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Abstract 

Monitoring coal-mine rehabilitation primarily relies on single vegetation indices, which reflect greenness but overlook 

surface transitions that precede vegetation growth, and are rarely integrated into a reproducible spatio-temporal workflow. 

Surface albedo is a promising yet underutilized metric for early-stage reclamation, but integrated multi-indicator 

assessments remain sparse. This study addresses this gap for the Amrapali opencast coal-mine overburden in Chatra, 

Jharkhand, establishing a pre-restoration baseline (2013–2026). Annual composites of surface albedo, land surface 

temperature (LST) and NDVI were derived from Landsat imagery across a 10 km buffer, and land use/land cover (LULC) 

change was quantified (2015–2025). Trends were assessed with OLS regression, the Mann–Kendall test and Sen's slope, 

and relationships with Pearson and Spearman correlations. Surface albedo showed a significant declining trend (Mann–

Kendall p = 0.004; Sen's slope = −0.00137 yr⁻¹; R² = 0.60), the clearest signal of landscape change, consistent with 

progressive darkening of the stabilizing overburden. NDVI showed no significant trend but high variability (CV = 13.4%), 

and LST remained stable despite an approximately 3.7-fold mine expansion. A significant inverse NDVI–LST 

relationship (Spearman ρ = −0.55, p = 0.043) confirmed vegetation cooling, whereas weak albedo–LST and NDVI–albedo 

associations indicate that surface material changes, not canopy greenness, governed the albedo decline. LULC analysis 

documented contraction of open land (~−39%) and vegetation (~−16%) alongside mine, built-up and agricultural 

expansion. By fusing albedo, LST, NDVI and LULC in a spatially-explicit, multi-temporal framework built on openly 

available data, this study identifies albedo as a sensitive early-stage indicator and contributes a transparent, transferable 

geospatial workflow and baseline for evaluating future restoration. 

Keywords: Coal mine overburden, Ecological restoration, Land Surface Temperature, Mutli-Temporal-Framework, 

NDVI, Surface albedo 
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1. Introduction 

Coal mining is among the most ecologically disruptive forms of land use, generating large volumes of overburden material 

resulting in a bare, denuded surface (Frouz 2021; Haigh et al. 2020). Opencast mineral extraction destroys the land surface 

by excavating massive open pits causing altered local water regimes, habitat fragmentation and land degradation that 

obstruct natural vegetation growth (Ekka et al. 2023; Szarek-Łukaszewska 2009).  By disrupting complex natural 

ecosystems, mining fundamentally alters the land surface energy balance (Deng et al. 2015). Previous research across 

major coal producing regions has established that these disturbances affect the land surface energy balance, significantly 

altering vegetation cover NDVI, the surface's reflective behaviour, and its thermal response (Firozjaei 2021). Specifically, 

the systematic degradation of vegetation correlates with a prominent rise in Land Surface Temperature (LST) and changes 

in surface albedo, creating localized "heat islands" and destabilizing microclimatic conditions (Kandulna et al. 2025). 

Understanding these dynamics is essential to assess the environmental footprint of mining and develop restoration 

strategies for mined out areas amidst climate change (Chen et al. 2025). 

There are many published studies that have established that surface albedo is a key parameter in land surface energy 

balance, microclimate regulation, and climate studies, and is effectively retrievable from satellite observations (Zhang et 

al. 2022; Shuai et al., 2020). In the coupled soil-vegetation-atmosphere system, albedo controls the partitioning of 

absorbed radiation into sensible and latent heat fluxes, thereby influencing surface temperature and ecosystem processes 

(McGregor 2024). Land surface temperature, in turn, is a sensitive indicator of the surface thermal environment and is 

strongly modulated by land cover (Zhou & wang 2010). Both albedo and evapotranspiration generally exhibit negative 

correlations with LST (Trilica et al. 2017) and increasing vegetation cover has repeatedly been shown to reduce surface 

temperature, creating localized cooling effects that help regulate microclimate (Millward et al. 2014). At broader scales, 

vegetation cover produces competing biophysical effects on surface temperature-cooling through enhanced energy 

dissipation and evapotranspiration but warming through reduced albedo with the net effect across temperate and tropical 

environments generally favour cooling (Best et al. 2023).  

