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Abstract: Land reclamation is crucial for restoring ecosystems in mining areas, improving
land use efficiency, and promoting sustainable regional development. Traditional single-
indicator assessments fail to capture the full complexity of reclamation, highlighting the
need for a more comprehensive evaluation approach. This study combines field-measured
and remote sensing data to develop multiple evaluation indices, creating a comprehensive
framework to assess reclamation effectiveness. A soil quality index based on the Minimum
Data Set (SQIyps) was developed to analyze spatial variations in soil quality, efficiently
capturing key soil attributes. Remote sensing data were used to calculate the Dump Recla-
mation Disturbance Index (DRDI) and the Enhanced Coal Dust Index (Ecpy) to evaluate
vegetation recovery and ecological improvements. The Comprehensive Evaluation Quality
Index (CEQI) was introduced, synthesizing soil, vegetation, and ecological conditions for a
holistic assessment. Key findings include significant soil quality improvement over time,
with MDS effectively capturing variations; vegetation recovery increased with reclama-
tion duration, though regional disparities were observed; ecological conditions steadily
improved, as evidenced by a decline in ECDI values and reduced contamination; and
the CEQI reflected overall improvements in reclamation effectiveness. This study offers
a practical framework for coal mining land reclamation, providing scientific support for
decision-making and guiding effective reclamation strategies for ecological restoration and
sustainable land management.
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1. Introduction

Coal resources occupy an important position in the global non-renewable energy
structure and play an irreplaceable role in the process of industrialization [1,2]. China is
not only the world’s major coal consumer but also an important coal producer [3,4], and
its energy security and economic development are highly dependent on coal resources [5].
Open-pit mining has become one of the most important modes of coal production and
contributes 12% to the national production thanks to its significant cost advantages, safety,
and resource utilization [6,7]. Over the past decade, open-pit coal production has grown
at an average annual rate of 4.5 percent, and its share in major producing regions such as
Inner Mongolia and Shanxi has exceeded 20 percent, highlighting a shift in mining models.
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However, while open-pit mining has significantly enhanced production capacity, it
has also led to severe ecological and environmental challenges, among which the ecolog-
ical restoration of waste disposal sites has become a critical issue hindering sustainable
development [8]. Research indicates that for every 10,000 tons of coal extracted through
open-pit mining, approximately 0.10 hm? of external soil disposal sites is generated. The
construction of these sites results in significant ecological degradation, including impaired
soil structure functionality (e.g., increased soil bulk density, reduced porosity, and a sharp
decline in water infiltration rates), vegetation loss, and decreased biodiversity [9-12]. More
critically, the heavy metal enrichment coefficient in these disposal sites can reach 2-5 times
than that of natural levels, posing ecological risks through bioaccumulation in the food
chain [13]. Although current reclamation techniques, such as topsoil replacement and
revegetation, can partially restore ecological functions, their effectiveness is constrained
by multiple factors, including reclamation methods (e.g., terracing vs. flattening), the
restoration duration (5-30 years), and soil handling processes (e.g., layered crushing vs.
natural piling) [14-16]. Additionally, there are significant regional variations in restoration
efficiency, with reported effectiveness ranging from 35% to 80%. Consequently, accurately
assessing the spatial and temporal variability of reclamation effects has emerged as a key
scientific challenge in optimizing ecological restoration strategies.

Since the 1980s, numerous studies have been systematically conducted on ecological
restoration in mining areas, achieving significant progress in three key areas: (1) Soil quality
assessment: A comprehensive soil fertility index system based on the total data set (TDS)
has been established, with critical parameters such as organic matter (showing an average
annual increase of 0.1-0.3%) and aggregate stability identified and quantified [17,18]. For
instance, He et al. [19] employed the Minimum Data Set (MDS) method and principal com-
ponent analysis to construct a soil quality index (SQI) suitable for evaluating the soil quality
of reclaimed land at the Suancigou coal mine in Inner Mongolia. Their study revealed the
evolutionary characteristics of soil physicochemical properties under different reclamation
ages, providing theoretical support and practical guidance for land quality assessments
and the optimization of ecological restoration strategies. (2) Vegetation restoration: The
role of pioneer species (e.g., sea buckthorn and purple acacia) in enhancing soil quality has
been demonstrated, leading to a significant increase in vegetation cover from less than 10%
to 50-70% [20,21]. For example, Xiang et al. [22] conducted extensive soil improvement
trials and analyzed years of ecological reconstruction practices at the Heidai Gou open-pit
mine. They determined the optimal vegetation combinations for mining environment
conditions and established an ecological restoration and vegetation reconstruction tech-
nology system centered on plant selection. Zhu et al. [23] employed field experimental
methods, assessing 14 common grass species used in land reclamation using indicators
such as life cycle, canopy cover, importance value, and ecological niche width. They found
that alfalfa, Xing’an milkvetch, and Yinchen Artemisia exhibited strong adaptability on
acidic coal gangue hills and hold potential as pioneer plants for vegetation restoration.
Zhou et al. [24] applied a “space-for-time” substitution method to analyze the succession
characteristics of vegetation composition, diversity, cover, and biomass on a spoil heap at a
coal mine in a cold and dry region over 1-4 years of reclamation. They found significant
inter-annual changes in community structure, with the highest vegetation cover (90.06%) in
the third year of reclamation and the greatest biomass (20.76 tons/hm?) in the second year,
revealing the dynamic patterns of vegetation restoration in the early stages of reclamation.
(3) Monitoring technology: Remote sensing indices (e.g., NDVI and SAVI) have enabled
the large-scale dynamic tracking of vegetation recovery [25-27]. For example, Yu et al. [28]
analyzed remote sensing imagery and vegetation cover (FVC) calculation methods, com-
bined with statistical data, to examine the greening progress of abandoned mining areas
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in Dartford during the advancement of the Ebbsfleet Garden City project in the UK. They
found that the area achieved a high level of vegetation restoration while undergoing urban
development, reflecting a synergistic approach to ecological management and sustainable
development. Sam et al. [29] analyzed six typical Canadian mines using multi-temporal
Landsat remote sensing imagery and methods such as NDVI, regrowth index (RI) analysis,
and post-classification change detection. They found that actively reclaimed mines showed
rapid and high-level vegetation restoration, with some areas even surpassing pre-mining
levels, demonstrating the key role of active reclamation in sustainable mine management.

Despite these notable advances, the existing research framework remains bifurcated,
hindering the systematic diagnosis of reclamation effects: (1) Single-dimension dominance:
Approximately 83% of the literature focuses on isolated subsystems (either soil or veg-
etation), neglecting the synergistic evolution mechanisms between soil, vegetation, and
the environment. For instance, the indirect impact of coal dust deposition (0.5-1.2 kg/m?
per year) on plant photosynthetic efficiency (reduced by 15-25%) through alterations in
soil pH (0.3-0.8 units) is rarely analyzed in an integrated manner. (2) Fragmentation of
the assessment system: Existing indicators (e.g., the soil quality index and vegetation
cover) are often treated in isolation, lacking the capacity to holistically quantify ecosystem
recovery. This fragmented approach limits the ability to evaluate the overall effectiveness
of ecological restoration efforts and their long-term sustainability.

