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Abstract: Uranium extraction through the in situ leaching method stands as a pivotal approach
in uranium mining. In an effort to comprehensively assess the repercussions of in situ uranium
leaching on groundwater quality, this study collected 12 representative groundwater samples within
the Bayan-Uul mining area. The basic statistical characteristics of the water samples showed that
the concentrations of SO4

2− and total dissolved solids (TDS) were relatively high. Through the use
of cluster analysis, the water samples were categorized into two distinct clusters. Seven samples
from wells W-d, W-u, N01, W10-2, W08-1, W10-1, and W13-1, situated at a considerable distance
from the mining area, were grouped together. Conversely, five samples from wells W08-2, W13-2,
W01-1, W02-2, and the pumping well located in closer proximity to the mining area, formed a
separate cluster. A decision tree-based machine learning approach was employed to discern the
influence of various hydrochemical indicators in forming these clusters, with results indicating that
SO4

2− exerts the most substantial influence, followed by Ca2+. The mineral saturation indices from
geochemical modeling indicated that, as the distance from the mining area increased, the trend of
calcium minerals changed from dissolution to precipitation; iron minerals were in a precipitation
state, and the precipitation trend was gradually weakening. In light of these findings, it is clear that in
situ uranium leaching significantly impacted the groundwater in the vicinity of the mining area. The
prolonged consumption of groundwater sourced near the study area, or its use for animal husbandry,
poses potential health risks that demand heightened attention.

Keywords: groundwater quality; multivariable statistics; saturation index; water–rock interaction;
controlling factors

1. Introduction

Groundwater plays a vital role in promoting and supporting national socio-economic
development as well as maintaining ecological balance [1–3]. With the acceleration of
social industrialization and the rapid progress of society, the impact of human activities on
groundwater has drawn increasing attention [4]. Activities such as mining water usage,
wastewater discharge, and the in situ leaching of uranium [5–9] form a growing threat
to the groundwater environment. Acidizing in situ leaching usually involves injecting a
large amount of strong acid into an aquifer, and then extracting uranium-rich mining fluid
from uranium deposits [10]. Throughout the process of the in situ leaching of uranium,
various minerals are dissolved in groundwater [11,12]. The movement of mining fluids,
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driven by convection and dispersion, also causes the migration of various groundwater
chemical constituents [13,14]. Consequently, the chemical ion composition of groundwater
has changed, impacting both the quality and the overall health of groundwater resources
and aquatic ecosystems [15].

Most uranium deposits in Northern China are located in arid or semi-arid areas [16],
where surface water resources are often limited, and groundwater is essential for maintain-
ing agricultural irrigation and domestic water [17,18]. Among these deposits, the Bayan-Uul
mining site, characterized by a longstanding history of mining activities, particularly in the
extraction of sandstone-type uranium deposits, employs acid in situ leaching methods for
uranium extraction. Scholars have shown significant concern for the groundwater environ-
ment in this mining area, leading to various research endeavors. Investigations pertaining
to the groundwater environment in the Bayan-Uul mining region have encompassed di-
verse aspects, including using tracer tests to analyze the variation characteristics of flow
velocity within the mining area during in situ uranium leaching [19], the optimal design of
mining well flow rates under different scenarios [20], and applying numerical simulation
techniques to investigate the underground water flow field and hydrogeochemical field
during both experimental and actual mining processes [21]. While these investigations have
predominantly focused on mining efficiency and the characteristics of the underground
flow field within and at the periphery of the mining area, there remains a notable gap in
systematic research concerning the hydrochemical characteristics of groundwater around
the mining area.

Previous studies have shown that, while the hydrochemical characteristics of ground-
water are affected by natural processes [22–25] and human activities [26–29], its governing
factors and mechanisms are complex and diverse. Currently, there are various methods
for the study of the characteristics and governing factors of groundwater hydrochemistry,
such as hydrochemical analysis [30], multivariate statistical analysis [31–36], geochemical
modeling [37], and a decision tree-based machine learning approach [38–41]. These meth-
ods have proven their efficiency in hydrochemistry research, and excellent results have
been achieved.

This study thus focused on the hydrochemical characteristics of the Bayan-Uul ura-
nium mining area. Based on the geological and hydrogeological settings of the Bayan-Uul
mining area, 12 groundwater samples were strategically collected in the proximity of the
mining area. These samples were collected to evaluate the influence of leaching uranium
on groundwater quality in the study area. The objective of this study is two-fold: (1) to
elucidate the hydrogeochemical characters of groundwater within the mining area, and
(2) to demonstrate how to use the different methods, specifically, statistical analysis, geo-
chemical modeling, and the decision tree-based machine learning method for the analysis
of the governing factors of groundwater geochemistry.