Disturbed mining landscapes with bright, bare overburden, sparse vegetation, and built-up surfaces present a 

heterogeneous mosaic of albedo and thermal conditions (Bi et al. 2025). This spatial complexity makes an integrated 

analysis of vegetation, albedo, and LST especially informative for assessing surface change, as it captures the physical 

and thermal transitions that a single index might miss (Wu et al. 2022). Despite extensive research on coal-mine 

rehabilitation globally, comparatively few studies particularly in the Indian context integrate vegetation, surface albedo, 

and land surface temperature into a single multi-year, spatially explicit assessment of an active overburden landscape. 

The present study addresses this gap for the Amrapali coal-mine overburden in Chatra, Jharkhand. Using time-series 

(2013-2026) annual remote sensing derived NDVI, surface albedo, LST, and land use/land cover (LULC) data, the 

objectives of this study are: (i) to characterize the temporal trends of surface albedo, LST, and NDVI ; (ii) to examine the 

inter-relationships among these biophysical variables; (iii) to quantify decadal LULC change across the landscape; and 

(iv) to establish a quantitative pre-restoration biophysical baseline against which the effects of the rehabilitation 

interventions through afforestation can be evaluated in future polygon specific monitoring. 

 



3 

2. Methodology 

This section outlines the overall methodological framework adopted in the present study, comprising study area buffering, 

data acquisition and pre-processing, and the analytical procedures used to assess vegetation dynamics over the mine 

overburden and its buffer.  

2.1 Amrapali mining area buffer 

We drew a 10 km buffer radius around the Amrapali coal mine over burden site (Fig. 1), to capture both the direct mine 

footprint and the surrounding zone of ecological influence, including peripheral forest fragmentation, hydrological 

regimes, and rural settlements (Tang & Werner 2023). Within this buffer area, we quantified temporal changes in LULC 

classes and correlated these changes with NDVI, LST, and albedo.  

 

Fig. 1. Location of the Amrapali open-cast coal mine study area, Chatra district, Jharkhand, India. The buffer area considered in this 

study is delineated by the yellow circle, and the overburden site is demarcated by the red polygon.  

2.2 Data Acquisition and Preprocessing  

We obtained Level-1 Terrain-Corrected (L1TP) Landsat 8 Operational Land Imager (OLI) and Thermal Infrared Sensor 

(TIRS) data from the USGS EarthExplorer platform as the primary data source for this study. We selected the pre-

monsoon period (March–May 2013–2026) to minimise cloud cover interference and capture maximum thermal and 

vegetation stress conditions (Mansingh et al. 2026). We converted raw Digital Numbers (DN) to physical units, 

transforming optical bands into Top-of-Atmosphere (TOA) planetary reflectance and Band 10 thermal infrared data into 

brightness temperature (T_B) (Prasad et al. 2025). We then applied the FLAASH module to correct sub-pixel atmospheric 

attenuation and isolate accurate surface reflectance values (Gong & Wu 2014).  

2.3 Extraction of Biophysical Parameters 

We derived biophysical parameters including Normalised Difference Vegetation Index (NDVI), Surface Albedo and Land 

Surface Temperature (LST) for the 10 km buffer area across the Amrapali coal mine overburden landscape for 2013-2026 

period. These are detailed in subsections given below:  
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2.3.1 Normalised Difference Vegetation Index (NDVI) 

We calculated the Normalised Difference Vegetation Index (NDVI) for the mining buffer area using ArcGIS 10.8 Raster 

calculator. The index utilises the surface reflectance of the Near infrared (NIR) Band 5 and Red (RED) Band 4 spectral 

bands: 

NDVI = (NIR) - (RED)/(NIR) + (RED) 

2.3.2 Land Surface Temperature (LST) Estimation 

We derived the Land Surface Temperature (LST) from TIRS Band 10 data. First, we isolated the fractional vegetation 

cover  𝑃ఔ from the retrieved NDVI thresholds (NDVI_min, NDVI_max). We then used this parameter to calculate the 

Land Surface Emissivity ߳ using the threshold method: 

 

Where  ߳ఔ  (0.985) and ߳௦ (0.960) represent the emissivity values of vegetation and soil, respectively, and C= 0.004 

accounts for surface roughness.  

