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Table 1  Analysis methods for groundwater sample.
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Fig. 1 Topology diagram of GA-BP neural network.
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Fig. 2 Spatial distribution map of Mn*>" concentration.
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Table 2 Monitoring data of the study area.
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Fig. 3 Polar heatmap of organic indicators in each monitoring well.
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Fig. 5 Fitting performance of neural network.
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network.
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number value (mg/L) (mg/L) (mg/L) & (mg/L)
1 0.1800 —0.1366 0.1849 —0.3166  0.0049
2 0.1940 —0.1669 0.1876 —0.3609 —0.0064
3 0.0018 —0.1581 0.0057 —0.1599  0.0039
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Fig. 7 The distribution map of corrected Mn®* point.
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HIGHLIGHTS

(1) The distribution of groundwater Mn®" concentration in the study area does not conform to the law of Mn*"
production and migration, necessitating correction.

(2) The GA-BP neural network was used to predict the concentration of Mn>" in the area with sparse sampling
points and to correct the distribution of Mn*".

(3) It is verified that the corrected Mn”" concentration distribution conforms to the Mn”>" production mechanism and

groundwater dynamics.

ABSTRACT: This study addresses the issue of unevenly distributed sampling points, which leads to inaccurate
characterization of pollutant diffusion ranges. Using ArcGIS spatial interpolation, the distribution of Mn*" ions in a
chemical park was analyzed, revealing discrepancies due to uneven sampling. To overcome this, two neural network
models—GA-BP and standard BP—were applied to predict Mn>" concentrations at unsampled locations. The GA-
BP neural network, optimized with a Genetic Algorithm, showed the best performance, filling gaps in data and
allowing for a more accurate concentration distribution map. This revised map was used to delineate the Mn*"
diffusion range, which was further validated with the known production and migration mechanisms of Mn”". The
results demonstrate that the GA-BP model significantly improves the accuracy of pollutant diffusion mapping and
offers a more reliable method for environmental pollution assessment, especially in areas with limited sampling
data. The BRIEF REPORT is available for this paper at http://www.ykcs.ac.cn/en/article/doi/10.15898/j.ykes.2024
09280204.

KEY WORDS: groundwater; chemical industrial park; GA-BP neural network; influence range

BRIEF REPORT

Significance: Groundwater pollution is a common environmental issue in industrial areas, in which heavy metal
pollution (e.g., Mn**, chromium, lead, iron, etc.) poses a serious threat to ecosystems and human health. The
“Technical Guideline for Identification and Assessment of Environmental Damage—Environmental
Elements—Part 1: Soil and Groundwater” (GB/T 39792.1—2020) sets more stringent standards for the accuracy of
characterizing groundwater pollutant diffusion. However, due to the limitations of the research area, sampling points
are often unevenly distributed. Traditional spatial interpolation methods (such as the Kriging method, inverse
distance weighting, and spline functions) introduce significant errors in predicting pollutant diffusion, making it
difficult to accurately capture their migration patterns.

The GA-BP neural network method was used to construct a predictive model for the groundwater Mn*"

concentration in the study area. The model predicted Mn”" concentration in areas with fewer monitoring points and
near the monitoring points. By combining the actual monitoring data, a new Mn>" distribution map was created. The
results were validated through the principles of Mn>" generation and the regional flow field of the study area. The
results show that the GA-BP method significantly improves the correction of the Mn®" ion distribution range,
providing a new approach for accurately characterizing the extent of groundwater pollution.
Methods: Using Mn®" pollution in a chemical industry park as a case study, ArcGIS spatial interpolation analysis
was utilized to reveal a large deviation in the distribution trend of Mn>" concentration and its formation mechanism,
and multiple interpolation methods for correction were explored, yet the results still did not meet the required
accuracy. In view of this, the back propagation neural network (GA-BP) optimized by genetic algorithm was
compared with the standard back propagation neural network (BP) to optimize the prediction of pollutant
concentration and improve the characterization accuracy of the diffusion range.