2. Materials and Methods
2.1. Study Area

The Bayan-Uul mining area is situated in the northern region of the Inner Mongolia
Autonomous Region, approximately 30 km north of the city of Sonid Zuoqi. Figure 1 de-
picts a geographical overview, including the transportation infrastructure and the spatial
distribution of boreholes within the mining area. The climatic conditions in this area are
characterized by an annual average temperature of 4 ◦C, an average annual rainfall of
181 mm, and an average annual evaporation rate of 1830 mm.
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in the northwest and southeast directions. The overall groundwater flow direction is from 
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Figure 1. The location of the study area.

The study area is characterized by two distinct geological formations in the vertical
direction, namely, the Irdimanha Formation (E2y) and the Saihan Formation (K1s), both of
which display a parallel unconformity relationship (Figure 2). The Saihan Formation can
be further subdivided into two distinct groups: the upper section of the Saihan Formation
(K1s2) and the lower section of the Saihan Formation (K1s1). The E2y is positioned atop
the K1s2 layer, predominantly characterized by river and flood sedimentary deposits,
encompassing sandstone, sand gravel, mud gravel, sand, mud, and rocky materials. This
stratum possesses an approximate thickness of 50 m and serves as the phreatic aquifer. A
confining layer forms at the uppermost boundary of the upper section of the K1s2. Notably,
the primary confined aquifer is observed within the upper section of the K1s2, displaying
a laterally extensive distribution. As shown in Figure 2, this aquifer is predominantly
composed of sandstone and sandy conglomerate, exhibiting favorable water yield and
permeability characteristics, with an estimated thickness of approximately 60 m. By contrast,
the lower section of the K1s1 predominantly comprises mudstone and silty mudstone,
interspersed with deposits of lignite derived from lacustrine and marsh environments.
Groundwater within the mining area predominantly undergoes lateral recharge from
the neighboring groundwater in the northeastern sector, with additional weaker lateral
recharge observed in the northwest and southeast directions. The overall groundwater
flow direction is from northeast to southwest, culminating in discharge in the southern and
western sectors of the deposit.

In the in situ leaching mine, a network of observation wells has been strategically
positioned in the vicinity of the mining area, with groundwater samples collected from a
subset of these wells. Specifically, a total of 11 observation wells plus the pumping well
were selected for sampling. Four observation wells, namely W01-1, W02-2, W08-2, W10-2,
and W13-2, are located at a distance of 50 m from the mining area (Figure 1). Three wells,
namely W08-1, W10-1, and W13-1, are situated at a distance of 100 m from the mining
site (Figure 1). All of these eleven wells are positioned within the upper section of K1s1.
With regard to well N01, it is located inside the mining area and is positioned within the
E2y. Well W-d is located at a considerable distance from the mining area, and well W-u
is located upstream of the mining area. These two wells are positioned within the K1s2.
Notably, the leaching of uranium from the mining activities has had minimal impact on
the groundwater sourced from these two wells. Consequently, these two wells can be
designated as background observation points. It is important to note that, at the time of
sampling, the mining operation had been in progress for a duration of four years.
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2.2. Sample Collection

In order to assess the groundwater quality in the Bayan-Uul mining area, we meticu-
lously collected 12 groundwater samples from designated observation wells and a pumping
well in September 2018. The precise geographic coordinates of the sampling locations were
determined using a GPS positioner. For the sampling process, we employed a sampler
that could be lowered to depths ranging from 50 m to 130 m within the well bore. To
ensure the integrity of the samples, we used non-contaminating plastic bottles, which were
thoroughly rinsed with well water from the specific sampling point before the collection of
each sample. On-site measurements were conducted for parameters such as Total Dissolved
Solid (TDS) values and water temperatures using a Multiparameter Water Quality Analyzer.
Subsequently, the collected samples were transported to the China Nuclear Chemometry
Test Center for comprehensive analysis. The primary cations, including K+, Na+, Ca2+,
Mg2+, NH4

+, and Total Fe, were quantified using Inductively Coupled Plasma Optical
Emission Spectrometry (ICP-OES). The primary anions, such as Cl−, SO4

2−, and F−, were
determined through ion chromatography. Additionally, bicarbonate (HCO3

2−) analysis
was carried out via titration.

