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Abstract 
Mining and smelting activities are predominant anthropogenic drivers of soil 
heavy metal accumulation in farmland ecosystems, posing pronounced threats 
to agricultural food safety and public health in mineral-rich regions of south-
west China. To systematically characterize contamination status, resolve spa-
tial distribution patterns, and quantitatively apportion pollution sources of soil 
heavy metals in the Huize mining area of Yunnan Province, this study investi-
gated 28.6 km2 of arable farmland as the study domain. A total of 50 topsoil (0 
- 20 cm) samples were collected to determine concentrations of five heavy met-
als (As, Cu, Zn, Pb, Cd) and soil pH. Coupled with multi-source geospatial 
datasets (10 m-resolution DEM, county-level GDP grid, long-term meteoro-
logical records, and population density), spatial distribution patterns were 
mapped via ordinary Kriging interpolation in ArcGIS 10.6. The Positive Matrix 
Factorization (PMF 5.0) model and geographical detector method were jointly 
applied to identify pollution sources, quantify their contribution rates, and dis-
entangle the driving mechanisms of natural conditions and anthropogenic ac-
tivities on heavy metal spatial differentiation. Results showed varying degrees 
of heavy metal accumulation across the study area. Cadmium (mean 0.34 mg/kg) 
exceeded the risk screening value of GB 15618–2018 at 2.0% of sampling sites, 
while As, Cu, Zn and Pb mean concentrations remained below the Yunnan 
provincial soil background values. Heavy metals exhibited significant spatial 
clustering, with high-concentration zones concentrated in the core mining dis-
trict and its surrounding 5 km buffer. Four primary pollution sources were 
quantified: industrial emissions (38.2%), agricultural activities (27.5%), natural 
background (22.3%), and traffic pollution (12.0%). Industrial emissions con-
tributed 50.8% and 45.5% to Cd and Pb accumulation, respectively. Population 
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density and annual precipitation exerted dominant effects on spatial differen-
tiation, and multi-factor interactions significantly amplified spatial heteroge-
neity. This study provides quantitative evidence for targeted pollution preven-
tion, precise remediation, and sustainable agricultural management in mining-
affected karst regions. 
 

Keywords 
Huize Mining Area, Soil Heavy Metals, Spatial Distribution, PMF Model, 
Source Apportionment, Driving Mechanism 

 

1. Introduction 

Soil heavy metal contamination has become a pervasive environmental challenge 
globally, driven by accelerated urbanization, industrialization, and intensive min-
eral exploitation (Qian et al., 2025). In China, approximately 19.4% of arable soil 
samples exceed national heavy metal thresholds according to the National Soil 
Pollution Survey Communiqué, jeopardizing soil fertility, crop productivity, and 
food safety (Wang et al., 2023). Unlike degradable organic pollutants, heavy met-
als persist in soils with high bioaccumulation potential and low degradability; they 
can be transferred through the food chain and pose chronic risks to human health, 
including nephrotoxicity, neurotoxicity, and carcinogenic effects (Jomova et al., 
2025). Among anthropogenic sources, mining and smelting activities are recog-
nized as major contributors to farmland soil contamination, particularly in min-
eral-rich karst regions of southwest China, where geological background values 
are already naturally elevated (Li et al., 2025a).  

Huize County is situated in the north-east of Yunnan Province, within the Si-
chuan-Yunnan-Guizhou lead-zinc mineralisation belt. It is a key area in Yunnan 
Province for the concentration of mineral resources and a major maize-producing 
region (Tan et al., 2023). Decades of mining, ore dressing, and smelting activities 
have caused widespread heavy metal accumulation in surrounding farmlands, mak-
ing this area a high-priority zone for soil pollution control and safe agricultural 
utilization (Cheng et al., 2025). The region serves dual functions as a mineral pro-
duction base and a staple grain production area, so soil heavy metal contamina-
tion directly threatens local agricultural product quality and resident health (Kim, 
2015) Soil heavy metal pollution in mining areas is characterized by long-term 
persistence, concealment, strong spatial heterogeneity, and general irreversibility 
(Xu, 2024). Elements such as Cd and Pb are of particular concern due to their high 
toxicity and high mobility in soil-crop systems; Cu and Zn, while essential micro-
nutrients for crops, also exhibit ecological and health risks at excessive concentra-
tions (Guo et al., 2023). As contamination continues to expand, accurate contam-
ination assessment and safe utilization of contaminated farmland have become 
urgent tasks for local environmental management (Wen et al., 2022). 