The lack of a holistic, integrated assessment system not only restricts our understand-
ing of reclamation success but also prevents the optimization of reclamation strategies and
impedes the implementation of sustainable management practices. Effective reclamation
monitoring must address the dynamic restoration process through problem identification and
adaptive management to provide a basis for strategy optimization [30]. The construction of
an integrated assessment index system is of great significance for comprehensively evaluating
the effects of land reclamation and ensuring its scientific and sustainable implementation.

Based on this, this study combines field-measured data and remote sensing im-
agery to establish a comprehensive assessment framework that integrates soil-vegetation—
environment interactions with multi-source geospatial data. This framework aims to
comprehensively assess the land reclamation effects in mining areas using a space-for-time
substitution approach. The main objectives of the study include the following: (1) quan-
tifying the impacts of reclamation duration on soil quality, vegetation conditions, and
ecological indicators and (2) constructing an integrated assessment system to evaluate recla-
mation effects holistically by substituting space for time, combining field data with remote
sensing analysis, and comparing different reclaimed areas horizontally. The findings will
offer valuable insights into the spatial and temporal variability of ecosystem restoration,
optimize reclamation strategies, and improve overall reclamation efficiency, contributing to
more sustainable land management in mining areas.

2. Materials
2.1. Study Area

The Balongtu Coal Mine (110.116°E, 39.842°N) is situated in Dongsheng District, Ordos
City, within the Inner Mongolia Autonomous Region of China. The region experiences an
arid to semi-arid temperate plateau continental climate. The mine area has an irregular
polygonal shape. The topography is generally higher in the south and lower in the north,
with an average elevation of 1437.65 m. It has a maximum elevation difference of 170.9 m
and a total area of 26.974 km?. The average annual temperature ranges from 5.5 to 7.3 °C,
with hot summers and cold winters. Annual precipitation is relatively low, predominantly
concentrated in July, August, and September, averaging between 281.2 and 401.6 mm,
while annual evapotranspiration ranges from 2082.2 to 2535.0 mm. The frost-free period is
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relatively short, lasting approximately 165 days, whereas the freezing period is prolonged,
typically extending from October of one year to April of the next year. Vegetation in
the study area is sparse, primarily consisting of perennial herbs and shrubs. Influenced
by factors such as topography, geomorphology, the soil parent material, vegetation, and
human activities, the predominant zonal soil type in the region is calcium-rich chestnut soil.

The study area is abundant in mineral resources, with coal reserves totaling
263.9 million tons. The coal seams are shallowly buried and possess high heat content.
Land reclamation efforts in the mine’s discharge field began in 2012, implementing mea-
sures such as soil mulching, a 2 m x 2 m Salix grid on side slopes, platform planning
roads, safety retaining walls at the edges of the discharge field, and drip irrigation systems.
Vegetation restoration included planting mountain apricot, sea buckthorn, alfalfa, and
sainfoin in the intervening areas. By the end of 2023, land reclamation had been completed
in four discharge fields, covering a total area of approximately 3.96 km?. The reclamation
timelines and areas within the study site are detailed in Figure 1 and Table 1. The notation
“Re” represents the reclamation age of the discharge sites up to the sampling year (2023).
For comparative analysis, a control (CK) area was selected from an undisturbed original ge-
omorphological region adjacent to the study area, where no mining activities had occurred.
This control area was used as a baseline for subsequent comparative evaluations.

105°E 120°E

45°N

Legend
N  DEM || China ] Tnner Mongolia
A - 3537m Balongtu Coal Mine . Sampling Point
I:] Reck |:| Reclamation Areas
84m
Re8 Rell
0 250 500km Re2 Re5
Figure 1. Spatial location of the study area.
Table 1. Information on different reclamation areas.
Reclaimed Reclamation Vegetation Plot Size
Area Period Configurations (km?)
Re, 2021~2022 Shrubs and Grass 0.732
Res 2018~2021 Shrubs and Grass 1.153
Re8 2015~2018 Shrubs and Grass 0.786
Reqq 2012~2015 Tree, Shrubs, and Grass 1.282

CK - Grass -
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2.2. Data
2.2.1. Measured Data

Based on GPS positioning and considering the overpass time of the Landsat 8 satellite,
soil sampling was conducted within a 5-day window before and after 18 April 2023.
Four reclamation areas were selected as study sites, with approximately 16 sampling points
evenly distributed within each area. The sampling points were determined using a stratified
random sampling method to ensure a uniform and representative distribution. During field
sampling, adjustments to the sampling locations were made based on actual conditions,
with precise positioning aided by GPS. A five-point sampling method was employed at
each sampling point, following these steps: first, a central point was established; then, four
sub-sampling points were arranged within a 1 m x 1 m area around the center. A 100 cm?
soil ring knife was used to collect soil samples from a depth of 0-10 cm at each sub-point.
A total of five subsamples were collected per point, each carefully labeled with detailed
records of location, depth, and sampling time to enhance data accuracy and traceability. The
soil samples were bagged and transported to the laboratory for physicochemical property
analysis. To compare with the reclaimed soil, five additional sampling points were selected
in an unreclaimed area as a control group using the same sampling method. In total, 345 soil
samples were collected (16 x 4 x 5+ 5 x 1 x 5), and the physicochemical properties of
each sample were analyzed. The average value for each sampling point was calculated to
reduce errors and ensure the representativeness and scientific validity of the results.

The physicochemical properties of the field-collected soil samples were determined
using the following methods: Soil bulk density (BD): measured using the ring knife method.
Soil particle composition: determined using the pipette method (international system),
including sand (2-0.02 mm), silt (0.02-0.002 mm), and clay (<0.002 mm). Soil pH: measured
potentiometrically using a 1:2.5 soil-water mixed leaching solution. Total nitrogen (IN):
determined via the potassium dichromate volumetric method (external heating method).
Total phosphorus (P): measured using the molybdenum antimony colorimetric method.
Total potassium (K): determined via flame photometry. Soil moisture (SM): measured using
the drying method. Heavy metal content (Hg, Pb, Zn, and Ni): analyzed using atomic
fluorescence spectrometry. These analyses provide a comprehensive understanding of the
soil properties in both reclaimed and control areas, enabling a detailed comparison and
evaluation of reclamation effects. Soil sample test results are mainly used to construct the
soil quality index to assess the soil quality of the study area.

2.2.2. Landsat 8

The Landsat series of satellites launched by NASA includes Landsat 8, which was
launched on 11 February 2013. Landsat 8 carries two primary sensors: the Operational
Land Imager (OLI) and the thermal infrared sensor (TIRS). It has 11 spectral bands, 9 of
which are from the OLI, all with a spatial resolution of 30 m, except for the panchromatic
band (15 m). The TIRS provides two thermal infrared bands with a spatial resolution of
100 m.

This study utilizes the Landsat 8 Collection 2 Level-2 Science Product (L2SP)
(LCO8_L2SP_*_T1), the data are generated from Level-1 products through a series of process-
ing steps. The “T1” designation indicates that the data have undergone rigorous geometric
correction and radiometric calibration, ensuring high geometric accuracy with a root mean
square error (RMSE) of less than 12 m, making them suitable for multi-temporal analysis.
L2SP data include the surface reflectance (SR) and surface temperature (LST) products.
The surface reflectance product is generated by atmospherically correcting Level-1 data
using the Landsat Surface Reflectance Code (LaSRC). The surface temperature product
combines thermal infrared (TIR) sensor data with top-of-atmosphere (TOA) reflectance and
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TOA brightness temperature data, which are processed using a single-channel algorithm
(SCA). The spatial resolution of the L2SP surface reflectance product is 30 m, while the
surface temperature product has a resolution of 100 m for Landsat 8. The revisit period for
both satellites is 16 days, providing ascending and descending orbit data corresponding to
equatorial crossing times of approximately 10:00 and 22:00, respectively.

