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ABSTRACT

Post-mining rehabilitation plays a vital role in restoring ecosystem services and enhancing carbon
sequestration. This study assessed soil organic carbon (SOC) stocks in former open-pit mining areas
in France and proposed a transferable framework for application to rehabilitated mines in
northern Vietnam. SOC was quantified using the Walkley-Black method and calibrated Near-
Infrared (NIR) spectroscopy, while above-ground biomass was briefly estimated through
allometric equations to situate SOC within the broader carbon accounting context. Geographic
Information System (GIS) tools were used to georeference soil samples and map the spatial
distribution of SOC. Machine learning models, particularly Extreme Gradient Boosting (XGBoost),
were trained using soil physical properties such as bulk density, moisture content, gravel fraction,
and stone fraction. Results revealed that forests and natural environments stored the highest SOC,
while cultivated or disturbed lands contained substantially lower stocks. Single-variable models
performed weakly (R? < 0.25), confirming the limited explanatory power of individual predictors
but highlighting the potential of integrated machine learning approaches to capture non-linear
dynamics. The study advances understanding of SOC drivers in post-mining landscapes and
provides a reproducible framework combining field measurements, GIS-based mapping, and
machine learning. This framework can be directly adapted to rehabilitation planning, sustainable
land management, and participation in carbon credit schemes in tropical and subtropical mining
regions such as Vietnam.

Keywords: Soil organic carbon, Post-mining rehabilitation, Carbon sequestration, GIS mapping,
XGBoost model

*Corresponding author.
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1. Introduction

Open-pit mining has historically caused severe land degradation, biodiversity loss, and
depletion of ecosystem carbon pools through the removal of vegetation and topsoil (Xu et al,
2023). Post-mining rehabilitation is therefore a critical environmental management strategy to
restore soil functions, promote vegetation recovery, and enhance carbon sequestration (Zhu et
al,, 2024). Among ecosystem services regained through rehabilitation, soil organic carbon (SOC)
is particularly important, as it contributes to soil fertility, long-term carbon storage, and climate
change mitigation.

While above-ground biomass has often been emphasized in carbon accounting, SOC
dynamics in post-mining landscapes remain comparatively underexplored, despite their central
role in ecosystem recovery (Fox et al., 2020). Previous studies have typically assessed biomass
or SOC in isolation, with limited integration of field measurements, Geographic Information
Systems (GIS), and advanced machine learning (ML) approaches for spatial prediction (Khanal
etal, 2018; Issa etal., 2020; Mishra etal,, 2020; Li et al., 2024; De Caires et al., 2025; El Bouanani
et al, 2025). Research combining these components is especially scarce in tropical and
subtropical mining regions, including northern Vietnam, where rehabilitation strategies range
from plantation forestry to natural regeneration.

A further challenge is the limited availability of site-specific datasets in Vietnam, which
constrains direct assessment of rehabilitation outcomes. To overcome this limitation, this study
leverages extensive soil datasets collected in post-mining areas of France as a robust testing
ground for an integrated methodological framework. SOC was quantified using the Walkley-
Black laboratory method and complemented by Near-Infrared (NIR) spectroscopy, while GIS
tools were employed to link soil measurements with mining areas and visualize SOC
distribution. Extreme Gradient Boosting (XGBoost) was selected as the primary ML model to
evaluate the predictive capacity of soil physical properties such as bulk density, moisture
content, and coarse fragment fractions.

The objectives of this study are to:

() quantify SOC in post-mining soils using combined laboratory and spectroscopic
methods;

(ii) apply GIS for spatial representation of SOC stocks;

(iii) evaluate the potential of machine learning models to predict SOC from soil and
environmental variables.

By situating SOC within the broader carbon cycle, this work provides methodological
advances that can be directly adapted to rehabilitated mining sites in Vietnam, supporting
sustainable land management and integration into carbon credit schemes.

