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Abstract:  17 

Groundwater DNAPL contamination source-sink analysis (GDCSA) has seldom been 18 

included in previous research on groundwater DNAPL contamination. In this study, a 19 

complete GDCSA research system was first established to include groundwater 20 

DNAPL contamination source identification (GDCSI), groundwater DNAPL 21 
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contamination source-sink response relationship (GDCSRR), and spatial and 22 

temporal distribution and quantity (sink) of contamination. The object of most 23 

previous GDCSI studies has been a simple hypothetical example in which the 24 

contamination source was always generalized as a point. For a complex 25 

contamination source that cannot be generalized as a point, identifying its shape 26 

depicts the source in actual practical terms and ensures the accuracy of GDCSI. 27 

In this case study of a practical dye chemical factory in Hebei Province, China, 28 

firstly shape of DNAPL contamination source was identified. Then, GDCSRR was 29 

determined based on GDCSI result. Finally, sink of contamination based on 30 

GDCSRR was determined. Compared with a single study of GDCSI, this complete 31 

GDCSA research system provides a reference for identifying the polluter and also 32 

provides a more precise basis for contamination remediation scheme design and 33 

contamination risk assessment in practical cases. 34 

In this paper, we applied parallel heuristic search iterative process (PHSIP) based 35 

on simulation-random statistics method to solve GDCSI. However, the repetitive 36 

invocation of numerical simulation model has high computational cost during PHSIP. 37 

An effective method is to construct surrogate to emulate the simulation model at low 38 

computational cost. However, there is a complex nonlinear mapping relationship 39 

between input and output for multiphase flow simulation model with large number of 40 

variables and high dimension. The accuracy of a surrogate using shallow learning 41 

methods needs to be improved. Therefore, we have introduced deep-belief neural 42 
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network (DBNN) surrogate to emulate the simulation model. 43 

A combination of hypothetical and practical cases was adopted in this study. Test 44 

of the proposed approaches for the hypothetical case revealed that the DBNN 45 

surrogate approximated the multiphase flow simulation model more closely than 46 

shallow learning surrogates, and that the PHSIP obtained accurate identification 47 

results. These tested approaches and the GDCSA research system were finally 48 

applied to the practical case. 49 

Keywords: 50 

Groundwater DNAPL contamination source-sink analysis; Identification of shape of 51 

contamination source; Deep-belief neural network surrogate; Simulation-random 52 

statistics method; Sink of DNAPL contamination. 53 

1. Introduction 54 

The discharge and accidental leakage of dense nonaqueous phase liquid (DNAPL) 55 

have caused serious global environmental and health hazards (Mdlovu et al., 2019; 56 

Wu et al., 2019; Luo et al., 2020). DNAPL has low water solubility, high density, 57 

high toxicity and high interfacial tension, and is difficult to remediate (Hou and Lu, 58 

2018; Hou et al., 2019; Luo et al., 2019). In addition, groundwater DNAPL 59 

contamination restoration plans often face problems of low removal rate and a long, 60 

costly restoration process, with poor remediation effect. Thus, formulating a 61 

reasonable and efficient DNAPL contamination restoration plan is essential (Dokou 62 

and Pinder, 2009, 2011; Luo et al., 2013; Hou et al., 2015; Jha and Datta, 2014; 63 
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Tiyasha et al. 2020). Accurate GDCSI is the precondition for formulating a 64 

reasonable and efficient remediation plan. 65 

The object of most previous GDCSI research has comprised simple hypothetical 66 

examples, and the contamination source has always been of a simple design and 67 

generalized as a point (Mo et al., 2019; Xing et al. 2019; Armanuos et al., 2020; Han 68 

et al., 2020). In addition, previous GDCSI was not comprehensive enough, and 69 

identification of shape of contamination source was rarely considered. For a complex 70 

contamination source that cannot be generalized as a point, identifying its shape 71 

depicts the source in actual practical terms and ensures the accuracy of GDCSI. 72 

Therefore, in this study a dye chemical factory in Hebei Province was the case study 73 

area, and the shape of the contamination source was first identified. Based on field 74 

investigation, data analysis and qualitative analysis, our preliminary assessment was 75 

that the DNAPL contamination source was linear. Then we simultaneously identified 76 

the shape, spatial location and release history of the contamination source.  77 

At present, the simulation-random statistical method based on Bayesian statistics is 78 

an effective approach to solving GDCSI (Zanini and Woodbury, 2016; Zanini, Doria 79 

et al., 2017; Zanini, Tanda et al., 2020). In our previous study, we designed a parallel 80 

heuristic search iterative process (PHSIP) based on simulation-random statistical 81 

method for GDCSI, in which each iteration involved determination of candidate 82 

points and state transitions (Wang and Lu, 2020a; Wang et al., 2021). PHSIP started 83 

from the original state (preliminary estimates) of unknown variables, and gradually 84 
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reached the goal state (true values) of the unknown variables. PHSIP also enables 85 

point estimation, interval estimation and probability distribution for unknown 86 

variables, which presents an in-depth understanding of unknown variables in a 87 

practical GDCSI case; here, we applied PHSIP to solve GDCSI. 88 

However, the large number of iterations required in a multiphase-flow numerical 89 

model raises computational costs in PHSIP. Employing a surrogate of the simulation 90 

model significantly reduces the computational cost (Ayvaz, 2010; Datta et al., 2011; 91 

Zeng et al., 2018; Guo et al., 2019; Zhang et al., 2020; Zhao et al., 2020). At present, 92 

Kriging and extreme learning machine (ELM) etc. are all shallow learning methods in 93 

machine learning (Sreekanth and Datta, 2011; Asher et al., 2015; Mirarabi et al. 2019; 94 