Landsat 8 data are primarily used for calculating remote sensing indices. To further
ensure data quality, we implemented additional quality control measures. Before using
the data, we assessed the distribution of surface reflectance (SR) values and found that
95% of the SR values fall within the range of 0 to 0.4. Therefore, we applied a threshold to
exclude SR values exceeding 0.4, thereby minimizing the impact of clouds and enhancing
the reliability of the data. In addition, to ensure consistency in spatial resolution between
the surface reflectance (SR) and land surface temperature (LST) data, this study employed
the TSHARP downscaling method [31,32] to downscale the LST images to 30 m. This
allowed for the calculation of corresponding indices at a uniform resolution. The Landsat
8 Collection 2 Level-2 products are accessible through the U.S. Geological Survey (USGS)
Earth Resources Observation and Science Center (EROS) (https://www.usgs.gov/landsat-
missions/landsat-collection-2 (accessed on 11 May 2023)). These data sets provide critical
information for monitoring and analyzing land surface changes, supporting applications in
ecological restoration, land reclamation, and environmental management.

3. Environmental Quality Assessment Model

In this study, the soil quality index (SQI), Dump Reclamation Disturbance Index
(DRDI), and Enhanced Coal Dust Index (Ecpy) indices were used to characterize the soil
quality, vegetation restoration, and ecological environment quality of each reclamation area.
These three indices were integrated into a Comprehensive Evaluation Quality Index (CEQI)
using the CRITIC weighting method to assess reclamation effectiveness. The SQI was
derived from field sampling data through a standardized procedure involving Minimum
Data Set (MDS) selection, membership function construction, and PCA-based weight
allocation. DRDI and Ecp; were derived from remote sensing data (Landsat 8) based on
ecologically meaningful spectral and thermal indicators. The calculation and theoretical
basis of each index are detailed below.

3.1. Construction of the SQI
3.1.1. Membership Calculation

Based on a review of the previous literature and field investigations of soil charac-
teristics in the study area, 13 physical and chemical indicators that effectively reflect soil
quality were selected to establish the Minimum Data Set (MDS) [33,34]. To eliminate unit
differences and normalize the data set, we applied affiliation functions that account for the
directionality of indicator influence on soil quality. Ascending and descending affiliation
functions were used to standardize the data depending on whether the indicators had
positive or negative correlations with soil quality [35]. Specifically, positive indicators
refer to those with higher values indicating better soil quality, while negative indicators
are those with higher values corresponding to poorer soil quality. The classification of
indicators and the respective affiliation functions used are summarized in Table 2 and
Equations (1) and (2).

. (xij - ximin)
Q(Xi) B (ximax - ximin) (1)
Q) = s 2i) @

(ximax - ximin)
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where Q(x;) represents the affiliation value of each soil indicator; x;; denotes the measured
value of the j-th sample for the i-th soil indicator; and x;,,,, and x;,;;, are the maximum and
minimum values of the i-th soil indicator, respectively. Equation (1) was applied when the
soil indicator exhibited a positive effect on soil quality, whereas Equation (2) was used for
indicators with a negative effect.

Table 2. Determination of positive/negative indicators.

Function Properties
Positive indicators SM (m*/m?), pH, N(g/kg), P (mg/kg), K(mg/kg), Clay (%),
and Sand (%)
3y Gilt (© ;
Negative indicators BD (g/cm”), Silt (%), Pb (mg/kg), Zn (mg/kg), Ni (mg/kg),
and Hg (mg/kg)

3.1.2. Minimum Selection of the Data Set

The MDS [36] framework mitigates issues such as data redundancy and simplifies
processing while retaining critical soil quality information. To select representative soil in-
dicators, principal component analysis (PCA) was employed as a dimensionality reduction
tool. Principal component loadings, variance contribution rates, and cumulative variance
contribution rates were calculated for each soil indicator. Principal components with eigen-
values >1 were retained. Within each retained component, soil indicators with absolute
loading values within 10% of the highest loading were classified as high-loading indicators.
If an indicator exhibited high loadings on multiple principal components simultaneously, it
was assigned to the component with the lower absolute loading value.

To address potential information loss from single-component loading assignments,
the Norm value of each indicator was calculated. Norm represents the vector length of an
indicator’s loadings across all retained principal components in multidimensional space.
Higher Norm values indicate stronger combined loadings and greater explanatory power
for integrated soil quality information. For indicator groups containing multiple candi-
dates, Pearson correlation analysis was applied to refine their selection: if the correlation
coefficient (r) between two indicators exceeded 0.5, the one with the lower Norm value was
discarded; if correlations were weak (r < 0.5), all indicators in the group were retained. The
Norm calculation formula is provided in Equation (3).

Ny =/ () ®)

where N;; represents the composite loading of the i-th variable across the first j principal
components (with eigenvalues > 1); u;; denotes the loading of the i-th soil indicator on the
j-th principal component; and A; is the eigenvalue of the j-th principal component.

3.1.3. Weight Allocation and Soil Quality Indexes

The SQI [37] was employed to characterize soil quality in the reclamation area. As a
composite metric integrating key indicators of soil quality, the SQI is widely adopted due
to its computational efficiency and adaptability to quantitative assessments. The index was
calculated by weighting individual soil indicators based on their common factor variances
derived from PCA, followed by a weighted summation process. Specifically, the common
factor variance of each indicator (ranging from 0 to 1) reflects its relative contribution to the
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total variance, with higher values indicating greater importance in soil quality evaluations.
The computational methodology is detailed in Equations (4) and (5).

Ci
W; = G 4)
SQI=Y" WQ(x;) (5)

where W, is the weight of the i-th soil indicator; C; represents the common factor variance
of the i-th evaluation indicator; n denotes the number of indicators included in the MDS;
SQI is the soil quality index; and Q(x;) is the affiliation value of the i-th soil indicator.

3.2. Construction of the DRDI

The DRDI [38] was applied to quantify vegetation restoration status in the reclamation
area. The DRDI evaluates disturbance intensity by comparing the structural and func-
tional states of vegetation to their optimal reference conditions, as defined in Equation (6).
Specifically, the structural state is represented by the Enhanced Vegetation Index (EVI),
which reflects vegetation canopy density and biomass. The functional state is character-
ized by the land surface temperature (LST), indicating vegetation physiological activity
and stress levels. Vegetation conditions are considered optimal when EVI is maximized
(structural integrity) and LST is minimized (reduced thermal stress). Consequently, lower
deviation from these optimal thresholds (i.e., higher EVI and lower LST) corresponds
to a smaller disturbance index value [39,40]. This assumption has been widely adopted
in remote sensing studies of vegetation degradation and drought monitoring due to its
ecological plausibility; healthy vegetation often exhibits higher canopy greenness and
lower surface temperature as a result of transpiration and shading effects. In this study,
we explicitly acknowledge both the ecological rationale behind this assumption and its
potential limitations. For example, in areas with unique microclimates, heterogeneous land
cover, or intense anthropogenic influence, the coupling between EVI and LST may weaken,
possibly affecting the accuracy of DRDI estimation. Nevertheless, at the regional scale of
our analysis, this assumption provides a reasonable comparative baseline for assessing
vegetation recovery.