2. Literature review
2.1. Carbon sequestration in post-mining landscapes

Open-pit mining leads to major depletion of carbon pools through the removal of vegetation
and topsoil (LEI et al., 2023). Rehabilitation efforts aim to restore these pools via natural
regeneration, reforestation, or mixed strategies (Di Sacco et al., 2021). Studies have consistently
shown that tree species exert a strong influence on SOC recovery and overall carbon
sequestration. For example, a study in post-mining sites of Upper Silesia reported that birch
(Betula pendula) stands accumulated up to 59.6 tC/ha in biomass and 120.5 tC/ha in soil organic
carbon after 25 years of reclamation, substantially higher than pine (Pinus sylvestris) stands,
which stored 41.2 tC/ha in biomass and 86.9 tC/ha in soil carbon (Sloan 2016). Similarly,
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research in Budapest's urban forests revealed notable interspecific differences: on the Buda side,
sessile oak (Quercus petraea) and Turkey oak (Quercus cerris) showed the highest net carbon
uptake, whereas pedunculate oak (Q. robur) and linden (Tilia spp.) acted as net carbon sources
during the 2010-2020 monitoring period. In contrast, on the Pest side, pedunculate oak, Turkey
oak, and black locust (Robinia pseudoacacia) contributed positively to sequestration, while
Scots pine (Pinus sylvestris) represented a net carbon emitter (Kiraly et al,, 2025).

These findings confirm that species selection is critical in rehabilitation strategies, as
differences in growth dynamics, root systems, and litter quality directly affect SOC accumulation
and long-term carbon balance. Pioneer broadleaf species generally enhance carbon
accumulation more effectively than conifers due to their interactions with soil fauna and
improved soil structure.

Meta-analyses confirm that recultivation type, climate, and soil conditions are key
determinants of SOC recovery (Baier et al., 2022). Topsoil replacement plays a critical role: on
brown-coal dumpsites in the Czech Republic, areas covered with natural topsoil had a mean
topsoil organic carbon of 1.92% (0-20 cm), compared with 0.92% on adjacent areas without
natural topsoil (loess cover), evidencing roughly a two-fold increase attributable to topsoiling
(Penizek 2013). In these reclamation projects, the natural topsoil cover was applied at ~2,500-
3,000 t ha™, illustrating the scale typically required to restore initial fertility and SOC inputs
(Gholizadeh et al,, 2015). Overall, SOC restoration is driven not only by time but also by
vegetation type, soil biological activity, and management practices.

2.2. Estimating biomass and SOC

Reliable carbon accounting requires integrating both biomass and SOC pools (Petrokofsky
etal, 2012; Baral and Malins 2014). Above-ground biomass (AGB) is commonly estimated with
allometric equations linking DBH, tree height, and species identity, while SOC is calculated from
carbon concentration, bulk density, horizon thickness, and coarse fragment fractions (Feyisa et
al, 2018; Wola 2023). Laboratory methods such as the Walkley-Black oxidation remain
standard, while Near-Infrared (NIR) and Mid-Infrared (MIR) spectroscopy offer faster, scalable
alternatives once calibrated (Bellon-Maurel and McBratney 2011; Hutengs et al, 2019). In
practice, combining direct laboratory measurements with calibrated spectroscopy ensures both
accuracy and efficiency, which is particularly important in heterogeneous post-mining
landscapes (Benndorf et al., 2022; Koerting et al,, 2024; O’'Donnell et al., 2024).

2.3. Use of GIS in environmental mapping

Geographic Information Systems (GIS) allow the integration of field-based carbon
measurements with spatial data (Issa et al, 2020). Techniques such as kriging and inverse
distance weighting are used to interpolate SOC values from sampling points (Bhunia et al., 2018;
Qiao et al., 2018). Remote sensing indices (e.g., NDVI, EVI) further improve carbon mapping at
landscape scales (Noumonvi et al., 2019). GIS provides critical tools to visualize heterogeneity
across restoration strategies and to link carbon distribution to land-use trajectories, thereby
supporting carbon monitoring and participation in credit schemes (Liang et al., 2025).

2.4. Application of machine learning in environmental prediction

Machine learning (ML) methods such as Random Forest (RF), Extreme Gradient Boosting
(XGBoost), and Artificial Neural Networks (ANN) have been increasingly applied to predict SOC
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and biomass in complex ecological systems (Ding 2024; Palansooriya et al., 2025; Zhao et al,,
2025). These approaches are capable of capturing non-linear interactions between vegetation,
soil, and environmental drivers. In particular, RF is valued for its robustness to noise, while ANN
can model highly non-linear dynamics but often requires large datasets. XGBoost has
consistently demonstrated superior predictive accuracy in tabular environmental datasets due
to its regularization and boosting strategy.