First, a spatial interpolation of Mn®" concentrations using GIS interpolation methods (Kriging method, inverse
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distance weighting, spline functions, etc.) showed that the predictions of these methods did not correspond with the
direction of groundwater in the study area and to the mechanism of Mn*" formation, indicating the low applicability
of traditional interpolation methods when monitoring points were unevenly distributed. Therefore, a GA-BP neural
network was used for concentration prediction, and the model with the best fit for Mn*" concentration prediction at
unmonitored points was chosen. In combination with ArcGIS spatial interpolation, the diffusion range of Mn>" was
delimited and verified in accordance with the mechanism of Mn*" production.

Twelve groundwater monitoring sites were deployed in the chemical industry park, and the data were divided

into a training set and a testing set. The training set included points upstream, contamination plume and downstream
of pollution sources to ensure that the model learns pollution migration characteristics under different hydrodynamic
conditions. In the test set, three monitoring points were selected, located in the contamination plume and
downstream, to test the prediction ability of the model.
Data and Results: Data relevant to the Mn®" ion concentration and organic indicators in the groundwater from a
chemical industrial park in Shijiazhuang was used, and the distribution map was created. According to previous
regional groundwater data, the groundwater flow direction was from the northeast to the southwest. However, the
Mn?" interpolation map shows that the diffusion direction of Mn®" is opposite to the groundwater flow direction,
which does not align with its migration patterns. After reviewing the literature, it was found that the electron
acceptor response in microbial degradation follows the order: O,>NO; >Mn*"1*?| That is, petroleum degradation
only releases Mn”" after nitrate degradation has been substantially completed. It was found that the concentration of
Mn®*" was highest when the concentration of nitrate was lowest, and the nitrate concentration at the monitoring
points was less than 1mg/L within the diffusion area of Mn2+, which was consistent with the theoretical mechanism.
Among them, the highest concentration of Mn®" at the M03 point indicated that the degradation of nitrate in the
region was largely complete, leading to a large release of Mn”". This finding confirms that Mn>" migration is
influenced by the degradation of petroleum, and that the removal of nitrate is a key premise for Mn>" release. The
BP and GA-BP neural network model was established using groundwater Mn”" concentration and its coordinates.

Since there were few data points in the study area, the data was divided into a training set and a testing set. The
three testing points were located in the pollution plume and downstream of the pollution source, while the training
set included points from upstream of the pollution source, the pollution plume, and downstream of the pollution
source. The correlation coefficient (R) for the training set was 0.9921, and R*=0.99747, which was greater than 0.9.
The correlation coefficient (R) for the testing set was 0.9987, and R*=0.9974, proving that the training set fitted well
and had strong credibility. Compared to the standard BP neural network, the GA-BP model’s actual values were
more closely aligned with the predicted values, and the GA-BP neural network’s errors were close to zero. The
prediction performance of the GA-BP neural network was significantly better than that of the BP neural network,
with the training model providing a good fit.

Using a GA-BP neural network to supplement the Mn?" concentration data for the missing regions of the
monitoring points and to replot the Mn”" concentration distribution, the result shows that the dispersion of Mn”" in
the center of the chemical park is 1.70x10°m’ of which 2.13x10°m’ extends beyond the chemical park.
Furthermore, the migration of Mn>" is mainly influenced by the combination of the degradation of petroleum
pollutants and the flow of groundwater. In areas where the nitrate concentration is near zero and the concentration of
petroleum pollutants is moderate, the concentration of Mn®" is highest and exhibits migration patterns following
groundwater flow directions, forming three Mn?*-enriched areas: the center sector, the northwest corner, and the
southeast corner of the industrial park. The revised Mn*" diffusion range is more consistent with known migration

laws and further validates the accuracy of the GA-BP neural network predictions.