LST;;/EVI;j

DRDI;; =
5 LST in /EVI, ua

(6)

where LST;; represents the land surface temperature at pixel j in monitoring year i; EVI;;
denotes the Enhanced Vegetation Index at pixel j in monitoring year i; LST; i, is the
minimum LST value at pixel j recorded between the initiation of reclamation measures
and the target year; and EVI; ;,, is the maximum EVI value at pixel j observed over the
same period.

3.3. Construction of the Ecpy

The Ecpy [41] was selected to assess ecological environment quality in the study area.
This validated index, developed based on near-infrared (NIR), Short-Wave Infrared 1
(SWIR1), and Short-Wave Infrared 2 (SWIR?2) spectral bands, leverages the distinct spectral
contrast between coal dust and surrounding natural features in mining areas. The Ecpy
enables the effective identification of coal dust distribution patterns, which is critical for
monitoring post-reclamation environmental recovery. The computational framework is
mathematically expressed in Equation (7).

SWIR1 — NIR + SWIR2

Eep1 = SWIRT T NIR — sWiR2 @)
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3.4. Construction of CEQI

To obtain a comprehensive assessment of reclamation effectiveness, CEQI was con-
structed by integrating SQI, DRDI, and Ecpy. The Criteria Importance Through Intercriteria
Correlation (CRITIC) method [42] was used to assign weights objectively. The CRITIC
method evaluates the importance of each index based on its variability (standard deviation)
and degree of independence (correlation with other indices). This method mainly consists
of the following steps: (1) data standardization, (2) calculating the standard deviation
to measure the variability of each indicator, (3) calculating the correlation coefficients to
determine the conflict/independence between indicators, (4) calculating the importance of
each indicator, and (5) determining the weights. Specifically, the CRITIC method assigns
higher weights to indices with greater variability (standard deviation), as they provide
more discriminative information, and to indices with lower correlations, as they contribute
more independent information. The computational frameworks for CRITIC weights and
CEQI are detailed in Equations (8)—(13).

Zij=—— L A
J

Yi i (zik—7Zi (z» —?)
= k=1 ( ik ) ik j ©)

(8)

1 n —
aj = \/n_lZi_l (xij — x]')z (10)

Cj:aj[i(l—rij)],j:1,2,...,n (11)

W= G (12)
J ?:1 Ci
CEQI=Y  wiZ; (13)

where Z;; is the standardized value of the i-th indicator value for the j-th indicator, x;; is
the i-th indicator value for the j-th indicator, y; is the mean of the j-th indicator, and 0} is
the standard deviation of the j-th indicator; r;; is the correlation coefficient between the i-th
and j-th indicators and Zz; and Z; are the means of the i-th and j-th indicators, respectively;
a; is the standard deviation of the j-th indicator; C; is the importance of each indicator; w;
is the weight of the j-th indicator; and CEQI is the comprehensive evaluation index.

3.5. Statistical Analysis

To validate the spatial interpolation results and evaluate index performance, we
applied several statistical techniques. The arithmetic mean, median, maximum, minimum,
and standard deviation of the different indicators in each study area were calculated
separately using Python 3.10. Inverse distance weighting (IDW) was used for the spatial
interpolation of index values. The performance of interpolated results was verified using
correlation coefficient (R), bias, root mean square error (RMSE), and unbiased RMSE
(ubRMSE), which were calculated using Equations (14)—(17). Additionally, factor analysis
and MDS construction were performed using SPSS 27.

11\]1( X)(vi — ) (14)
¢z ¥)2(y; —7)°
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_EN (i =)
RMSE = || =052 (15)
Bias = %Zil (xi —vi) (16)
N = o \12
I V £ (=) = (4 =) -

where x; and y; represent the values of the sampled data and interpolated data at corre-
sponding positions, respectively, and N denotes the number of available samples.

4. Results

4.1. SQI Characteristics of Reclaimed Areas
4.1.1. Patterns of Spatial Variation in Soil Properties

The IDW method was employed to interpolate soil indicators and evaluate the accu-
racy of the interpolation results (Figure 2). The fitting outcomes demonstrated that IDW
effectively captured the spatial variation patterns of soil indicators, exhibiting high predic-
tion accuracy and minor deviations. For soil properties (BD, SM, and pH), the R? values
ranged from 0.570 to 0.663, with absolute bias values consistently below 0.005, indicating
high reliability in interpolating these parameters. Among them, pH had the lowest R? value
(0.570), suggesting that although the absolute bias was minimal, the model had limited
capacity to fully capture the spatial variability of pH, possibly due to the complex chemical
interactions in soil affecting acidity levels.

Soil nutrients (N, P, and K) showed R? values between 0.636 and 0.674, with minimal
fluctuation across this range. Although the K element exhibited a slightly higher bias
compared to N and P, its absolute bias remained below 0.05, reflecting an overall underes-
timation trend. This underestimation could be attributed to potassium’s relatively high
variability in soils due to plant uptake and leaching processes.

Metallic elements (Pb, Zn, Ni, and Hg) yielded the highest R? values (0.734-0.763)
among all indicators, with limited variability, suggesting strong spatial regularity. However,
Zn and Ni showed relatively higher absolute biases (Zn: 0.383; Ni: 0.187), indicating that
while spatial trends were well captured, some local deviations existed, possibly due to an
uneven distribution or anthropogenic impacts (e.g., industrial activities). Pb and Hg, by
contrast, exhibited both high R? values and minimal biases, demonstrating stable spatial
behavior and higher interpolation precision.

For soil texture (clay, sand, and silt), R? spanned 0.624-0.720, and absolute biases were
uniformly below 0.05. This indicates that IDW was generally effective in representing soil
textural variations, although fine-scale heterogeneities may still lead to localized deviations.

In summary, the IDW method performed robustly in characterizing the spatial dis-
tribution of soil indicators, particularly for metallic elements and soil properties. Most
interpolated results demonstrated strong correlations (high R?) and minimal bias, con-
firming the method’s credibility for spatial analysis of heterogeneous soil datasets. The
variable-specific analysis further illustrates that while the method captures general spatial
patterns well, certain parameters with high natural variability or anthropogenic influence
(e.g., Zn, Ni, and pH) may still exhibit noticeable residuals, warranting further model
enhancement or alternative approaches in future studies.
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Figure 2. Accuracy of IDW interpolation results. (a-m) represent the interpolation accuracy assess-
ment results for the soil indicators of BD, SM, pH, N, Pb, Zn, Ni, P, K, Hg, clay, sand, and silt.

The statistical analysis of soil indicators (0-10 cm depth) across reclamation zones in
the study area (Table 3) revealed distinct trends in soil restoration over time. Soil properties
(BD, SM, and pH) demonstrated progressive recovery, reaching levels comparable to or
exceeding those of the CK area after approximately 11 years of reclamation. Specifically, pH
values across all reclaimed zones remained stable within the alkaline range (8.79-8.91), with
low variability, indicating the consistent regulation of soil acidity during reclamation. SM
and BD exhibited contrasting trends: BD showed a decreasing trend, while SM increased
gradually, reflecting improved soil porosity and moisture retention, which collectively
enhanced vegetation suitability. Notably, SM values in reclaimed zones consistently sur-
passed those of the CK area, likely attributed to vegetation restoration and targeted soil
management practices.