Current research on the Huize mining area suffers from three notable limita-
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tions. First, systematic characterization of heavy metal spatial patterns remains 
insufficient, with most studies limited to small-scale sampling rather than regional-
scale pollution mapping. Second, source apportionment efforts have been predom-
inantly qualitative; few studies have quantified the relative contribution of each 
pollution source. Third, the joint driving mechanisms of natural factors and hu-
man activities on heavy metal distribution remain poorly understood, hindering 
the formulation of targeted prevention and control strategies. Existing studies have 
mostly focused on descriptive contamination status or qualitative source identifica-
tion; quantitative source apportionment integrating spatial distribution analysis 
and driving mechanism exploration for the Huize mining area is still lacking. There-
fore, a systematic investigation combining field sampling, GIS spatial analysis, and 
receptor modeling is necessary to resolve heavy metal sources and spatial differ-
entiation patterns in this region. 

Extensive research has been conducted on soil heavy metal spatial distribution 
globally. Common spatial analysis methods include Kriging interpolation, inverse 
distance weighting (IDW), and geographically weighted regression (GWR) (Yang 
et al., 2018). Ordinary Kriging is widely adopted in soil heavy metal studies due to 
its ability to account for spatial autocorrelation and produce robust interpolation 
accuracy (Wu et al., 2022). For instance, Kriging analysis in Baoji City revealed 
significant spatial clustering of Cd and Zn in urban soils; in mining area contexts, 
heavy metal distribution is consistently linked to mining intensity and topographic 
conditions, with high-concentration zones concentrated around mine pits and 
smelting facilities. For source apportionment, principal component analysis, clus-
ter analysis, the PMF model, and the UNMIX model are the most prevalent re-
ceptor-based approaches. As a multivariate receptor model, PMF does not require 
pre-known source component spectra; it can quantitatively resolve pollution sources 
and their contributions based on sample concentration data and associated un-
certainty, making it increasingly popular in soil heavy metal source studies (Xie et 
al., 2024). Applications of PMF in Lijiang City, for example, identified four dom-
inant sources: industrial, traffic, natural, and agricultural. In mining areas, indus-
trial emissions, natural background, and agricultural activities are generally rec-
ognized as primary sources, though their relative contributions vary substantially 
across regions due to differences in industrial structure and geological conditions 
(Jenkins et al., 2025). 

This study focuses on farmland soils in the Huize mining area (centered in Kuang-
shan Town, with extensions to adjacent Zhehai and Dajing towns). The primary 
objectives are threefold: 1) to quantify the contamination status and spatial distri-
bution patterns of five heavy metals (As, Cu, Zn, Pb, Cd) in farmland soils; 2) to 
quantitatively identify pollution sources and their contribution rates using the PMF 
model; 3) to reveal the driving mechanisms of natural and anthropogenic factors on 
heavy metal spatial differentiation via the geographical detector method. Clarifying 
spatial distribution patterns and identifying primary pollution sources will provide 
a scientific basis for local governments to formulate precise prevention and control 
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strategies. Targeted remediation measures can be implemented according to source-
specific contribution characteristics and spatial patterns, improving pollution con-
trol efficiency and reducing remediation costs. The findings carry practical guiding 
value for safeguarding regional agricultural product safety, protecting resident 
health, and promoting ecological restoration and sustainable agricultural develop-
ment in mining areas (Rajput et al., 2025; Ren et al., 2025). 

2. Materials and Methods 
2.1. Sample Collection and Laboratory Analysis 
2.1.1. Field Sampling 

 

Figure 1. Sample collection diagram. 
 

Soil sampling was conducted across 28.6 km2 of farmland in the Huize mining 
area, following a grid-based sampling design with intensified sampling in key 
zones laid out according to mining distribution, topographic features, and farm-
land coverage (Figure 1). The grid base spacing was approximately 750 m, yield-
ing an overall sampling density of ~1.75 sites per km2 (50 sites/28.6 km2). Key 
zones for intensified sampling were defined as areas within 2 km of active mine 
pits, smelters, and major ore-transport routes, where sampling density was ap-
proximately doubled to ~3.5 sites per km2. A total of 50 sampling sites were estab-
lished, with samples collected from the 0 - 20 cm topsoil layer. The 50 sites were 
distributed along a northwest-to-southeast transect spanning the full study area, 
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thereby capturing the complete source gradient from the mining-industrial core 
in the northwest to the predominantly agricultural periphery in the southeast and 
ensuring that point-source industrial emissions, diffuse agricultural inputs, and 
natural background contributions were all represented in the dataset. At each site, 
five subsamples were collected via staggered sampling and thoroughly homoge-
nized to form a single composite sample (~1 kg fresh weight). Geographic coor-
dinates were recorded via GPS, and field information, including surrounding 
land-use type, distance to mining areas, and agricultural management practices 
was documented simultaneously. After removal of stones, plant roots and other 
debris, all samples were sealed in polyethylene zip-lock bags and transported to 
the laboratory for pretreatment. 

