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Abstract: Soil heavy metal pollution is an important content for soil 

environmental governance. Based on the three-Dimensional (3D) geological 

modeling technology and ordinary Kriging method, this study described and 

analyzed the soil pollution status and spatial distribution characteristics of a 

site in Zhongshan, Guangxi. The results showed that combining 3D 

geological model and the Kriging interpolation method can well evaluate soil 

heavy metal pollution. The 3D geological model showed that the pollutant 

concentration in soil ranked As>Pb>Mo and the pollution degree decreased 

gradually from top to bottom. As such, the miscellaneous fill soil layer was 

the layer that needs to be repaired. In addition, the single-factor pollution 

level and Nemerow comprehensive index method were used to evaluate the 

pollution risk of the site. The evaluation results showed that the soil quality 

was seriously threatened by As and the heavy pollution (Pi>3) accounted for 

61.10%. Furthermore, attention should be paid to the potential risk of Pb in 

the miscellaneous fill layer. This study can provide a 3D visualization 

method for comprehensive analysis of soil heavy metal pollution and a 

scientific reference for the formulation and implementation of subsequent 

site remediation strategies. 

 

Keywords: Soil Heavy Metals, Spatial Distribution, Ordinary Kriging, 3D 

Geological Modeling 

 

Introduction 

Soil is the basic material of human production and the 

origin of cultural civilization (Gruszecka-Kosowska, 

2019). Its development is affected by climate and 

meteorology (Othmani et al., 2015), soil parent rock 

(Santos-Francés et al., 2017), landform, vegetation 

coverage, and human activities. Behaviors such as land-use 

change, vegetation destruction, and soil layer destruction 

caused by human activities can affect the urban 

microclimate and cause large-scale air, river, and soil 

pollution (Liu et al., 2020a; Sampson et al., 2021). 
The treatment of heavy metal pollution sites is a 

common and urgent problem facing the world (Hou et al., 

2017). Scholars have been assessing soil heavy metal 

enrichment to quantitatively identify the pollution sources 

or developing models to predict the impact of heavy metals 

on industrial operations (Abderrahmane et al., 2021; 

Buaisha et al., 2020). Before on-site treatment, based on 

mastering the spatial distribution of pollutants, it is 

necessary to evaluate the pollution degree and polluted 

earthwork at the site. 

Spatial interpolation is an important method to 

simulate the spatial distribution of heavy metals in soil 

(Zhang et al. 2021). It can determine the distribution 

characteristics of soil heavy metals. Sabet Aghlidi et al. 

(2020) used Kriging technology to interpolate the 

contents of all analyzed elements for the whole 

agricultural area of Eghlid County. O’Shea et al. (2021) 

used the natural neighborhood method to approximately 

determine the Pb content in the area around the sample 

location. Ahado et al. (2021) used ordinary Kriging 

interpolation to determine the difference and similarity 

proportional to the distance between stations. Chen et al. 

(2021) interpolated the surface pollutants in the mining area 

by the Kriging interpolation method. Agyeman et al. (2021) 

evaluated the spatial distribution of PTE in topsoil and 

subsoil by inverse distance weighted interpolation. 
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Substantially, multivariate statistics were also used in 

soil pollution assessment. Nazzal et al. (2021) used 

multivariate analysis and calculation of pollution index 

to evaluate the concentration of 17 elements in the 

agricultural soil of Abu Dhabi Emirate, then grouped 

them. Huang et al. (2020) used the Inverse Distance 

Weighted (IDW) method to create the spatial 

distribution map of potentially toxic elements and 

analyzed the sources of As, Pb and Cr by principal 

component analysis. Currently, topsoil sampling is 

mostly used in site pollution assessment. It adopts               

two-dimensional data and lacks 3D model establishment. 

Since the soil is permeable and the movement speed of 

pollution is controlled by soil porosity, the lateral and vertical 

migration of pollutants needs to be considered when 

conducting site assessments (Barca et al., 2021). As a result, 

it is difficult to fully and accurately understand the geological 

conditions of underground space, the distribution pattern of 

pollutants, and the polluted earthworks. If only the surface 

layer is sampled, it will bring difficulties or even errors to the 

detailed investigation of the site and the subsequent soil 

remediation construction. 

