidence interval. However, in Scenario S4, with the254

largest number of observations with an AM-BN scheme with 388 measurements, the 90%255

confidence interval gets too narrow and in several instants does not contain the reference256

release curve. The calculated RMSEc for all scenarios is shown in Table 3 and reinforces257

the previous statements. For scenarios S1 to S3, the RMSEc declines gradually with the258

increasing of measurements, while in scenario S4, the RMSEc has a value second only to the259

initial ensemble. We believe the poorly conditioned inversion in scenario S4 is mainly caused260

by data redundancy, which is quite common in reservoir modeling (Evensen and Eikrem,261

2018). One more thing that needs to be pointed out is the bad estimation of the release262

curve for the last time steps. This outcome can be explained in that there are not enough263

data for the ES-MDA method to estimate the release at the latest release times.264

As for aquifer characterization, Figure 5 shows the ensemble means and variances of hy-265

draulic conductivities for the initial ensemble and scenarios S1 to S4. The ensemble mean266

of the hydraulic conductivities in the initial ensemble is relatively homogenous, while the267
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Figure 4: Recovered release histories for scenarios S1 to S4. The blue curve corresponds to the reference
release history. The gray lines are the recovered release history curves for all 500 realizations, the red dotted
lines are the median, and the black dashed lines are the 5 and 95 percentiles.

ensemble variance takes a large value. After assimilating the geophysical measurements, the268

ensemble mean of the updated hydraulic conductivities can delineate roughly the facies dis-269

tribution in the aquifer with a substantial reduction of the ensemble variance in all scenarios.270

Further comparison between different scenarios shows that S3 has the best aquifer charac-271

terization, with a clear identification of the high permeability area and a relatively small272

ensemble variance, while S1 and S2 could delineate the high hydraulic conductivity zone less273

precisely and with a larger variance. In Scenario S4, a similar outcome to S3 is obtained,274

but with a poorer description of the high permeability area. A quantitative evaluation of all275

scenarios is listed in Table 3. Once again, we could find out that S4 has an RMSEK value276

much greater than S1 to S3, possibly due to data redundancy. This outcome is contrary to277
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Table 3: Performance of the scenario S1 to S4

Initial ensemble Scenario 1 Scenario 2 Scenario 3 Scenario 4

RMSEC 0.535 0.331 0.289 0.287 0.423
RMSEK 7.435 6.543 6.927 6.743 7.290

the general understanding (the more data the better the characterization), but is consistent278

with the findings by Evensen and Eikrem (2018) when the measurements have an inherent279

correlation. In this case, the AM-BN schemes with different electrodes spacing (2 m, 4 m, 6280

m) typically have correlated measurement errors, so the mixture of three AM-BN schemes281

in S4 suffers from strong conditioning on the geophysical data and finally ends up with a282

poorly conditioned inversion.283

4.2. Contaminant plume reproduction284

For a further evaluation of the results, we use the updated CSAC to generate snapshots285

of the contaminant plume evolution to visually analyze the performance of the ES-DMA.286

Figure 6-9 show the reference plume, and the ensemble mean plumes computed with the287

initial set of CSAC parameters and with the updated CSAC values for all 4 scenarios in288

days 20, 40, 70 and 90. The ensemble mean plumes generated by the initial ensemble spread289

widely with very large uncertainty since no observed data have been assimilated yet. The290

comparison between the reference and simulated contaminant plumes speaks favorably about291

the proposed methodology since for all 4 scenarios main contaminant plume morphology is292

captured at the different time snapshots. A closer look, point to S3 as the scenario that293

performs best, especially in days 20 and 90.294

Figures 10-12 show the time evolution of the vertically-averaged concentration along the295

boreholes 1, 2, and 3 for all 4 scenarios computed with the updated CSAC parameters. The296

blue curve corresponds to the evolution of the concentration in the reference, while the gray297

lines are the concentration curves for all 500 realizations, and the red line is the ensemble298
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median. The shape of the concentration curves is well reproduced in all scenarios. Again, a299

closer look shows that scenario S3 performs best, especially in borehole 1.300
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Figure 5: Ensemble means and variances of hydraulic conductivities for the initial ensemble and scenarios
S1 to S4.
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Reference, 20 days Initial ensemble, 20 days

