
http://gwse.iheg.org.cn 1

DOI: 10.19637/j.cnki.2305-7068.2020.01.001

Groundwater contaminant source identiication based 
on iterative local update ensemble smoother

YANG Ai-lin
1
, JIANG Si-min

1*
, LIU Jin-bing

1
, JIANG Qian-yun

2
, ZHOU Ting

1
, ZHANG Wen

3

1
 Department of Hydraulic Engineering, College of Civil Engineering, Tongji University, Shanghai 200092, China. 

2
 Beijing Haidian International School, Beijing 100195, China.

3
 Department of Environmental Science and Engineering, Fudan University, Shanghai 200433, China.

Abstract: Identification of the location and intensity of groundwater pollution source 
contributes to the effect of pollution remediation, and is called groundwater contaminant 
source identiication. This is a kind of typical groundwater inverse problem, and the solution 
is usually ill-posed. Especially considering the spatial variability of hydraulic conductivity 
field, the identification process is more challenging. In this paper, the solution framework 
of groundwater contaminant source identification is composed with groundwater pollutant 
transport model (MT3DMS) and a data assimilation method (Iterative local update ensemble 
smoother, ILUES). In addition, Karhunen-Loève expansion technique is adopted as a PCA 
method to realize dimension reduction. In practical problems, the geostatistical method is 
usually used to characterize the hydraulic conductivity ield, and only the contaminant source 
information is inversely calculated in the identiication process. In this study, the identiication 
of contaminant source information under Kriging K-field is compared with simultaneous 
identification of source information and K-field. The results indicate that it is necessary 
to carry out simultaneous identification under heterogeneous site, and ILUES has good 
performance in solving high-dimensional parameter inversion problems.
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Introduction

At present, China has suffered from severe 

water pollution. According to statistics from the 

continuous monitoring for 118 cities in China, 

about 64% of urban groundwater is seriously 

polluted, 33% is slightly polluted, and only 3% is 

basically clean (BAI Xue et al. 2003). According 

to the monitoring results, the contaminants are 

increasing and become more complex. At the same 

time, the pollution degree and depth have been 

increasing.   

Compared with surface water, once groundwater 

is polluted, it takes more time (maybe more than 

30 years) and costs more to control and repair 

the pollution (WU Jian-feng and ZHENG Chun-

miao, 2004). The main reasons are as follows: 

First, because the aquifers usually show great spa-

tial heterogeneity, it is difficult to measure accu-

rately through current geological technique. 

When simulating the transport of groundwater 

contamination, if the nature of aquifers cannot be 

accurately described, the calculation and prediction 

abilities will be greatly reduced; second, there 

are many uncertainties and unpredictable factors 

behind groundwater contaminant sources, so it is 

often diicult to obtain accurate information. The 
aforementioned characteristics of groundwater *
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contamination cause challenges for not only the 

pollution treatment and restoration, but also the 

implementation of the principle of "who pollutes, 

who manages" (Butera I et al. 2013; Snodgrass 

M F and Kitanidis P K, 1997; GU Wen-feng et al. 

2016).

As an inverse problem, groundwater contamin-

ant source identiication can be solved by various 
deterministic and stochastic methods (Sayeed M, 

2005; Guneshwor L et al. 2018). Deterministic 

method is represented by simulation-optimization 

method, which is normally consists of forward 

simulation model and optimization model. In 

order to improve the identification process, 

many optimization algorithms are proposed in 

the previous studies, including genetic algorithm 

(GA), artificial neural network (ANN), simulated 

annealing (SA), harmony search (HS) (Ayvaz 

M T, 2016; Srivastava D and Singh R M, 2014; 

Prakash O and Datta B, 2015; JIANG Si-min et al. 

2013). Simulation-optimization method can only 

provide a group of optimal solutions, and cannot 

quantify the uncertainty. In order to accurately 

quantify the uncertainty of parameters, ensemble-

based data assimilation method, such as ensemble 

Kalman ilter (EnKF) and ensemble smoother (ES), 
are widely used in groundwater inverse problems 

(CHANG Hai-bin et al. 2017; JU Lei et al. 2018; 

XU Teng and Gómez-Hernández J J, 2018; ZHANG 

Jian-jiang et al. 2018).