Soil nutrients (N, P, and K) displayed an initial increase followed by a gradual decline
with reclamation duration, though all remained higher than CK levels. N and K concentra-
tions showed minimal variability, with differences from CK consistently below 5 g/kg. In
contrast, P peaked at 0.411 g/kg in the eighth year of post-reclamation before declining,
possibly linked to leaching or shifts in plant uptake efficiency. These findings were further
emphasized in the comparative analysis presented in Table 3, which demonstrates that the
concentrations of N, P, and K in all reclamation stages remained higher than those in the
CK zone, reflecting the lasting impact of early-stage soil amendments.

Metallic elements (Pb, Zn, Ni, and Hg) exhibited divergent behaviors. Hg concen-
trations remained comparable to CK levels, with low standard deviations across zones,
suggesting limited temporal influence and minimal phytoremediation. Conversely, Pb, Zn,
and Ni accumulated progressively in reclaimed soils, exceeding CK values, likely due to
anthropogenic inputs or legacy contamination during reclamation. This trend was further
emphasized through a detailed comparison of means and medians across zones, which
consistently showed that Pb, Zn, and Ni concentrations in reclaimed soils were significantly
elevated compared to the CK area, highlighting the persistent influence of historical land
use and the necessity of targeted remediation efforts.

Sail texture (clay, sand, and silt) showed limited variability. Clay content decreased
progressively with reclamation duration, while silt and sand fractions stabilized near CK
levels. However, clay content in reclaimed soils remained higher than in CK, promoting
denser soil structure and enhanced water retention capacity.
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Prolonged reclamation significantly improved soil properties (SM, pH, and BD) and
nutrient availability (N, P, and K), achieving restoration targets within 11 years. However,
the persistent elevation of heavy metal concentrations (Pb, Zn, and Ni) highlights the
need for long-term monitoring and mitigation strategies to align reclaimed soils with
CK benchmarks.

Table 3. Descriptive statistics of the soil properties (0-10 cm) in different reclamation areas.

Properties Re; Res Reg Reqp CK Re,n

Mean 1.658 1.627 1.621 1.469 1.480 1.597

BD (g/cm?) Median 1.678 1.59 1.635 1.48 1.413 1.606
SD 0.102 0.127 0.117 0.129 0.103 0.065

SM Mean 0.156 0.151 0.166 0.206 0.050 0.154
(m3/m®) Median 0.12 0.132 0.149 0.21 0.047 0.153
SD 0.081 0.054 0.056 0.058 0.011 0.034

Mean 8.906 8.836 8.795 8.79 8.834 8.831

pH Median 8.895 8.885 8.78 8.800 8.800 8.838

SD 0.18 0.161 0.311 0.163 0.097 0.082

Mean 0.376 0.351 0.356 0.348 0.334 0.358

N (g/kg) Median 0.369 0.357 0.368 0.352 0.308 0.357
SD 0.061 0.038 0.036 0.039 0.052 0.021
Mean 26.813 30.019 23.95 33.58 25.340 27.946

Pb (mg/kg) Median 25.85 29.7 23.75 34.8 25.300 27.709
SD 4.975 2.609 3.333 4.01 1.205 2.628

Mean 68.644 83.431 81.356 97.12 33.100 75.919

Zn (mg/kg) Median 59.85 82.9 81.05 97.5 32.700 78.248
SD 20.396 13.424 16.949 19.014 6.296 12.843
Mean 27.838 32.063 32.775 33.06 15.300 30.154

Ni (mg/kg) Median 25.6 31.8 31.25 33.1 15.100 31.275
SD 6.262 3.914 5.703 7.421 2.566 4.205

Mean 0.36 0.396 0.411 0.359 0.276 0.393

P (g/kg) Median 0.358 0.406 0.406 0.364 0.285 0.395
SD 0.128 0.107 0.106 0.069 0.109 0.058
Mean 19.388 20.373 21.181 21.342 18.251 20.360

K(g/kg) Median 19.106 20.767 21.69 21.304 17.983 20.649
SD 2.696 1.416 1.925 2.357 1.617 1.023

Mean 0.052 0.059 0.041 0.06 0.051 0.053

Hg (mg/kg) Median 0.045 0.056 0.038 0.06 0.050 0.052
SD 0.028 0.007 0.01 0.01 0.004 0.010
Mean 17.892 19.388 14.488 12.97 8.626 16.887
Clay (%) Median 19.532 20.102 14.299 12.84 9.145 16.996
SD 5.365 3.897 3.558 6.143 3.489 3.011
Mean 25.919 24.298 28.38 21.65 21.967 24.758

Sand (%) Median 26.826 24.132 28.262 21.71 21.711 25.141
SD 6.697 12.307 9.435 4.669 3.355 4.201
Mean 53.978 53.884 55.023 62.89 65.937 55.982
Silt (%) Median 52.209 53.071 52.325 61.85 61.852 55.370
SD 8.618 11.632 10.33 7.881 5.877 4.607

Figure 3 shows the spatial distribution of multiple soil indicators in a specific study
area. There is great spatial variability in soil properties across the area. For instance,
the content or values of BD, clay, Hg, K, N, Ni, P, Pb, pH, sand, silt, SM, and Zn vary
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significantly across different locations. Overall, many indicator values are higher in the
right part (higher longitude) and lower in the left part (lower longitude), with medium
levels in the middle. This distribution pattern may be linked to local topography, the soil
parent material, vegetation cover, and human activities.

In addition, the continuous accumulation of heavy metals such as Pb, Zn, and Ni in
reclaimed soils may be attributed to multiple interacting factors. First, the filling materials
used during reclamation, such as dredged sediments, construction waste, or industrial by-
products, may contain considerable amounts of heavy metals, serving as initial sources of
contamination. Second, agricultural activities in the reclaimed areas, including fertilization,
pesticide application, and irrigation water quality, can introduce exogenous heavy metals,
resulting in their gradual accumulation in the soil over time. Furthermore, changes in soil
physicochemical properties, such as stabilized pH, increased organic matter content, and
enhanced cation exchange capacity, may improve the adsorption and retention of heavy
metals, affecting their vertical migration within the soil profile. Root exudates and microbial
activities may also influence the transformation of these metals through complexation or
reduction processes, thereby altering their chemical speciation and bioavailability. The
combined effects of these physical, chemical, and biological processes may explain why
elements like Pb, Zn, and Ni remain significantly higher in older reclaimed plots compared
to the CK (control) area. This indicates a potential risk of secondary accumulation of heavy
metals, highlighting the necessity of long-term monitoring and ecological regulation to
ensure soil environmental quality in reclaimed lands.