2.1.2. Laboratory Analysis and Quality Assurance/Quality Control 
All soil samples were air-dried naturally at room temperature, ground, and sieved 
through a 100-mesh nylon sieve prior to analysis. Determinations of soil pH and 
five heavy metals (As, Cu, Zn, Pb, Cd) were performed at the laboratory of the 
College of Resources and Environment, Yunnan Agricultural University. 

Soil pH: Measured potentiometrically using a pH meter at a 1:2.5 (w/v) soil-to-
water ratio; Arsenic (As): Determined by atomic fluorescence spectrometry (AFS-
230E, Haiguang Instruments, China), in accordance with GB/T 22105.2-2008; Cop-
per (Cu) and zinc (Zn): Analyzed via flame atomic absorption spectrophotometry 
(AA-6880, Shimadzu, Japan), following HJ 491-2019; Lead (Pb) and cadmium 
(Cd): Quantified by graphite furnace atomic absorption spectrophotometry (AA-
6880, Shimadzu, Japan), according to GB/T 17141-1997. 

Quality assurance and quality control were implemented throughout the ana-
lytical process using method blanks and national certified reference materials. El-
ement recoveries ranged from 95% to 105%, and the relative standard deviation 
(RSD) of triplicate analyses was controlled below 10%. All reagents used were of 
guaranteed grade. 

2.2. Data Sources and Preprocessing 

Raw analytical data were organized, entered, and preliminarily cleaned in Mi-
crosoft Excel 2010. Outlier screening was performed using the ±3σ criterion (i.e., 
values deviating more than three standard deviations from the mean of each ele-
ment); of the 250 individual concentration values (50 sites × 5 elements), none 
exceeded the ±3σ threshold, and therefore no observations were removed or win-
sorized prior to statistical analysis. Descriptive statistical parameters were com-
puted using SPSS 20.0 (Song et al., 2020). Multi-source geospatial datasets—in-
cluding a 10-m-resolution digital elevation model (DEM), county-level GDP spa-
tial grid data, long-term average meteorological data, and population density 
data—were preprocessed in ArcGIS 10.6. All spatial layers were unified to the 
same projected coordinate system and resampled to a 200 m × 200 m grid resolu-
tion, then clipped to the boundary of the study area. 
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2.3. Statistical and Modeling Approaches 
2.3.1. Descriptive Statistical Analysis 
Descriptive statistics including mean, minimum, maximum, standard deviation, 
and coefficient of variation (CV) were calculated for soil pH and heavy metal con-
centrations. The CV was used to characterize the degree of spatial variability: CV 
< 0.15 indicates weak variation, 0.15 - 0.36 indicates moderate variation, and CV > 
0.36 indicates strong variation. 

2.3.2. Spatial Distribution Analysis 
Spatial distribution maps of heavy metals were generated via ordinary Kriging in-
terpolation in ArcGIS 10.6. This method accounts for spatial autocorrelation 
among sampling points by fitting a semi-variogram, which improves interpola-
tion reliability and is widely applied in soil heavy metal spatial pattern studies. For 
each element, the experimental semivariogram was fitted to the theoretical model 
(spherical or exponential) that yielded the lowest residual sum of squares. The 
fitted models, key parameters (nugget C0, sill C0 + C, range A0), and leave-one-out 
cross-validation metrics are summarized in Table 1. The nugget-to-sill ratios 
(C0/(C0 + C)) ranged from 22.8% to 30.1%, indicating moderate to strong spatial 
dependence for all five elements. Cross-validation root-mean-square error (RMSE) 
values were substantially lower than the corresponding standard deviations, and 
standardized RMS (RMSSE) values ranged from 0.96 to 1.03 (close to 1), confirm-
ing that the semivariogram models adequately supported the mapped spatial pat-
terns. 
 

Table 1. Semivariogram models and cross-validation parameters for ordinary Kriging. 

Element Model Nugget (C0) Sill (C0 + C) Range (km) C0/(C0 + C) (%) RMSE RMSSE 

As Spherical 6.2 25.8 3.5 24.0 4.12 0.96 

Cu Exponential 380 1280 4.2 29.7 28.15 1.03 

Zn Spherical 420 1650 3.8 25.5 33.22 0.98 

Pb Spherical 85 372 4.0 22.8 15.38 0.97 

Cd Exponential 0.006 0.020 3.6 30.0 0.12 1.02 

Note: Risk screening values are based on GB 15618-2018 for agricultural land at pH 5.5 - 6.5. RMSE = root-
mean-square error; RMSSE = standardized root-mean-square error (ideal value ≈ 1). 

