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Abstract: Groundwater contamination source (GCS) parameter identification can help with control-
ling groundwater contamination. It is proverbial that groundwater contamination concentration
observation errors have a significant impact on identification results, but few studies have ade-
quately quantified the specific impact of the errors in contamination concentration observations on
identification results. For this reason, this study developed a Bayesian-based integrated approach,
which integrated Markov chain Monte Carlo (MCMC), relative entropy (RE), Multi-Layer Perceptron
(MLP), and the surrogate model, to identify the unknown GCS parameters while quantifying the
specific impact of the observation errors on identification results. Firstly, different contamination
concentration observation error situations were set for subsequent research. Then, the Bayesian
inversion approach based on MCMC was used for GCS parameter identification for different error
situations. Finally, RE was applied to quantify the differences in the identification results of each GCS
parameter under different error situations. Meanwhile, MLP was utilized to build a surrogate model
to replace the original groundwater numerical simulation model in the GCS parameter identification
processes of these error situations, which was to reduce the computational time and load. The devel-
oped approach was applied to two hypothetical numerical case studies involving homogeneous and
heterogeneous cases. The results showed that RE could effectively quantify the differences caused by
contamination concentration observation errors, and the changing trends of the RE values for GCS
parameters were directly related to their sensitivity. The established MLP surrogate model could
significantly reduce the computational load and time for GCS parameter identification. Overall, this
study highlights that the developed approach represents a promising solution for GCS parameter
identification considering observation errors.

Keywords: groundwater contamination sources; Bayesian; relative entropy; multi-layer perceptron;
Markov chain Monte Carlo

1. Introduction

It is essential to obtain information on groundwater contamination sources (GCSs) to
assess contamination risks and develop contamination remediation [1,2]. However, due to
groundwater contamination occurring underground, it is often difficult to directly obtain
GCS parameters (including their number, location, and release history) [3,4]. Therefore, it
is necessary to conduct research on GCS parameter identification.

At present, simulation–optimization approaches and Bayesian inversion approaches
are the most widely used approaches for GCS parameters identification [5–7]. Compared to
simulation–optimization approaches, Bayesian inversion approaches can better describe the
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uncertainty of identification results [8,9]. However, for groundwater systems characterized
by high-dimensional nonlinearity, the posterior probability distributions of the unknown
parameters inferred by the Bayesian inversion approach usually take the form of multipli-
cation [10]. Therefore, it is necessary to apply sampling statistical approaches to sample
from the posterior probability distribution to obtain its statistical characteristics. Markov
chain Monte Carlo (MCMC) [11,12] can generate samples from the posterior probability
distribution of parameters and conduct statistical analysis efficiently [13,14]. MCMC has
been successfully used for GCS parameter identification many times [4,15–18].

In practice, the obtained contamination concentration observations inevitably contain
errors during GCS parameter identification. In fact, many researchers have realized the
impact of errors in contamination concentration observations on GCS parameter identifica-
tion results. For example, Skaggs and Kabala (1994) [19] used the Tikhonov Regularization
(TR) approach to identify the release history of GCSs and found that plume observation
errors could affect identification results. Woodbury and Ulrych (1996) [20] conducted
GCS parameter identification using minimum relative entropy, considering the impact of
observed data errors. Chen et al. (2018) [21] identified GCS information using a restart
ensemble Kalman filter and found that contamination concentration observation errors
had a significant impact on identification results. Furthermore, some studies have also
attempted to use some approaches, such as wavelet analysis, to reduce contamination con-
centration observation errors and improve GCS parameter identification accuracy [22,23].
However, few studies have quantified the specific impact of the errors in contamination
concentration observations on identification results. Fortunately, relative entropy (RE) can
effectively quantify the differences between different posterior probability distributions
that are inferred using the Bayesian inversion approach based on MCMC.

In addition, using the Bayesian inversion approach for parameter identification re-
quires running groundwater numerical simulation models thousands of times, which
results in a significant amount of computation time and load [17,18]. Establishing a
surrogate model for the original groundwater numerical model is an effective way to
solve this problem [15,24,25]. The commonly used approaches for constructing surrogate
models include polynomial regression [26], radial basis functions [27,28], artificial neural
networks [29,30], support vector machine regression (SVR) [31,32], extreme learning ma-
chines [33], Kriging [15,34], etc. Compared to these approaches, Multi-Layer Perceptron
(MLP) introduces one or more hidden layers on the basis of a single-layer neural net-
work [35,36], which can be more effectively applied to the regression for high-dimensional
nonlinear systems, such as the groundwater system [37]. Hence, MLP can be applied to
build a surrogate model for the high-precision replacement based on the input–output
datasets of the original groundwater numerical simulation model. After constructing a
surrogate model, directly calling the surrogate model in the Bayesian inversion approach
for GCS parameter identification can reduce calculation time and load.