110.12°E  110.131°E  110.143°E  110.154°E 110.12°E  110.131°E  110.143°E  110.154°E
39.8513°N - 39.8513°N
o
39.8425°N . 39.8425°N
R
39.8338°N \ . 39.8338°N
L
[ . [ .
122 1.35 1.48 1.61 1.74 0.06 0.11 0.16 0.21 0.25
BD (g/cm?) SM (m3/m3)
(a) (b)
110.12°E 110.131°E  110.143°E  110.154°E 110.12°E 110.131°E 110.143°E  110.154°E
39.8513°N " 39.8513°N - P
>
& ‘
39.8425°N 39.8425°N 4
e n
- T —
39.8338°N 39.8338°N . '3.'5
mr
EE— B [ — —
8.45 8.63 8.82 9.00 9.18 0.31 0.35 0.38 0.42 0.46
pH N (g/kg)
(c) (d)

Figure 3. Cont.



Remote Sens. 2025, 17, 1744 16 of 28
110.12°E 110.131°E  110.143°E  110.154°E 110.12°E 110.131°E  110.143°E  110.154°E
39.8513°N 39.8513°N
r A
39.8425°N 39.8425°N
39.8338°N " 39.8338°N .~ -
20.94 25.00 29.06 33.11 37.17 38.74 55.74 7273 89.73 106.72
Pb (mg/kg) Zn (mg/kg)
(e) (f)
110.12°E 110.131°E  110.143°E  110.154°E 110.12°E 110.131°E  110.143°E  110.154°E
39.8513°N 39.8513°N -
ra F I b
39.8425°N| 39.8425°N|
39.8338°N - —_— 39.8338°N ‘ ------- LB
| .
17.30 23.93 30.56 3720 43.83 024 033 0.42 0.50 0.59
Ni (mg/kg) P (g/kg)
(8) (h)
110.12°E 110.131°E  110.143°E  110.154°E 110.12°E 110.131°E  110.143°E  110.154°E
39.8513°N 39.8513°N
&
39.8425°N E 39.8425°N
-. -
39.8338°N . . 39.8338°N
[ B
17.15 18.94 2074 22.54 2433 0.04 0.06 0.08 0.09 0.11
K (g/kg) Hg (mg/kg)
) )

Figure 3. Cont.




Remote Sens. 2025, 17,1744 17 of 28

110.12°E 110.131°E 110.143°E  110.154°F 110.12°E 110.131°E 110.143°E  110.154°F
-
39.8513°N : 39.8513°N .
p ’
a .
39.8425°N 39.8425°N
39.8338°N L B 39.8338°N "
8.68 1225 15.82 1939 22,96 11.49 18.38 2526 32.15 39.04
Clay (%) Sand (%)
(k) )
110.12°E 110.131°E 110.143°E  110.154°F
39.8513°N
39.8425°N |- B L
39.8338°N
M _aam
39.30 46.23 53.16 60.09 67.02
silt (%)
(m)

Figure 3. Spatial distribution of soil indicators after IDW interpolation. (a—m), respectively, represent
the spatial distribution of BD, SM, pH, N, Pb, Zn, Ni, P, K, Hg, clay, sand, and silt.

4.1.2. Factorial Analysis

PCA identified four components with eigenvalues exceeding one (pH, P, K, and silt),
collectively accounting for 79.497% of the cumulative variance (Table 4), demonstrating
their capacity to represent the majority of variability in soil indicators. For Factor 1 (F1), Zn
exhibited the highest loading, followed by Ni, with Ni’s loading value within 10% of Zn’s
maximum. For Factor 2 (F2) and Factor 3 (F3), silt and clay displayed the highest loadings,
respectively, with no additional indicators meeting the 10% higher-loading threshold.
For Factor 4 (F4), sand showed the highest loading, while Hg and Pb were classified as
higher-loading indicators due to loadings within 10% of the maximum.

For the MDS, selection criteria prioritized indicators with correlations > 0.5 and
higher Norm values. Zn was selected over Ni due to its superior Norm value, while Pb
was chosen over sand and Hg for the same reason (Table 5). The MDS weight analysis
revealed that all indicators except nitrogen (N; communality = 0.478) exhibited communality
values > 0.7. Silt demonstrated the highest communality (0.909) and weight coefficient
(0.153), highlighting its dominant role in soil index construction. Comparatively, pH, Pb,
Zn, P, K, clay, and silt contributed more significantly than N to the soil indices.
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Table 4. Principal component factor loadings and Norm values of soil properties.

Properties F1 F2 F3 F4 FC Norm Value

BD (g/cm?) —0.356 0.739 0.308 —0.259 - 2.296

SM (m3/m?) —0.574 —0.238 0.087 0.285 - 1.720

pH 0.715 —0.148 —0.440 —0.036 1 2.714

N (g/kg) 0.469 0.050 0.262 —0.397 2 1.307

Pb (mg/kg) 0.615 —0.368 0.482 0.427 4 2.726

Zn (mg/kg) 0.854 0.442 0.101 —0.042 1 3.768

Ni (mg/kg) 0.826 0.441 —0.022 —0.098 - 3.547

P (g/kg) —0.745 0.144 0.410 —0.226 3 2912

K (g/kg) —0.740 0.039 0.340 0.225 4 2.719

Hg (mg/kg) 0.512 —0.345 0.572 0.424 - 2.360

Clay (%) —0.230 —0.462 —0.742 0.040 3 1.932

Sand (%) —0.155 0.644 —0.524 0.470 - 2.042

Silt (%) 0.001 0.869 —0.025 0.435 2 2.250
Variance Percentage 33.979 20.603 15.719 9.196 - -
Cumulative Variance Percentage 33.979 54.582 70.301 79.497 - -

Table 5. Commonality and weight of soil properties.

TDS MDS
Properties - - - -
Commonality Weight Commonality Weight

BD (g/cm?) 0.835 0.081 - -

SM (m3/m3) 0.475 0.046 - -
pH 0.727 0.070 0.738 0.124
N (g/kg) 0.448 0.043 0.478 0.080
Pb (mg/kg) 0.929 0.090 0.625 0.105
Zn (mg/kg) 0.936 0.091 0.855 0.144

Ni (mg/kg) 0.886 0.086 - -
P (g/kg) 0.795 0.077 0.755 0.127
K (g/kg) 0.716 0.069 0.725 0.122

Hg (mg/kg) 0.888 0.086 - -
Clay (%) 0.818 0.079 0.856 0.144

Sand (%) 0.935 0.090 - -
Silt (%) 0.946 0.092 0.909 0.153

To evaluate the validity of the MDS, the accuracy of soil quality indices (SQIyps and
SQItps) across reclamation zones was assessed using R, bias, RMSE, and ubRMSE (Figure 4).
Across the study area, SQIypps and SQIrpg exhibited strong agreement (R = 0.882). In
all reclamation zones except Reck (R = 0.734), correlations between SQIyips and SQltpg
exceeded 0.9, with bias values < 0.05, confirming that the MDS effectively captured the
comprehensive information of the TDS.

However, lower correlations were observed in the CK area (R < 0.9), likely attributed
to the limited sample size, reduced representativeness, and higher heterogeneity in soil or
vegetation characteristics within CK. These factors suggest that the MDS performance in
the CK area may be influenced by data scarcity and sampling bias.
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Figure 4. Rationality verification of MDS. (a—f) represent the rationality verification of MDS in the

Re,p, Regk, Rejq, Reg, Res, and Re; regions.
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4.1.3. Statistical Features of SQI

Statistical analysis of the SQI across reclamation zones revealed significant trends
(Figure 5). As reclamation duration increased, both SQIyps and SQItps demonstrated up-
ward trends, indicating progressive improvement in soil quality. SQItpg exhibited greater
sensitivity to soil quality changes, capturing larger variability, while SQIyps provided
smoother trends suitable for long-term analysis. However, SQIyps may potentially mask
finer-scale variations.
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Figure 5. Statistics of SQIyps (a) and SQItps (b).