Finally, we compounded LST by correcting the brightness temperature ( ஻ܶ) for emissivity using the single channel 

algorithm: 

  
where, ߣ is the effective wavelength of Band 10 (10.895݉ߤ) and ߩ (constant) ℎ. 1.438) ߪ/ܿ ×  .(ܭ10−2݉

2.3.3 Surface Albedo 

Albedo determines how much of the incoming shortwave radiation a surface reflects rather than absorbs, so a shift in 

albedo registers early in the processes that shape the surface energy balance (Gottschalk et al. 2026). We calculated 

Surface albedo (ߙ) to evaluate the radiative balance transitions caused by land clearance and mining activities. We applied 

the empirical weight coefficients defined by Liang (2001) were applied to integrate the visible, near-infrared, and 

shortwave infrared bands within the GIS environment: ߙ =  0.356 (ܾ2) +  0.130 (ܾ3) + 0.373(ܾ4) + 0.085 (ܾ5) +  0.072 (ܾ6)  −  0.018  

where  ܾ௡ corresponds to the surface reflectance values of the respective Landsat 8 bands. 

3. Land Use Land Class (LULC) map 

We generated a Land Use Land Cover (LULC) map using the Supervised Classification method by applying the 

Maximum Likelihood algorithm to the optical bands (Patil et al. 2012). We established five distinct land classes: Active 

Mining Pits, Vegetation, Water Bodies, Agricultural land, NTPC area, Open Land and Built-up Land. Training samples 
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were selected uniformly across the study area based on Area of Interest (AOI) polygons verified via high resolution 

historical imagery from Google Earth Pro (Maxwell et al. 2019). To validate classification performance, an independent 

set of validation pixels was used to construct a confusion matrix, yielding the Overall Accuracy (OA) and the Kappa 

coefficient (ߢ) (Foody 2020).  

2.4 Statistical Analysis 

We conducted all statistical analyses on the annual, scene-wide values of NDVI, surface albedo and LST derived for the 

10 km buffer over the 2013–2026 period (n = 14 years), treating each year as a single observation in the time series. Prior 

to trend testing, we summarised each indicator using descriptive statistics (annual mean and standard deviation) and 

expressed relative dispersion as the coefficient of variation (CV = σ/μ × 100). 

We tested each indicator for monotonic change over the study period using three methods. First, we fitted ordinary least 

squares (OLS) linear regression of the annual value against year, reporting the slope, coefficient of determination (R²) 

and the associated p-value of the slope as a parametric measure of linear trend. Because a series of only 14 points may 

deviate from normality and is sensitive to outliers, we employed non-parametric Mann–Kendall test (Mann 1945; Kendall 

1975), which evaluates the direction and significance of a monotonic trend without assuming a distribution; we calculated 

the standardised statistic (Z) and its p-value. Finally, we quantified the magnitude of change using the Theil–Sen slope 

estimator (Theil 1950; Sen 1968). We did not impose a before/after split around the December 2024 intervention, as it 

falls at the end of the series and whole-scene statistics cannot resolve it. 

To examine the inter-relationships among the biophysical indicators, we computed pairwise correlations between NDVI, 

albedo and LST using both the parametric Pearson product-moment coefficient (r; Pearson 1895) and the non-parametric 

Spearman rank correlation coefficient (ρ; Spearman 1904). We report both because Pearson assesses linear association 

whereas Spearman captures monotonic association and is more robust to non-linearity and the small sample size; 

associations were considered statistically significant at p < 0.05. 