There used to be an arsenic production workshop in the 

southwest of Zhongshan County, Guangxi, and ammonium 

molybdate was produced in the northern workshop. A large 

number of wastes are piled up randomly without 

treatment, which has potential As, Mo, and Pb 

pollution risks to the site and surrounding environment. 

Therefore, it is necessary to evaluate the pollution degree 

and estimate the polluted earthwork of the site. It is also 

urgent to fully understand the pollution status and spatial 

distribution characteristics of heavy metals in the study 

area. Based on the borehole sampling data and the 

establishment of a borehole geological database, a 3D 

geological model of the site is established. 

This study aims to analyze the spatial distribution 

of soil heavy metals, explain the reasons affecting the 

spatial distribution of heavy metals and calculate the 

polluted earthwork. The method in this study can 

provide a reference for analyzing the spatial 

distribution of pollutants, provide a theoretical basis 

and case support for the polluted target control in the 

study area and realize the three-dimensional 

visualization of the spatial distribution of pollutants in 

the horizontal and vertical directions. 

Materials and Methods 

The workflow of the proposed methodology of the 

present study is depicted in Fig. 1. The operational 

workflow diagram of the proposed methodology 

includes the establishment of the three-dimensional 

model, Kriging interpolation prediction, and heavy 

metal pollution evaluation. 

Study Area 

The site is located in Zhongshan County, Hezhou, 

Guangxi Province, with typical karst landform 

characteristics. It is a subtropical monsoon climate and 

the rainfall is mainly concentrated from April to June. 

The site to be treated and repaired is about 38547 m2. 

From top to bottom, the soil of the site are 

Miscellaneous fill (average 1.79m), Silty clay (average 

3.62 m), silty clay with gravel sand (average 4.34 m) 

(artificially accumulated in the quaternary system), and 

the gravel sand of Pleistocene alluvial-pluvial origin 

(average 4.46 m). The geological structure of the site is 

simple. There are no new active faults passing through the 

site and its vicinity and the regional geological structure 

is stable. Runoff in the county is divided into Local River 

runoff and guest water runoff. The main source of river 

runoff in the territory is atmospheric precipitation. The 

surface water is mainly from the reservoirs on the 

northeast and south sides of the site. 

Sample Collection 

To grasp the spatial distribution of arsenic, 

plumbum, and molybdenum at the site, drilling 

sampling is conducted through the principle of 

combining professional judgment and grid distribution. 

The accuracy of sampling points in the suspected 

polluted areas is not less than 20 × 20 m and that 

outside other suspected polluted areas is not less than 

40 × 40 m. As shown in Fig. 2, the site has 75 sampling 

points and can be divided into. 

3D Geological Model Construction 

A geological database is the basis of 3D geological 

modeling. Generally, the geological database to be 

established includes a collar table, survey table, rock 

table, and assay table (Van Dyke et al., 2020;        

Kasmaee et al., 2010; Xiang et al., 2019). The tables are 

associated with "hole_id" and the fields contained in the 

four tables are shown in Table 1. 

The solid model shows the soil layers in three 

dimensions. On each exploration line section, the 

boundaries of the same soil layer in the borehole are 

connected to obtain the stratigraphic interpretation 

lines. The stratigraphic interpretation lines at different 

sections are connected bya triangular network to form 

a stratigraphic solid model. To interpolate the grade of 

heavy metal pollutants, it is necessary to establish a block 

model of the site based on the solid model. Typically, the 

block size in the X and Y planes is 1/3-1/5 of the exploration 

spacing, and that in the Z direction is 2-3 times the combined 

sample length (Choudhury, 2015). 
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Fig. 1: Study workflow 
 

 
 

Fig. 2: Layout of soil sampling 
 
Table 1: Structure of surface geological database 

Name Field 

 ------------------------------------------------------------------------------------------------------------------------------------------- 

Collar Hole_id Y X Z Max depth Hole path 

Survey Hole_id Depth Dip Azimuth 

Rock Hole_id ‘’ Depth from Depth to Rock 

Assay Hole_id Sampled Depth from Depth to As, Mo, Pb 

 

Spatial Variability Analysis

The spatial variation characteristics of elements in the 

soil can be understood as the relationship between the 

semi variance and spatial distance. Geostatistical analysis 

needs to satisfy the second stationary assumption. It is 

difficult to strictly satisfy the second stationary 

assumption. Thus it only needs to satisfy the mathematical 

expectation that the difference between two sampling 

points at any given distance is 0 and has a finite variance 
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depending on the spatial position (Breckenkamp et al., 

