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Abstract: This study emphasized the soil of environmental impact assessment to devise measures
to minimize the negative impact of project implementation on the environment. As a series of efforts
for impact assessment procedures, a national inventory-based database was established for urban
development projects, and three machine learning model performance evaluation as well as soil
pollutant concentration distribution mapping were conducted. Here, nine soil pollutants were
mapped to the metropolitan area of South Korea using the Random Forest model, which showed
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the best performance. The results of this study found that concentrations of Zn, F, and Cd were
relatively concerned in Seoul, where urbanization is the most active. In addition, in the case of Hg
and Cr6+, concentrations were detected below the standard, which was derived from a lack of
pollutants such as industrial and industrial complexes that affect contents of heavy metals. A
significant correlation between land cover and pollutants was inferred through the spatial
distribution mapping of soil pollutants. Through this, it is expected that efficient soil management
measures for minimizing soil pollution and planning decisions regarding the location of the project
site can be established.

Keywords: urban development, heavy metals in soil, spatial statistics, environmental impact
assessment, machine learning
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Table 1. Literature review related to the soil pollutants analysis

Division Author (Year) Model Study site
. hungcheongbuk-
. Yoon et al. (2019) Pollution Index Model ¢ lIln égss ti?eﬂi)ruea do
Domestic Jeon (2011) Geographic Information System (GIS) Daejeon
Kim (2016) GIS, Kriging Samcheok, Gangwon-do
GIS, Multiple Linear Regression (MLR),
Knoll et al. (2019) Clas&ﬁcatl(gﬁgjﬁ;i’rr Zzstl?lgFrl;fee (CART), Hesse, Germany
Boosted Regression Tree (BRT)
Shen et al. (2020) GIS, RF USA
Golia et al. (2021) Robust quadratic regression Thessaly Area, Greece
Zhou et al. (2021) GIS, Support Vector Machine (SVM), RF, BRT Switzerland
Forkuor et al. (2017) MLR, RF, SVM, stochastic gradient boosting South-\I’\(/):siePr;Ol;ﬁer{ei;la Faso
Liang et al. (2019) XGBoost China
Feng et al. (2020) Cellular Automata China
. Cambou et al. (2018) GIS New York, Paris
Foreign -
Hengl et al. (2017) XGBoost Worldwide

Mahmoudzadeh et al. (2020)

k-nearest neighbor (kNN), RF, Cubist (Cu),
XGBoost, Support Vector Regression (SVR)

Western Iran

Rosselet al. (2019)

Bootstraps

Australia

Zhang et al. (2020)

Artificial Neural Network, RF, SVM

Anhui Province, Eastern China

CART, kNN, Linear Regression,
Ridge regression, Stochastic gradient descent

Yang etal. (2021) regressor, SVR, Extremely Randomized Trees, Worldwide
Gradient Boosting Decision Tree, RF, XGBoost
Gomes et al. (2019) Cu, RF, SVM, Generalized Linear Models Brazil

Ahriwal et al. (2021)

XGboost

Indian Himalayan Region

Wang et al. (2020)

RF, Land Use Regression

Tianjin City, China
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Figure 1. Location of the study area and the distribution of
sampling points.
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Figure 2. Research flow for the prediction of soil pollutants.
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Table 2. Descriptive statistics of soil pollutants of the literature review

Author (Year) Value Cd Cu As Hg Pb Cro+ Zn Ni F
Min 8 34
Azizietal. (2022) | Max 42 153
Mean 21.6 91.82
Min 0.025 0.55 9.64
Maet al. (2016) Max 0.164 9.61 33.53
Mean 0.079 3.19 23.11
Min 0.003 0.008
Jiaetal. (2019) Max 114 7
Mean 0.3 0.2
Min 51 15.1 35 10 17.5 35.8 34.5 11.5
Zhang et al. (2020) | Max 791 92.7 40.2 1867 90.8 1122 421 59.4
Mean 1234 28.7 10.2 76.8 29.4 69.5 64.6 26.7
Min 0.066 8.3 432 0.009 13.8 53 37.1 18
Zhang et al. (2021) | Max 0.304 324 22 0.187 30.2 102 137 443
Mean 0.14 21.1 9.86 0.025 19.4 68 61.5 26.4
Min 0.11 3.8 0.02 16.71 52.82 54.23
Wang et al. (2020) | Max 1.8 15.84 2.99 81.12 230.3 368.8
Mean 0.32 10.39 0.24 33.14 93.5 111.8
Min 2.0 33 92 32 129 37 342
Lietal. (2019) Max 36.7 1359 1113 177 4774 206 2664
Mean 14.9 354 369 58 1180 74 883
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Table 3. List of input data