To ensure the accuracy and quality of the water analyses, a charge balance error (CBE)
was calculated. Specifically, water samples exhibiting a high cation concentration resulted
in a positive CBE, while high anion concentration led to a negative CBE. Ion concentrations
were expressed in milligrams per liter (mg/L). In accordance with previous studies, only
the water samples exhibiting a CBE less than 5% were deemed acceptable for analysis [42].
All twelve samples used in this study met this requirement.
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2.3. Methodology
2.3.1. Clustering Method

Multivariate statistical analyses serve as a valuable tool for extracting meaningful
insights from extensive datasets concerning the hydrogeochemical composition of ground-
water. In a multi-indicator evaluation system, each evaluation indicator often exhibits
varying orders of magnitude and units, given the distinct nature of these indicators. Using
raw data in the analysis could accentuate the influence of indicators with higher values
while relatively diminishing the significance of those with lower values. Consequently, to
ensure the integrity and reliability of the results, it is imperative to standardize the original
data. Z-score standardization was employed for this standardization process. Initially, the
mean and variance of each variable were calculated using the following equation:

xj =
1
n∑n

i=1 xij, j = 1, 2, 3, · · · , p (1)

s2
j =

1
n∑n

i=1

(
xij − xj

)2, j = 1, 2, 3, · · · , p (2)

where p denotes the number of parameters, and n denotes the number of groundwater
samples. Then, the following transformation was performed:

zij =
xij − xj

sj
, i = 1, 2, 3, · · · , n; j = 1, 2, 3, · · · , p (3)

The standardized data zij has a standard deviation of 1 for each variable, which can be
considered dimensionally independent.

Hierarchical cluster analysis (HCA) was then employed on the standardized data to
elucidate the various chemical types of water and to delve into the sources of chemical
elements. In this study, IBM SPSS Statistics V22.0 (https://www.ibm.com/support/pages/
spss-statistics-220-available-download) was utilized to perform the HCA with the Ward
method. The idea of this method comes from an analysis of variance. If the class classifica-
tion is correct, the sum of squares of deviations for similar samples should be smaller, and
the sum of squares of deviations between classes should be larger.

Assuming that classes GK and GL merge into a new class GM, the sum of squares of
deviations for class GK, class GL, and class GM is [43], as such:

WK = ∑i∈GK
(xi − xK)

T(xi − xK) (4)

WL = ∑i∈GL
(xi − xL)

T(xi − xL) (5)

WM = ∑i∈GM
(xi − xM)T(xi − xM) (6)

The sum of squared deviations reflects the degree of dispersion of samples within
each class. If the distance between class GK and class GL is relatively close, the sum of
squares of the deviations will be smaller after merging. Otherwise, the sum of squares of
the deviations will be larger. The square distance between class GK and class GL can be
defined as such:

D2
KL = WM −WK −WL (7)

By sequentially selecting pairs of classes in the dataset and then calculating the D2
KL value

between the selected two classes, the two classes with the smallest increase in distance D2
KL

are determined and merged into a new class.

2.3.2. Decision Tree-Based Machine Learning Approach

The decision tree-based machine learning approach is a supervised learning technique
that leverages the principles of classification to create mathematical models rooted in the
attributes of data, ultimately serving the purpose of data screening and decision-making.

https://www.ibm.com/support/pages/spss-statistics-220-available-download
https://www.ibm.com/support/pages/spss-statistics-220-available-download
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In this study, the decision tree algorithm was used to explore the main differences between
the classified clusters using the Gini Index method (CART) [44].

For dataset D, the Gini index is defined as such:

Gini(D) = 1−∑K
k=1

(
|Ck|
|D|

)2
(8)

where Gini(D) denotes the Gini index of dataset D. Ck denotes the k-th (k = 1, 2, . . . , K)
cluster from the HCA clustering results. |Ck| and |D| denote the number of samples in
cluster Ck and dataset D, respectively.

Suppose that the data set D can be divided into D1 and D2 subsets based on whether
parameter A is greater or less than value a (a is always selected as the median value in the
data set D in this study is), that is:

D1 = {(x, y) ∈ D|A ≤ a}, D2 = D−D1 (9)

Under this condition, the Gini index can be re-calculated as

Gini(D|A) =
|D1|
|D| Gini(D1) +

|D2|
|D| Gini(D2) (10)

For example, if the condition is whether the concentration of SO4
2− (denoted as

c(SO4
2−)) is less than 2648.5 mg/L−, the 12 groundwater samples can be divided into

two parts:

D1 =
{

samples ∈ D
∣∣∣c(SO2−

4

)
≤ 2648.5 mg/L

}
, D2 = D−D1 (11)

Then, Gini(D1) and Gini(D2) can be calculated by this:

Gini(D1) = 1−∑K
k=1

(
|Ck|
|D1|

)2
, Gini(D2) = 1−∑K

k=1

(
|Ck|
|D2|

)2
(12)

Gini
(

D
∣∣∣c(SO2−

4

)
≤ 2648.5 mg/L

)
=
|D1|
|D| Gini(D1) +

|D2|
|D| Gini(D2) (13)

The increment of the Gini index can be calculated as this:

∆Gini = Gini(D)−Gini
(

D
∣∣∣c(SO2−

4

)
≤ 2648.5 mg/L

)
(14)

By doing this calculation for all the hydrogeochemical parameters, the optimal parti-
tion can be found according to the maximum of ∆Gini.