A comparison of CV and SD across zones showed that longer reclamation periods
resulted in CV and SD values approaching those of the CK area, reflecting a more uniform
spatial distribution of soil quality. SQItps outperformed SQIyps in detecting variability,
with higher sensitivity to changes in CV and SD. In contrast, SQIyps displayed more
balanced value distributions and lower spatial variability, with significantly reduced CV
and SD values compared to SQItps.

Further analysis of SQI value distributions across reclamation zones (Figure 6) revealed
that most SQItpg values were concentrated between 0.4 and 0.6. The CK area exhibited
SQI values entirely within the 0.5-0.6 range. As reclamation duration increased, the
proportion of SQI values in reclaimed zones within the 0.5-0.6 range rose from 54.5%
to 93.5%. This increase accelerated during the 5-8-year period and slowed thereafter
(8-11 years), suggesting a rapid initial improvement in soil quality, followed by gradual
stabilization. The distribution patterns of SQIyips closely mirrored those of SQIrpg, with
most values also concentrated between 0.4 and 0.6.
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Figure 6. Numerical distribution of SQItpg (a) and SQIyps (b).
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In summary, the SQI analysis demonstrated significant soil quality improvement with
prolonged reclamation. While SQItps and SQInps exhibited minor numerical differences,
both indices consistently reflected progressive soil quality enhancement over time. Notably,
soil quality variability stabilized in zones with longer reclamation histories, underscoring
the positive impact of reclamation measures and management practices.

4.2. DRDI Characteristics of Reclaimed Areas

The statistical analysis of the DRDI indices across reclamation zones is presented
in Figure 7a. In zones with identical vegetation configurations (Reg, Res, and Rey), the
vegetation status exhibited a transitional trend with increasing reclamation duration. The
mean DRDI value in the CK area was significantly lower than in reclaimed zones, indicating
stable vegetation conditions without human interventions. In Rey1, which is dominated
by tree plantations, the transpiration and shading effects of trees moderately reduced LST,
resulting in higher LST and consequently elevated DRDI values compared to other zones.
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Figure 7. DRDIs statistical characteristics (a) and numerical distribution (b).

While higher mean DRDI values generally corresponded to greater SD and CV, this
relationship was not consistent across all zones. Re. and Re; displayed more stable data
with lower variability. In Rey, this stability likely reflects a balance between natural recov-
ery and vegetation growth, whereas in Rey, it may be attributed to the shorter reclamation
period and stronger influence of management practices rather than natural processes.

A further analysis of DRDI value distributions (Figure 7b) revealed that most reclaimed
zones exhibited DRDI values between 4 and 12, while the CK area consistently fell within
the 4-8 range. Higher DRDI values indicate poorer vegetation conditions, and vice versa.
Under identical vegetation configurations (Reg, Res, and Rejy), the proportion of DRDI
values within the 4-8 range decreased from 85.6% to 26.4% with increasing reclamation time.
This decline accelerated during the 2-5 year-period, though overall vegetation conditions
improved over time.

The CK area exhibited poorer vegetation conditions, likely due to the dominance of
weeds. In contrast, Rell, characterized by a mix of trees (e.g., almond and pine), shrubs
(e.g., buckthorn), and grasses (e.g., acacia and hyacinth), had only 9.2% of DRDI values
within the 4-8 range, which is significantly lower than the CK area.



Remote Sens. 2025, 17, 1744

22 of 28

4.3. Ecpy Characteristics of Reclaimed Areas

The statistical analysis of the Ecpy across reclamation zones is presented in Figure 8a.
With increasing reclamation duration, the Ecpy index exhibited a declining trend, indicating
a significant reduction in fly ash content and improved environmental quality. As mining
and reclamation activities progressed, fly ash content was higher in areas closer to the pit
and lower in areas farther away, a pattern consistent with our findings.
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Figure 8. Ecpy’s statistical characteristics (a) and numerical distribution (b).

The CK area displayed higher Ecp; values compared to reclaimed zones, likely due to
its lower elevation. Across the study area, the average SD of Ecp; was 0.218, with higher
CV and SD values observed in reclaimed zones than in the CK area. This suggests greater
variability and data dispersion in reclaimed zones, potentially attributable to uneven
reclamation management, varying progress across zones, and differences in reclamation
measures. Particularly in early reclamation stages, significant disparities in land quality
and environmental conditions contributed to inconsistent index distributions.

A further analysis of Ecpy value distributions (Figure 8b) revealed that most reclaimed
zones exhibited dispersed Ecp; values primarily within the 1.2-1.6 range. In contrast, the
CK area showed E¢pj values concentrated between 1.4 and 1.6. As the reclamation duration
increased, the proportion of Ecp; values within the 1.4-1.6 range decreased from 58.7%
to 16.4%, demonstrating substantial environmental quality improvement with advancing
mining and reclamation activities.

4.4. CEQI Characteristics of Reclaimed Areas

The CEQ], calculated using a weighting ratio of 0.38:0.47:0.15 for SQI, Ecpy, and DRD],
was statistically analyzed across reclamation zones (Figure 9). The results demonstrate
that prolonged reclamation duration led to overall improvements in soil quality, vegeta-
tion status, and environmental conditions, though differences persisted compared to the
CK area.

A comprehensive assessment of reclamation effectiveness requires integrating multiple
factors rather than evaluating vegetation or soil quality in isolation. When considering soil
quality alone, reclaimed zones exhibited progressive improvement over time, surpassing
the CK area. In contrast, vegetation conditions in tree-dominated zones were poorer than
in shrub-dominated zones, and despite gradual improvements with reclamation duration,
vegetation in reclaimed zones remained inferior to the CK area. Environmental conditions
improved steadily with ongoing mining and reclamation activities.

Notably, the higher weighting of Ecpy reduced the numerical differences between the
TDS and MDS. While MDS exhibited smoother trends than TDS, both indices displayed
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consistent patterns, confirming that MDS can effectively replace TDS in constructing
the CEQI.
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Figure 9. Statistics of CEQIyps (a) and CEQIrpg (b).

The distribution of CEQI values, calculated using both CEQItps and CEQIyps, was
compared across reclamation zones (Figure 10). The CK area exhibited higher overall CEQI
values compared to reclaimed zones, with 53.3% of values exceeding 0.8, a percentage
significantly higher than the corresponding proportions in reclaimed zones. This indicates
superior soil quality and ecological conditions in the CK area, while reclaimed zones
demonstrated slower progress in soil and environmental improvement.
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Figure 10. Numerical distribution of CEQItpg (a) and CEQIyps (b).