2021; Sauzet et al., 2021; Setiyoko et al., 2020). The 

experimental semivariogram is the distribution of the 

semivariogram with a specific lag (Tabesh et al., 2021; 

Huang and Xie, 2019). The semivariogram is fitted by 

Surpac to create a continuous model. The fitting function 

of the semivariogram is: 
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where, γ*(h) is the experimental variogram value; Z(xi) 

is the observed value at position i; Z(xi+h) is the 

observed value when h is away from x and N(h) is the 

logarithm of data points separated by h (Barkat et al., 

2021; Chaudhry and Sachdeva, 2022). 

Based on discrete observations, the theoretical 

semi-variogram model is used. The spherical, 

exponential, and Gaussian models fit continuous curves to 

quantitatively describe the spatial correlation of variables 

between any points (Fitriani and Sumarminingsih, 2014; 

Yan et al., 2021). The spherical model is often used to 

describe soil heavy metal pollution: 
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where, C0 is the nugget value; a is the range; h is the 

hysteresis and C0+C is the sill value. 
For geostatistical methods, the most widely used is the 

ordinary Kriging method developed from the mineral 
reserves (Coulibaly et al., 2021; Park et al., 2019). The 
ordinary Kriging method is a geostatistical interpolation 
method based on spatial correlation variance and is used to 
find the best linear unbiased estimation (Al-Mamoori et al., 
2021; Belkhiri et al., 2020; Hasan et al., 2021). The 
formula is as follows: 
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where, Z(xp) is an estimate of the variable Z at position xp; 
Z(xi) is a known value of position xi andλi is the weight. 

Evaluation of Heavy Metals in Soil 

Single-factor index method (Wang et al., 2014) and 
Nemerow comprehensive index method are used for soil 
heavy metal pollution assessment: 
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where, Pi is the environmental quality index of the ith 

pollutant in soil; Ci is the measured concentration of the 

ith pollutant (mgkg-1) and Si is the evaluation standard of 

the ith pollutant (mgkg-1). The greater the index, the higher 

the accumulation concentration of heavy metals in soil 

(Qi et al., 2020). PZ is the Nemerow integrated pollution 

index; Pimax is the maximum single-factor index value for 

heavy metals and Piavg is the average value. 

Results and Discussion 

3D Geological Model of the Site 

Through the sampling data of the on-site borehole, the 

3D spatial position and shape of the borehole can be 

visually displayed through the 3D borehole database after 

the geological database is established by using the Surpac 

software (Li et al., 2013). On the exploration line profile, 

different boreholes are respectively surrounded by 

wireframes according to the miscellaneous fill, silty clay, 

silty clay with gravel-sand, and gravel sand. A total of 

four wireframe models are formed on each profile. 

Wireframes representing the same soil layer on different 

exploration lines are filled with triangulation nets to form 

4 solid models. After the solid model is established, it 

needs to verify its effectiveness and check whether there 

is overlap between the triangulation networks. Figure 3 

shows the solid model and sampling boreholes of the site 

after the validity of this article is verified. 

The spacing of drilling lines on site is 20 × 20 m and the 

max drilling depth is 20 m. According to the drilling layout 

of the site, the unit block size is determined as 4 × 4 × 1 and 

2 × 2 × 0.5 m is the secondary block size. 

Statistical Analysis of Data 

Traditional statistical analysis is used to determine the 
basic characteristics of the data and obtain the sampling 
length to provide a parameter basis for the combined 
sample length (Ćujić et al., 2017). The average onsite 
sampling leng this 1.156 m. After calculation and 
regularization, 1 m integrated samples can well analyze 
the structure of the variogram.  

The statistical results of the integrated samples are 
shown in Table 2. It can be seen that As, Mo, and Pb all 
have different degrees of pollution at the site. The average 
concentrations of pollutants in the entire formation are 
1700 mgkg-1  (As), 28.27 mgkg-1 (Mo) and 1.20 mgkg-1 (Pb). 
Liu et al. (2020b) also came to this conclusion when they 
investigated the surrounding area of the site. Comparing 
the Coefficient of variation (Cv), it was found that there 
was significant variation in pollutants, which were  
2.55 (As), 5.3 (Mo), and 12.54 (Pb). All are greater than 
1.0, which is a strong variation. It shows that the 
distribution of pollutants at the site is uneven and the soil 
pollution is greatly affected by human activities, that is, 
there are behaviors such as pollutant leakage and waste 
residue stacking in the production process. 