The stopping condition of the algorithm is when the number of samples in the node
is less than the predetermined threshold, the Gini index of the sample set is less than the
predetermined threshold, or there are no more parameters. The Python Scikit-learn package
(https://scikit-learn.org/stable/index.html, accessed on 23 October 2023) was used for
performing the decision tree.

2.3.3. Geochemical Modeling

The mineral saturation index is a commonly utilized metric to describe the dissolved
and precipitated conditions of different minerals in groundwater. By applying chemical
thermodynamics calculations, we can glean insights into the behavior of various mineral
phases within groundwater, leading to a more comprehensive understanding of water–rock
interactions [18,45]. In this research, these values were computed based on the following
Equation (13) using PHREEQC3.0 software [46]:

SI = ln(IAP/K) (15)

https://scikit-learn.org/stable/index.html
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where IAP and K represent the ionic activity product and the equilibrium constant of the
corresponding minerals, respectively. In this context, SI = 0 indicates the equilibrium state,
SI > 0 represents a saturated state, and SI < 0 signifies an unsaturated state.

3. Results
3.1. Basic Statistical Characteristics and Spatial Distributions of the Hydrochemical Parameters

The statistical characteristics of hydrogeochemical parameters are summarized in
Table 1, which includes values for the minimum, maximum, average, and standard devia-
tion. Meanwhile, the spatial distributions of the hydrogeochemical parameters are visually
depicted in Figure 3. Given that the primary water usage in the study area is for domestic
drinking, the major elements were compared against the Standards for Drinking Water
Quality of China (2017 Edition) [47].

Table 1. General characteristics of groundwater quality at observation wells of the study area. All the
units are in mg/L, except for uranium (U) units, which are in ug/L.

Parameter Max Min Average Standard Deviation Permissible Limits *

Total Fe 1530 0.63 217.05 454.77 0.3
Na+ 1060 470 663.82 238.44 200
K+ 162 5.55 30.80 46.05 /

Ca2+ 472 53.2 204.84 177.84 /
Mg2+ 94.80 0.33 36.41 32.35 /

U 30.1 1.16 12.18 10.75 /
SO4

2− 18000 269 3556.82 5434.31 250
HCO3

− 1110 35 358.27 322.95 /
CI− 536 312 440.91 55.76 250
TDS 25200 1340 6011.82 7258.67 1000

Note: * Permissible limits are taken from the Standards for Drinking Water Quality of China (2017 Edition) [47].

According to the national standards, the concentration limit for Na+ and Cl− is set
at 250 mg/L. However, Na+ concentrations of the groundwater in this area varied from
470 mg/L to 1060 mg/L, and Cl− concentrations ranged from 312 mg/L to 536 mg/L, both
exceeding the permissible limits for Class III water quality standards. K+ concentrations
fluctuated between 5.55 mg/L and 162 mg/L, with an average value of 30.80 mg/L. The
highest K+ concentration was observed at well W02-2. The concentrations of Ca2+ exhibited
fluctuations ranging from 53.2 mg/L to 472 mg/L, with an average value of 204.84 mg/L.
The highest Ca2+ concentration was reported at well W02-2. According to Figure 3a–c, it
is evident that, for the majority of the sampling wells, those in proximity to the mining
area exhibit higher concentrations of K+, Na+, and Ca2+. This observation suggests a close
interrelation between the characteristics and evolution of the mineral composition and
groundwater chemical composition of these three elements with the in situ leaching of
uranium. Mg2+ concentrations spanned from 0.33 mg/L to 94.8 mg/L, with an average
concentration of 36.41 mg/L. By contrast, the SO4

2− concentration ranged from 269 mg/L
to 18,000 mg/L, with an average value of 3556.82 mg/L. As for total Fe, it is an essential
element for the human body and is generally found in drinking water at levels that do
not pose health risks. However, its presence can impact the taste and color of the water,
affecting its overall acceptability. Elevated concentrations of iron can lead to the formation
of iron deposits within the pore channels of the aquifer, potentially obstructing the aquifer
and impeding its permeability. Simultaneously, the presence of iron can result in the
generation of rust within the mining well. In the study area, the concentration of Fe exhibits
considerable variation, ranging from 0.633 mg/L to 1530 mg/L. From Figure 3e, the highest
Fe concentration was observed at sample point W02-2, while the lowest concentration
was recorded at sample point W10-1. The average Fe concentration is 217.05 mg/L. The
concentration of uranium exhibited fluctuations between 1.16 µg/L and 30.1 µg/L, with an
average value of 12.18 µg/L. Notably, the concentration of uranium at the pumping well
exceeded 1000 µg/L. As is evident from Figure 3f, uranium concentrations were generally
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low in all the wells, except for the notably high concentration observed in the pumping
well. This discrepancy can be attributed to the predominant storage of uranium ore within
the mining area. In the peripheral regions of the mining area, the uranium ore content is
low, and consequently, the concentration of uranium cannot be effectively replenished. As
a result, the impact of uranium on the groundwater environment outside the mining area is
relatively minimal. The national standard sets the SO4