For the supervised LULC classification, we assessed classification performance against an independent set of validation 

pixels using a confusion (error) matrix, from which we derived the Overall Accuracy (OA) and the Kappa coefficient (κ) 

(Foody 2020). Throughout, we adopted a significance threshold of α = 0.05 and denote significance levels as *** p < 

0.001, ** p < 0.01, * p < 0.05, and ns = not significant. All trend and correlation computations were performed in a Python 

(SciPy/statsmodels and pymannkendall) environment, and the confusion-matrix accuracy assessment was carried out 

within the GIS environment. 

3. Results  

This study characterises the long term spatio-temporal pattern of biophysical surface parameters-Normalised Difference 

Vegetation Index (NDVI), Surface Albedo and Land Surface Temperature (LST) together with Land Use / Land Cover 

(LULC) change, across the Amrapali coal mine overburden landscape in Jharkhand over 2013-2026. While interpreting 

the results, it is important to note that in 2018 a small part~1 hectare of the mining overburden site was revegetated.  We 

also note that a Miyawaki plantation was established on the site in December 2024; but we deliberately treat it as the 
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endpoint and motivation for future monitoring rather than as a causal factor. Therefore, the 2013-2026 trends reported 

here provide the reference state against which the plantation's later ecological effects can be evaluated. 

3.1 Descriptive Time-Series Statistics 

Annual mean (μ) and standard deviation (σ) of the three continuous indicators derived from the source imagery is given 

shown Fig.2. Over the record, NDVI ranged 0.145-0.221, surface albedo 0.077-0.098, and LST 35.1-44.1 °C. 

 

Fig. 2. Temporal trends of NDVI, Surface albedo and LST (2013-2026) with linear trend lines (dashed) and ±1 SD error bars. The 

dotted blue line marks the December 2024 Miyawaki planting-the start of the monitoring period, not a modelled breakpoint. 

3.2 Trend analysis and statistical validation 

To test monotonic change across the studied period, we applied three complementary methods: ordinary least squares 

(OLS) linear regression, the non-parametric Mann-Kendall trend test, and Sen's slope estimator (Table 1). We did not 

impose an artificial before/after split, because the only intervention (Dec 2024) lies at the series end and whole-scene 

statistics cannot resolve it. Significance: *** p<0.001, ** p<0.01, * p<0.05, ns = not significant. 

Table 1. Full-series trend statistics for each biophysical indicator 
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Variable OLS slope/yr (p) R² Mann-Kendall Z 

(p) 

Sen slope/yr CV % 

NDVI -0.00078 

(0.635ns) 

0.019 0.00 (1.000) -0.00009 13.4 

Surface Albedo -0.00127 

(0.001**) 

0.597 -2.85 (0.004) -0.00137 7.9 

LST (°C) -0.09926 

(0.579ns) 

0.026 -0.77 (0.443) -0.15142 6.7 

3.2.1 Surface Albedo- significant decline 

Surface albedo is the only indicator with a statistically significant monotonic trend. OLS regression yields a negative 

slope of -0.00127 yr⁻¹ (r = -0.77, R² = 0.60, p = 0.001), confirmed by the Mann–Kendall test (Z = -2.85, p = 0.004) and a 

Sen's slope of -0.00137 yr⁻¹. Fig.2 shows that the mean albedo declined from 0.098 (2018) toward 0.077 (2025).  

3.2.2 NDVI-no significant trend, high variability 

We found no significant monotonic trend in NDVI (OLS p = 0.635; Mann-Kendall p = 1.000) and the highest inter-annual 

variability of the three indicators (CV = 13.4%). NDVI reached its peak greenness (0.221) in 2020 and the minimum 

(0.145) in 2021. This fluctuation, with no sustained directional change, reflects rainfall and phenology driven variability 

typical of a disturbed, partially vegetated mining landscape and establishes the variable vegetation baseline against which 

we will assess the plantation. 