Baoshun Liu et al. / American Journal of Biochemistry and Biotechnology 2022, 18 (2): 224.237 

DOI: 10.3844/ajbbsp.2022.224.237 

 

228 

The standard deviation in Table 2 varies greatly and 

the skewness and kurtosis values show that the heavy 

metal content at the site does not meet the requirements of 

a normal distribution and an ordinary Kriging unbiased 

estimate. To ensure that the data does not deviate 

significantly from the normal (Tziachris et al., 2017), the 

data needs to be preprocessed before calculating the 

variogram. In this study, the logarithm method is used to 

complete the data preprocessing. When taking the logarithm, 

the formula Log10 (d1+0.0001) is used. d1 represents the 

contents of As, Pb, and Mo. After taking the logarithm, the 

skewness in Table 2 is close to 0 and the kurtosis is 

close to 3, which meets the normal distribution. 

Variogram Fitting and Model Cross-Validation 

The distance between the two farthest points of the soil 

layer entity at the entire site is 275 m. When calculating 

the variation function, the maximum search distance is 

greater than 160 m. It can meet the requirements of more 

than three sample points in the search distance. The 

exploration spacing is 20 × 20 m and the lag distance starts 

to fit the variogram from 10 m. After calculation, the 

fitting effect is optimal when the angle error limit is 22.5°. 

From the experimental variogram of characteristic 

directions of As, Mo, and Pb, the variogram with the 

smallest variance in the longest distance is selected as MAA. 

Figure 4 is the major axis of variogram curve fitting. The first 

line shows the major axis fitting results of As, Mo, and Pb in 

the entire soil layer, respectively. The four figures from the 

second row to the fourth row show the major axis fitting 

results of As, Mo, and Pb in the miscellaneous fill soil layer, 

silty clay layer, silty clay layer with gravel-sand, and gravel 

sand layer, respectively. After the major axis is determined, 

the plane perpendicular to the major axis is the plane where 

SMA and MIA are located. Using the same method, the other 

two axes are obtained. After fitting with the ellipsoid, the 

parameters of an anisotropic ellipsoid (MAA/SMA, 

MAA/MIA, Azimuth: Bearing of MAA, Inclination angle: 

Plunge of MAA and dip of SMA) and the spherical model 

are obtained (Table 3). 
From Table 3, it can be found that Mo and Pb have a 

high Nugget Effect, i.e., the ratio of nugget to sill is 
greater than 0.75, indicating that the spatial correlation 
between these two heavy metals is weak. This may be 
caused by random factors such as industrial pollution. 
Guedes et al. (2020) simulated the impact of different 
levels of Nugget Effect on Kriging valuation and noted 
that high Nugget Effect would negatively affect the 
efficiency of Kriging-based prediction. High Nugget 
Effect would negatively affect Kriging predictions and 
reduce the efficiency of Kriging-based spatial predictions. 
In the follow-up study, the efficiency of spatial 
interpolation prediction of Mo and Pb at this site should 
be further improved. The variation range of Pb in the 
gravel sand layer is 32.581 m and that of as in the 
miscellaneous fill layer is 102.13 m, indicating that the 
spatial variability of heavy metals is large. 

Cross-validation provides an aggregated measure of 
error and allows the comparison of interpolation methods 
(Ouabo et al., 2020).ME, MAE, RMSE, and the 
proportion of errors in two standard deviations were used 
to verify the model parameters to assess the difference 
between the real and estimated values (Shen et al., 2019; 
Setiyoko et al., 2019). ME, MAE, and RMSE are close 
to 0. The error distribution should be normal and the 
confidence limit should be in the range of positive and 
negative double Kriging variance (Nasta et al., 2021). 
After cross-validation, the theoretical model parameters 
meet the cross-validation criteria and can be used for 
interpolation of As, Mo, and Pb at the site. 