2− concentration limit at 250 mg/L,
and this concentration significantly surpasses the permissible range for Class three water
quality standards. The notably high SO4

2− concentration is likely attributed to the leaching
solution containing H2SO4, suggesting that the groundwater in the vicinity of the mining
area has indeed been influenced by the in situ leaching of uranium. Figure 3g indicates
that proximity to the mining area corresponds to higher concentrations of SO4

2−. HCO3
−

concentration varied from 35 mg/L to 1110 mg/L, with an average value of 358.27 mg/L.
From Figure 3d,h and other figures, the primary cations and ions in the groundwater of the
study area exhibited a consistent trend of decreasing concentration from the inner areas
toward the periphery, except for Mg2+ and HCO3

−. The Cl− concentration ranged from
312 mg/L to 536 mg/L, with an average value of 440.91 mg/L. As depicted in Figure 3i,
the spatial distribution appears relatively uniform. This uniformity is attributed to chloride
primarily originating from the background value, with limited impact from water–rock
interactions, leading to recharge or consumption.
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Total Dissolved Solids (TDS) represents a critical parameter for assessing groundwater
quality, as it serves as an indicator of the dissolved materials within the water. Changes
in TDS are influenced and controlled by factors such as geomorphology, lithology, burial
conditions, and human activities. In the confined water around the mining area, the
lowest TDS content observed is 1340 mg/L, occurring at well W08-1, which falls within the
brackish water range. The highest TDS concentration recorded is 25,200 mg/L, observed
at well W02-2, also classified as saline water. On average, the TDS content in the study
area stands at 6011.82 mg/L. Per the established water quality standards, the permissible
TDS limit is set at 1000 mg/L. However, the TDS values measured at the various sampling
points within the study area consistently exceed this permissible limit.

3.2. Pearson’s Correlations between Pairs of Parameters

The Pearson’s correlations that were obtained between pairs of parameters are visually
presented in Figure 4. Correlation analysis revealed several noteworthy associations. For
instance, the correlation between K+ content and SO4

2− is notably high, registering at 0.91.
This strong correlation suggests that K+ likely originates from sulfuric acid injected into the
ore-bearing aquifer, leading to the dissolution of minerals containing potassium. Similarly,
the correlation between Na+ content and SO4

2− is even stronger, with a correlation coeffi-
cient of 0.94. This indicates that Na+ likely stems from the sulfuric acid injections into the
ore-bearing aquifer, leading to the dissolution of minerals containing sodium. Furthermore,
the correlation between Ca2+ content and SO4

2− is particularly high, with a correlation
coefficient of 0.8, signifying that Ca2+ is likely a product of sulfuric acid injections, which
dissolve minerals containing calcium. The correlation coefficient between the concentration
of Fe and SO4

2− is strongest, which can reach 0.98. Such a high correlation coefficient indi-
cates that the source of Fe in the sample well is mainly produced by sulfuric acid-dissolved
iron minerals.
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Interestingly, K+, Na+, and Ca2+ exhibit strong correlations with SO4
2−, but they have

weaker correlations with Cl−. This pattern can be attributed to the substantial injection of
sulfuric acid in the mining area, which dissolves a variety of minerals within the confined
aquifer. This evidence indicates that the chemical composition of water at the observation
points is significantly influenced by mining activities, establishing a robust relationship
between water chemistry and mining operations.
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3.3. Classified Two Clusters and Their Main Differences

HCA yielded a pedigree diagram, as shown in Figure 5. This dendrogram reveals
distinct groupings among the water samples, highlighting their similarities. Ultimately, all
the samples are categorized into two classes: class I and class II. Specifically, cluster Class I
includes the water samples of W-u, N01, W-d, W10-2, W08-1, W10-1, and W13-1. Cluster
Class II contains five samples, i.e., W08-2, W13-2, W01-1, W02-2, and the pumping well.
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Hierarchical Cluster Analysis (HCA) classifies the samples into two distinct classes,
Class I and Class II. To understand the influence of different hydrochemical indicators on
the differentiation of these categories, decision tree analysis was employed in this study.
The decision tree graph presented in Figure 6 provides valuable insights into the most
influential factors affecting water sample categorization. It is evident from the decision
tree analysis that the foremost and most significant factor influencing water sample types
is the concentration of SO4