Han et al., 2020; Li et al., 2020). However, there is a complex nonlinear mapping 95 

relationship between input and output for a multiphase flow numerical simulation 96 

model with a large number of variables and high dimension. Existing shallow neural 97 

networks are not suitable for complex nonlinear mapping relationships, and thus the 98 

accuracy of surrogates using shallow neural networks is not adequate for multiphase 99 

flow numerical simulation models (Matott and Rabideau, 2008; Shen, 2018).  100 

Recent rapid development of deep learning and big data has provided deep neural 101 

networks with considerable potential for fitting complex nonlinear mapping 102 

relationship (Popa, 2018; Jin et al., 2019; Zhou et al., 2020). Therefore, we 103 

introduced the deep-belief neural network (DBNN) method to build a surrogate for 104 

the multiphase flow simulation model. DBNN uses stacked restricted limited 105 
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Boltzmann machine to carry out unsupervised learning layer by layer to improve the 106 

feature extraction ability from training samples. It also increases the network depth 107 

by increasing the number of layers in the stack in order to improve its ability to 108 

simulate nonlinear complex mapping relationships. 109 

Groundwater DNAPL contamination source-sink analysis (GDCSA) has seldom 110 

been reported in previous research on groundwater DNAPL contamination. However, 111 

GDCSA is a very constructive method for remediation scheme design. For example, 112 

in the practical case in this study, DNAPL contamination eventually flows into the 113 

Southern Drainage River, which is harmful to the ecological environment and the 114 

health of nearby residents. It is a matter of urgency in this region to formulate a 115 

workable remediation scheme for DNAPL contamination. In this paper, we first 116 

established a complete GDCSA research system in three parts: GDCSI; groundwater 117 

DNAPL contamination source-sink response relationship (GDCSRR); and spatial and 118 

temporal distribution and quantity (sink) of the contamination. The result of GDCSI 119 

was the basis of GDCSRR determination. When the identified contamination source 120 

information is input into the multiphase flow simulation model, the simulation model 121 

reflecting GDCSRR is updated, and the sink of contamination is calculated. This 122 

establishes the complete GDCSA research system. A flow diagram illustrating the 123 

above procedure is shown in Fig.1. 124 

Compared with a single study of GDCSI, the complete GDCSA research system 125 

determines the final direction of contamination flow and predicts the spatial and 126 
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temporal distribution and quantity of contamination by running the multi-phase flow 127 

numerical simulation model, which has important practical significance. It provides a 128 

reference for identifying polluters and it is also a more precise basis for 129 

contamination remediation scheme design and contamination risk assessment in 130 

practical cases. 131 

 132 

Fig. 1. Flow diagram illustrating the study process 133 
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2. Methodology 134 

2.1 Multiphase flow numerical simulation model 135 

The model is introduced in which the mass conservation equation for each multi-136 

phase flow component is given by (Jiang et al., 2015; Ouyang et al., 2017): 137 

   2

1

k kl l l kl kl k

k

l

k
C v S K C

C

t
R

 
 







      


rr r rr
%

           

(1) 138 

where k is the component index (k = 1, 2 represent water and oil, respectively); l is 139 

the phase index that includes water and oil;   is the porosity; 
kC%  is the overall 140 

concentration of component k (volume fraction); k  is the density of the component 141 

k 
 (kg×m- 3); Ckl is the concentration of the component k in phase l (volume fraction); 142 

lv
r

 is the Darcy velocity of phase l 
 (m×s- 1); Sl is the saturation of phase l; klK

rr

 
is the 143 

dispersion tensor 
 (m

2 ×s-1) ; and Rk is the total source/sink term of component k144 

 (kg×m-3 ×s-1). 145 

The initial and boundary conditions together with Eq. (1) comprise the multi-phase 146 

flow numerical simulation model of groundwater contaminated by DNAPL. This was 147 

resolved using UTCHEM (University of Texas Chemical Compositional Simulator) 148 

software.  149 

2.2 Kriging (KRG) method 150 

The KRG method involves the summation of two parts: the linear model and a 151 

systematic departure (Queipo et al., 2005; Zhao et al., 2015): 152 

( ) ( ) ( )T
y G x f x β x                      (2) 153 

where x  is the input vector and ( )y x  is the calculated output value of KRG; 154 
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1 2( ) [ ( ), ( ), , ( )]T

pf f ff x x x xL
 
is a known basis function; 1 2[ , , , ]T

p  β L  is the 155 

regression parameter corresponding to the basis function, which is obtained from the 156 

training samples; ( )G x  is the local deviation term; and 2  is the covariance of ( )G x , 157 

given by 158 

2[ , ]Cov G G R (u) (v) (u, v)

                    

(3) 159 

Where R(u, v)  is the correlation function between u and v , calculated from 160 

2

1
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n
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i
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(4) 161 

where 
i  

is the undetermined parameter to be optimized, and 
iu  and iv  are the ith 162 

element of u and v , respectively. 163 

Next, for a given input vector [ ]T

1 2 mP = p ,p , ,pL and output response164 

[ ]T

1 2 mQ = q ,q , ,qL , the predicting output response of any input vector x  is 165 

1ˆ ˆˆ( ) ( ) ( ) ( )T T
y

  x f x β r x R Q Fβ                   (5) 166 

The expressions for r  and β̂  are  167 

( ) [ ( , ), ( , ), , ( , )]

ˆ

TR R R 1 2 m

T -1 -1 T -1

r x x p x p x p

β = (F R F) F R Y

L
  

            

(6) 168 

where ( )r x  is the correlation vector between x  and p . The response column vector 169 

F  is defined as  170 

[ ( ), ( ) , ( )]T T T T 1 2 mF f p f p f pL                   (7) 171 

2.3 Support vector regression (SVR) method  172 

SVR is a transformation form of support vector machine for addressing regression 173 

tasks. It has been widely utilized to construct surrogates for a groundwater 174 
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contamination simulation model because of its high data prediction accuracy (Zhang 175 

et al., 2014). 176 

If the given training input is [ , ]T 1 2 mX x ,x , xL , each element is 
,1 ,2 ,[ , , , ]T

i i i Nx x xix L , 177 

and the output is 
1 2[ , , , ] ,  1,2, ,T

m
y y y i m Y L L , then the nonlinear regression 178 

function is described by 179 

( )f b  x w, (x)
                         