To this end, this study developed a Bayesian-based integrated approach that com-
bined MCMC, RE, MLP, and surrogate modeling for GCS parameter identification and
quantifying the impact of groundwater contamination concentration observation errors
on it. The Bayesian inversion approach based on MCMC was used to identify unknown
GCS parameters. Meanwhile, RE was used to quantify differences caused by groundwa-
ter contamination concentration observation errors by setting different error situations.
Furthermore, a surrogate model was established using the MLP approach for the original
groundwater numerical simulation model to reduce the calculation time and load in GCS
parameter identification. The research framework of this study is presented in Figure 1.
The remainder of this paper is organized as follows. The methodology of this study is
presented in Section 2. Two hypothetical numerical case studies were introduced to develop
exploration in Section 3. In Section 4, the results and discussions were presented. Finally,
some conclusions were given in Section 5.
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Figure 1. The research framework of this study.

2. Methodology
2.1. Simulation Model

The numerical simulation model for groundwater includes a groundwater flow model
and a groundwater solute transport model, the latter of which needs to be constructed
based on the former. The partial differential equations of groundwater flow and solute
transport are derived based on the law of conservation of mass and Taylor’s formula,
among others. The partial differential equation describing the two-dimensional unsteady
flow of unconfined groundwater through saturated aquifers can be written as follows:

∂

∂xi

(
Ki

∂h
∂xi

)
+ P = µ

∂h
∂t

(1)

The two-dimensional groundwater solute transport model may be given as follows:

∂c
∂t

=
∂

∂xi

(
Dij

∂c
∂xj

)
− ∂

∂xi
(uic) + f (2)

Equation (2) can be related to Equation (1) using Darcy’s Law:

ui = −Ki
n

∂h
∂xi

(3)

where xi and xj are the distances along the respective Cartesian coordinate axes (L); Ki is a
principal component of the hydraulic conductivity tensor in the corresponding coordinate
direction (LT−1); h is the hydraulic head (L); P is the water inflow or outflow from the
aquifer per unit of area in the vertical direction per unit time (LT−1); µ is the specific yield;
t is the time (T); c is the concentration of contaminants dissolved in groundwater (ML−3);
n is the porosity of the porous medium; ui is the flow velocity (LT−1); f is the change in
solute mass in unit volume aquifer per unit time (ML−3T−1); Dij is the hydrodynamics
dispersion tensor (L2T−1), and Dij is described as follows:

Dxx =
(

αLu2
x + αTu2

y

)
/|u|

Dyy =
(

αLu2
y + αTu2

x

)
/|u|

Dxy = Dyx = (αL − αT)uxuy/|u|

(4)

where ux and uy are the components of pore water velocity; |u| is its magnitude; and αL
and αT denote longitudinal and transverse dispersivities, respectively.
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In this study, the groundwater flow and solute transport equations were, respectively,
solved by the MODFLOW program [38] and the MT3DMS program [39].

2.2. Parameter Identification

In this study, a group of disturbed contamination concentration observations
∼
γ were

generated by adding stochastic disturbances based on Gaussian distribution to account for
the errors in groundwater contamination concentration observations:

∼
γ = γsim + ε, ε ∼ N(0, τγsim) (5)

where γsim indicates the raw groundwater contamination concentration observations,
which could be obtained by putting the set true values of the unknown GCS parameters
into the groundwater numerical simulation model, and τ is the small tuning parameter
that represents the strength of disturbances for observations. According to different values
of τ, we set six error situations, as shown in Table 1.

Table 1. The six situations for different observation errors.

Situations τ

S1 0
S2 0.04
S3 0.08
S4 0.12
S5 0.16
S6 0.20

2.2.1. Bayesian Inversion

In this study, we used the Bayesian inversion approach to identify unknown GCS
parameters in different error situations. The Bayesian inversion approach is a probabilistic
inversion approach, and its mathematical foundation is the Bayesian formula. Its expression
is described [40] as follows:

p(θ|γ) = p(θ)p(γ|θ)
p(γ)

(6)

where θ represents the unknown GCSs parameters; γ represents contamination concen-
tration observations; p(θ) is the prior information of the unknown GCS parameter; p(γ|θ)
is the likelihood; p(γ) is usually regarded as a normalization constant; and p(θ|γ) is the
posteriori probability distribution, i.e., the unknown GCSs parameter identification results.