 

 
 

Fig. 3: Three-dimensional solid model of the site 
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Fig. 4: Fitting results of spindle variogram 

 
Table 2: Integrated sample statistics 

Element Stratum Min/mgkg-1 Max/mgkg-1 Mean/mgkg-1 Std. Skew Kur Cv 

As 1 7.40 65692.00 5247.00 10438.00 3.88 21.10 2.00 

 2 6.20 23650.00 1548.00 3155.00 3.80 19.80 2.03 

 3 7.26 10046.00 1012.00 1479.00 2.84 13.80 1.46 

 4 7.86 4930.00 729.00 908.00 1.99 8.10 1.25 

 5 2.50 65692.00 1700.00 4340.00 7.70 90.00 2.55 

Mo 1 0.00 1856.00 66.00 214.00 6.20 47.60 3.24 

 2 0.00 1567.00 25.00 107.00 10.70 144.60 4.19 

 3 0.00 2640.00 32.00 204.00 10.37 119.00 6.40 

 4 0.00 452.00 17.40 59.00 5.90 41.00 3.37 

 5 0.00 2640.00 28.27 150.00 11.75 170.00 5.31 

Pb 1 4.12 1560.00 209.00 395.00 2.90 11.76 1.90 

 2 4.00 836.00 48.00 94.00 4.96 32.20 1.96 

 3 3.30 512.40 32.90 46.00 5.31 45.40 1.40 

 4 3.40 582.00 36.10 68.10 6.78 53.80 1.90 

 5 3.30 1560.00 61.20 156.00 6.01 45.81 2.54 

Note: 1. Miscellaneous fill 2. Silty clay 3. Silty clay with gravel sand 4. Gravel s and 5. Entire soil layer 
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Table 3: Parameters of anisotropic ellipsoid and spherical models 

 Nugget Sill Nugget/ Range MAA MAA  Inclination Dip 

 value value Sill /m /SMA /MIA Azimuth/° angle/° angle/° 

As 0.320 0.684 0.47 89.033 1.386 8.672 150 0 0 

Mo 0.573 0.428 1.34 92.496 1.157 9.157 30 0 0 

Pb 0.480 0.525 0.91 81.958 2.253 14.108 120 0 0 

As (1) 0.443 0.558 0.79 102.13 1.473 15.390 160 0 0 

As (2) 0.369 0.636 0.58 86.022 1.865 9.863 150 0 0 

As (3) 0.338 0.663 0.51 87.076 1.040 11.469 150 0 0 

As (4) 0.448 0.552 0.81 63.893 1.012 8.660 130 0 0 

Mo (1) 0.535 0.465 1.15 52.753 1.221 6.852 170 0 0 

Mo (2) 0.332 0.670 0.50 72.323 1.809 7.711 30 0 0 

Mo (3) 0.224 0.780 0.29 83.764 1.011 10.096 20 0 0 

Mo (4) 0.273 0.728 0.38 79.104 1.641 12.151 160 0 0 

Pb (1) 0.532 0.469 1.13 98.367 2.164 11.894 100 0 0 

Pb (2) 0.267 0.738 0.36 71.721 1.938 13.587 120 0 0 

Pb (3) 0.482 0.519 0.93 65.549 1.115 5.725 120 0 0 

Pb (4) 0.361 1.005 0.36 32.581 3.016 7.671 160 0 0 

Note: As (1), As (2), As (3), and As (4) represent As is in the Miscellaneous fill soil layer, Silty clay layer, Silty clay layer with 

gravel-sand and Gravel sand layer, respectively. Mo (1), Mo (2), Mo (3), Mo (4) and Pb (1), Pb (2), Pb (3), and Pb (4) are the same 
 

Discussion 

The 3D-dimensional geological model divides the 

site into many small blocks. The concentration of 

pollutants in these small blocks is obtained by ordinary 

Kriging interpolation. The spatial distribution of 

pollutants at the site is analyzed and the polluted 

earthwork volume is estimated. 