(8) 180 

where 1 2( , , , )nw w ww L  are fitting coefficients; b is the fitting error; w, (x)  is the 181 

dot product of w  and (x) ; (x)  is a nonlinear mapping function that maps the 182 

input vectors from the input space into high-dimensional space. The problem may be 183 

expressed as the following optimization problem (Hu et al., 2014): 184 
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(9) 185 

where 
2

w  is the norm of w ; the constant C is a penalty factor; 
i  and *

i
  are 186 

relaxation coefficients; and   is the acceptable bias. SVR generally uses the 187 

Gaussian function to project the samples from low- to high-dimensional space, 188 

consequently nonlinear problems can be transformed into a linear problem. 189 

2.4 DBNN method 190 

A deep neural network (DNN) derives from artificial neural networks 191 

(Schmidhuber, 2015). By increasing the depth of the model structure (i.e., building a 192 
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multi-layer neural network structure with multiple hidden layers), DNNs accurately 193 

extracts signal features layer by layer and improves the predictive ability. Compared 194 

with shallow learning, deep learning has a deeper model structure and stronger 195 

feature learning ability (Allred and Roy, 2017; Wang et al., 2018). 196 

The DBNN, first proposed by Hinton and Salakhutdinov (2006), is widely applied 197 

in text classification, remote sensing recognition and other fields. The DBNN consists 198 

of a stack of several restricted Boltzmann machines (RBMs) and a top-level 199 

algorithm (Hinton et al., 2014). The characteristics of input data are extracted by 200 

stacking RBMs, and the output values are calculated using a top-level algorithm. The 201 

top-level algorithm is generally formulated according to the research purpose. The 202 

top-level algorithm used in this study was a BP neural network. 203 

 204 

Fig. 2. Structure diagram of the DBNN 205 

The DBNN includes unsupervised and supervised learning, and the structure 206 

diagram is shown in Fig. 2. Unsupervised learning is used to train the RBM layer by 207 

layer from bottom to top, so that the feature vector retains the original information 208 

data as much as possible in the process of mapping calculation, and eliminates the 209 

need for a large number of training samples. Then, top-down supervised learning is 210 
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carried out to reverse-fine-tune the parameters of the whole network until the 211 

maximum number of iterations or the error reaches the set threshold. 212 

 213 

Fig. 3. Structure diagram of DBNN 214 

 215 

Fig. 4. Schematic diagram of the RBM structure 216 

2.4.1 Unsupervised learning  217 

The RBM is an energy-based model, and its joint probability distribution is 218 

calculated from an energy function. The joint probability distribution and edge 219 

distribution give the conditional probability distribution of visible layers and hidden 220 

layers. The conditional probability distribution gives the activation probability of the 221 

hidden layer neurons when the state of the visible layer neurons is known: 222 
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Similarly, when the state of the hidden layer neurons is known, the probability of 224 

activating the visible layer neurons is calculated from 225 

   2

2

1
exp

22

j ij jj

i

ii

x b w h
P v x h

 

      
 
 


 .          (11) 226 

Eq. (10) maps the input data for the visible layer to the hidden layer, then the 227 

reconstruction value is obtained by recalculating the probability of the visible layer 228 

using Eq. (11). The network parameters are adjusted until the error between the input 229 

data and the reconstructed value is minimal. After that, the output data of the hidden 230 

layer is used to represent the input data of the visible layer. 231 

2.4.2 Supervised learning 232 

For input data X = x
1
,x

2
,x

3
,¼ ,x

n
( ) , the output of the first hidden layer Tj is given 233 

by 234 









 

i

jiijj bxwsigmoidT                 (12) 235 

where ix  is the ith component;
 ijw

 
is the weight between the input layer and the 236 

hidden layer; 
jb
 
is the bias of the first hidden layer; and the output of the next hidden 237 

layer 
'

jT  is expressed as 238 









 

i

jiijj bTwsigmoidT
'

                             (13) 239 

When the output of the previous hidden layer is input into the output layer, the 240 

result of the BP neural network output layer, Oj is calculated from 241 









 

i

jiijj bTwsigmoidO
'

                                 (14) 242 
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The error between the output layer and the output data for the training sample is 243 

given by 244 

 
k

jkkjjj wErrOOErr 1                             (15) 245 

Then, the parameters (w, b) of the hidden layer are updated as follows: 246 

  jjOErrw                                             (16) 247 

jErrb                                               (17) 248 

Where   is the learning rate. 249 

2.5 PHSIP 250 

In this study, we performed the PHSIP based on simulation-random statistics 251 

method proposed in our previous studies for GDCSI. The number of group 252 

individuals in a differential evolution (DE) algorithm is the number of parallel search 253 

chains and, in each iteration, candidate points and state transitions were determined. 254 

The starting point of the first iteration was determined by a preliminary estimation of 255 

unknown variables from field investigation, data analysis and specialized experience. 256 

The starting points of subsequent iterations were determined by the judgment 257 

criterion set for state transition. The adaptive DE algorithm based on Rand-to-258 

best/1/bin strategy was used to determine candidate points in each iteration, and the 259 

calculated result of the Metropolis formula was considered as a criterion for state 260 

transition. If the state transition criterion was satisfied, the candidate point was taken 261 

as the starting point for the next iteration. If not, the starting point of the current 262 

iteration was again taken as the starting point for the next iteration. The PHSIP 263 
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proceeds in the following way. The iteration stops when the termination condition is 264 

satisfied and the unknown variables are identified (Wang et al., 2020b; Wang et al., 265 

2021). Detailed implementation of the PHSIP was presented in our previous study 266 