EnKF needs to update model parameters and 

states, which may lead to inconsistency between 

parameters and states. Unlike EnKF, ES method 

only updates the model parameters (CHANG Hai-

bin et al. 2017; JU Lei et al. 2018; ZHANG Jian-

jiang et al. 2018). Many iterative variants are 

used for improving the applicability to strongly 

nonlinear and high-dimensional problems (ZHANG 

Jian-jiang et al. 2018; CHEN Yan and Oliver D S, 

2013; Emerick A A and Reynolds A C, 2012; LI 

Liang-ping et al. 2018). Among them, the Iterative 

Local Update Ensemble Smoother (ILUES) 

shows good performance, especially for solving 

the multimodal problems of parameter posterior 

distribution in groundwater contaminant source 

identiication (ZHANG Jian-jiang et al. 2018).

Aquifer usually shows great spatial heteroge-

neity. In the analysis of contaminant source identii-
cation before in-site treating and repairing. Gene-

rally, geostatistical interpolation method (inclu-

ding zonation method) is used to characterize the 

hydraulic conductivity field of aquifer. In such 

inverse problems, only the groundwater con-

taminant source is identiied, simultaneous identi-
ication of hydraulic conductivity ield and conta-
minant information is seldom considered. The pur-

pose of this paper is to show that it is necessary to 

carry out the identification of contaminant infor-

mation under heterogeneous site through a case 

study. In the groundwater contaminant source 

identification, ILUES algorithm is adopted as the 

framework to realize simultaneous identiication of 
contaminant and hydraulic conductivity ield.

1 Model of groundwater contaminant 
source identiication

In terms of groundwater contaminant source 

identification, the groundwater contaminant 

information is obtained through minimizing 

the deviation between the measured value and 

the simulated value of the observation points 

(contaminant source location, contaminant 

source intensity, release time, etc.) and unknown 

aquifer parameters (mainly including hydraulic 

conductivity, storage coefficient, dispersion, 

effective porosity, etc.). The problem of ground-

water contaminant source identification is essen-

tially a kind of groundwater inverse problem, 

which includes the simulation model (groundwater 

contaminant transport model) and the solution 

method for inverse problems (direct method, 

optimization method, data assimilation method, 

etc.). The data assimilation method adopted in this 

paper is ILUES proposed by ZHANG Jian-jiang et 

al. (2018).

1.1 Model of groundwater contaminant 

transport

At present, MOC3D, MT3DMS, RT3D, FE-

MWATER, FEFLOW and so on are commonly 

used simulation programs for pollutant transport. 

Among them, MT3DMS is the most widely used, 

so MT3DMS program is used for simulating 

groundwater contaminant transport. However, 

MT3DMS itself does not include the simulation 

of groundwater flow. For simulation calculation, 

MT3DMS and MODFLOW should be used together.

The formula for groundwater low in MODFL-
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OW is as follows (Mcdonald M G M and Harbaugh 

A W, 1988): 

∂ ∂ ∂ ∂ ∂ ∂ ∂
∂ ∂ ∂ ∂ ∂ ∂ ∂
x x y y z z t

         K K K w Sx y z s
h h h h+ + + =       (1)

Where: Kx,Ky,K z represents the hydraulic 

conductivity in the x, y and z directions [LT
-1
]; h 

is the hydraulic head [L]; W is the volume lux per 
volume representing sources and/or sinks of water 

[T
-1

]; SS is the specific storage [L
-1

]; and t is the 

time [T].

The solute transport formula of groundwater in 

MT3DMS is as follows (ZHENG C and WANG P P, 

1999).

∂ (θ
∂ ∂ ∂ ∂t x x x

ck ) = − + + ∑∂ ∂ ∂
i j i

    θ θD v c q c Rij i s s n

ck ( k k)   (2)

Where: θ is the effective porosity of aquifer 

[dimensionless]; c
k
 means the concentration of 

solute component k [ML
-3
]; Dij is the hydrodynamic 

dispersion coeicient [L2
T

-1
]; vi is the low velocity 

[LT
-1

];  the relationship between the actual flow 

velocity and Darcy flow velocity is represented 

as vi=qi/θ; c
s

k  is the solute source or sink flux 

of component k [ML
-3]; and ∑Rn is the sum of 

chemical reaction terms [ML
-3
T

-1
].

1.2 Iterative local update ensemble 
smoother

Ensemble smoother (ES) and Ensemble 

Kalman Filter (EnKF) are data assimilation 

algorithms. As a batch processing algorithm, ES 

can update model parameters and states by using 

observations at one time, without repeated model 

file operations. Furthermore, ES can handle the 

inconsistency between parameters and states 

in the update process. However, ES and EnKF 

are suitable for the cases where the parameter 

approximately satisfy Gaussian distribution, 

which greatly restrained the application of these 

two algorithms. Multimodal problem may occur 

in the posterior distribution of parameters during 

contaminant source identification. Most iterative 

variants of ES and EnKF methods are still based on 

Gaussian assumption, these methods cannot solve 

the problem with multi-modal distribution in the 

identification problems. ZHANG Jian-jiang et al. 