— 416 —


http://www.ykcs.ac.cn
http://www.ykcs.ac.cn
http://www.ykcs.ac.cn
http://www.ykcs.ac.cn

53 4

FAiz, % GA-BP M MR LERGHEZ M7 Mo T /K75 Qe B FEl A S5

%44 5

SH LR
[1] Gao Y, Qian H, Ren W, et al. Hydrogeochemical

[2]

[3]

[4]

[5]

[6]

characterization and quality assessment of ground-water
based on integrated-weight water quality index in a
concentrated urban area[J]. Journal of Cleaner
Production, 2020, 260: 121006.

skPR 2y, EMTT, 32, 55 RES R B R R
GEWE T I REL]. PR U545 W] RF 2L K, 2021, 46(2):
138-143.

Zhang B H, Wang L F, Guo H, et al. Research progress
remediation  of

of decision-making system for

contaminated sites in China[J]. Environment and
Sustainable Development, 2021, 46(2): 138—143.
MR-, K, 25500, 2. BRE 0k [ 583 M 1 138
e B A R R R A A DD]. £ 2R, 2018, 55(3):
527-542.

Chen W P, Xie T, Li X N, et al. Generalization of
technical systems for soil pollution prevention and
control in developed countries[J]. Acta Pedologica
Sinica, 2018, 55(3): 527-542.

Rt o, B, XIORIR, 55, 6 s P IR X T 7K Bk
3 A REAE K2 PR 43 AT L] 7K SCHb TR 4 TR, 2024,
51(6): 198—-207.

Chen J J, Tao L, Liu B X, et al. Distribution
characteristics and genesis analysis of groundwater iron
and manganese in  Beijing plain  arealJ].
Hydrogeological Engineering Geology, 2024, 51(6):
198-207.

Jiang W J, Sheng Y Z, Wang G C, et al. Cl, Br, B, Li,
and noble gases isotopes to study the origin and
evolution of deep groundwater in sedimentary basins, a
review[J]. Environmental Chemistry Letters, 2022, 20:
1497-1528.

WTT, B, R, A (A AR T S E DA EOR SR
9 8 5 R K M 2 (0. SRBE A4, 2019, 47(5):
19-23.

Yu F, Zhao D, Wang B, et al. Interpretation of technical
guidelines for identification and assessment of eco-

environmental damage to soil and groundwater[J].

Environmental Protection, 2019, 47(5): 19-23.

[7]

(8]

(9]

[10]

[11]

[12]

[13]

XUZEAR. v A as T FE DX /KSR 75 G T4 B Hok
IR I ZE [D]. P54 K@K%, 2013.
Liu H W. Evaluation of groundwater manganese
pollution and prediction of water environment impact in
Zhongning Shikong industrial park [D]. Xi’an: Chang’an
University, 2013.
Jiang W J, Meng L S, Liu F T, et al. Distribution, source
investigation, and risk assessment of topsoil heavy
metals in areas with intensive anthropogenic activities
using the positive matrix factorization (PMF) model
coupled with self-organizing map (SOM)[J].
Environmental Geochemistry and Health, 2023, 45:
6353-6370.
IO, TARA, ML, 5. HIAIM T KI5 Qe i W95
FAR R S BORWDITE R [I]. b PRI, 2018,
38(3): 1185-1193.
Li Y J, Wang S J, Zhang M, et al. Research progress of
monitored natural attenuation remediation technology for
soil and groundwater pollution[J]. China Environmental
Science, 2018, 38(3): 1185—-1193.
%, XA, EARNE, A5 MR S0 A A {7 v N
JHS X EUAFSE (7). M@ 4, 2016, 35(3): 324-330.
Wang X, Liu Y, Wang C H, et al. Application and
comparative study of interpolation methods for ocean
salinity distribution[J]. Ocean Bulletin, 2016, 35(3):
324-330.
Mohammed A, Paraskevas T, Gaetano P, et al.
Application of multiple spatial interpolation approaches
to annual rainfall data in the Wadi Cheliff Basin (North
Algeria)[J]. Ain Shams Engineering Journal, 2024, 15(3):
10257.
By, BRGE, BRlpils. BT BP M LK TR & H
MR K 4 R O (] PR R SR,
2016, 39(1): 194-198.
Duan N, Yang S'Y, Wei W T. Prediction of heavy metal
concentrations of the groundwater from a lead-acid
battery factory based on BP neural network[J].
Environmental Science & Technology, 2016, 39(1):
194-198.
XUEETE, 250515, AEATTHE, 55, JE T RO SSA-BP M2
— 417 —