(Lu et al., 2020). 267 

3. Methodology testing on hypothetical case 268 

3.1 Hypothetical case design 269 

In this study, the hypothetical case (whose design was based on the practical case) 270 

was combined with practical case. The hypothetical case was designed to duplicate 271 

possible conditions in practical problems (e.g., aquifer geometry, groundwater flow, 272 

hydrogeological parameters, initial and boundary conditions, and contamination-273 

related characteristics). Except for the unknown DNAPL contamination source 274 

information, the design of the hypothetical case in the present study was completely 275 

consistent with the practical case. The hypothetical case was used to verify the 276 

effectiveness of the proposed methods and then the tested methods were applied to 277 

the practical case. 278 

3.2 Hypothetical case overview 279 

A dye chemical factory in Hebei Province was selected for the case study. Field 280 

investigation and groundwater sample testing indicated that the groundwater in the 281 

phreatic aquifer was contaminated by nitrobenzene. After gaining an understanding of 282 

the geology, hydrogeology and possible distribution of the contamination source in 283 

the study area, 12 dynamic observation wells (W1-W12) were established in the 284 
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study area to determine groundwater level and DANPL contamination, and six sets 285 

of simultaneous monitoring data of groundwater level and DANPL contaminant 286 

concentrations were obtained. From this investigation, data analysis and qualitative 287 

analysis, our preliminary assessment was that the contamination source was linear. 288 

The potential distribution range of the contamination source and the location of the 289 

observation wells are shown in Fig. 5. 290 

 291 

Fig. 5. Potential distribution range of the contamination source (orange rectangle) and 292 

location in the X-Y plane of the 12 observation wells in the case study area 293 

(Red dots = observation wells W1-W12) 294 

The calculated target layer was generalized as homogeneous isotropic (Fig. 6). The 295 

upper boundary was the water exchange boundary. The lower boundary was a thick 296 

silty clay stable waterproof layer, generalized as a no-flux boundary. The eastern and 297 

western boundaries were composed of flow surfaces, regarded as second-type 298 
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boundaries. The Southern Drainage River was the southern boundary, regarded as a 299 

first-type boundary with known head. The northern boundary was generalized as a 300 

second-type boundary, and its flux per unit width was about 0.1435m2d–1. The initial 301 

release time (T) and the release duration (t) of the DNAPL contamination into the 302 

aquifer were unknown. The calculated target layer was discretized into 80  60  8 303 

grid blocks (Fig. 7). 304 

 305 

Fig. 6. Schematic diagram of conceptual model of the case study area 306 

 307 

Fig. 7. Subdivision schematic diagram of the case study area 308 

The unknown variables for GDCSI included: horizontal coordinates, longitudinal 309 

coordinates (x1, y1), (x2, y2) of the two endpoints of the linear contamination source, 310 
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initial release time (T), release duration (t) and release intensity (q) of the 311 

contamination. The contamination occurred at the top of the aquifer, hence it was not 312 

necessary to identify the vertical coordinates. Relevant physical and chemical 313 

parameters of nitrobenzene and water were listed in Table 1. 314 

Table 1. Physical and chemical parameter values of water and nitrobenzene 315 

Parameter Value 

Water density (g/cm3) 1.000 

Nitrobenzene density (g/cm3) 1.205 

Water viscosity (Pa•s) 0.001 

Nitrobenzene viscosity (Pa•s) 0.00168 

Water average velocity (m/d) 0.15 

Residual water saturation 0.24 

Residual nitrobenzene saturation 0.17 

Nitrobenzene solubility in water (g/L) 1.9 

Nitrobenzene/water interfacial intension (N/m) 0.02566 

Except the unknown variables for GDCSI, the design of the hypothetical case was 316 

completely consistent with the practical case. Estimated values of the unknown 317 

variables were set to complete the hypothetical case (Table 2). 318 

Table 2. DNAPL contamination source information 319 

Unknown variables Values 

x1 (m) 165.59 

y1 (m) 312.96 

x2 (m) 168.82 

y2 (m) 291.11 

T (d) 465 
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t (d) 8526 

q (m3/d) 6.95 

The multiphase flow simulation model based on these values was run to obtain 320 

contaminant concentrations at the 12 observation wells after six stress periods, which 321 

served as monitored data for the hypothetical case. The observation error was 322 

attached to the monitoring data for identification during probability calculation. The 323 

monitoring data of the hypothetical case is shown in Table 3. 324 

Table 3. Contamination concentrations at the end of six stress periods at 12 325 

observation wells for the hypothetical case 326 

Well 
Contamination concentrations at the end of six stress periods (μg/L)  

t1 t2 t3 t4 t5 t6 

1 1245.20 1356.10 1658.10 1828.50 2158.30 2322.00 

2 2380.40 2602.20 3206.20 3547.00 4045.70 4565.70 

3 8141.20 8806.60 10618.60 11641.00 13304.40 15890.90 

4 3735.60 4068.30 4974.30 5485.50 6511.10 7411.10 

5 2975.50 3252.75 4007.75 4433.75 4917.20 5617.20 

6 1182.94 1288.30 1575.20 1737.08 2029.00 2229.00 

7 591.47 644.15 787.60 868.54 1046.00 1366.00 

8 384.46 418.70 511.94 564.55 651.60 789.30 

9 297.55 325.28 400.78 443.38 491.10 540.10 

10 130.75 142.39 174.10 191.99 201.00 212.00 

11 78.45 85.43 104.46 115.20 123.80 141.20 

12 33.62 36.61 44.77 49.37 58.27 64.50 
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3.3 Surrogates for multiphase flow numerical simulation model 327 

3.3.1 Acquisition of training and testing samples 328 

The unknown variables of the contamination source were treated as surrogate 329 

inputs. Surrogate outputs were the contaminant concentrations at the 12 observation 330 

wells at the end of six stress periods (72 dimensions). Initially, 400 sets of training 331 

samples and 100 sets of testing samples were obtained using Latin hypercube 332 

sampling in feasible regions for the unknown variables. The multiphase flow 333 

simulation model was then run to obtain corresponding concentrations. A total of 500 334 

sets of input-output samples were obtained, 400 of which were used as training 335 

samples to establish KRG, SVR and DBNN surrogates. 336 

3.3.2 Establishing the KRG surrogate 337 

Firstly, the input-output data was normalized, then codes for the KRG surrogate 338 

were written in MATLAB software in accordance with the KRG principle. Training 339 

and testing samples were then used to train and test the KRG surrogate. The 340 

parameters to be determined for the KRG surrogate were the undetermined 341 

parameters 
i  in Eq. (4). The parameter values are shown in Table 4. 342 

Table 4. Corresponding parameter values of the KRG surrogate 343 

Parameter 1  2  3  4  5  6  7  

Value 0.17 0.06 0.02 0.06 0.50 1.47 0.27 

3.3.3 Establishing the SVR surrogate 344 

The Libsvm toolkit in MATLAB software was used to train and test the SVR 345 
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surrogate, using the function call form: 346 