3.2.3 Land Surface Temperature- stable 

We found no significant trend in LST (OLS p = 0.579; Mann-Kendall p = 0.443). Annual means oscillated between 

35.1°C (2013) and 44.1°C (2016) around a baseline mean of 38.3°C. Differences in acquisition date and season, rather 

than persistent surface change, drove much of this year-to-year variation, and the absence of a warming trend across an 

actively expanding mine remains a notable feature of the baseline.  

3.2.4 Inter-Variable Relationships 

Pairwise correlation tests the expected biophysical coupling among the indicators. NDVI and LST show a negative 

association, and Spearman’s rank test confirms that this relationship is statistically significant (Spearman ρ = -0.55, p = 

0.043; Pearson r = -0.43, p = 0.12), reflecting the anticipated vegetation-cooling signal in which greener surfaces tend to 

have lower surface temperature (Fig. 3). The Albedo-LST (r = 0.32) and NDVI-Albedo (r = -0.13) associations are weaker 

and non-significant, suggesting that changes in surface material drive the albedo decline more than canopy greenness 

alone.  
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Fig. 3. Scatter relationships of NDVI-LST and Albedo-LST, colour coded by year, with linear fits. Inter-variable relationships between 

land surface temperature (LST) and the two biophysical indicators over the study period (2013–2026). Left panel: NDVI versus LST; 

right panel: surface albedo versus LST. Each point represents one annual scene-wide value, coloured by year (colour bar). The red 

dashed line denotes the ordinary least squares regression fit. Pearson correlation coefficients and their p-values are shown above each 

panel: NDVI–LST (r = −0.43, p = 0.123) and albedo–LST (r = 0.32, p = 0.262), neither being statistically significant at α = 0.05. 

3.3 Spatial pattern and distribution  

Figures 3-6 show the spatial distribution of each variable across the Amrapali mine and its surrounding area. These maps 

support the temporal statistics by revealing the geographic organisation of surface change that scene-wide averages alone 

cannot capture. Each annual panel uses an independent value range; therefore, spatial interpretation focuses on within-

scene patterns and the per-year value ranges reported in the legends rather than on direct colour comparison between 

panels.  

3.4 Land Use / Land Cover 

Fig. 4 shows the progressive expansion of the active mine footprint (grey) across 2015, 2020 and 2025, along with the contraction of 

open land and natural vegetation and the intensification of built-up and agricultural classes in the later period. The spatial growth of 

the mine class visually mirrors its near tripling in area reported in Section 6, and mining and built-up surfaces increasingly encroach 

on previously vegetated and open land areas around the central and southern parts of the scene.  
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Fig. 4. Land Use Land Class map of the 10km buffer area around the mining overburden landscape for the periods 2015,2020 and 

2025.  

3.5 Surface Albedo 

Figure S1 shows high-albedo surfaces (warm colours) concentrated over bare overburden, built-up, and exposed areas, and low-albedo 

surfaces (cool colours) over vegetated terrain. Consistent with the significant declining trend identified by the Mann-Kendall test 

(Section 3.1), the upper bound of the per-panel albedo range generally decreases over the record. Earlier years show higher maxima 

(e.g. ~0.25 in the mid-2010s) than the most recent years (~0.20), indicating progressive surface darkening as bare spoil gives way to 

soil development and vegetation cover across the wider landscape. 

3.6 Normalized Difference Vegetation Index (NDVI) 

Figure S2 shows generally high greenness (lighter tones) over the vegetated hill areas and lower values over the mine, built-up, and 

water surfaces. Across the record, the spatial pattern remains broadly stable without a consistent directional shift, and the per-panel 

value ranges fluctuate rather than showing a spatially consistent trend, in line with the absence of a significant monotonic NDVI trend 

and the high inter-annual variability reported in Section 3.2.  

3.7 Land Surface Temperature (LST) 

Figure S3 shows warm surfaces (red/orange) over the mine, built-up, and exposed areas and cooler surfaces (blue) over vegetated 

terrain in each year. This spatial pattern expresses the significant negative NDVI–LST association reported in Section 4, in which 

greener surfaces correspond to lower surface temperatures. The per-panel temperature ranges vary across years in line with acquisition 

date and seasonal differences (Limitations), consistent with the absence of a significant monotonic LST trend.  