It is often difficult to directly obtain the analytical form for p(θ|γ) for the groundwater
numerical simulation model. We used MCMC to draw samples from p(θ|γ) and conduct
statistical analysis in this study.

2.2.2. Markov Chain Monte Carlo

The Markov chain Monte Carlo (MCMC) can construct a suitable Markov chain
during the sampling process, which can reach a stationary distribution, i.e., the posterior
probability distribution p(θ|γ). Then, the samples are extracted from p(θ|γ) using a
sampling approach [41]. Additionally, the samples are used for obtaining the statistical
characteristics of p(θ|γ). In this study, we utilized the Differential Evolution Adaptive
Metropolis (DREAM), which is the multi-chain MCMC sampling algorithm, to generate
samples and conduct statistics. Detailed information on the DREAM approach is described
in Vrugt et al. (2009) [42].
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To ensure the stable convergence of the Markov chain during the GCS parameter iden-
tification process, the Gelman–Rubin approach [43] was used for convergence diagnosis,
and the convergence diagnosis indicators could be expressed as follows:

R =

√
g − 1

g
+

q + 1
q

·B
ρ

(7)

where R is the diagnostic index; g denotes the Markov chain length; q denotes the number
of Markov chains; B denotes the variance of the average value for q Markov chains; ρ
denotes the average value of the intra-chain variance of q Markov chains. Usually, when
the value is less than 1.2, it can be considered that the Markov chain reaches a stable
convergence state; that is, the sampling process of the algorithm converges.

2.3. Relative Entropy

Relative entropy (RE), also known as Kullback–Leibler divergence or information
divergence, can be used to measure the difference between two probability distributions
effectively [9]. RE is an important concept in information theory. In this study, the larger
the relative entropy, the greater the difference in the posterior probability distribution of
GCS parameters due to observation errors, which means that the information between
them is more different.

To quantify the impact of contamination concentration observation errors on the
posterior probability distributions of unknown GCS parameters, we used RE to quantify
the differences between the posterior probability distributions obtained under the six
simulations (as shown in Table 1), wherein S1 was the control situation. The calculation
equation of RE is as follows [44]:

uj(θ) =
∫

p
(
θ
∣∣γSj

)
ln

[
p
(
θ
∣∣γSj

)
p(θ|γS1)

]
dθ (8)

where uj(θ) is the value of RE between the posterior probability distribution of unknown
GCS parameters in S1 and the posterior probability distributions of unknown GCS pa-
rameters in the jth situation; p(θ|γS1) denotes the posterior probability distributions of
unknown GCS parameters for S1; p

(
θ
∣∣γSj

)
denotes the posterior probability distributions

of unknown GCS parameters for the jth situation, j = 2, 3, 4, 5, 6.

2.4. Multi-Layer Perceptron

Multi-Layer Perceptron (MLP) is a deep learning approach based on feedforward
neural networks [36]. It is essentially a supervised learning algorithm that can learn a
function F(·) by training on a dataset. MLP can learn a nonlinear function approximator
for regression by giving a set of features Θ = [θ1, θ2, · · · , θk] and a target y, where k is the
number of input dimensions. Different from logistic regression, MLP has one or more
nonlinear hidden layers between the input and output layers, as shown in Figure 2.

The regression function of MLP can be expressed as follows [45]:

y = f · · · f︸ ︷︷ ︸
m

(ωΘ + b) (9)

where Θ is the input; y is the output; ω denotes the weight; b denotes the bias; m is the
hidden layers number; and f is the activation function, which usually chooses nonlinear
functions such as Sigmoid, Tanh, and ReLU. Their expressions are given as follows:

Sigmoid(x) =
1

1 + exp(−x)
(10)
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Tanh(x) =
1 − exp(−2x)
1 + exp(−2x)

(11)

ReLU(x) = max(x, 0) (12)

In this study, ReLU was adopted as the activation function. The MLP surrogate model
structure included four hidden layers, each with 10 neurons. Additionally, the solving
algorithm used was ‘lbfgs’, while the maximum number of iterations was set to 1000.

Figure 2. MLP approach structure diagram [37].