Scenario S1, 20 days Scenario S2, 20 days

Scenario S3, 20 days Scenario S4, 20 days

Figure 6: The reference contaminant plume and the ensemble mean contaminant plumes computed with the
initial set of CSAC parameters and with the updated CSAC values for all 4 scenarios on day 20.
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Reference, 40 days Initial ensemble, 40 days

Scenario S1, 40 days Scenario S2, 40 days

Scenario S3, 40 days Scenario S4, 40 days

Figure 7: The reference contaminant plume and the ensemble mean contaminant plumes computed with the
initial set of CSAC parameters and with the updated CSAC values for all 4 scenarios on day 40.
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Reference, 70 days Initial ensemble, 70 days

Scenario S1, 70 days Scenario S2, 70 days

Scenario S3, 70 days Scenario S4, 70 days

Figure 8: The reference contaminant plume and the ensemble mean contaminant plumes computed with the
initial set of CSAC parameters and with the updated CSAC values for all 4 scenarios on day 70.
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Reference, 90 days Initial ensemble, 90 days

Scenario S1, 90 days Scenario S2, 90 days

Scenario S3, 90 days Scenario S4, 90 days

Figure 9: The reference contaminant plume and the ensemble mean contaminant plumes computed with the
initial set of CSAC parameters and with the updated CSAC values for all 4 scenarios on day 90.
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Figure 10: Time evolution of the vertically-averaged concentration of the recovered plume in borehole 1 for
all 4 scenarios. The blue curve corresponds to the evolution of the concentration in the reference, while the
gray lines are the concentration curves for all 500 realizations, and the red line is the ensemble median.
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Figure 11: Time evolution of the vertically-averaged concentration of the recovered plume in borehole 2 for
all 4 scenarios. The blue curve corresponds to the evolution of the concentration in the reference, while the
gray lines are the concentration curves for all 500 realizations, and the red line is the ensemble median.
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Figure 12: Time evolution of the vertically-averaged concentration of the recovered plume in borehole 3 for
all 4 scenarios. The blue curve corresponds to the evolution of the concentration in the reference, while the
gray lines are the concentration curves for all 500 realizations, and the red line is the ensemble median.
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5. Summary and conclusion301

In this paper, we employ the ES-MDA method to identify a contaminant source release302

curve and hydraulic conductivities by using time-lapse ERT measurements. For this purpose,303

the study combines a coupled model of groundwater flow, solute transport and geophysics304

with the ES-MDA assimilation technique. In this data assimilation framework, only the305

apparent resistivity obtained from the time-lapse ERT measurements is employed to identify306

the hydraulic conductivities and contaminant release history. The proposed methodology is307

then validated in a synthetic sandbox with a time-varying release history in a heterogeneous308

aquifer. The results demonstrate that the CSAC problem could be handled by the proposed309

approach. The time-varying release history and the main patterns of high conductivity310

can be captured with proper time-lapse ERT measurements. The plume evolution computed311

with the updated parameters for both time-varying release curve and spatially-heterogeneous312

conductivity approximates well the plume computed in the reference field.313

Besides, we also analyzed the influence of different AM-BN schemes in our data assimila-314

tion framework. Four scenarios with a different number of apparent resistivity measurements315

(98, 128, 162 and 388) were designed. In scenario S4, the AM-BN scheme with a mixture316

of three different electrode spacing suffers from data redundancy producing poor results.317

We believe this is mainly caused by the correlation between the measurements, which is318

very common in time-lapse ERT surveys and needs to be taken into consideration in further319

applications.320

This study is significant since it is the first time that time-lapse ERT measurements are321

employed to jointly identify contaminant source information and hydraulic conductivities.322

But we also admit that a number of issues have not been considered, such as larger ERT323

measurement errors, different electrode-array configurations, or more complex hydraulic sys-324

tems. More research is needed in order to move forward and apply this approach to real325

problems.326
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