3D Visualization Analysis  

Figure 5 shows the spatial distribution of As, Mo, and 

Pb pollution in the entire formation. The average 

concentration of As is 564.45 mg·kg-1, far exceeding the 

control risk value of 60 mg·kg-1. As is serious pollution, 

especially in the southwest of the site. The average 

concentration of Mo is 9.53 mg.kg-1 and the proportion 

exceeding the control risk value of 775 mgkg-1 is 

relatively small. The concentration of Mo in the northwest 

corner of the site is higher than in other areas. The average 

concentration of Pb is 35.40 mg.kg-1 and the proportion 

exceeding the control risk value of 800 mg.kg-1 is 

relatively small. There are multiple hotspots in its spatial 

distribution map and the highest risk areas are located 

southwest of the site. 

The concentration of As, Mo, and Pb pollutants in the 

vertical direction gradually decreases from the surface 

layer to the lower layer (Fig. 6, 7, 8). The proportion of 

As in the miscellaneous fill soil layer greater than 

1400 mg·kg-1 is as high as 49.2%. 

The arsenic production workshop is in the southwest 

area of the site. One of the reasons for serious pollution is 

the arsenic leakage in the production process. On the other 

hand, the dismantled production workshop was not 

protected in any way. Part of the construction waste was 

scattered on the ground and mixed with the soil and a large 

number of waste residues were piled up in the production 

workshop. The soil medium in this area has a good 

infiltration effect and rainwater leaching causes pollution. 

The terrain at the site is roughly high in the south and low 

in the north. Pollutants migrate in the soil due to rainwater 

leaching and ground washing water scouring. Pollutants 

are discharged with surface runoff to the lower north of 

the site, causing pollution in the north. According to the 

data, the groundwater depth of the site is relatively 

shallow (approximately 2.18-6.8 m). The pollutants in the 

shallow layer are leached with surface water and then 

seep, which easily causes the pollution of groundwater. 

Moreover, pollutants move vertically and horizontally 

with the flow of groundwater, resulting in deep soil and 

groundwater pollution in other areas. The lightly 

polluted area was a wasteland before the construction 

of the plant and no production activities were carried 

out. After the plant was built, the ground was hardened 

in this area, which had a certain preventive effect on 

soil pollution. Therefore, only the area close to the 

production workshop was polluted. 

Due to the short production time of the molybdic acid 

plant, there is only a pollution risk around the 

molybdenum acid plant. The reason for the high Pb in the 

original roasting reverberatory furnace production 

workshop is that there is a small amount of Pb in the raw 

ore materials left after the workshop is closed. The waste 

residue dump area in the north may be because the waste 

residues contain Pb, which is piled on the surface of the 

site in the open air and has been leached and infiltrated by 

rainwater for a long time. Pb in the surrounding area of 

the ammonium molybdate plant may be affected by the 

northern waste residues. 

Evaluation of Soil Heavy Metal Pollution 

According to the soil pollution screening values, the 

single-factor index Pi and Nemerow comprehensive index 
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Pz of As, Mo, and Pb are calculated (Table 4-6). Pz of As 

in the entire soil layer is 228.62. It is a severely polluted 

area and heavy pollution (Pi>3) accounts for 63.70%. As 

accounts for 80.10% of the heavy pollution (Pi>3) of the 

miscellaneous fill, 61.10% of the heavy pollution (Pi>3) 

in silty clay, 3.6% of the heavy pollution (Pi>3) in silty 

clay with gravel-sand and 57.30% of the heavy pollution 

(Pi>3) with gravel sand. This shows that As is the most 

serious pollution in the miscellaneous fill soil layer. Pz of 

Mo in the entire soil layer is 0.2, which is the safety area. 

Pz of Pb in the miscellaneous fill soil layer is 0.7, which 

is pollution prevention. The risk of potential pollution 

should be prevented and it is safe and non-polluting in 

other soil layers. 

Contaminated Earthwork Volume 

Based on the 3D-dimensional geological model, the 

earthwork volume under different pollution 

concentrations can be counted to provide a reference for 

the project cost in the future on-site management. Figure 9 is 

the earthwork volume of pollution at the site. 