2.3.3. Positive Matrix Factorization (PMF) Source Apportionment 
The EPA PMF 5.0 model (U.S. Environmental Protection Agency) was employed 
for quantitative heavy metal source apportionment. As a multivariate receptor 
model, PMF decomposes the observed concentration matrix X into three matri-
ces: a factor contribution matrix G, a factor profile matrix F, and a residual matrix  

E, following the equation: 
1

P

ij ik kj ij
K =

= +∑X g f e  

In the equation,   ijX  represents the concentration of the jth element in the ith 
sample; ikg  represents the contribution of source k to the ith sample; kjf  rep-
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resents the concentration of the jth element in source k; and ije  represents the 
residual matrix. The model minimizes the objective function Q via weighted least-
squares iteration, weighted by measurement uncertainty iju  (Howlett-Downing 
et al., 2026). 

Prior to modeling, concentration data and corresponding uncertainty data 
were input into the model. Uncertainty was calculated based on measured values 
and the method detection limit (MDL): for concentrations ≤ MDL, uncertainty 
was set as 5/6 × MDL; for concentrations > MDL, uncertainty was calculated as  

( ) ( )2 2Unc Error Fraction concentration 0.5 MDL = × + ×  , where the error  

fraction and MDL values are specific to each element and instrument. The number 
of factors was tested from 3 to 5 with 20 iterative runs each. The optimal 4-factor 
solution was determined by the stability of QRobust and Qtrue, normally distributed 
residuals within [−3, 3], and consistency with actual regional conditions. Source 
types were identified based on factor loading profiles, and source contribution 
rates to each heavy metal were derived from the contribution matrix. 

2.3.4. Correlation Analysis and Geographical Detector Model 
Pearson correlation analysis was performed to explore inter-element associations 
and preliminary source homology. To further disentangle the driving mechanisms 
of spatial differentiation, the Geographical Detector (GeoDetector) model was ap-
plied, consisting of two core modules: 

Factor detector: Quantifies the explanatory power of each influencing factor on 
heavy metal spatial differentiation via the q-statistic, which ranges from 0 to 1. A 
higher q-value indicates stronger explanatory power of the factor. Interaction de-
tector: Identifies the type and intensity of interactions between pairs of factors, 
and evaluates whether multi-factor coupling enhances or weakens spatial hetero-
geneity. 

3. Results 
3.1. Soil pH and Heavy Metal Concentration Characteristics 
3.1.1. Soil pH Properties 

Table 2. Statistical characteristics of soil pH in the study area. 

Statistical indicators Numerical value 

Minimum value 5.12 

Maximum value 6.83 

Average value 5.87 

Standard deviation 0.42 

Coefficient of variation 0.07 

 

Soil pH across the study area ranged from 5.12 to 6.83, with a mean value of 5.87 
(Table 2), indicating a generally slightly acidic soil environment. Approximately 
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72% of samples fell within the pH range of 5.50 - 6.50, reflecting relatively con-
centrated acidity conditions. As a core regulator of heavy metal migration and trans-
formation, slightly acidic conditions typically enhance heavy metal ion activity and 
phytoavailability, and may further shape the spatial distribution patterns of heavy 
metals in soils. 

3.1.2. Descriptive Statistics of Heavy Metal Concentrations 
Descriptive statistics for the five heavy metals are summarized in Table 3, with 
substantial concentration variations observed across the study area. 

Arsenic (As): Concentrations ranged from 2.15 to 17.46 mg/kg, with a mean of 
10.07 mg/kg and a CV of 0.49 (moderate variability). The mean value was lower 
than the Yunnan provincial soil background value (18.40 mg/kg), indicating no 
significant anthropogenic As accumulation. Copper (Cu): Concentrations varied 
from 12.5 to 174.53 mg/kg (mean 38.35 mg/kg), with a CV of 0.93 indicating high 
variability. The mean concentration was 0.83 times the provincial background 
value (46.30 mg/kg), slightly below the baseline level. Zinc (Zn): Concentrations 
ranged from 45.08 to 163.41 mg/kg (mean 82.84 mg/kg), with a CV of 0.48. The 
mean value was 0.92 times the background value (89.70 mg/kg), also slightly below 
the baseline. Lead (Pb): Concentrations varied from 9.36 to 79.90 mg/kg (mean 
33.70 mg/kg), with a CV of 0.56. The mean was 0.83 times the background value 
(40.60 mg/kg), remaining below the baseline. Cadmium (Cd): Concentrations 
ranged from 0.20 to 0.71 mg/kg (mean 0.34 mg/kg), with a CV of 0.42. The mean 
value was 1.55 times the provincial background value (0.22 mg/kg), indicating no-
table anthropogenic accumulation. 