3.8 Land Use / Land Cover Change (2015–2025) 

Over the 2015–2025 period, the landscape of the study area underwent substantial conversion, while the total classified 

area remained effectively constant (~43,000 ha). The most pronounced changes were a contraction of open land and 
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vegetation, offset by the expansion of built-up, agricultural and mining classes (Fig. 5, Fig. 6). It can be seen from the 

Fig. 6, that within the study area there is a major contraction in the Open land (-3,477 ha, -39.0%) and vegetation (-2,550 

ha, -15.9%), while built-up areas increased by 2,284 ha (+34.8%) and agriculture by 1,878 ha (+17.8%). This conversion 

of natural and open surfaces to built-up, agricultural and mining land is consistent with the significant landscape-scale 

decline in surface albedo reported in Section 3.1. 

Open land experienced the largest absolute and relative decline, shrinking from 8,908 ha to 5,431 ha  a net loss of 3,477 

ha, equivalent to a 39.0% reduction and falling from 20.7% to 12.6% of the total area. Vegetation showed the second-

largest loss, decreasing from 16,014 ha to 13,464 ha (a net 2,550 ha, or 15.9%), so that its share of the landscape declined 

from 37.2% to 31.3%; despite this reduction it remained the single most extensive class throughout the period. Water 

bodies contracted only marginally, from 351 ha to 315 ha (−36 ha, −10.3%), leaving their areal share essentially 

unchanged (~0.8%). 

Taken together, the reciprocal loss of open land and vegetation (a combined ~6,027 ha) against the growth of built-up, 

agricultural and mining land indicates a decade of intensifying anthropogenic pressure, in which natural and unused 

surfaces were progressively converted to settlement, cultivation and active mining.  

 

Fig.5. Class-wise distribution of Land Use / Land Cover (LULC) area (in hectares) across the study area for the years 

2015, 2020 and 2025. Grouped bars compare the extent of each of the seven LULC classes at the three time points, 

illustrating the progressive contraction of open land and vegetation alongside the expansion of built-up, agricultural and 

mining classes. 
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Fig. 6. Net change in Land Use / Land Cover (LULC) area (in hectares) for each class over the period 2015–2025. Positive (green) bars 

denote net areal gain and negative (red) bars net loss; values represent the difference between the 2025 and 2015 class areas, 

highlighting the largest reductions in open land (−3,477 ha) and vegetation (−2,550 ha) against the largest gains in built-up (+2,284 ha) 

and mine (+1,590 ha) classes. 

Overall, for the 2013-2026 baseline data, the dominant biophysical signal was a significant landscape scale decline in 

surface albedo (Mann-Kendall, p < 0.01), consistent with progressive darkening and partial revegetation of the overburden 

surface. NDVI showed no directional trend but high interannual variability, defining a fluctuating vegetation baseline 

governed largely by climate and phenology. LST likewise showed no significant trend, only a slight, non-significant 

cooling tendency, despite continued mine expansion, although the expected NDVI–LST cooling relationship was 

statistically significant under the rank-based Spearman test (ρ ≈ -0.55, p < 0.05). LULC dynamics documented substantial 

change: major losses of open land and vegetation alongside expansion of mining, agriculture and built-up classes. 

Together, these results establish a pre-restoration reference state in which albedo, rather than NDVI or LST, carries the 

clearest directional signal of surface transformation.  

4. Discussion 

The study identified surface albedo as the most sensitive and statistically significant indicator of overburden surface 

change. The progressive decline in albedo is consistent with progressive darkening of the overburden surface as bare spoil 

is replaced by soil development and incremental vegetation cover across the wider landscape over the baseline period 

(Vicentini et al. 2020). The non-significant albedo-NDVI association indicates that the darkening was primarily due to 

the changed surface properties rather than by a measurable increase in green vegetation alone. It implies that in the early, 

pre-canopy stages of overburden stabilisation, surface reflectance responds to substrate maturation before vegetation 

indices register a directional signal, making albedo a leading rather than a lagging indicator of surface recovery (Tahooni 

et al. 2024). One important note worth mentioning here is that although a small conventional plantation was established 

on approximately 1-2 ha of the overburden in 2018-19 broadly coinciding with the onset of the post 2018 albedo decline. 