 
   
model=svmtrain P,T,’-s value -t value -c value -g value -p value’
Y, mse svmpredict Y_test,X_test= ,model

   (18) 347 

where s is the type of support vector machine model; t is the type of base function; g 348 

is the Gaussian function parameter; and c and p represent C and   in Eq. (9). After 349 

training, the relevant parameters are shown in Table 5, in which “3” represents the 350 

SVR model and “2” represents the Gaussian function. 351 

Table 5. Parameters for the SVR surrogate 352 

Parameter s t c g p 

Value 3 2 893.1669 0.0674 0.0059 

3.3.4 Establishing the DBNN surrogate 353 

The specific establishing process of the DBNN surrogate is as follows: 354 

(1) Normalization of input data 355 

(2) Parameter initialization 356 

From previous professional experience, w = 0, a = 0, b = 0. After many adjustment 357 

trainings in this study, the learning rate was set as  = 0.4. 358 

(3) Unsupervised learning process 359 

The RBM was trained using training sample data from step (2). Firstly, RBM-1 360 

was trained, and the values obtained for this trained sample were input into RBM-2; 361 

all layers of RBM were trained in this way. The output of the RBM of the final layer 362 

was taken as the feature vector of the training sample. This was input into the BP 363 
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neural network for prediction, whose function in this study was to output continuous 364 

predictive values, so it selects the simplest (i.e., three-layer) structure. 365 

In this study, surrogates with four layers of the RBM were constructed to analyze 366 

the reconstruction ability of the DBNN surrogates to sample data in unsupervised 367 

learning, and the varying trend of the reconstruction error for the four RBM layers 368 

was analyzed. A description of the training process of the RBM using training 369 

samples follows. 370 

 (1) Training of RBM-1 371 

The reconstruction error curve of RBM-1 was obtained after 100 iterations, as 372 

shown in Fig. 8a. The error gradually decreased and tended to be stable as the 373 

iteration number increased, indicating that the parameters of the DBNN were 374 

appropriate. The error of RBM-1 was large, indicating that RBM-1 had poor feature 375 

extraction accuracy for input data and multi-layer RBM should be designed for 376 

feature learning. 377 

(2) Training of RBM-2 378 

The sample features extracted from RBM-1 were input into RBM-2 for 100 379 

iterations, and the reconstruction error curve of RBM-2 (Fig. 8b) shows that the 380 

reconstruction error was significantly reduced by the further feature extraction of 381 

RBM-2, which effectively improved the ability to represent sample features. 382 

(3) Training of RBM-3 383 

The sample features extracted from RBM-2 were input into RBM-3 for 100 384 
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iterations. Fig. 8c shows that the further feature extraction of RBM-3 further greatly 385 

reduced the reconstruction error. 386 

(4) Training of RBM-4 387 

The sample features extracted from RBM-3 were input into RBM-4 for 100 388 

iterations. Compared with RBM-3 (Fig. 8d), and although the reconstruction error of 389 

RBM-4 was further reduced, the reduction was small, indicating that the effect of 390 

RBM training was not obvious. Therefore, the DBNN surrogate established in this 391 

paper set four layers of RBM. 392 

(5) Fine-tuning process of supervised learning 393 

Supervised learning fine-tuning is a process involving output data in training 394 

samples, which is the last step in establishing the DBNN surrogate. Through reverse 395 

fine-tuning, the whole network converges to the global optimum as far as possible so 396 

as to obtain higher prediction accuracy. Finally, the input data was used to fine-tune 397 

the DBNN surrogate to predict output data. 398 

(6) Data inverse normalization processing 399 

Reverse normalization was carried out on the predicted results. 400 

 401 

(a) RBM-1                             (b) RBM-2 402 
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   403 

(c) RBM-3                             (d) RBM-4 404 

Fig. 8. Reconstruction error curves for each of the four RBM layers 405 

3.4 Performance of surrogates 406 

The approximation accuracy of the surrogate of multiphase flow simulation had 407 

a significant influence on the accuracy of GDCSI. After testing the accuracy of the 408 

KRG, SVR and DBNN surrogates for the 12 observation wells, the surrogate with the 409 

highest approximation accuracy was selected as the surrogate for GDCSI. 410 

One input vector (seven dimensions) of the surrogate corresponded to 72 output 411 

values in each testing sample; that is, 100 testing samples provided 7200 contaminant 412 

concentrations overall. Scatter plots of the multiphase flow simulation model outputs 413 

and KRG, SVR, DBNN surrogate outputs of 12 observation wells are shown in Figs. 414 

9-20. The scatter of the DBNN surrogate is obviously more closely distributed around 415 

the line y = x, demonstrating that the DBNN surrogate had the highest approximation 416 

to the multiphase flow simulation model. 417 

 418 
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(a) KRG                (b) SVR                      (c) DBNN 419 

Fig. 9. Fitting graph of surrogate outputs and simulation model outputs of W1 420 

 421 

(a) KRG                (b) SVR                      (c) DBNN 422 

Fig. 10. Fitting graph of surrogate outputs and simulation model outputs of W2 423 

 424 

(a) KRG                (b) SVR                      (c) DBNN 425 

Fig. 11. Fitting graph of surrogate outputs and simulation model outputs of W3 426 

 427 

(a) KRG                (b) SVR                      (c) DBNN 428 

Fig. 12. Fitting graph of surrogate outputs and simulation model outputs of W4 429 
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 430 

(a) KRG                (b) SVR                      (c) DBNN 431 

Fig. 13. Fitting graph of surrogate outputs and simulation model outputs of W5 432 

 433 

(a) KRG                (b) SVR                      (c) DBNN 434 

Fig. 14. Fitting graph of surrogate outputs and simulation model outputs of W6 435 