According to the GB 15618-2018 standard, only one sampling site (No. 2085) 
exceeded the Cd risk screening value (0.3 mg/kg), corresponding to an exceedance 
rate of 2.0%. Overall, CV values of Cu, Zn, Pb and Cd all exceeded 0.36, reflecting 
high spatial heterogeneity and significant anthropogenic influences on heavy 
metal distributions. 

 
Table 3. Statistical characteristics of heavy metal contents in soils of the study area. 

Heavy  
metal 

Minimum  
value 

Maximum  
value 

Average  
value 

Standard  
deviation 

Coefficient  
of variation 

Background  
value 

Average value/ 
Background value 

Risk screening  
value 

Over standard  
rate (%) 

As 2.15 17.46 10.07 4.95 0.49 18.40 0.55 40.0 0.0 

Cu 12.5 174.53 38.35 35.53 0.93 46.30 0.83 50.0 0.0 

Zn 45.08 163.41 82.84 40.18 0.48 89.70 0.92 200.0 0.0 

Pb 9.36 79.90 33.70 19.01 0.56 40.60 0.83 90.0 0.0 

Cd 0.20 0.71 0.34 0.14 0.42 0.22 1.55 0.30 2.0 

Note: According to the GB 15618-2018 standard, under soil pH conditions of 5.5 - 6.5 (the study area consists primarily of 
dryland), the risk screening values should be: As 40 mg/kg, Cu 50 mg/kg, Zn 200 mg/kg, Pb 90 mg/kg, and Cd 0.3 mg/kg. 

3.1.3. Correlations among Heavy Metals 
Pearson correlation analysis was performed to explore interrelationships among 
the five heavy metals (Table 4). Highly significant positive correlations (P < 0.01) 
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were detected between Cu and Zn (r = 0.482), Cu and Pb (r = 0.415), and Pb and 
Cd (r = 0.638), while Cu and Cd showed a significant positive correlation (P < 
0.05, r = 0.352). These consistent positive correlations among Cu, Zn, Pb and Cd 
suggest shared pollution sources, most likely associated with mining and smelting 
industrial activities. 

In contrast, As exhibited no significant correlation with any other heavy metal 
(P > 0.05), indicating an independent source that may be dominated by natural 
background processes. Overall, the correlation patterns align with the coexistence 
of multiple anthropogenic activities (industry, transportation, agriculture) in the 
study area. 

 
Table 4. Correlation analysis of soil heavy metals in the study area. 

Heavy metal As Cu Zn Pb Cd 

As 1.000     

Cu −0.123 1.000    

Zn −0.087 0.482** 1.000   

Pb 0.058 0.415** 0.289 1.000  

Cd −0.045 0.352* 0.212 0.638** 1.000 

Note: ** indicates a highly significant correlation at the P < 0.01 level, and * indicates a 
significant correlation at the P < 0.05 level. 

3.2. Spatial Distribution Patterns of Soil Heavy Metals 
3.2.1. Spatial Distribution Features of Individual Elements 
Spatial distribution maps of the five heavy metals were generated via ordinary 
Kriging interpolation in ArcGIS 10.6 (Figure 2), revealing distinct element-spe-
cific patterns closely coupled with their dominant emission sources. For As, Cu, 
Pb and Cd primarily derived from mining and smelting activities, high-concen-
tration zones generally clustered around industrial sites but with differing diffu-
sion scopes: As (>15 mg/kg) was concentrated in the mining-intensive northwest 
and central regions, presenting an overall decreasing gradient from northwest to 
southeast with low values (<10 mg/kg) in the southeastern agricultural areas; Cu 
(>120 mg/kg) and Pb (>70 mg/kg) exhibited typical point-source clustering cen-
tered on smelters and central mining areas, with low concentrations (<60 mg/kg 
for Cu and <50 mg/kg for Pb) scattered in the northeast and southwest; Cd (>0.6 
mg/kg) showed a broader aggregated range covering central mining areas, smelter 
peripheries and partial agricultural cultivation zones, with low values (<0.3 mg/kg) 
restricted to the northeast, reflecting its high geochemical mobility and multi-
source input characteristics. In contrast, Zn, dominated by traffic-related emis-
sions, presented a combined banded and patchy distribution, with high concen-
trations (>140 mg/kg) distributed along the northern main transport routes and 
around mining areas, and low values (<100 mg/kg) occurring in the southern 
study area. 
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Figure 2. Heavy metals spatial distribution contour map. 
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3.2.2. Spatial Aggregation and Driving Implications 
Heavy metals in the study area exhibited pronounced spatial aggregation: high-
concentration zones predominantly clustered in regions with intensive anthropo-
genic activities including core mining areas, smelter peripheries and major transport 
routes, while low concentrations were mainly distributed in agricultural and nat-
ural areas far from industrial disturbances. This spatial pattern is jointly shaped 
by industrial layout and anthropogenic intensity: long-term mining, ore dressing 
and smelting operations release large quantities of heavy metals into surrounding 
soils through waste residue leaching, dust deposition and wastewater seepage, form-
ing primary high-concentration clusters with significantly elevated Pb, Cd and Cu 
levels relative to surrounding areas; banded Zn enrichment develops along major 
transport routes, which is closely associated with traffic pollution as vehicle ex-
haust, tyre wear and brake abrasion constitute major pathways for Zn input into 
roadside soils; and localized Cd accumulation occurs in agricultural cultivation 
zones, attributable to the long-term application of chemical fertilizers, pesticides 
and livestock manure as a typical agricultural non-point source input. Taken to-
gether, the spatial distribution of soil heavy metals is driven by the combined ef-
fects of industrial emissions, traffic pollution, agricultural activities and natural 
geological background, forming a complex multi-source spatial pattern. 