Category Variables Period Source
Dependent Soil EIASS 2000~2021 EIASS
Residential area Environmental Geographic
Independent Land Cover Cropland 2000, 2009 Information Service
Industrial area (EGIS)
Table 4. Mean value by soil pollutants (Units: mg/kg)
Cd Cu As Hg Pb Cro+ Zn Ni F
Mean 031 17.46 2.03 0.06 15.48 0.15 66.33 12.05 110.67
ZALste] 7|12 AR o] gstaLt shiTt. uhEhA A aff =2y = At
8 EGOPRY BT £ES Yohuy] U R ¥ ATE EYolHe] QB we] B B
Fe) HBATE HESHAKTable 2), olol ek FE |2 913 Al 1A F1 Ak me o)g5)
B Susl 7Y T HRIH 2% 9k NB, kNN % RF A 74 71Asks 7)Hel 4
B4 % 0QBAY BT P FENALFAN T 5 vusgon Mg 45 b dYES
AR AR EFEAY 09 A% HINS FHEF AR} M BP0 ol RS 1St
@2 B AY £2 AT 2202 HF AL Python ‘sklearn’ 571412 B85 00, w8
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B4 24 A 9 BA R Aot EX9E (Mean) 22 AA 3G th(Table 4). B2 7oA
dlolg AES 7|Hte 2 FAX Y -5 UA -5 UA] i) FH g2 B 7o 2 8k AN
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Figure 3. Comparison of performance of each machine learning algorithms (NB, kNN, RF) for pollutants
in possibility of soil contamination (The red dotted line: the average AUC value of each machine

learning algorithms).

Table 5. Validation results of the machine learning algorithms with average AUC value 8 repetitions of model training

Element NB (Naive-bayes) kNN (K-nearest neighbor) RF (Random Forest)

Cd 0.69 0.81 0.90

Cu 0.61 0.79 0.90

As 0.68 0.81 0.91

Hg 0.89 0.92 0.96

Pb 0.59 0.78 0.89

Cr6+ 0.85 0.89 0.95

Zn 0.58 0.77 0.88

Ni 0.60 0.79 0.90

F 0.55 0.75 0.88
52 st o ANHOE AGEE AYH 5 A5 HoIF RF R Age] Sud 499 F
7191 Area Under the ROC Curve (AUC) 54| &I B4 529 3 oS EAL A9YEkTt &
EE g3t AUCRE WIS B9 e JES Y DEY GRS 00141 1 Abe)] & A, 13} 7t
7hetgith(Figure 3). 017164l AUC =27} b= &S5 AddoR 5459 w57 #3109 7Phe
Ao ZUAS TS BY o3 o] ErhE 42 AUHOR T4 SE/ vk AT &

e Gt Sa%ol tigh NB, kNN, RF 24 Ach(Figure 4).

Aol w2, 971A] HE Fa4ollA RF 2do] 3 ANE B A2 A o]l 24, U 2 ¥
HFHoE 7MY £ oS A% FAsld, 2 Aol B Al A EFeded st
KNN 4 NB 402 Q4% Bd 453 Holgglt  Atjdes £ 488 /A A4S 3lg 4 k.
(Table 5) 53] Zn, F % CdoflA o]=g @4po] F=2i7it, ot
) A9k 557} 712 ol8l2 HEE a4 He % Cr6+
2 Exvasd s= L YR of 4% w3k ek, YR AME R IE A3
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