3. Numerical Applications

This study applied the above methodology to two hypothetical case studies, including
a homogeneous case and a heterogeneous case. One of the advantages of using the hypo-
thetical case study is that the calculated results can be compared with the theoretical results
directly, so the research results can be clearly and accurately presented [46]. Moreover, the
calculation programs were all written in Python 3.12.1 in this study.

3.1. Case Studies
3.1.1. Case 1

The groundwater flow field range of Case 1 was 350L×220L. This was a two-dimensional
groundwater flow field, with both upper and lower boundaries being impermeable and
both left and right boundaries being linearly varying water heads, as shown in Figure 3. In
the flow field, there were a total of five observation wells, and all of them obtained ground-
water contamination concentration observations at t = 820T, 850T, 890T, 940T, 1000T. In
this case study, it was assumed that the location (x and y), intensity (S), and initial release
time (ton) of the GCSs were unknown to be required identification, and they all followed the
uniform distribution. Additionally, their prior ranges and set true values are presented in
Table 2. Meanwhile, other parameters, such as the hydraulic conductivity (K), end release
time (to f f ), porosity (n), and dispersivities (αL and αT), were considered known, which are
given in Table 3. Furthermore, we assumed that there was only one contamination source.

Table 2. The prior ranges and true values of unknown GCS parameters for Case 1.

Parameter True Value Prior Range Unit

x 55.00 [40, 90] L
y 75.00 [50, 100] L

ton 196.00 [160, 240] T
d

S 38,500.00 [22,000, 47,000] M/T
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Table 3. Parameter values of simulation model for Case 1.

Parameter Value Unit

Hydraulic conductivity, K 15.00 L/T
Porosity, n 0.30 /

Longitudinal dispersivity, αL 15.00 L

Transverse dispersivity, αT 3.00 L
d

End release time, to f f 800.00 T

Figure 3. Groundwater flow field diagram of Case 1 showing the boundary conditions, contamination
source areas, and observation wells.

3.1.2. Case 2

The boundary of the flow field in Case 2 was irregular, as shown in Figure 4. The
unknown GCS parameters of Case 2 were still the location (x and y), intensity (S), and
initial release time (ton), but their true values and prior distribution ranges were different
from Case 1, as shown in Table 4. The end release time (to f f ), porosity (n), number of
contaminants, and the dispersivities’ (αL and αT) and time to obtain groundwater contami-
nation concentration observations were the same as in Case 1, while the conductivity field
was divided into three hydraulic conductivity zones with a hydraulic conductivity K of 15,
12, and 10 (L/T).

Table 4. The prior ranges and true values of unknown GCS parameters for Case 2.

Parameter True Value Prior Range Unit

x 75.00 [50, 100] L
y 125.00 [90, 140] L

ton 205.00 [160, 240] T
S 37,500.00 [22,000, 47,000] M/T



Water 2024, 16, 1618 8 of 15

Figure 4. Groundwater flow field diagram of Case 2 showing the boundary conditions, contamination
source area, and observation wells.

3.2. Surrogate Modeling

To reduce the computational time and load of GCS parameter identification, a surro-
gate model was established for the original groundwater numerical simulation model using
the MLP approach. Meanwhile, to present the superiority of the MLP approach in surrogate
modeling, support vector machine regression (SVR) and Kriging were also used to establish
surrogate models, and their approximation accuracy to the original groundwater numerical
simulation model was compared with the MLP surrogate model.

Firstly, 500 sets of training samples and 200 sets of test samples were extracted from
the prior distribution of unknown GCS parameters presented in Section 3.1. Next, the
training and test samples were put into the original groundwater numerical simulation
model to obtain 500 sets of output results and 200 sets of output results, respectively;
thus, we obtained 500 sets of input–output datasets and 200 sets of input–output datasets.
Then, the MLP surrogate model, Kriging surrogate model, and SVR surrogate model were
established for the original groundwater numerical simulation model based on 500 sets of
input–output datasets. Finally, the relative error was used to evaluate the accuracy of the
three surrogate models to conduct a comparative analysis. More specifically, 200 sets of test
samples were separately put into MLP surrogate models, the Kriging surrogate model, and
the SVR surrogate model to obtain the corresponding model outputs and compare these
outputs with the outputs of the original groundwater numerical simulation model. The
expression of relative error can be given as follows:

Relative error =
∣∣∣∣original model output − surrogate model output

original model output

∣∣∣∣× 100% (13)