This patch is negligible relative to the large study area and cannot, on its own, account for the landscape scale trend; this 
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reinforces the interpretation that the albedo signal reflects broader surface material maturation rather than any single 

localised planting. 

Contrary to the expectations this study found absence of net warming despite significant expansion (~ 267%) in mining 

area and open land contraction ~39%. This contrasts with most of the studies that report vegetation loss elevates surface 

temperature (Makarieva et al. 2022, Waseem & Khayyam 2019). This could be attributed to the fact that the study area 

covers a 10 km buffer dominated by vegetation, agriculture and open land rather than focusing only on the overburdened 

part. So, the scene-wide means dilute the strong but spatially confined thermal signal of the excavation itself (Arvidson 

et al. 2026). Additionally, the significant inverse NDVI-LST relationship endorsed the vegetation cooling mechanism 

remains functional at the landscape scale (Weng et al. 2004; Sun et al. 2025). Further, despite concurrent declining albedo, 

the nonsignificant warming suggests that compensating processes enhanced evapotranspiration from maturing surfaces, 

soil moisture and surface roughness changes, and the partitioning of additional absorbed energy into latent rather than 

sensible heat  may have offset the radiative effect (Burakowski et al. 2018; Rotenberg & Yakir 2010).This phenomenon 

is in agreement with the physical framework established by Feldman et al. (2023), who demonstrated that when soil 

moisture is sufficient, the expected warming from low albedo surfaces becomes statistically nonsignificant. Another study 

by Dominguez-Haydar et al. (2019) corroborates our observations, which identified a clear transition where mature 

reclaimed surfaces act as thermal sinks, mitigating the high temperature anomalies typically associated with active mining 

pits. Together, these processes suggest that the structural and hydrological maturation of the site has created a 

microclimate capable of neutralizing increased radiative forcing. (Zhang et. al. 2023) 

The findings revealed that NDVI exhibited no directional trend but the highest inter annual variability of the three 

indicators (CV = 13.4%), with greenness peaking in 2020 and troughing in 2021. Such fluctuations are typical of a 

partially vegetated, disturbance prone landscape in which annual vegetation signals do not reflect permanent ecological 

shifts, but are sensitive to pre monsoon rainfall, phenological timing and data acquisition date (Mutti et al. 2020). The 

area consists of a patchwork of active mining, reclaimed plots, and vegetation residue, the pixel integrated NDVI is subject 

to nonlinear mixing; this mosaic introduces spatial autocorrelation issues (Frazier & Kedron 2017). In these heterogeneous 

pixels, even minor shifts in the data acquisition date can lead to significant phenological offsets, because different 

vegetation patches require different time intervals to reach peak greenness (Senf et al. 2017).  The lack of a directional 

trend in NDVI, may also highlight the saturation or sensitivity limits of the index in disturbed soils. In a sparse vegetation 

landscape dominated by bright bare spoil and exposed soil, NDVI is known to be sensitive to soil background reflectance 

(Montandon & Small 2008), which can inflate inter-annual noise and partially mask weak vegetation trends (Yengoh et. 

al. 2015). Such settings necessitate employing soil-adjusted indices such as Soil Adjusted Vegetation Index (SAVI) or 

Modified Soil Adjusted Vegetation Index (MSAVI) or moisture resilient metrics to decouple the reclamation progress 

from the stochasticity of the monsoon cycle (Yang et al. 2025). These indices may resolve early vegetation establishment 

across the mining-agriculture-forest mosaic more sensitively than NDVI alone (O’Donnell et. al. 2024). NDVI-albedo 

dissociation supports the argument that, during the pre-canopy phase of recovery, vegetation indices alone provide an 

incomplete picture of surface change and are significant when interpreted jointly with radiative and thermal indicators 

precisely the integrated approach adopted in this study (Wang et. al. 2025b). 
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Overall, these findings suggest that single period NDVI data are insufficient indicators of reclamation success in 

disturbance prone mining landscapes and calls for two major complementary refinements in monitoring approach 