In this study, XGBoost was selected as the primary modelling approach, given its balance
between predictive performance and data requirements. Integrating ML with GIS and field data
enhances the accuracy of spatial prediction and strengthens decision-making for post-mining
rehabilitation planning.

2.5. Research gap summary

Despite substantial progress, most studies assess biomass and SOC separately, often relying
on conventional field methods or simple statistics. Research integrating SOC and biomass
estimation with GIS mapping and ML prediction remains scarce—particularly in tropical and
subtropical mining regions such as northern Vietnam. The limited availability of site-specific
data further constrains direct application of advanced approaches. This study addresses the gap
by using extensive French datasets to test and validate an integrated framework that can later
be transferred to Vietnam, ensuring methodological readiness for data-scarce contexts.

Table 1. Summary of previous studies on carbon sequestration in post-mining landscapes

Study Site & treatment Metric (unit) Reported value(s)
Das and llgzi;iii?laégfkl)?zsi';n]ii?k’):l:yi; Biomass C; Soil | 13.0 Mg C ha'l (biomass); 16.3 Mg
Maiti I])Bambusa) on recla’imed m?ne’ C; Total C ha-1 (soil); 30.3 Mg C ha total
(2016) soil ecosystem C ~ 111 Mg COg, ha't
Juwarka Gumgaon, India; manganese SOC Increased from 0.104% to 0.69%
retal, . spoil dump.reclalmed V.la concentration after 20 yrs; forest 1.11%j;
(2010) integrated biotechnological (%) at 0-15 cm agriculture 0.40%
approach
Ussiri . . . . S0C .
and Lal Review of reclaimed minesoils | sequestration 0.3-1.85 (pastures/rangelands);
(USA & global) rate (Mg C ha! 0.2-1.64 (forest)
(2005) yr D)
Bowen Surface coal mine, Wyoming Organic Cmass | 60 cm topsoil: 18.7; 0 cm topsoil:
etal, (USA); topsoil depth to 75 cm (Mg C 11.3 (20 cm also lower than 60
(2005) replacement treatments ha1) cm)
Matos et C sequestration
al,, Reclaimed lignite mine soils rate (Mg C ha'! 4.0
(2012) yr 1)
Yuan et Pingshuo opencast mine,
al., China; forests 22-25 years S0C p}i);l)(Mg C 11.66-69.10 across forest RMSs
(2017) after reclamation
Ahirwal . . C sequestration .
and Revegetated coal mine (India) | rate (Mg1 )C hal | 1.9 after 14 years of revegetation
yr-
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Study Site & treatment Metric (unit) Reported value(s)
Maiti
(2017)
Ahirwal S0C
. . . sequestration 1.71; SOC & N stocks doubled
etal, Reclaimed coal mine (India)
rate (Mg C ha'! after 7-11 yrs
(2017) i
yr)
Ussiri et S0C
al Method paper summarizing sequestration 0.45-3.0 during first two decades
’ reclaimed minesoils rate (Mg C ha'! after reclamation
(2014) yr-1)

TS: 68.13-121.08 (soil 52.20-

Wos et Upper Silesia (Poland) coal- Total C storage 102.89; biomass 12.09-20.15);

al., mine heaps; topsoiling (TS) vs.

-1 . 1
(2024) bare rock (BR) succession (Mg C ha'l) BR: 523.14 (soil 5.07.66) due to
geogenic C
G:r(l)cslh Iharia Coalfield, India; 8-yr iﬁalccssggk RMS: 30.98; BC30: +31%; BC60:
Maiti reclaimed spoil with biochar chinge Vs ’ +45% (soil total C: 36.3-40 g kg 1
' -1
(2021) treatments control (%) vs.21gkg1)

3. Study area and data collection
3.1. Study site description

This study focuses on metropolitan France (=551,000 km? 41-51°N), a region
characterized by high climatic and pedological diversity, ranging from Atlantic oceanic to
continental and Mediterranean zones. France also has a long mining history, including coal,
iron, bauxite, uranium, and polymetallic ores, most of which ceased between the 1960s and
2000s. These activities left extensive degraded lands that have undergone various
rehabilitation pathways such as natural regeneration, reforestation, or agricultural
conversion.