3.3. Source Apportionment via PMF Model 
3.3.1. Model Fitting and Factor Identification 
Quantitative source apportionment of soil heavy metals was implemented using 
the EPA PMF 5.0 model (Liu et al., 2024). All five target elements (As, Cu, Zn, Pb, 
Cd) were classified as “strong” signals with a signal-to-noise ratio (S/N) of 10. To 
determine the optimal factor scheme, the number of factors was tested from 3 to 
5 with 20 iterative runs for each setting. The 4-factor solution was finally selected 
as the optimal result: both Q<sub>Robust</sub> and Q<sub>true</sub> stabi-
lized at 33.8, and the residuals of all elements fell within the range of [−3, 3] and 
followed a normal distribution, indicating satisfactory and reliable model fitting 
performance. 

The factor loadings of each heavy metal are presented in Table 5, with higher 
loading values indicating a closer association between the element and the corre-
sponding pollution source. Specifically, Factor 1 featured high loadings of As 
(0.72), Cu (0.65), Pb (0.60) and Cd (0.75) but a low loading for Zn (0.20). Given 
that As, Cu, Pb and Cd are the characteristic elements associated with mining and 
smelting activities in the study area, Factor 1 was identified as an industrial emis-
sion source. Factor 2 showed the highest loading for Zn (0.85) and low loadings 
(<0.20) for the remaining elements, and given that Zn is a well-recognized marker 
of traffic pollution originating from tyre wear, brake abrasion and vehicle exhaust, 
this factor was attributed to traffic pollution. Factor 3 exhibited moderate loadings 
across multiple elements—Cu (0.40), Pb (0.30), As (0.25), Cd (0.20), and Zn 
(0.15)—without a single element showing strong enrichment. However, this broad, 
relatively uniform loading pattern across all elements is more characteristic of nat-
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ural pedogenic processes, in which parent material weathering contributes to all 
elements simultaneously without preferential enrichment of any single metal. 
This interpretation is also consistent with the source contribution results (Table 
5), which include a separate “natural background” source category. Accordingly, 
Factor 3 was reinterpreted as a natural background source, representing the influ-
ence of regional soil parent material geochemistry on baseline heavy metal levels. 
Factor 4 was characterized by high loadings of Pb (0.55) and Cd (0.50) accompa-
nied by moderate loadings of As (0.35) and Cu (0.30); these elements are typically 
introduced into farmland soils through the application of fertilizers, pesticides 
and livestock manure during agricultural production, so this factor was defined 
as an agricultural source. 
 
Table 5. Soil heavy metal factor load matrix. 