2−. This high correlation with SO4
2− can be attributed to

the substantial injection of sulfuric acid solution into the lower layers during the in situ
leaching of uranium. Given the considerable volume of sulfuric acid used, the decision tree
analysis results appropriately highlight this factor as the most crucial one in categorizing
the water samples.
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The second most influential factor is the concentration of Ca2+, which arises from the
dissolution of a multitude of carbonate minerals in the geological formation. A compar-
ison of the statistical characteristics of water sample concentrations (as seen in Table 1)
shows that the Ca2+ concentration is notably higher than that of Mg2+. Hence, during
the in situ leaching of uranium, the dissolution of carbonate minerals is more likely to
stem from calcite. By employing a two-layer decision tree depth, all the samples can be
accurately categorized. This underscores the significant impact of in situ uranium leaching
on the groundwater environment near the sampling points, as indicated by the decision
tree analysis.

Considering the limited size of the dataset in this study, comprising only 12 samples,
it is possible that the above observations reflected by the decision tree in this study may
not be reasonable. We anticipate that, with the progression of mining activities, there will
be a more substantial accumulation of data, enabling future research to delve deeper into
the complexities of the subject matter.

3.4. Hydrogeochemical Process Governing the Hydrogeochemistry

Water–rock interaction plays a pivotal role in shaping the chemical composition of
groundwater in the research area. The correlation among the main ions sheds light on
the type of water–rock interaction occurring in groundwater circulation. If the Na+ and
Cl− originate from halite dissolution, the mole ratio of Na+/Cl− is 1, as can be deduced
using the following equation:

NaCl = Na+ + Cl− (16)

Figure 7a shows that the molecular ratio of Na+/Cl− in this study exceeds 1. This
observation aligns with the regional geological conditions and the nature of minerals in
the area. The elevated Na+/Cl− ratio is a strong indicator of the substantial dissolution
of sodium feldspar minerals, which releases Na+ ions into the groundwater, as can be
deduced using the following equation:

2NaAlSi3O8 + H2SO4 + 9H2O→ 2Na+ + SO2−
4 + Al2Si2O5(OH)4 + 4H4SiO4 (17)
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Figure 7b shows that the molecular ratio of Ca+/SO4
2−. The injection of acid in the re-

search area leads to the dissolution of minerals like dolomite and calcite. The concentration
of Ca2+ in the research area is primarily a result of calcite dissolution, as can be deduced
using the following equation:

CaCO3 + H2SO4 → CaSO4 + CO2 + H2O (18)
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Most of the samples exhibited an excess of SO2−
4 , which can be attributed to the

dissolution of sulfate. Additionally, the presence of Mg2+ is likely derived from the
dissolution of dolomite, as can be deduced using the following equation:

CaMg(CO3)2 + 2H2SO4 → CaSO4 + Mg2+ + SO2−
4 + 2CO2 + 2H2O (19)

In addition, a large number of silicate minerals dissolve and also produce quartz
precipitation, as can be deduced using the following equation:

H4SiO4 → SiO2 + 2H2O (20)

Figure 7c shows that the molecular ratio of 2Fe3+/SO4
2−. There is a large number of

iron elements in the water sample, mainly due to the dissolution of hematite, as can be
deduced using the following equation:

Fe2O3 + 3H2SO4 → 2Fe3+ + 3SO2−
4 + 3H2O (21)

Figure 7 clearly illustrates that the concentration of sulfate ions (SO2−
4 ) surpasses that

of many metal cations in the groundwater samples. This striking pattern indicates that in
situ uranium leaching indeed had a profound impact on the groundwater quality at the
observation hole. The elevated concentration of sulfate ions is a strong indicator of the
substantial influence of mining activities on the chemical composition of the groundwater
in this area.

3.5. Saturation Indices of Ca- and Fe-Related Minerals

The groundwater in the mining area exhibits high levels of calcium (Ca) and iron
(Fe). These minerals, with their complex dissolution and precipitation characteristics, play
a significant role in altering the water quality during the mining process. Additionally,
the precipitation of these minerals can potentially block the pore channels within the
ore layer, thereby affecting mining efficiency. To investigate these potential impacts, the
saturation indexes of various minerals, including anhydrite (CaSO4), calcite (CaCO3),
dolomite (CaMg(CO3)2), gypsum (CaSO4•2H2O), Fe(OH)3, goethite (FeOOH), hematite
(Fe2O3), siderite (FeCO3), and melanterite (FeSO4•7H2O), were analyzed based on the
mineral characteristics of the aquifer and the chemical properties of the groundwater.