To capture post-mining soil conditions, sampling points were selected from the French
Soil Quality Monitoring Network (Réseau de Mesures de la Qualité des Sols - RMQS) located
within or near documented mining areas. These sites provide a unique opportunity to
examine carbon sequestration under contrasting environmental and management contexts.
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3.2. Soil measurements
SOC-related parameters were extracted from RMQS profiles, including:
- Organic carbon concentration (C),
- Bulk density (p),
Horizon thickness (e), and
— Coarse fragment fraction (CF).
These inputs enabled SOC stock calculation using the standard formula Eq. (1):

SOC=Cxpxex(1-CF) (1)
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SOC values were determined through laboratory analyses, with Walkley-Black wet
oxidation as the reference method and Near-Infrared (NIR) spectroscopy applied for
scalable prediction after calibration

3.3. Environmental and site variables

In addition to soil profile data, several environmental and contextual variables were

considered to explain the spatial variability of carbon stocks:

e Topographic attributes: slope and elevation were extracted from digital elevation
models, as they influence water redistribution, erosion, and organic matter dynamics.

e Soil type: soil classification was obtained from profile descriptions, allowing us to
assess the role of intrinsic soil properties (texture, depth, drainage) in carbon
sequestration.

e Land cover: land use and vegetation cover (forest, grassland, bare soil, etc.) were
identified to distinguish natural conditions from anthropogenic surfaces.

o Revegetation type: rehabilitated mine sites display contrasting restoration
approaches, such as forest plantations and natural regeneration. This variable is
crucial for comparing carbon storage trajectories under different post-mining
management strategies.

Together with SOC measurements, these variables provide insights into the main

environmental and anthropogenic drivers that shape soil carbon sequestration in post-
mining landscapes.
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Figure 5. Example of land cover classes within mining areas, derived from CORINE Land Cover
data, overlaid with soil sampling points
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4. Methodology
4.1. Carbon quantification

Carbon stocks were assessed in two pools:

- Above-ground biomass (AGB): estimated non-destructively using species-specific
allometric equations relating DBH, tree height, and wood density. Biomass values
were converted to carbon using a 0.47-0.50 factor.

- Soil organic carbon (SOC): quantified with the Walkley-Black wet oxidation method
as reference, complemented by calibrated Near-Infrared (NIR) spectroscopy for
efficient large-scale estimation. SOC stocks were calculated as mentioned in Eq. (1).

4.2, Spatial mapping with GIS

Soil samples were georeferenced and overlaid with former mining areas using national
cartographic layers. GIS techniques were applied to:

- Link SOC measurements to mining sites.

- Perform spatial interpolation (kriging, IDW) to generate continuous SOC maps.

- Integrate land cover and topographic attributes for further analysis.

This approach allowed both spatial representation and temporal comparison of SOC
stocks across different rehabilitation strategies.
4.3. Machine learning modelling

Model selection: Among various algorithms applied in environmental prediction,
Random Forest (RF), Artificial Neural Networks (ANN), and Extreme Gradient Boosting
(XGBoost) are often considered. In this study, XGBoost was selected as the sole model due to
its strong predictive performance, ability to capture non-linear relationships, and
robustness against overfitting with tabular datasets. RF and ANN were not implemented
because of dataset size limitations and the risk of overfitting with more complex models.

Input variables: Five predictors were used: mean soil depth, gravel content, stone
content, bulk density, and moisture content. These variables represent soil physical
properties that directly influence SOC dynamics.

Training and validation:

- A 5-fold cross-validation was applied to ensure robustness.

- Hyperparameters (number of trees, max depth, learning rate, subsample) were tuned

to balance accuracy and generalization.
- Model performance was evaluated using R?, RMSE, MAE, and bias.

4.4. Workflow diagram

The overall workflow of this study integrates field measurements, GIS analysis, and
machine learning into a reproducible framework (Figure 6). The process includes the
following steps:

1. Data acquisition

— Soil profile data from the RMQS network (organic carbon, bulk density, horizon

thickness, coarse fragments).

— Auxiliary variables: slope, elevation (DEM), land cover, and revegetation type.

2. Data preprocessing

— Cleaning and harmonization of datasets.

— Standardization of variables and georeferencing of soil samples.
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Carbon quantification

SOC quantified using Walkley-Black laboratory analysis, calibrated with NIR
spectroscopy.