Heavy metal Factor 1 Factor 2 Factor 3 Factor 4 

As 0.72 0.10 0.25 0.35 

Cu 0.65 0.15 0.40 0.30 

Zn 0.20 0.85 0.15 0.20 

Pb 0.60 0.20 0.30 0.55 

Cd 0.75 0.10 0.20 0.50 

3.3.2. Source Contribution Profiles 
Four major source categories were quantitatively resolved for soil heavy metals in 
the Huize mining area, namely industrial emissions, traffic pollution, natural ge-
ological background and agricultural activities, with markedly differentiated con-
tribution profiles across the five target elements (Figure 3). Industrial emissions 
constituted the dominant source for As, Cu, Pb and Cd, contributing 60.5%, 55.2%, 
45.5% and 50.8% respectively, while contributing only 8.5% to Zn. This finding is 
consistent with the region’s long history of mining and smelting operations, as 
waste gas, metallurgical residues and fugitive dust generated during industrial 
processes serve as the primary pathways for heavy metal entry into surrounding 
farmland soils. Agricultural activities made notable contributions to Pb (35.0%), 
Cd (35.5%) and As (19.0%), as well as smaller contributions to Cu (17.5%) and Zn 
(4.0%), mainly through the chronic application of chemical fertilizers, pesticides 
and livestock manure, which aligns with the intensive agricultural production re-
gime in the study area. The natural geological background source contributed 
moderate proportions to all elements: As (15.3%), Cu (20.5%), Zn (5.4%), Pb 
(12.3%) and Cd (8.2%), with the most prominent shares for As and Cu, reflecting 
the inherent influence of regional parent material geochemistry on baseline soil 
heavy metal levels. In contrast, traffic pollution was the overwhelming contributor 
to Zn, accounting for 82.1% of its total soil content, while making negligible con-
tributions to the other elements (As 5.2%, Cu 6.8%, Pb 7.2%, Cd 5.5%), which 
further corroborates Zn as a reliable tracer for traffic-related pollution primarily 
released via tyre wear particles and vehicle exhaust. The complete source contri-
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bution data for each element are shown in Figure 3, where the sum of the contri-
bution percentages in each pie chart totals 100%.Overall, industrial emissions 
ranked as the leading pollution source in the study area with a total contribution 
rate of 38.2%, followed sequentially by agricultural activities (27.5%), natural 
background (22.3%), and traffic pollution (12.0%). 

 

 

Figure 3. Contribution rates of various pollution sources to each heavy metal. 
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4. Discussion and Conclusions 
4.1. Discussion 
4.1.1. Contamination Status and Environmental Implications 
This study systematically characterized heavy metal contamination in farmland 
soils of the Huize mining area. Overall, heavy metals showed varying degrees of 
accumulation, with Cd being the priority control element: its mean concentration 
was 1.55 times the Yunnan provincial soil background value, with an exceedance 
rate of 2.0% against the GB 15618-2018 screening value. In contrast, As, Cu, Zn 
and Pb mean concentrations were all below the provincial background values, in-
dicating limited overall accumulation at the regional scale. 

Notably, the slightly acidic soil conditions (mean pH 5.87) may amplify envi-
ronmental risks despite relatively low total concentrations (He et al., 2025). Under 
acidic conditions, heavy metal ions tend to desorb from soil colloids and enter the 
soil solution, increasing bioavailability and potential for crop uptake (Wang et al., 
2025). This is particularly important for Cd, which has high mobility in acidic soils; 
even moderate total concentrations may pose elevated food safety risks (Song et 
al., 2025). This finding aligns with previous studies in southwest China’s karst re-
gions, where soil acidification has been identified as a key driver of heavy metal 
activation in both high-background and mining-affected areas (Qin et al., 2022; 
Sun et al., 2025). This implies that total concentration alone is insufficient for risk 
assessment in mining areas, and speciation and bioavailability should be incorpo-
rated into future risk evaluation frameworks. 

4.1.2. Spatial Heterogeneity and Formation Mechanisms 
The significant spatial aggregation of heavy metals is jointly controlled by anthro-
pogenic source layouts and natural migration processes. Industrial point sources 
(mines and smelters) formed core high-value zones for As, Pb, Cd and Cu, show-
ing typical point-source diffusion patterns. Traffic-related Zn formed banded en-
richment along main roads, reflecting linear source characteristics (Liang et al., 
2025). Agricultural non-point source inputs led to widespread moderate Cd accu-
mulation in cultivation areas. 

Beyond source distribution, natural factors also modulate spatial patterns. Pre-
cipitation promotes heavy metal leaching and lateral migration, while terrain af-
fects runoff direction and sediment deposition, further reshaping concentration 
gradients (Wang et al., 2024). Population density, as a proxy for anthropogenic 
intensity, showed strong correlations with high-concentration zones, indicating 
that multi-factor interactions amplify spatial heterogeneity (Wu et al., 2026). This 
is consistent with the consensus that mining-area soil heavy metal distributions 
result from the coupling of source emission intensity and geochemical migration 
processes (Li et al., 2022). The geographical detector results further confirm that 
no single factor can fully explain spatial differentiation, and the interaction be-
tween natural and anthropogenic factors exhibits non-linear enhancement ef-
fects. 
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4.1.3. Source Apportionment Reliability and Regional Comparison 
The PMF model identified four source categories, with industrial emissions being 
the dominant source (38.2%), followed by agricultural activities (27.5%), natural 
background (22.3%) and traffic pollution (12.0%). This source structure is gener-
ally consistent with studies of other Pb-Zn mining areas in southwest China, where 
mining and smelting are universally the primary heavy metal sources. Studies in 
the Guangxi karst mining area also reported industrial emissions as the largest 
contributor to Cd and Pb accumulation (Li et al., 2025b). 