https://doi.org/10.1016/j.jclepro.2020.121006
https://doi.org/10.1016/j.jclepro.2020.121006
https://doi.org/10.19758/j.cnki.issn1673-288x.202102138
https://doi.org/10.19758/j.cnki.issn1673-288x.202102138
https://doi.org/10.19758/j.cnki.issn1673-288x.202102138
https://doi.org/10.11766/trxb201712130487
https://doi.org/10.11766/trxb201712130487
https://doi.org/10.11766/trxb201712130487
https://doi.org/10.16030/j.cnki.issn.1000-3665.202311051
https://doi.org/10.16030/j.cnki.issn.1000-3665.202311051
https://doi.org/10.1007/s10311-021-01371-z
https://doi.org/10.14026/j.cnki.0253-9705.2019.05.004
https://doi.org/10.14026/j.cnki.0253-9705.2019.05.004
https://doi.org/10.1007/s10653-023-01587-8
https://doi.org/10.19674/j.cnki.issn1000-6923.2018.0141
https://doi.org/10.19674/j.cnki.issn1000-6923.2018.0141
https://doi.org/10.19674/j.cnki.issn1000-6923.2018.0141
https://doi.org/10.11840/j.issn.1001-6392.2016.03.011
https://doi.org/10.11840/j.issn.1001-6392.2016.03.011
https://doi.org/10.1016/j.asej.2023.102578
https://doi.org/10.3969/j.issn.1003-6504.2016.01.031
https://doi.org/10.3969/j.issn.1003-6504.2016.01.031

HO

ik
http: //www. ykes. ac.

2025 4E

cn

[14]

[15]

[16]

[17]

[18]

[19]

W0 28 B S AOK IR BB L] T8 A 3k,
2024, 50(2): 98—105, 115.

Liu WT, Li BB, DuY H, et al. Resecarch on the
recognition model of mine water inrush source based on
improved SSA-BP neural network[J]. Industry and
Mine Automation, 2024, 50(2): 98—105, 115.

Robertson B, Dam-Bates V P, Gansell O. Halton
iterative partitioning master frames[J]. Environmental
and Ecological Statistics, 2021, 29(1): 1-22.

ZRME . T AL TR BP b2 0 4 7 S il AL
LW R [T]. BHE LA, 2014, 2(13): 206, 211.

Li H B. Application of BP neural network based on
genetic algorithm in diesel engine fault diagnosis[J].
Science & Technology Vision, 2014, 2(13): 206, 211.
EEZ, BREOE, ITEE . B BP 4572 B
TE AR P i (3], B2 H R 5 T, 2010, 10(15):
3791-3794.

Wang Y W, Chen Y H, Shi T F. Application of
improved BP network in deformation prediction of deep
foundation pit[J]. Science, Technology and Engineering,
2010, 10(15): 3791-3794.

A, A, 25T, 45, BP 422 M 45 7R AL T
JI B =R T A N L), 85 3 B R, 2017, 38(9):
2183-2187,2192.

Xu J, Dan B B, Rong Z J, et al. Application of BP neural
network in prediction of desulfurization rate of molten
iron pretreatment[J]. Casting Technology, 2017, 38(9):
2183-2187, 2192.

WML, BT BP #1445 (1) CO, 3 T A5 2 F 5%
[D]. /R ZRAbMoll kA%, 2017.

Yang F. Research on CO, flux prediction model based
on BP neural network [D]. Harbin: Northeast Forestry
University, 2017.

NI, ¥4 71, <. HE T GA-BP BRI R 25 & v
HLsE e T GE 2L I o) Lk B a2 Wi 7 [0 b A,
2020, 33(4): 48—54.

Sun W P, Xu H L, Gao L. Research on fault diagnosis of
inter-turn short circuit of stator and rotor windings of
ship synchronous generator based on GA-BP[J]. China
Ship Repair, 2020, 33(4): 48—54.