 436 

(a) KRG                (b) SVR                      (c) DBNN 437 

Fig. 15. Fitting graph of surrogate outputs and simulation model outputs of W7 438 

 439 

(a) KRG                (b) SVR                      (c) DBNN 440 
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Fig. 16. Fitting graph of surrogate outputs and simulation model outputs of W8 441 

 442 

(a) KRG                (b) SVR                      (c) DBNN 443 

Fig. 17. Fitting graph of surrogate outputs and simulation model outputs of W9 444 

 445 

(a) KRG                (b) SVR                      (c) DBNN 446 

Fig. 18. Fitting graph of surrogate outputs and simulation model outputs W10 447 

 448 

(a) KRG                (b) SVR                      (c) DBNN 449 

Fig. 19. Fitting graph of surrogate outputs and simulation model outputs of W11 450 

 451 



 28 

(a) KRG                (b) SVR                      (c) DBNN 452 

Fig. 20. Fitting graph of surrogate outputs and simulation model outputs of W12 453 

The surrogates were also compared using accuracy evaluation indices, including 454 

correlation coefficient (R2), maximum elative error (MaxRE), mean relative error 455 

(MRE) and root mean square error (RMSE) (Table 6). Results revealed that the 456 

DBNN surrogate had the highest approximation accuracy of all surrogates for the 12 457 

observation wells. Therefore, the DBNN surrogate was considered suitable to replace 458 

the multiphase flow simulation model in the practical case. 459 

Table 6. Accuracy evaluation indices for KRG, SVR and DBNN surrogates in  460 

the 12 observation wells in the hypothetical case 461 

Well Accuracy evaluation index KRG SVR DBNN 

1 

R2 0.8823  0.8935  0.9912  

MaxRE (%) 26.48 24.66 14.73  

RMSE (μg/L) 28.58 27.69 18.01  

MRE (%) 16.21 14.16 4.17 

2 

R2 0.8972  0.8827  0.9937  

MaxRE (%) 27.83 32.73 10.30  

RMSE (μg/L) 26.77 30.13 16.58  

MRE (%) 14.22 17.41 3.85  

3 

R2 0.8957 0.8852  0.9945  

MaxRE (%) 25.56 27.90 8.56  

RMSE (μg/L) 29.15 32.23 16.12  

MRE (%) 14.57 15.26 3.59  

4 

R2 0.8654  0.8892  0.9965  

MaxRE (%) 27.97 18.29 7.24  
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RMSE (μg/L) 25.43 21.21 13.22  

MRE (%) 16.23 14.56 3.25  

5 

R2 0.8027 0.8182 0.9954  

MaxRE (%) 31.39 28.30 9.56  

RMSE (μg/L) 29.42 27.65 14.65  

MRE (%) 15.48 14.45 3.34  

6 

R2 0.8807  0.8835  0.9912  

MaxRE (%) 24.15 17.02 10.46  

RMSE (μg/L) 25.65 23.25 17.52  

MRE (%) 13.22 12.14 3.54  

7 

R2 0.8123  0.8487  0.9901  

MaxRE (%) 29.94 24.87 12.45  

RMSE (μg/L) 34.43 23.78 18.69  

MRE (%) 17.45 18.36 3.66  

8 

R2 0.8475 0.8687  0.9898  

MaxRE (%) 23.75 19.74 13.25  

RMSE (μg/L) 33.24 33.11 20.85  

MRE (%) 18.23 12.56 3.75  

9 

R2 0.8391  0.8744  0.9865  

MaxRE (%) 27.83 18.25 14.66  

RMSE (μg/L) 16.52 13.76 21.45  

MRE (%) 15.21 13.26 3.78  

10 

R2 0.8475  0.865 8 0.9856  

MaxRE (%) 29.45% 18.73% 16.99  

RMSE (μg/L) 15.14 9.66 21.64  

MRE (%) 16.69 16.47 3.97  

11 

R2 0.8391  0.8665  0.9821  

MaxRE (%) 32.45 28.84 19.65  
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 474 

3.5 Implementing the PHSIP 475 

The preliminary values, ranges of preliminary values and prior distributions of 476 

unknown variables are listed in Table 7. The preliminary values were used to 477 

determine the starting points of the PHSIP. 478 

Table 7. Prior information for seven unknown variables 479 

Unknown 

variable 

Preliminary 

estimating value 

Preliminary 

value range 

Prior 

distribution 

x1 (m) 170.50 (150,180) Uniform distribution 

y1 (m) 302.00 (300,320) Uniform distribution 

RMSE (μg/L) 32.34 32.36 22.96  

MRE (%) 18.56 14.69 4.23  

12 

R2 0.8234  0.8358  0.9855  

MaxRE (%) 32.31 27.84% 15.23  

RMSE (μg/L) 35.79 31.65 20.54  

MRE (%) 15.54 19.21 4.02  
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x1 (m) 175.00 (150,180) Uniform distribution 

y2 (m) 310.50 (250,320) Uniform distribution 

T (d) 210.00 (0,730) Uniform distribution 

t (d) 7990.00 (7665,9125) Uniform distribution 

q (m3/d) 6.55 (5,15) Uniform distribution 

To reduce the computational burden caused by frequent calls to the multiphase 480 

flow simulation model in the PHSIP and maintain calculation accuracy, outputs of the 481 

surrogate were used instead of the simulation model to calculate the posterior 482 

probability. In this case, the error, 2(0,0.05 )N :  and the likelihood function is 483 

expressed as 484 

* 2 1

, ,1
1 12 2

1 1
( , )= exp[ ( ( ) ) ]

2
(2 )

b a

i j i jn
i j

p Y X S Y X Y 
 



 

          (19) 485 

where
 , ( )i jY X  is the contaminant concentration output of the surrogate in the jth 486 

stress period for the ith sampling location, and 
*

,i jY  is the contaminant concentration 487 

monitoring data during the same stress period at the same sampling location, a=6, 488 

b=12 and  =0.05. 489 

3.6 Identification results for the hypothetical case 490 

The number of heuristic search iterations was set at 20,000; with five group 491 

individuals in the DE algorithm. In this study the scale reduction score (SR) was used 492 

as the quantitative convergence criterion. Fig. 21 shows that the SR of all unknown 493 

variables was less than 1.2 at around 15,000 iterations. 494 
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 495 