(2018) proposed an improved ES algorithm, which 

adopts the local update strategy for ensemble 

samples and simple iterative process to improve 

the ability of ES algorithm to solve nonlinear 

problems.

The relationship between input parameters and 

output response of the model can be expressed as 

follows:

dobs=f (m)+ε                             (3)

Where: dobs is the measured value, f(∙) is the 
system model; m means the uncertain parameter 

(permeability coefficient, contaminant location, 

intensity, duration, etc.); ε is the observed error 

vector (with the mean value of 0 and covariance of 

CD). Based on Equation 4, the uncertain parameters 

are updated by ES algorithm:

ma f f f f

j ,=+ + −m C C C d f mj MD DD D obs j j( )−1   ( )   (4)

Where: M , , ,f f f f=   m m m1 … …, j Ne
is ensemble of N

e
 

parameter samples drawn from the prior distribution, 

M , , , ,a a a a= … …  m m m1 j Ne
 is the updated ensemble, CMD

f

is the crosscovariance matrix between Mf and

D , , , ,f f f f= … …  f m f m f m( 1 ) ( j N) (
e
) ,  and CDD

f  is the aut

ocovariance matrix of D f.

When prior distribution or posteriori distribution 

of the uncertain model parameter does not satisfy 

Gaussian distribution (multimodal distribution), the 

parameter cannot be directly updated by Equation 

4. ZHANG (2018) proposed a local update strategy 

for ensemble, that is: (1) local ensemble for each 

sample can be formed through ensemble index 

(Equation 5) respectively; (2) Equation 4 is used 

for updating Ne  local ensemble; (3) randomly 

select a sample from the updated Ne local ensemble 

to form an integrated ensemble M
a
.

J m( ) = +J m J m

J J

1 2

1 2

(
max max

) ( )
                  (5a)

N Nl e= ∈α α  0,1 ( ( ])                    (5b)

Where: J1 (m) is the distance between the 

model response f(m) and measurement dobs; J2 (m) 

is the distance between the model parameter m and 

the sample m j

f
; J1

max
and J2

max  are the maximum 

value of J1 (m) and J2 (m). The local ensemble m j

f

refers to Nl samples with the minimum J values.

The above local update algorithm can be used 

repeatedly through a simple iterative process until 

it reaches the predefined convergence index (the 

difference between two adjacent iterative step, or 

the maximum number of iterations is allowed). 

The details of ILUES algorithm can be referred to 
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ZHANG (2018).

2 Case study

2.1 Problem overview

A hypothetical heterogeneous and anisotropic 

confined aquifer was chosen for use in the case 

study (Fig. 1). The simulation domain was set to 

be 200 m in x direction and 150 m in y direction. 

Square grid with side length of 5 m (the initial 

size of prototype model) is used to subdivide the 

domain into 31 lines and 41 rows. Finite differ-

ence grids (the size of grids will be adjusted 

automatically during the identification to make 

the contaminant source at the center of one grid). 

Steady-state low is assumed, and the thickness of 
the aquifer is 30 m. The top and bottom boundaries 

are no-lux boundary. The constant hydraulic heads 
are set to 25.0 m and 20.0 m at the west and east 

sides, respectively. There are no other source sink 

terms. 

At the initial time, the aquifer has no con-

taminant. The porous medium has a porosity of 0.3, 

longitudinal dispersivity of 1.0 m, and transverse 

dispersivity of 0.1m. The aquifer's hydraulic 

conductivity K satisfies logarithmic normal 

distribution. Its mean value ( lnK ) and variance 

( σlnK

2 ) are 3.3 and 1.0, respectively. The correlation 

length of x and y directions are 20 m and 15 m, 

and an exponential variogram is used. The true 

hydraulic conductivity ield can be seen in Fig. 1.
Only a point pollution source pollutant is 

considered in this case. The release of contaminants 

is from S1. The intensity of the contaminant source 

is shown in Table 1. There are 25 measurement 

locations inside the ields (Fig. 1). After pollution 
occurs, the possible locations where contaminant 

source might exist are roughly estimated based 

on the in-site pollution investigation. Thus the 

information is taken as the prior information for 

the contaminant source parameters (Table 1). 