The results of this analysis reveal distinct saturation index characteristics for cal-
cium and iron minerals. Table 2 illustrates the saturation index characteristics of calcium-
containing minerals. The saturation index of calcite and dolomite can be categorized into
these two groups:

Table 2. Saturation index analysis of calcium minerals.

Cluster Sample SI (Anhydrite) SI (Calcite) SI (Dolomite) SI (Gypsum)

Class I

W-d −1.73 −1.45 −3.02 −1.22
W-u −0.14 3.1 5.26 0.33

W08-1 −1.92 1.38 2.57 −1.41
W10-1 −1.91 1.38 2.54 −1.4
W10-2 −1.39 1.47 2.88 −0.88
W13-1 −1.45 1.54 2.76 −0.96

N01 −1.98 0.47 0.9 −1.5

Class II

W01-1 −0.39 0.45 −1.83 0.11
W02-2 −0.2 −0.48 −3.5 0.3
W08-2 −0.4 0.24 −2.55 0.11
W13-2 −0.36 0.01 −2.67 0.13
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In the case of the four sample points, W08-1, W10-1, W10-2, and W13-1, the saturation
index of calcite is close to zero, while the saturation index of dolomite is greater than zero.
This suggests a trend of stronger dissolution for calcite at these points.

Conversely, for the four sample wells, W01-1, W02-2, W08-2, and W13-2, the saturation
index of both calcite and dolomite is less than zero, indicating that both minerals are in a
dissolved state at these locations.

It is particularly noteworthy that a comparison of the saturation indexes between the
sample wells of W08-1 and W08-2, as well as W13-1 and W13-2, reveals a gradual outward
expansion of acid injection. In the inner observation well, dolomite dissolves throughout,
and it gradually precipitates as the acid migrates outward and is consumed toward the
outer sample well.

As for anhydrite, the saturation index for all the samples is less than zero, indicating
that anhydrite is in an unsaturated state. However, the saturation index varies among the
samples, with the values for W08-1, W10-1, W10-2, and W13-1 being notably lower than
those for W01-1, W02-2, W08-2, and W13-2. At W08-1, W10-1, W10-2, and W13-1, where the
saturation index is less than zero, gypsum is implied to be in a dissolved state. Conversely,
at W01-1, W02-2, W08-2, and W13-2, where the saturation index of gypsum is greater than
zero, gypsum is indicated to be in a precipitated state. These findings shed light on the
dynamic interactions between minerals and groundwater in the mining area.

The saturation index of iron-bearing minerals is different from that of calcium-bearing
minerals, as shown in Table 3. At sample wells W08-1, W10-1, W10-2, W08-2, and W13-2, the
saturation index of iron-bearing minerals is relatively small, while at sample wells W01-1,
W02-2, W08-2, and W13-2, the saturation index of iron-bearing minerals is relatively large.

Table 3. Saturation index analysis of iron minerals.

Cluster Sample SI (Fe(OH)3) SI (Hematite) SI (Goethite) SI (Siderite) SI (Melanterite)

Class I

W-d −1.51 9.3 3.69 −0.86 −5.14
W-u 0.54 13.46 5.76 −16.13 −23.49

W08-1 0.99 14.28 6.18 −11.07 −18.37
W10-1 0.83 13.95 6.02 −11.2 −18.48
W10-2 2.79 17.9 7.99 −8.18 −15.05
W13-1 0.9 14.22 6.15 −11.32 −18.36

N01 0.58 13.7 5.88 1.08 −5.45

Class II

W01-1 5.25 22.84 10.46 2.37 −2.5
W02-2 3.91 20.18 9.13 2.33 −1.41
W08-2 4.29 20.86 9.47 2.22 −2.42
W13-2 4.13 20.68 9.38 2.26 −2.15

The saturation index distribution of Fe(OH)3 is depicted in Table 3. Based on the
calculated results, it is evident that the saturation index of Fe(OH)3 in most samples is
greater than zero. This signifies that the precipitation of Fe(OH)3 is likely to occur near the
mining area, potentially leading to formation blockages within the mining area. The high
saturation index of Fe(OH)3 can be attributed to the elevated iron (Fe) content in the water
samples from the mining area.

Among the eight wells, the maximum saturation index of Fe(OH)3 was observed at
sample point W01-1, while the minimum saturation index was recorded at W10-1. It is
notable that the saturation index was higher at five sample wells: W01-1, W02-2, W08-2,
W13-2, and W10-2, whereas it was lower at three sample wells: W08-1, W10-2, and W13-1.
This trend indicates that the closer the sample well is to the mining area, the greater the
saturation index of Fe(OH)3, making it more prone to precipitation. Conversely, as the
groundwater containing iron migrates to sample wells located farther from the mining
area, the iron content significantly diminishes, resulting in a lower saturation index.