Above-ground biomass estimated via allometric equations for contextual reference.
Spatial integration with GIS

Overlay of sampling points with mining areas.

Spatial interpolation (kriging, IDW) to produce continuous SOC distribution maps.
Machine learning modelling (XGBoost)

Input variables: mean soil depth, bulk density, moisture content, gravel and stone fractions.
Training with 5-fold cross-validation.

Hyperparameter tuning and evaluation with R%, RMSE, MAE, and bias.

Predictive mapping and interpretation

Application of the trained XGBoost model to generate SOC prediction surfaces.
Comparison of SOC storage across land-use and rehabilitation types.
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Figure 6. Workflow of the integrated approach combining soil data, GIS, and XGBoost
modelling for SOC assessment in post-mining areas
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5. Results

5.1. Descriptive statistics

Soil physical properties displayed wide variability across the study sites (Table 2).
Moisture content ranged from 2.2% to 136.1% (mean 23.4%), while bulk density varied
from 0.28 to 2.26 g/cm?® (mean 1.34). Coarse fragments were heterogeneous: gravel content
averaged 11.9% (max 71.7%), and stone content 4.3% (max 75%). SOC values showed
substantial variation across land-use categories, reflecting the diversity of rehabilitation
strategies.

Table 2. Descriptive statistics of soil and environmental variables

Land Use Mean SD Min Max
Grasslands 3.13 0.94 0.43 5.53
Forests 2.99 0.97 0.9 5.13
Vineyards/Orchads 3.34 1.1 0.96 5.98
Fallow land 2.87 1.03 0.83 4.8
Natural 3.78 0.16 3.62 3.98
environnements
Parks/Gardens 3.42 0.86 2.12 5.13

5.2. Relationships between SOC and soil properties
Correlation and XGBoost exploratory analyses revealed distinct patterns:
o Moisture content: weak negative correlation (r = -0.15). XGBoost indicated a non-

linear decline at higher moisture levels (Figure 7).

o Bulk density: weak positive correlation (r = 0.17). SOC slightly increased in denser
soils (Figure 8).

o Gravel content: stronger negative correlation (r = -0.44). SOC decreased markedly
as gravel fraction increased (Figure 9).

« Stone content: negative correlation (r = -0.30). Soils with higher stone fractions
stored less SOC (Figure 10).
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Figure 7. Relationship between soil moisture content and SOC stocks (XGBoost regression
curve)
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Bulk density values ranged from 0.28 to 2.26 g/cm?, with an average of 1.34 g/cm?>. The
dataset showed moderate variability (standard deviation of 0.28 g/cm?), with most samples
concentrated between 1.18 and 1.50 g/cm?. The median (1.37 g/cm?®) was close to the mean,
indicating a relatively balanced distribution without strong skewness. A weak positive
Pearson correlation was found between bulk density and SOC (r = 0.17, p < 0.001),
suggesting only a slight tendency for SOC to increase with denser soils. To further examine
this relationship, an exploratory XGBoost regression curve was fitted. While not aimed at
predictive accuracy, this curve highlights the non-linear interactions between BD and SOC,
offering a complementary perspective beyond the linear correlation.
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Figure 8. Relationship between bulk density and SOC stocks (XGBoost regression curve)

Gravel content exhibited substantial variability across the samples, with values ranging
from 0% to 71.7% and an average of 11.9%. The distribution was right-skewed, as reflected
by arelatively large standard deviation (12.9%) compared to the mean. A moderately strong
negative Pearson correlation with SOC was observed (r = -0.44), indicating that higher
gravel content is generally associated with lower SOC. The XGBoost regression curve further
highlighted this trend, capturing the non-linear decline in SOC as gravel fractions increased.
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SOC vs Gravels (XGBoost)

® Observed SOC
- Predicted SOC curve

SOC (Mg/ha)

Gravels (%)
Figure 9. Relationship between SOC and gravel content (XGBoost regression curve)

Stone content was on average much lower, with a mean of 4.3% and most values
concentrated near zero. The median was 0%, while the maximum reached nearly 75%,
pointing to a highly skewed distribution where only a subset of samples contained
substantial stone fractions. A negative correlation was also observed with SOC (r = -0.30),
though weaker than that of gravels, suggesting that stonier soils also tend to store less SOC.
The XGBoost curve revealed a non-linear relationship, emphasizing the sharp reduction in
SOC in soils with higher stone content.