Compared with purely qualitative source identification methods, the PMF model 
provides quantitative contribution rates, offering stronger support for precise pol-
lution control (Mu et al., 2024). Combined with spatial distribution analysis, the 
source apportionment results show good consistency with the actual industrial 
and agricultural layout of the study area, verifying the reliability of the findings 
(Jia et al., 2024). It is worth noting that agricultural activities contributed over 
one-quarter of total heavy metal inputs, which has often been overlooked in pre-
vious mining area studies. This highlights the need to consider both industrial 
point sources and agricultural non-point sources in pollution management. 

4.1.4. Control Strategies and Research Limitations 
Based on the quantitative source apportionment results and spatial distribution 
characteristics of soil heavy metals, targeted prevention and control strategies are 
proposed following the principle of source-specific management and zoned im-
plementation (Zhang et al., 2025). For industrial emissions—the dominant source 
of As, Cu, Pb and Cd—environmental supervision of mining and smelting enter-
prises should be tightened, clean production processes widely promoted, and reg-
ular soil monitoring coupled with targeted remediation conducted within the 5 
km radius of mining and smelting cores, with Cd and Pb designated as priority 
control elements in core industrial zones (Sui et al., 2025). For traffic pollution 
that accounts for the vast majority of Zn inputs, transport route planning should 
be optimized, new-energy vehicles popularized to curb exhaust emissions and tyre 
wear, and periodic soil remediation performed along major transport corridors 
with a focus on Zn contamination (Wen et al., 2024). For agricultural non-point 
source inputs of Cd, Pb and As, green agricultural technologies should be ad-
vanced to reduce the use of high-heavy-metal fertilizers and pesticides, and live-
stock manure application standardized to mitigate agricultural heavy metal inputs 
(Wan et al., 2024). On this basis, a zoned management scheme is further recom-
mended: comprehensive remediation technologies are applicable to heavily pol-
luted core zones, while crop structure adjustment and agronomic regulation 
measures are suitable for lightly polluted areas to achieve safe farmland utilization. 

This study still has certain limitations. First, the limited number of sampling 
sites may compromise the accuracy of Kriging interpolation, particularly in the 
peripheral areas of the study region. Second, the analysis of driving factors does 
not include soil microbial communities and vegetation coverage, both of which 
exert important influences on heavy metal migration and transformation in soil 

https://doi.org/10.4236/gep.2026.147017


J. Y. Chen et al. 
 

 

DOI: 10.4236/gep.2026.147017 302 Journal of Geoscience and Environment Protection 
 

environments. Third, the study only captures a snapshot of the current contami-
nation status, without long-term dynamic monitoring of heavy metal accumula-
tion processes and source contribution variations. Looking forward, further re-
search can expand sampling density to improve spatial analysis precision, incor-
porate heavy metal bioavailability assessment for more scientific risk evaluation, 
and carry out long-term fixed-point monitoring to reveal the dynamic evolution 
of heavy metal concentrations and source contributions, thereby providing more 
solid scientific support for precise soil heavy metal pollution management. 

4.2. Conclusions 

Farmland soils in the Huize mining area show varying degrees of heavy metal ac-
cumulation. Cadmium is the priority contaminant with a mean concentration 
1.55 times the Yunnan provincial background value and a 2.0% exceedance rate 
against the national risk screening value. All elements show high spatial heteroge-
neity, with coefficients of variation exceeding 0.36. 

Heavy metals exhibit significant spatial aggregation. High-concentration zones 
are concentrated in mining areas, smelter peripheries and major transport routes, 
while low-value zones occur in remote agricultural and natural areas. Distribution 
patterns correspond closely to the layout of anthropogenic emission sources. 

Four pollution sources were quantitatively identified via the PMF model: in-
dustrial emissions (dominant for As, Pb, Cd and Cu, total contribution 38.2%), 
traffic pollution (dominant for Zn, 12.0%), agricultural activities (27.5%) and nat-
ural background (22.3%). Industrial emissions are the primary pollution source 
in the study area. 

Spatial differentiation of heavy metals is driven by the combined effects of nat-
ural factors (pH, precipitation, topography) and anthropogenic factors (industrial 
intensity, traffic, agricultural inputs), with multi-factor interactions amplifying spa-
tial heterogeneity. Targeted zoned control strategies based on source characteris-
tics will support efficient soil pollution management and sustainable agricultural 
development in the mining area. 
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