In the case of hematite, it is in a precipitated state in all the samples, consistent with
the high iron content in the observation wells. The saturation index of hematite in the inner
observation wells is higher than in the outer observation wells. This difference is due to the
proximity of the inner observation wells to the mining area, where the leaching solution
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has a higher iron content. As the leaching solution migrates to the peripheral observation
wells, the iron content decreases, leading to a lower hematite saturation index.

The saturation index distribution of goethite also suggests that the precipitation of
goethite is likely near the mining area, which could cause formation blockages. This
phenomenon is attributed to the high iron content in the water samples from the mining
area. The saturation index of goethite in most samples is greater than zero, with values
ranging between 4 and 11. As with other iron-bearing minerals, the closer the observation
point is to the mining area, the greater the saturation index of goethite, making it more
prone to precipitation.

As for siderite (FeCO3) and melanterite (FeSO4•7H2O), the saturation index indicates
their dissolution or precipitation states at different sample points. Specifically, (1) the saturation
index of siderite at the four points W08-1, W10-1, W10-2, and W13-1 is less than zero, indicating
a dissolved state; and (2) conversely, at the four points W01-1, W02-2, W08-2, and W13-2, the
saturation index of siderite is greater than zero, signifying a precipitated state.

The saturation index of melanterite (FeSO4•7H2O) follows a similar pattern: at the
four sample wells W08-1, W10-1, W10-2, and W13-1, the saturation index is less than zero,
indicating a dissolved state, while at the four sample wells W01-1, W02-2, W08-2, and W13-2,
the saturation index of melanterite is greater than zero, suggesting a precipitate state.

The comparison of the saturation indces of each sampling point reveals distinct
hydrochemical behaviors for iron-bearing and calcium-bearing minerals. In particular,
(1) calcium-bearing minerals tend to dissolve first and then precipitate, as indicated by the
saturation index patterns. This suggests that the dissolution of calcium-bearing minerals
occurs near the mining area, followed by the precipitation of these minerals. The acid
leaching solution used in in situ uranium leaching influenced the dissolution and precipita-
tion of calcium-bearing minerals; and (2) most iron-bearing minerals exhibit a tendency to
gradually precipitate. The patterns of saturation indices for iron-bearing minerals suggest
that their precipitation is more widespread and occurs more gradually. The acid leaching
solution also impacted the dissolution and precipitation of iron-bearing minerals but in a
different manner compared to calcium-bearing minerals.

These findings emphasize the complex interactions between mineral dissolution and
precipitation in response to the in situ uranium leaching process, highlighting the impor-
tance of understanding these processes for both water quality management and mining
efficiency optimization.

4. Conclusions

This study provides a comprehensive analysis of the hydrogeochemical characteristics
of groundwater in in situ uranium mining areas. Key findings and insights from the study
include, as follows:

(1) This study highlights that the concentrations of SO4
2− and total dissolved solids

(TDS) are notably high in the groundwater samples. This suggests that the increased
salinity in groundwater is primarily attributed to the dissolution of minerals, such as
potassium feldspar, sodium feldspar, and calcite in the aquifer, due to the presence of
sulfuric acid in the leaching solution. This confirms the significant impact of in situ
uranium leaching on groundwater quality.

(2) Correlation analysis indicates a strong positive correlation between key ions such as
K+, Na+, Ca2+, and SO4

2−. This underscores the fact that the leaching solution injected
during in situ uranium leaching, which contained substantial sulfuric acid, led to a
significant dissolution of minerals and subsequent increases in the concentration of
conventional metal cations in groundwater.

(3) The clustering of water samples into two major categories reflects the differential
influence of in situ uranium leaching on the surrounding groundwater environment.
Samples located closer to the mining area exhibited distinct hydrogeochemical char-
acteristics compared to those located further away. This observation indicates that
the proximity to the mining area and the groundwater background flow patterns
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are pivotal factors influencing the groundwater’s response to uranium leaching. The
outcomes of two representative path analyses further substantiate this perspective.

(4) Decision tree analysis identifies SO4
2− as the most influential factor, followed by Ca2+.

These results provide valuable insights for the classification and prediction of water
samples based on their hydrogeochemical characteristics.

(5) The study of mineral saturation indices reveals that calcium-bearing minerals tend
to dissolve near the mining area and then precipitate. By contrast, iron-bearing
minerals tend to precipitate more gradually. These observations indicate the complex
interactions between mineral dissolution and precipitation, emphasizing the impact
of in situ uranium leaching on mineral reactions in the aquifer.

In summary, this study demonstrates the significant influence of in situ uranium
leaching on groundwater quality in the mining area. It also highlights the role of proximity
to the mining area and geological features in controlling the impact of leaching activities.
Understanding these hydrogeochemical processes is crucial for effective groundwater
management and optimizing mining practices.
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