281



Advances in Surface Mining for Environmental Protection and Sustainable Development - 2025

SOC vs Stones (XGBoost)

6 1 o 09 ® Observed SOC
) - Predicted SOC curve
5 .
4 -
©
£
[*)}
)
O 31
(@]
(¥p]
2 -
11 =
o
L] Ch <
0 10 20 30 40 50 60 70
Stones (%)

Figure 10. Relationship between SOC and stone content (XGBoost regression curve)

5.3.SOC across land-use and rehabilitation types
SOC stocks differed significantly by land cover (Figure 11).
o Forests and natural areas stored the highest SOC, reflecting dense vegetation and

minimal disturbance.
e Grasslands maintained moderate stocks with narrow variability.

e Vineyards and orchards showed slightly lower SOC, likely due to soil management
practices.

o Fallow land displayed highly variable SOC, indicating inconsistent recovery.

o Parks and gardens showed intermediate values, influenced by both organic inputs
and human disturbance.
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Figure 11. Histogram of SOC stocks across land-use categories

5.4. XGBoost model performance

SOC prediction using single-variable XGBoost models confirmed the limited explanatory
power of individual predictors (R* < 0.25).

~ Moisture: R* = 0.13, RMSE = 0.92 Mg/ha.
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- Bulk density: R> = 0.16, RMSE = 0.90 Mg/ha.

- Gravel: R = 0.21, RMSE = 0.88 Mg/ha.

- Stone: R = 0.13, RMSE = 0.92 Mg/ha.

Although predictive accuracy was weak at the single-variable level, gravel and stone
fractions showed the strongest influence. These findings highlight the importance of
combining multiple variables in future multivariate models.

Table 3. Performance metrics (R%, RMSE, MAE, bias) of single-variable XGBoost models

Predictor R? RMSE (Mg/ha) | MAE (Mg/ha) Bias (Mg/ha)
Moisture 0.128 0917 0.732 -0.037
content
Bulk density 0.155 0.903 0.710 -0.065
Gravel content 0.213 0.877 0.694 +0.035
Stone content 0.130 0.922 0.748 +0.022

5.5. Machine learning model performance

The analysis of soil physical properties indicates that both moisture content and bulk
density have a limited ability to predict SOC when modeled independently with XGBoost. For
moisture content, the model achieved an R? of 0.128 with a small negative bias (-0.037
Mg/ha), an RMSE of 0.917 Mg/ha, and an MAE of 0.732 Mg/ha. Similarly, bulk density
produced a slightly higher R? of 0.155, with a comparable error structure (bias -0.065
Mg/ha, RMSE 0.903 Mg/ha, MAE 0.710 Mg/ha). In both cases, the low R? values highlight
that these single-variable models explain only a small fraction of the variance in SOC, while
the moderate error magnitudes suggest that predictions remain uncertain at the plot scale.
This confirms that although soil moisture and bulk density are relevant indicators of SOC
dynamics, they cannot capture the complexity of carbon storage on their own and should be
integrated with additional variables to improve model robustness.

The predictive performance of the models using gravel and stone contents as single
predictors of SOC was generally weak, although slightly higher than for moisture content and
bulk density. The XGBoost model based on gravel content achieved an R? of 0.213, with a low
bias of 0.035 Mg/ha and moderate errors (RMSE = 0.877 Mg/ha, MAE = 0.694 Mg/ha). This
suggests that gravel proportion provides some explanatory power for SOC variability, but
remains insufficient to capture the complexity of soil carbon dynamics. In contrast, the model
relying on stone content displayed a lower explanatory capacity (R?* = 0.130), with a
similarly small bias (0.022 Mg/ha) but slightly higher errors (RMSE = 0.922 Mg/ha, MAE =
0.748 Mg/ha). Overall, while both features exhibit a weak but non-negligible correlation
with SOC, they cannot be considered reliable standalone predictors and should be integrated
within multivariate approaches to improve accuracy.