3.3. Computation Time Analysis

To improve the efficiency of GCS parameter identification was one of the main objec-
tives of this study. Therefore, we compared the execution time of the original groundwater
numerical simulation model with that of the MLP surrogate model to evaluate whether
efficiency was improved. In addition, the advantages of the MLP surrogate model could
be verified in both homogeneous and heterogeneous situations by simultaneously setting
Cases 1 and 2.
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4. Results and Discussions
4.1. Analysis of the Surrogate Model

To demonstrate the advantages of the MLP surrogate model, we compared its accuracy
with that of the Kriging surrogate model and SVR surrogate model, as shown in Figure 5.
These were the relative errors between the groundwater contamination concentration
outputs of the original groundwater numerical simulation model and that of the surrogate
models. Additionally, these outputs were obtained for 200 sets of test samples at the time
step t = 820T, 850T, 890T, 940T, 1000T. Figure 5 shows that the relative error values
between the concentration outputs of the MLP surrogate model and those of the original
groundwater numerical simulation model were very small in both case studies, indicating
that the MLP surrogate model could accurately approximate the original groundwater
numerical simulation model. Clearly, the accuracy of the MLP surrogate model was
superior to that of the Kriging surrogate model and the SVR surrogate model for both Case
1 and Case 2. This indicates that the MLP surrogate model could maintain its superiority in
both homogeneous and heterogeneous media, which is to say, MLP was the best approach
for establishing the surrogate model among these three approaches. This is mainly because
MLP is a deep learning approach that includes hidden layers, which are more suitable for
high-dimensional systems, such as groundwater models. Therefore, the MLP surrogate
model could be directly used for GCS parameter identification, which not only improved
overall computational efficiency but also maintained high accuracy. Moreover, the accuracy
of the surrogate models in Case 1 was better than that in Case 2, which may be because
Case 2 was heterogeneous and irregular.

Figure 5. Accuracy of SVR surrogate model, Kriging surrogate model, and MLP surrogate model for
Case 1 (a) and Case 2 (b).

4.2. Analysis of the Parameter Identification Results

The DREAM algorithm was set with an acceptance rate of 0.7, iterations of 50,000, and
a crossover rate of 0.3. In the stable convergence stage, we would use the last 20,000 sets of
samples to estimate the statistical characteristics of the posterior probability distribution for
the unknown GCS parameters in this study. The posterior probability distributions obtained
under different concentration observation error sizes are shown in Figures 6 and 7. It could
be seen that as the concentration observation errors increased, overall, the maximum a
posteriori probability (MAP) was further away from the set parameter true values. This
indicates that the concentration of observation errors had a significant impact on the
identification results. However, there were also abnormal situations; for example, in Case 1,
the identification accuracy of ton in S4 was lower than that in S5. This should be related
to the randomness of the Bayesian inversion approach itself and also influenced by the
differences between the original numerical simulation model and the MLP surrogate model.
Moreover, observation errors had varying degrees of impact on the identification results of
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different GCS parameters. For example, observation errors had a more significant impact on
the identification results of y than that on the identification results of other GCS parameters.
This may be related to the sensitivity of the GCS parameters.

Figure 6. Posterior probability distributions for x, (a), y (b), ton (c), and S (d) under different
observation error situations in Case 1.

Figure 7. Posterior probability distributions for x, (a), y (b), ton (c), and S (d) under different
observation error situations in Case 2.
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Furthermore, the established MLP surrogate model could reduce the computational
time in the GCS parameter identification process effectively. The CPU time required for
the original groundwater numerical simulation model to complete 1000 simulations is
about 32 min, while the MLP surrogate model can complete 50,000 simulations in only
about 195 min (on a PC with AMD R5-3600X 3.80 GHz processor and 16 GB RAM, Xi’an,
China). The established MLP surrogate model has a short computation time and high
approximation accuracy for the complex simulation model, which promotes its application
in solving GCS parameter identification problems.