Fig. 1 Heterogeneous 2D hypothetical aquifer 

model for the case study

In this case, the observed concentration values 

are calculated by forward model with MT3DMS. 

There are 4 stress period, and each stress periods 

has duration of 90 days. The contaminant are only 

released at the first 3 stress periods (100.0, 80.0, 

60.0 kg/d, respectively). The observed values are 

derived from the simulated values and (Equation 6) 

normally distributed measurement noise.

      　  cobs=csimu+csimu×L×δ                     (6)

Where: csimu is the numerically simulated value; 

cobs  is the observed value; L is the noise level (5%); 

δ is a normally distributed random value.

Table 1 The prior range and true value of contaminant source parameters

Parameters x (m) y (m) SP1 (kg/d) SP2 (kg/d) SP3 (kg/d)

Range [5,25] [60,80] [90,120] [70,100] [50,80]

Ture value 12.5 72.5 100 80 60

2.2 Scenario description

In practical problems, due to limited measured 

data, aquifer parameters (such as hydraulic conduc-

tivity) are often uncertain. Two methods are 

often used to identify the contaminant source: (1) 

geostatistics methods are widely used in geology 

as an interpolation approach (such as Kriging 

interpolation) to obtain aquifers' hydraulic conduc-

tivity fields. Under certain circumstance, only the 

source of pollution is identified; (2) simultaneous 

identification of hydraulic conductivity filed and 

contaminant source. Table 2 shows the true values 

of hydraulic conductivities at monitoring points.
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2.2.1 Source identiication under interpolated 
hydraulic conductivity ield 

The dimension of inverse problem may 

be 1 000-10 000, or even more (it is related to 

the number of grid blocks), when dealing with 

the simultaneous identification of hydraulic 

conductivity field and contaminant source. 

Therefore, the above-mentioned method is rarely 

adopted. 

In practice, the hydraulic conductivity ield is 
obtained by geostatistics method, then write into 

the BCF (LPF, HUF, etc.) modules in MODFLOW 

model. When identifying the contaminant source, 

the hydraulic conductivity field will not be 

regarded as an uncertain model parameter. Under 

certain circumstance, only the information of 

contaminant source is identiied.

2.2.2 Simultaneous identification of hydraulic 

conductivity ield and contaminant source

As what has been mentioned, considering 

the hydraulic conductivity filed, dimension of 

hydraulic conductivity ield identiication is related 
to the number of grid blocks. In this case, there are 

31×41=1 271 dimensions. 

An effective method to solve the high-

dimensional groundwater inverse problem is 

dimension reduction technique. In this paper, a 

method based on Karhunen-Loève expansion is 

adopted to reduce the dimension of hydraulic 

conductivity field (ZHANG Dong-xiao and LU 

Zhi-ming, 2014).

ln K x, y lnK x, y s x, y( ) ≈ +( ) ∑N
i=

KL

1

ξ τi i i ( )        (7)

Where: ξi are independent standard Gaussian 

random variables; τi  and Si (x,y) are eigenvalues 

and eigenfunctions of the correlation function, 

respectively; NKL  is the number of K-L expansion 

terms.

2.3 Results and discussion

2.3.1 Source identiication under interpolated 
hydraulic conductivity ield

Based on the mean value ( lnK ), variance 

( σlnK

2 ), and correlation length of true hydraulic 

conductivity field (Fig. 1), we interpolate the 

hydraulic conductivity value at monitoring points 

(Table 2) to generate the hydraulic conductivity 

field (Fig. 2) by adopting MATLAB toolbox 

DACE. The main parameters of ILUES algorithm 

are set as follows: The number of ensembles Ne= 

Table 2 True values of hydraulic conductivity (m/d)

Monitoring site 1 2 3 4 5 6 7

x(m) 25 35 30 50 65 75 80

y(m) 60 85 75 80 70 80 75

( lnK ) 2.6737 3.4711 3.4224 4.7897 4.9784 4.2986 2.9449

Monitoring site 8 9 10 11 12 13 14

x(m) 90 100 120 115 125 130 135

y(m) 70 80 90 75 80 85 75

( lnK ) 4.2207 4.0149 2.8343 3.6368 3.0351 2.8443 3.2296

Monitoring site 15 16 17 18 19 20 21

x(m) 150 195 85 25 175 15 75

y(m) 80 15 25 30 90 100 115

( lnK ) 3.4704 2.9783 3.4634 3.6572 4.0655 3.8013 2.8514

Monitoring site 22 23 24 25 　 　 　

x(m) 30 140 75 180

y(m) 125 130 135 145

( lnK ) 3.7312 3.2315 3.8409 3.5413 　 　 　
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500, the number of iterations Niter=5, α=0.1. There 

are five unknown parameters, two of which are 

the location parameters of the contaminant source, 

and the other three are intensity parameters of the 

source. It should be noted that, in practice, mean 

value ( lnK), variance ( σlnK

2 ) and correlation length 

values of true hydraulic conductivity field are 

unknown. These parameters of variogram need to 

be calculated based on Table 2.