Fig. 21. Scale reduction score profiles for seven unknown variables in the 496 

hypothetical case 497 

Consequently, the PHSIP converged at around 15,000 iterations, and the first 498 

15,000 iterations were then abandoned as “burn in”. The final 500 parallel heuristic 499 

search iterations (including 2500 values) were considered as samples from the 500 

posterior distribution of the seven unknown variables, and a statistical analysis of 501 

each unknown variable was conducted. 502 

The posterior probability density function (PPDF) curves were plotted (Fig. 22) 503 

and the 95% confidence interval estimations for the seven unknown variables based 504 

on 2500 values listed in Table 8, where P0.025 and P0.975 were the lower and upper 505 

limits of the 95% confidence interval. The value of the unknown variable with 506 

maximum PPDF (MPPDF) was taken as a point estimate for each unknown variable. 507 

The relative errors between point estimates and given true values were calculated 508 

(Table 8). Point estimates, which were close to the true values, are shown in Fig. 22. 509 

These results showed that the PHSIP could be utilized to solve practical GDCSI 510 

problems subsequently. 511 
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 512 

                        (a)                                                                       (b) 513 

 514 

               (c)                                                                       (d) 515 

 516 

               (e)                                                                       (f) 517 
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 518 

(g) 519 

Fig. 22. PPDF curves for the seven unknown variables in the hypothetical case 520 

Table 8. Point and interval estimates of seven unknown variables in the hypothetical 521 

case 522 

Unknown 

variable 

Given true 

values 

Point 

estimation 

Relative 

error 

95% Confidence interval estimation 

P0.025 P0.975 

x1 (m) 165.59 160.51 3.07% 154.45 174.78 

y1 (m) 312.96 306.19 2.16% 302.69 318.01 

x2 (m) 168.82 172.85 2.39% 155.93 174.72 

y2 (m) 291.11 300.45 3.21% 273.41 308.19 

T (d) 465 453.7 2.43% 435.50 494.30 

t (d) 8526 8301 2.64% 8010 8900 

q (m3/d) 6.95 7.25 4.32% 5.57 8.41 

4. Application to practical case 523 

Since the effectiveness of the proposed methods was tested by the hypothetical 524 

case, it was possible to apply the proposed methods to the practical case at a dye 525 

chemical factory in Hebei Province. On the basis of full analysis of the existing data 526 

of the case study area, 12 dynamic observation wells of groundwater level and 527 
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DANPL contamination were positioned and drilled, and then the synchronous and 528 

dynamic monitoring of groundwater level and DANPL contamination was carried out. 529 

Dynamic monitoring data of DANPL contamination concentration required for 530 

GDCSI is listed in Table 9. 531 

Table 9. Contamination concentrations at the end of six stress periods at 12 532 

observation wells for the practical case 533 

Well 

Contamination concentrations at the end of six stress periods (μg/L)  

t1 t2 t3 t4 t5 t6 

1 907.75 988.60 1208.75 1332.98 1573.40 1692.74 

2 1735.31 1897.00 2337.32 2585.76 2949.32 3328.40 

3 5934.93 6420.01 7740.96 8486.29 9698.91 11584.47 

4 2723.25 2965.79 3626.26 3998.93 4746.59 5402.69 

5 2169.14 2371.25 2921.65 3232.20 3584.64 4094.94 

6 862.36 939.17 1148.32 1266.33 1479.14 1624.94 

7 431.18 469.59 574.16 633.17 762.53 995.81 

8 280.27 305.23 373.20 411.56 475.02 575.40 

9 216.91 237.13 292.17 323.22 358.01 393.73 

10 95.32 103.80 126.92 139.96 146.53 154.55 

11 57.19 62.28 76.15 83.98 90.25 102.93 

12 24.51 26.69 32.64 35.99 42.48 47.02 

4.1 DBNN surrogates for practical case 534 

The DBNN method was used to establish surrogates for the multiphase flow 535 

simulation model in the practical case. The surrogates were used in multiple iterative 536 

probability calculations in the PHSIP. The accuracy evaluation indices are shown in 537 

Table 10. The number of heuristic search iterations was set at 20,000, with five group 538 
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individuals in the DE algorithm. Hence, the simulation model needed to be called 539 

100,000 times. Each call took 198 seconds, so the simulation model took 229.17 days 540 

for 100,000 calls, whereas the DBNN surrogate required 1.39 hours for the same 541 

number of calls at 0.05 seconds per call, as calculated on a PC with Intel Core i5 CPU 542 

3.0 GHz processor and 8 GB RAM. 543 

Table 10. Accuracy evaluation indices of DBNN surrogates  544 

for the 12 observation wells in the practical case 545 

Well R2 MaxRE (%) RMSE (μg/L) MRE (%) 

1 0.9948 14.24 17.54 3.77 

2 0.9972 9.96 16.15 3.47 

3 0.9981 8.28 15.70 3.24 

4 0.9965 7.00 12.88 2.93 

5 0.9987 9.25 14.27 3.02 

6 0.9948 10.11 17.06 3.19 

7 0.9937 12.03 18.20 3.30 

8 0.9934 12.81 20.31 3.38 

9 0.9901 14.17 20.89 3.45 

10 0.9891 16.43 21.08 3.59 

11 0.9856 19.00 22.36 3.83 

12 0.9890 14.73 20.01 3.64 

4.2 GDCSA research system for practical case 546 

4.2.1 Results of GDSCI for practical case 547 

Fig. 23 shows the scale reduction score profiles for the seven unknown variables in 548 

the practical case. As shown, the scale reduction score for the seven unknown 549 
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variables was <1.2 at around 15,000 iterations. Consequently, the PHSIP achieved 550 

convergence at around 15,000 iterations. 551 

 552 

Fig. 23. Scale reduction score profiles for seven unknowns in the practical case 553 