— 418 —

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

FUEVK, TRLLHE, 2%, 55 BP MR M Z8Ra & 21 i
W RIS 0. TN R 5 & &, 2018, 28(4):
31-35.

Wang R B, Xu H Y, Li B, et al. Research on the
determination method of hidden layer nodes in BP neural
network [J]. Computer Technology and Development,
2018, 28(4): 31-35.

WRoEAR . SGEiTHLAS o~ v iy o 004 1)t (0], ST
("F24RR), 2019(11): 755.

Chen K G. Overfitting problem in statistical machine
learning[J]. Wen Yuan (Middle School Edition),
2019(11): 755.

FE5E ML > BRI 18 7 ik m 5 5 8 [D].
R L RHR S, 2017

Wang M. Research and application of sample screening
methods in machine learning [D]. Chengdu: University
of Electronic Science and Technology of China, 2017.
Zheng Z X, Zhang Y L, Su X S, et al. Responses of
hydrochemical parameters, community structures, and
microbial activities to the natural biodegradation of
petroleum  hydrocarbons in a  groundwater-soil
environment[J]. Environmental Earth Sciences, 2016,
75(21): 1.

Klinchuch L, Delfino T. Reductive dissolution and preci-
pitation of manganese due to biodegradation of
petroleum hydrocarbons [J]. Environmental Geosciences,
2000, 7(4): 211-212.

Ning Z, Zhang M, He Z, et al. Spatial pattern of bacterial
community diversity formed in different groundwater
field corresponding to electron donors and acceptors
distributions at a petroleum-contaminated site [J]. Water,
2018, 10(7): 842.

Tt Al IS G SR 2 A AR AU AR BLSTAL o 5
[D]. dtst: s EAR: (dEar), 2023

Wen J. Study on organic matter composition of
petroleum phase and aqueous phase in petroleum
contaminated aquifer[D]. Beijing: China University of
Petroleum (Beijing), 2023.

TR, T, TR MERE AR L TR A S
ARSI ML TAFSE, 2018(1): 49-51.


https://doi.org/10.13272/j.issn.1671-251x.2023070101
https://doi.org/10.13272/j.issn.1671-251x.2023070101
https://doi.org/10.13272/j.issn.1671-251x.2023070101
https://doi.org/10.1007/s10651-020-00481-1
https://doi.org/10.1007/s10651-020-00481-1
https://doi.org/10.19694/j.cnki.issn2095-2457.2014.13.148
https://doi.org/10.19694/j.cnki.issn2095-2457.2014.13.148
https://doi.org/10.3969/j.issn.1671-1815.2010.15.057
https://doi.org/10.3969/j.issn.1671-1815.2010.15.057
https://doi.org/10.16410/j.issn1000-8365.2017.09.033
https://doi.org/10.16410/j.issn1000-8365.2017.09.033
https://doi.org/10.13352/j.issn.1001-8328.2020.04.013
https://doi.org/10.13352/j.issn.1001-8328.2020.04.013
https://doi.org/10.13352/j.issn.1001-8328.2020.04.013
https://doi.org/10.3969/j.issn.1673-629X.2018.04.007
https://doi.org/10.3969/j.issn.1673-629X.2018.04.007
https://doi.org/10.12252/j.issn.2096-627X.2019.11.1103
https://doi.org/10.12252/j.issn.2096-627X.2019.11.1103
https://doi.org/10.12252/j.issn.2096-627X.2019.11.1103
https://doi.org/10.12252/j.issn.2096-627X.2019.11.1103
https://doi.org/10.12252/j.issn.2096-627X.2019.11.1103
https://doi.org/10.1007/s12665-016-6193-1
https://doi.org/10.1046/j.1526-0984.2000.74002-12.x
https://doi.org/10.3390/w10070842
https://doi.org/10.3969/j.issn.1672-8114.2018.01.031
http://www.ykcs.ac.cn
http://www.ykcs.ac.cn
http://www.ykcs.ac.cn
http://www.ykcs.ac.cn

53 4

FAiz, % GA-BP M MR LERGHEZ M7 Mo T /K75 Qe B FEl A S5

%44 5

[28]

[29]

[30]

[31]

Ding Z H, Dong Z X, Yu S L. The analysis of
biodegradation technology in the field of refractory
organic matters[J]. Modern Chemical Research,
2018(1): 49-51.