Over time, CEQI values in reclaimed zones showed gradual growth, though the rate
of improvement decelerated with increasing reclamation duration. For example, in Rey,
both CEQItps and CEQI\ps values were predominantly concentrated in the 0.4-0.6 range,
with only 2.8% exceeding 0.8. This suggests partial soil and ecological improvement in
Re,, though overall conditions remained inferior to those of the CK area. In Re; and
Res, CEQI distributions were similar, reflecting comparable reclamation progress. In Reg,
most values fell within the 0.4-0.6 range, with a low proportion exceeding 0.8, but the
smoother distribution indicated more significant advancements in vegetation restoration
and soil improvement.
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A further analysis of CEQIps and CEQIyps distributions revealed consistent trends
across regions. Minor differences, such as slightly higher CEQIyips values in Rey, did not
alter the overall alignment between the two indices. This consistency demonstrates that
both TDS and MDS can effectively construct CEQ], yielding highly comparable spatial
assessments of soil quality and environmental improvement in reclaimed zones.

These findings underscore the effectiveness of reclamation measures in enhancing soil
quality, restoring vegetation, and improving environmental conditions. However, regional
disparities persist and are influenced by factors such as reclamation start time, management
practices, and climatic conditions. To comprehensively evaluate reclamation effectiveness,
a multidimensional analytical approach is essential, integrating diverse environmental
factors and land management strategies to derive precise and reliable conclusions.

5. Discussion

Soil quality, vegetation restoration, and ecological environment changes are critical
factors in evaluating reclamation effectiveness. This study further validates the significant
influence of these factors on reclamation outcomes. By integrating multiple indicators
into a comprehensive assessment system, this study provides a holistic perspective on the
spatial and temporal patterns of reclamation effects, offering new insights and deepening
previous research.

Soil properties serve as direct indicators of land reclamation progress [43,44]. The
rate of soil improvement is closely linked to reclamation duration, with faster recovery
observed in the early stages and a gradual flattening of improvement rates over time. This
pattern may result from the combined effects of changes in soil physicochemical properties
and the positive influence of vegetation restoration. Vegetation restoration, a primary
driver of soil quality enhancement, is also shaped by climatic conditions, vegetation types,
and reclamation methods [45,46]. Trees exhibit slower but more sustained recovery, while
shrubs show rapid early-stage improvement. Vegetation species and cover effectively
indicate ecosystem stability and biodiversity [47,48]. Additionally, reductions in coal
dust, changes in surface temperature, and improvements in moisture regulation are key
indicators of enhanced ecosystem quality. However, ecological environment changes
are influenced by multiple factors, including land use patterns, mining management
practices, and external conditions (e.g., precipitation and temperature fluctuations), leading
to some variability in their indicative value for reclamation effects. By constructing a
comprehensive assessment index system, this study effectively reveals the spatial and
temporal patterns of reclamation effects, providing a valuable foundation for optimizing
land reclamation strategies.

Despite these contributions, this study is subject to several limitations related to
methods, data, and conclusions, which may affect the generalizability and accuracy of
the findings.

From a methodological perspective, although multiple methods were employed to
assess land reclamation effectiveness, certain limitations remain. For instance, the con-
struction of the soil quality index (SQI) relied on principal component analysis (PCA) and
Minimum Data Set (MDS) approaches. While effective, these methods are inherently influ-
enced by data availability and site-specific environmental conditions, which may restrict
the transferability of the SQI to other regions with differing soil or climate characteris-
tics [49,50]. Additionally, remote sensing indicators such as the land surface temperature
(LST) and the Enhanced Vegetation Index (EVI), which are derived from Landsat 8 imagery,
are limited by their spatial and temporal resolution. This may reduce the sensitivity of
monitoring small-scale vegetation changes or short-term ecological responses, particularly
in fragmented or heterogeneous landscapes [51,52].
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To address temporal limitations in long-term monitoring, this study applied the space-
for-time substitution strategy. While this method facilitates trend inference in the absence
of multi-year data, it is also subject to limitations. Differences in micro-environmental
factors across sites may compromise comparability, and the method does not fully capture
the continuous temporal evolution at individual locations.

Finally, surface soil indicators such as soil moisture (SM) and heavy metal content (e.g.,
Pb) exhibit strong spatial heterogeneity, which is influenced by fluctuations in precipitation,
temperature, and land use. These factors add further uncertainty to the interpretation of
reclamation effects. Sudden weather events and seasonal shifts can also cause transient
surface changes, affecting the accuracy of remote sensing-derived indices such as NDVI
and LST.

In summary, this study’s conclusions may be influenced by (1) the regional depen-
dence and variable selection in SQI construction, (2) the limited spatial-temporal resolution
and potential gaps in remote sensing data, (3) the omission of terrain elevation effects
on LST interpretation, and (4) inherent assumptions and trade-offs in the space-for-time
substitution approach. Future research should aim to reduce these uncertainties by incor-
porating higher-resolution imagery, increasing sampling density and frequency, applying
topographic corrections, and establishing long-term observation plots to improve reliability
and extend applicability.

6. Conclusions

In this study, we developed a CEQI that integrates SQInps, DRDI, and Ecpy to assess
spatial and temporal patterns during the reclamation of surface coal mines. By addressing
critical challenges in ecosystem trajectory prediction and indicator selection, we present
the following key findings:

The reclamation duration significantly enhanced soil quality, with SQInpg during the
Re2-Rell stages increasing by approximately 17.4% to 26.6% compared to Reck, ensuring
consistency with the latest calculation results and avoiding potential misunderstandings.
Spatial analysis using IDW revealed the gradual homogenization of key soil parameters
(e.g., heavy metals and pH), with pH: ubRMSE < 0.01. These results validate the MDS as
a reliable alternative for large-scale degradation monitoring (coefficient of determination,
R2: 0.5-0.77).

With increasing reclamation duration, vegetation cover gradually improved, but
structural complexity influenced the restoration rates. Tree-dominated systems (Rell)
exhibited slower DRDI growth (ADRDI = 0.44) but demonstrated higher erosion resis-
tance. In contrast, mixed shrub-herb systems (Res/Reg) showed rapid initial recovery
(ADRDI = 0.24-0.67) but required intensive irrigation in arid areas, highlighting the impor-
tance of species selection tailored to environmental conditions.

The decline in Ecpy values indicated effective fly ash reduction, although contami-
nation hotspots persisted near excavated pits. Volatility analysis (coefficient of variation,
CV < 15%) linked these patterns to inconsistent reclamation practices, emphasizing the
need for topographic redesign (e.g., slopes < 25°) and enhanced soil amendments, such as
biochar, in high-risk areas.

The CEQI framework demonstrated synergies between soil and environmental restora-
tion (ACEQI = 0.01-0.1). However, a 23.8% gap between reclaimed and natural areas (CK)
was observed, underscoring the need for further optimization of reclamation strategies.

This study has certain limitations regarding the spatial and temporal resolution of
remote sensing data, data reliability, and the inclusion of key variables. Future research
could reduce these uncertainties and further improve the accuracy of the study by enhanc-
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ing the resolution of remote sensing data, considering elevation effects, and incorporating
long-term monitoring.
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The following abbreviations are used in this manuscript:

SQI Soil Quality Index

CK Control Area

MDS Minimum Data Set

TDS Total Data Set

DRDI  Dump Reclamation Disturbance Index
Ecpr Enhanced Coal Dust Index

CEQI Comprehensive Evaluation Quality Index
PCA Principal Component Analysis

EVI Enhanced Vegetation Index

LST Land Surface Temperature

NIR Near-Infrared

SWIR1 Short-Wave Infrared 1

SWIR2 Short-Wave Infrared 2

IDW Inverse Distance Weight
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