According to Fig. 3, the identified results of 

the contaminant source location is close to the true 

value. But the identified results of contaminant 

release intensity has a big deviation, especially 

the values in stress period 1 and stress period 3. 

The results indicate that in medium to high heter-

ogeneous aquifer, even if field variogram can be 

accurately estimated (variogram structures and 

parameters), the identification of contaminant 

source cannot be guaranteed through the source 

identiication under interpolated hydraulic conduc-
tivity ield (Fig. 2).  

(a) Hydraulic conductivity ield generated by Kriging interpolation 

 (b) Results of contaminant source identiication
Fig. 2 Source identiication results under interpolated hydraulic conductivity ield
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2.3.2 Simultaneous identification of hydraulic 

conductivity ield and contaminant source 

To compare the identified results with those 

obtained under the Kriging hydraulic conductivity 

ield, we have selected the same ILUES algorithm 
parameters: The number of ensembles Ne=500, the 

number of iterations Niter=5, α=0.1. In this case, 

92.3% of the conductivity ield total variance can 
be preserved by keeping the first 100 K-L terms 

(NKL=100). There are 105 unknown parameters 

under this scenario, namely, two parameters about 

the location of the contaminant source, three 

intensity parameters of the contaminant source, 

and 100 Gaussian random numbers to describe 

hydraulic conductivity ield.
According to Fig. 3, among the average values 

of contaminant source parameters, x value (the 

direction of water flow) has relatively high bias 

and the relative bias of other parameters (y value, 

intensity of pollutant release) is less than 3%. 

Moreover, judging from the coeicient of variation 
(all less than 2.5%), uncertainty in the ensemble is 

decreasing to a low level after only ive iterations 
of ILUES operation.

According to Fig. 3a, ILUES algorithm has 

accurately estimated the parameters of the conta-

minant source after three iteration steps. Fig. 3b is 

the estimated mean field and variance field after 

ive iteration steps. Compared the mean value ield 
with true field of ln K, the shape, high-K zones, 

and low-K zones identiied by ILUES have a good 
itting. The estimate variance ield of ln K relects 
the uniformity of the set (i.e. the uncertainty of the 

estimation). It can be seen that ln K has relatively 

low uncertainty in most locations.

(a) Results of contaminant source identiication

Table 3 The identiied results of pollution source parameters

Parameters x (m) y (m) SP1 (kg/d) SP2 (kg/d) SP3 (kg/d)

True values 12.50 72.50 100.00 80.00 60.00

Mean 14.15 72.58 98.72 79.30 58.23

Relative bias 13.20% 0.11% 1.28% 0.88% 2.95%

Standard deviation 0.31 0.016 0.078 0.064 0.054

Coeicient
2.19% 0.02% 0.08% 0.08% 0.09%

of variation
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 (b) Identiied results of hydraulic conductivity
Fig. 3 Simultaneous identiication results of hydraulic conductivity ield and contaminant source

3 Conclusions

(1) In medium to high heterogeneous aquifer, 

even if ield variogram can be accurately estimated 
(variogram structures and the corresponding 

parameters), the identification of contaminant 

source cannot be guaranteed through the source 

identification under interpolated hydraulic 

conductivity ield.
(2) Under the condition of heterogeneous 

site, dimension reduction method is needed for 

the simultaneous identification of hydraulic 

conductivity field and contaminant source. 

Karhunen-Loève expansion is adopted to reduce 

dimensions of hydraulic conductivity field (from 

1 271 dimensions to 100 dimensions). As a result, 

ILUES could accurately identify the contaminant 

source parameters within 5 iteration steps and 

correctly estimate the hydraulic conductivity ield. 
This indicates that ILUES algorithm is highly 

applicable and eicient to identify the contaminant 
source and hydrogeology parameter ield.

(3) In reality, hydrogeology problems not only 

include uncertainty of parameters but also involve 

the uncertainty of stratigraphic structure, such as 

inter-connected aquifers and priority water flow 

channels, etc. Future studies on the identification 

of groundwater contaminant source may be focus 

on the inluence from these features.
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