IR, WA, IRBEE. AR RAL S W W
WFFERERE 1], BEHA= 5241, 2007, 18(7): 1654-1660
Sheng L X, Li M T, Xu J B. Research advances in
microbial degradation of nitrobenzene and its substituted
compounds [J]. Chinese Journal of Applied Ecology,
2007, 18(7): 1654—1660.

SLAR W, R R RS WL A T Y
HEYIESRPERE [T]. BREERI2E, 2006, 27(9): 1846—1852.
Dou J F, Liu X. Biodegradability of benzene series
compounds under nitrate reduction conditions[J].
Environmental Sciences, 2006, 27(9): 1846—1852.

MRS TFE T KA AR Bl A i RS Y A% e AL
BFFE[D]. KA MR, 2014,

Lin G Y. Study on the migration and transformation of
petroleum hydrocarbon pollutants in groundwater level
fluctuation zone [D]. Changchun: Jilin University, 2014.
B TRJZ R K R GEAT MRS YW 04 A W L )

WL (D). KF: FHhkE, 2013.

[32]

[33]

[34]

Lu Y. Study on biodegradation mechanism of petroleum

pollutants in shallow groundwater system [D].

Changchun: Jilin University, 2013.

M, WV, XUFE, 45, UGS S TEA R MR KR EE /Y
AR R A [T I, 2012, 31(4): 682—688
Li Y, Pan T, Liu F, et al. Biological co-metabolic
different

degradation of tetrachloroethylene in

groundwater environments[J]. Rock and Mineral
Analysis, 2012, 31(4): 682—688.

TR, SRR, RN, A A TS Y B K 2 MR ae
J1 MR AL 2 PEAG 0], o B R BT B 2%, 2018, 38(11):
4068—4074.

Ning Z, Guo C J, Cai P P, et al. Geochemical assess-
ment of the degradation capacity of an oil-contaminated
aquifer[J]. Environmental Sciences of China, 2018,
38(11): 4068—4074.

kAL KB, TR, . 15 i A AR REE E R
M M]. Jbst: BleE Rk, 2019:128-130.
Zhang M, Zhang W, Guo C J, et al. Remediation by

natural attenuation at contaminated sites: Principles and

practice [M]. Beijing: Science Press, 2019:128—130.

— 419 —


https://doi.org/10.3969/j.issn.1672-8114.2018.01.031
https://doi.org/10.3321/j.issn:1001-9332.2007.07.039
https://doi.org/10.3321/j.issn:1001-9332.2007.07.039
https://doi.org/10.13227/j.hjkx.2006.09.027
https://doi.org/10.13227/j.hjkx.2006.09.027
https://doi.org/10.15898/j.cnki.11-2131/td.2012.04.033
https://doi.org/10.15898/j.cnki.11-2131/td.2012.04.033
https://doi.org/10.15898/j.cnki.11-2131/td.2012.04.033
https://doi.org/10.19674/j.cnki.issn1000-6923.2018.0450
https://doi.org/10.19674/j.cnki.issn1000-6923.2018.0450

	1 研究区概况
	2 研究方法
	2.1 数据收集
	2.2 BP神经网络模型构建
	2.2.1 模型构建及主要参数设置
	2.2.2 遗传算法优化BP神经网络
	2.2.3 选择点位预测并进行插值


	3 结果与讨论
	3.1 实测点位Mn2+污染晕及研究区流场
	3.2 有机物污染物的空间分布特征
	3.3 Mn2+扩散范围圈定
	3.3.1 神经网络训练结果
	3.3.2 现象机理验证


	4 结论
	BRIEF REPORT
	参考文献