The last 500 parallel heuristic search iterations were considered as samples from 554 

the posterior distribution of the seven unknown variables. Point estimate and 95% 555 

confidence interval estimation of each unknown variable based on 2500 values are 556 

shown in Table 11. Identification results of the shape and location of DNAPL 557 

contamination in groundwater were shown in Fig. 24, and the contamination source 558 

was linear with roughly north-south distribution. Field investigation, data analysis 559 

and professional experience confirm that these identification results were realistic. 560 

Table 11. Point and interval estimations of seven unknown variables  561 

in the practical case 562 

Unknown 

variable 

Point 

estimation  

95% confidence interval estimation 

P0.025 P0.975 

x1 (m) 169.05 160.45 178.78 

y1 (m) 306.19 303.14 316.25 



 38 

x2 (m) 173.32 160.93 185.72 

y2 (m) 296.57 280.41 310.19 

T (d) 425.50 395.50 460.30 

t (d) 8850 8500 9200 

q (m3/d) 7.53 6.75 8.54 

 563 

Fig. 24. Diagram of shape and location of DNAPL contamination source 564 

4.2.2 Determining GDCSRR for practical case 565 

After the GDCSI problem was solved, the identified DNAPL contamination source 566 

information was input to update the multiphase flow numerical simulation model, 567 

allowing the GDCSRR to be determined, since the multiphase flow numerical 568 

simulation model reflected GDCSRR. 569 

After the GDCSI problem has been solved, the identified DNAPL contamination 570 

source information was input into the multiphase flow numerical simulation model, 571 

and the multiphase flow simulation model could be updated. Based on the newly 572 

updated multiphase flow simulation model, the groundwater DNAPL contamination 573 
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source-sink response relationship (GDCSRR) could be determined since the 574 

multiphase flow simulation model was reflection of GDCSRR.  575 

4.2.3 Risk assessment of contamination for practical case 576 

Running the updated multiphase flow numerical simulation model allowed the 577 

spatial and temporal distribution and quantity (sink) of DNAPL contamination to be 578 

calculated (Figs. 25 and 26). For example, Fig. 25 illustrates the spatial distribution of 579 

contamination at different locations on the 4125th day since the contamination began 580 

to be released in the aquifer. As seen in Fig. 26, the DNAPL contamination migrated 581 

slowly in the direction of groundwater flow. The area of the DNAPL contamination 582 

plume gradually increased, while the DNAPL concentration showed a downward 583 

trend because the groundwater continued diluting and dissolving it as the DNAPL 584 

migrated. 585 

 586 

(a) Contaminant distribution on Y-Z profile (X = 100 m) 587 
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 588 

(b) Contaminant distribution on Y-Z profile (X = 165 m) 589 

 590 

(c) Contaminant distribution on Y-Z profile (X = 200 m) 591 
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 592 

(d) Contaminant distribution on Y-Z profile (X = 300 m) 593 

Fig. 25. Spatial distribution of contaminant at a given time in the practical case 594 

 595 

(a) On the 4125th day since the contamination began to be released in the aquifer 596 

 597 

(b) On the 4380th day since the contamination began to be released in the aquifer 598 
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 599 

(c) On the 5110th day since the contamination began to be released in the aquifer 600 

 601 

(d) On the 5840th day since the contamination began to be released in the aquifer 602 

 603 

(e) On the 6570th day since the contamination began to be released in the aquifer 604 

Fig. 26. Distribution of contaminant at different times in the practical case  605 

(in the X-Y plane, Z=0 m) 606 

In this study, the southern boundary of the case study area was the Southern 607 
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Drainage River, into which the DNAPL contamination eventually flowed. If the 608 

Southern Drainage River is polluted it would pose a serious threat to the drinking 609 

water safety and health of nearby residents. Therefore, by running the updated 610 

multiphase flow numerical simulation model based on the GDCSI result, the risk of 611 

contamination of the Southern Drainage River was assessed, including the time when 612 

it would be polluted and the amount of DNAPL contamination. 613 

The numerical simulation calculation showed that on the 8126th day after the 614 

DNAPL contaminant began to be released into the aquifer, it migrated to the southern 615 

boundary (Southern Drainage River) and began to flow out from there, polluting the 616 

river (Fig. 27). The amount of leaked DNAPL contaminant was calculated from the 617 

flux of the river and the dissolution properties of the DNAPL. This study of 618 

contamination sink provides a reference basis and technical support for groundwater 619 

contamination risk early assessment and for the rational design of a contamination 620 

remediation program. 621 

 622 

Fig. 27. Contaminant migration as far as the southern boundary in the practical case 623 
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5. Conclusions and discussions 624 

The GDCSA has seldom been involved in previous research on groundwater 625 

DNAPL contamination. This study first established a complete GDCSA research 626 

system (GDCSI, GDCSRR and sink of contamination). 627 

Previous research on GDCSI has mostly been restricted to simple hypothetical 628 

examples, always with a point-source of contamination; the shape of the source was 629 

seldom considered. This study of a dye chemical factory in Hebei Province firstly 630 

identified the shape of the DNAPL contamination source and concluded that the 631 

source was linear with roughly north-south distribution. For complex contamination 632 

sources that cannot be generalized as a point, identifying the shape of source can 633 

depict the practical situation of source and ensure the accuracy of GDCSI. 634 

The GDCSRR was then determined from the result of GDCSI. Finally, the sink of 635 

the contamination was determined based on GDCSRR. Compared with a single study 636 

of GDCSI, the complete GDCSA research system provides a reference for identifying 637 

a polluter, and also provides a more precise basis for contamination remediation 638 

scheme design and contamination risk assessment. 639 

The PHSIP was applied using simulation-random statistical method to solve 640 

GDCSI. DBNN was introduced to emulate the highly nonlinear multiphase flow 641 

simulation model. A combination of hypothetical and practical cases was considered. 642 

The proposed approaches were tested using the hypothetical case. Results revealed 643 

that the DBNN surrogate reflected the multiphase flow simulation model more 644 
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accurately than shallow learning surrogates, and that PHSIP obtained accurate 645 

identification results. The tested approaches with the GDCSA research system were 646 

finally applied to the practical case discussed above. 647 
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