4.3. Analysis of the Relative Entropy

RE was used to quantify the differences caused by errors in groundwater contam-
ination concentration observations in this study. The RE values calculated based on
Equation (8) are shown in Figure 8. Figure 8a,b, respectively, present the RE values of
Case 1 and Case 2. As can be seen from Figure 8, even when the errors in groundwa-
ter contamination concentration observations were small, a clear RE value could still be
calculated; that is, small errors could still have a significant impact on posterior proba-
bility distributions (i.e., the GCS parameter identification results). As the error increased,
the impact on the identification results became more pronounced, which indicated that
the influence of groundwater contamination concentration observation errors cannot be
ignored in GCS parameter identification. Meanwhile, the degree of influence gradually
slowed down as the error increased. It may be related to the calculation approach of RE.
However, there were abnormal situations in this pattern, such as in Case 2, where the RE
value of ton in S4 was slightly lower than in S5. This was because the error between the
constructed MLP surrogate model and the original model may have had an impact on the
GCS parameter identification results. It should be noted that although the constructed
surrogate model often has high accuracy and can approximate the original groundwater
numerical simulation model well, surrogate models belong to the black box model and
have limitations. Generally, surrogate models are often used for processes that require
multiple calls to the complex simulation model, such as the iterative solving of optimization
models and uncertainty analysis.

Figure 8. Relative entropy values of different observation error situations for Case 1 (a) and Case
2 (b).

Furthermore, the RE values of y were greater than those of other parameters and
had a more pronounced trend of change. This may be related to the sensitivity of the
parameters. To verify this issue, we used the LH-OAT (Latin-Hypercube One-factor-At-a-
time) approach [47] to conduct a sensitivity analysis on the GCS parameters. It combines the
uniformity of LH sampling with the accuracy of the OAT algorithm, ensuring the reliability
and stability of each parameter’s analysis result. LH-OAT first divides the parameter space
with m parameters into n layers based on the principle of LH sampling. Then, it randomly
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samples from each layer for each parameter to generate a sampling parameter group. Then,
based on the OAT approach, only minor perturbations are applied to one parameter at
a time while keeping the other parameters unchanged, and the model needs to be run
(n + 1) times to analyze the sensitivity of the parameter. The above disturbance analysis
process is repeated to complete the analysis for all parameters, so a total of m(n + 1) runs
are required. The calculation equation of LH-OAT is as follows:

Si,k = 200 ×
F(x1,k, · · · , xi,k(1 + δi), · · · xm,k)− F(x1,k, · · · , xi,k, · · · xm,k)

F(x1,k, · · · , xi,k(1 + δi), · · · xm,k) + F(x1,k, · · · , xi,k, · · · xm,k)
× 1

δi
(14)

where F(i) is the model operator; xi,k is the sampling value of the ith parameter in the kth
layer; δi is the degree of disturbance of parameter xi; and Si,k is the relative sensitivity of
parameter xi in the kth layer.

The global sensitivity Si of parameters can be calculated by Si,k:

Si =
1
n

n

∑
i=1

∣∣Si,k
∣∣ (15)

In this study, the LH sampling frequency was set to 1000 while the OAT algorithm
disturbance was set to 5%. Additionally, the sensitivity calculation was based on the MLP
surrogate model. The sensitivity calculation results are shown in Figure 9. As shown in
Figure 9, the sensitivity of y was greater than that of other parameters. Therefore, the trend
of the RE value of change in the GCS parameter was directly related to its sensitivity.

Figure 9. Sensitivity of the GCS parameters for the two cases.

5. Conclusions

This study developed a Bayesian-based integrated approach that combined Markov
chain Monte Carlo (MCMC), relative entropy (RE), Multi-Layer Perceptron (MLP), and
surrogate modeling to identify unknown groundwater contamination source (GCS) param-
eters and quantify the impact of groundwater contamination concentration observation
errors. The Bayesian inversion approach based on MCMC was applied to identify unknown
GCS parameters and generate their posterior probability distributions. Then, RE was used
to quantify the posterior probability distribution differences caused by groundwater con-
tamination concentration observation errors. Meanwhile, a surrogate model for the original
groundwater numerical simulation model was established using the MLP approach to im-
prove the calculation time and load in GCS parameter identification. Through case studies
of homogeneous and heterogeneous media, the following findings can be summarized: RE
can effectively quantify the differences between posterior probability distributions, and
the changing trends of the RE values for GCS parameters were directly related to their
sensitivity. The MLP surrogate model could reduce the computational load and time for
GCS parameters identification significantly, which represented an improvement in the
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efficiency of the identification process. However, the research conclusion may be affected
by fitting errors between surrogate models and simulation models. The specific impact
of fitting errors on GCS parameter identification results will be further investigated in
future research. In addition, this study found that the sensitivity of GCS parameters had
a significant impact on its identification results. How to further improve identification
accuracy based on this discovery will also be the focus of our future research.
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