 

 
 

Fig. 5: Stratigraphic interpolation results at the entire soil layer 
 

 
 

Fig. 6: Distribution of as at each soil layer 
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Fig. 7: Distribution of Mo at each soil layer 

 

 
 

Fig. 8: Distribution of Pb at each soil layer 
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Fig. 9: Earthwork contaminated by as at different concentrations 

 
Table 4: Pi and Pz of As 

 The proportion of different pollution Pi/% 

 ------------------------------------------------------------------------------------------------------------------------------------------------- 

Element 0<Pi≤0.5 0.5<Pi≤1 1<Pi≤2 2<Pi≤3 3<Pi≤4 4<Pi≤5 Pi>5 PZ  

5 8.80 5.90 11.20 10.40 10.10 7.70 45.90 228.62 

1 14.60 0.00 2.50 2.60 3.00 2.60 74.50 148.27 

2 19.30 1.00 6.70 11.90 11.00 10.80 39.30 133.15 

3 3.50 1.50 9.50 12.00 10.90 9.00 53.70 77.92 

4 2.20 0.20 15.70 24.70 16.90 9.70 30.70 24.56 

 
Table 5: Pi and Pz of Mo 

 Proportion of different pollution levels Pi/% 

 ------------------------------------------------------------------------------------------------------------------------------------------------- 

Elements 0<Pi≤0.5 0.5<Pi≤1 1<Pi≤2 2<Pi≤3 3<Pi≤4 4<Pi≤5 Pi>5 Pz 

5 100.00 0.00 0.00 0.00 0.00 0.00 0.00 0.16 

1 100.00 0.00 0.00 0.00 0.00 0.00 0.00 0.21 

2 100.00 0.00 0.00 0.00 0.00 0.00 0.00 0.21 

3 100.00 0.00 0.00 0.00 0.00 0.00 0.00 0.61 

4 100.00 0.00 0.00 0.00 0.00 0.00 0.00 0.14 

 
Table 6: Pi and Pz of Pb 

 Proportion of different pollution levels Pi/% 

 ------------------------------------------------------------------------------------------------------------------------------------------------ 

Element 0<Pi≤0.5 0.5<Pi≤1 1<Pi≤2 2<Pi≤3 3<Pi≤4 4<Pi≤5 Pi>5 Pz 

5 99.90 0.10 0.00 0.00 0.00 0.00 0.00 0.56 

1 99.60 0.30 0.10 0.00 0.00 0.00 0.00 0.73 

2 99.90 0.10 0.00 0.00 0.00 0.00 0.00 0.42 

3 100.00 0.00 0.00 0.00 0.00 0.00 0.00 0.12 

4 100.00 0.00 0.00 0.00 0.00 0.00 0.00 0.25 
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Conclusion 

In this study, the soil heavy metal pollution of a site in 
Zhongshan, Guangxi was evaluated based on limited 
sampling points. The purpose is to emphasize the validity 
and importance of combining 3D geological modeling 
technology and geostatistical interpolation method to 
analyze the status of heavy metal pollution. The 
conclusions are as follows:  
 
(1) Combining 3D geological modeling technology and the 

Kriging interpolation method to establish a 3D 
geological model of the polluted site can intuitively 
show the spatial distribution of heavy metals. The 
results show that the concentration of heavy metal 
pollutants at the site ranks as As>Pb>Mo. In the 
horizontal direction, the pollution is mainly 
concentrated in the southwest area of the site; in the 
vertical direction, the concentration of pollutants 
gradually decreases with the deepening of the soil layer, 
which intuitively shows the migration and diffusion law 
of pollutants in the underground. Based on the 3D 
geological model of the site, the earthwork volume of 
different concentrations of heavy metals can be easily 
estimated, which can provide a reference for the cost 
accounting in the future on-site governance 

(2) The single-factor index and Nemerow comprehensive 

index are used to evaluate the heavy metal pollution at 

the site, which helps decision-makers to further clarify 

the remediation plan and screen there mediation 

technology. As is the most serious pollution and the 

medium and heavy pollution (Pi>3) accounts for 

61.10% of the entire soil layer, which will seriously 

threaten the local environmental safety. For Pb, it 

only needs to focus on its potential pollution risk in 

the mixed fill layer and the impact of Mo in the soil 

is in a safe range 

 

In this way, 3D geological model helps analyze the law 

of heavy metal diffusion and can accurately describe the 

relationship between the spatial location and concentration of 

heavy metals to visually display the site pollution 

information. It also can provide a scientific basis for the 

subsequent restoration and governance of the site. In the 

future, the optimization of the combined model can be 

strengthened and the spatial distribution of pollutants can be 

simulated by using machine learning and deep learning 

technology to improve the interpolation accuracy and 

promote the intelligentization of environmental governance. 
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