6. Discussion
6.1. Drivers of SOC variation

The results confirm that soil physical properties play an important role in shaping SOC
stocks in post-mining environments. Bulk density showed a weak positive correlation with
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SOC, suggesting that moderately compacted soils may promote stabilization of organic
matter through reduced aeration. In contrast, gravel and stone fractions displayed stronger
negative effects, as coarse fragments reduce the fine soil matrix available for organic matter
incorporation. Moisture content was only weakly correlated with SOC, likely reflecting the
wide climatic heterogeneity across French mining sites. Overall, these findings emphasize
that soil structure—particularly the proportion of coarse fragments—is a stronger
determinant of SOC recovery than moisture alone, consistent with previous reports from
South Africa and Central Europe.

6.2 Applicability and transferability of the XGBoost model

Using XGBoost allowed non-linear interactions between soil variables and SOC to be
captured more effectively than linear methods. However, when applied to single predictors,
performance remained limited (R*> < 0.25), underscoring the need for multivariate
approaches. The model, trained on French post-mining soils, provides a transferable
framework for data-scarce regions such as Vietnam, provided that input variables are
measured consistently. Transferability can be enhanced through site-specific calibration or
partial retraining with local datasets. Similar approaches have been used successfully in
China and India, where combining soil and land cover variables improved predictive
accuracy.

6.3 Implications for rehabilitation planning
From a management perspective, forests and natural vegetation clearly offer the highest
SOC sequestration potential, while cultivated or disturbed lands maintain lower stocks. This
aligns with evidence that broadleaf plantations and natural regeneration enhance carbon
storage more effectively than monocultures. The ability of XGBoost to generate predictive
SOC maps offers practical value for mine operators and policymakers:
- guiding the selection of vegetation types in rehabilitation,

- prioritizing areas with low SOC recovery for targeted interventions, and

- supporting transparent reporting in carbon credit schemes such as Verra or the Gold
Standard.

Integrating this framework into national rehabilitation programs could strengthen both
ecological restoration and economic incentives for sustainable land use.

6.4 Limitations and directions for future work

Several limitations must be acknowledged. First, the analysis was restricted to French
datasets, which may not fully represent tropical or subtropical conditions in Vietnam.
Second, the explanatory variables were limited to soil physical properties, without including
vegetation indices or remote sensing data that could enhance prediction. Third, the model
evaluated only single-variable XGBoost regressions; future research should test multivariate
approaches to better capture the drivers of SOC dynamics.
Future improvements could involve:
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- integrating high-resolution remote sensing (UAV, LiDAR) to account for vegetation
structure,

- expanding datasets across diverse climates to improve generalization, and

- including socio-economic and policy dimensions to ensure rehabilitation strategies
are both ecologically and socially sustainable.

7. Conclusions and future work

This study highlights the variability of soil organic carbon (SOC) stocks in post-mining
landscapes and the factors influencing their recovery. SOC levels were found to differ
markedly across land-use types, with forests and natural areas exhibiting the highest values,
while cultivated and disturbed lands maintained substantially lower stocks. Soil structure
emerged as a decisive driver: gravel and stone fractions were negatively associated with SOC,
whereas bulk density showed a weak positive effect and moisture content exerted only a
limited influence. Importantly, single-variable XGBoost models accounted for only a small
portion of SOC variance (R* < 0.25), underscoring the necessity of multivariate approaches
for improved predictive performance.

Beyond empirical findings, this study makes several scientific and practical
contributions. It introduces a reproducible framework that integrates field-based SOC
quantification, GIS-based spatial mapping, and machine learning into a unified approach for
post-mining carbon assessment. The use of XGBoost demonstrated its capacity to capture
non-linear SOC-soil relationships in heterogeneous environments, thereby offering
methodological advances over conventional approaches. Comparative analysis across
rehabilitation strategies provided new insights into SOC recovery potential, delivering
evidence-based guidance for mine closure planning and highlighting opportunities for
integration into emerging carbon credit schemes. Furthermore, by grounding the analysis in
French datasets, the study establishes a methodological foundation that can be readily
adapted to rehabilitation projects in Vietnam and other tropical mining regions where
empirical data remain limited.

At the same time, several limitations point to promising avenues for future work.
Expanding datasets to encompass tropical and subtropical post-mining environments will
be critical for enhancing model calibration and transferability. The integration of high-
resolution remote sensing tools such as UAV or LiDAR, together with vegetation indices,
could substantially improve SOC and biomass spatial prediction. Finally, incorporating socio-
economic considerations into rehabilitation planning will help ensure that ecological
restoration strategies are not only scientifically sound but also socially inclusive and aligned
with national policy frameworks.
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