(O’Donnell et. al. 2024). The first concerns temporal sampling. NDVI responds strongly to pre-monsoon rainfall and 

acquisition timing (Deka et al. 2019) and therefore risks conflating ephemeral growth pulses or dry-spell signals with 

genuine successional trends (Li et al. 2024). This can result in false readings of degradation or recovery that reflect image 

acquisition date rather than real change. To address this, employing phenological normalization techniques, such as 

constructing peak greenness composites from multi temporal stacks (Snyder et al. 2019) or calculating Rain Use 

Efficiency (RUE) to account for precipitation driven pulses (John et al. 2016) can isolate the genuine maturation signal 

from monsoon driven noise (Ratul et al. 2014). 

The second concerns spectral formulation. In a heterogeneous mosaic of bare overburden, reclaimed plots, and remnant 

vegetation, NDVI's sensitivity to soil background means that changes in soil moisture or surface roughness can be misread 

as changes in greenness. Soil-adjusted indices such as (SAVI) or Modified Soil Adjusted Vegetation Signal (MSAVI) or 

spectral unmixing approaches would allow the green vegetation fraction to be isolated from the underlying soil matrix, 

enabling more sensitive resolution of early vegetation establishment across the mining-agriculture-forest mosaic than 

NDVI alone permits (Yang et al. 2025). 

Together, these refinements coupled with the integrated radiative thermal framework adopted in this study offer a sound 

basis for distinguishing genuine reclamation trajectories from the inherent stochasticity of disturbed, dryland mining 

landscapes. The findings carry direct implications for monitoring overburden rehabilitation initiatives (Shen et. al. 2017). 

Because the albedo declines here tracked surface material maturation rather than greening, it offers means of 

distinguishing genuine substrate stabilisation from transient, rainfall driven vegetation flushes that inflate NDVI without 

durable surface change. The thermal stability documented under active expansion suggests, encouragingly, that 

maintaining and expanding vegetated and agricultural cover within the mine’s zone of influence can buffer the wider 

landscape against thermal degradation (Poole & Berman 2001) even as excavation continues; a result of practical 

relevance to mine closure planning and to restoration designed around landscape connectivity. The integrated, multi-

indicator baseline itself provides the quantitative reference state against which the ecological trajectories of both the 2018-

19 conventional plantation and the December 2024 Miyawaki plantation, and of future interventions, can be objectively 

evaluated. 

Beyond its ecological findings, this study contributes to Earth science informatics by demonstrating an integrated, 

reproducible workflow for spatio-temporal analysis of post-mining landscapes from earth-observation data. Rather than 

relying on a single spectral index, it fuses four remotely-sensed information layers surface albedo, land surface 

temperature, NDVI, and land use/land cover within one spatially-explicit, multi-temporal framework, coupled with a 

formal analytical layer combining parametric and non-parametric trend detection (OLS, Mann–Kendall, Sen's slope) and 

correlation analysis (Pearson, Spearman). Its principal informatics contribution is to show that structured integration of 

complementary biophysical layers resolves early-stage surface transitions here, albedo-detected overburden 

stabilization—that conventional single-index approaches fail to capture, thereby increasing the information content of 

change detection in spectrally heterogeneous terrain. Because the workflow is built entirely on openly available Landsat 

data and standard geospatial and statistical operations, it is transparent, reproducible, and transferable to other overburden 
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and degraded-land settings. The resulting quantitative geospatial baseline and repeatable analytical pipeline provide a 

foundation for operational, polygon-specific monitoring of restoration interventions, illustrating how disciplined 

integration of routine earth-observation datasets can extend their diagnostic reach. 

Nevertheless, some limitations of the present study need to be acknowledged here. The analysis considered scene wide 

averaging over a 10 km buffer, which dilutes spatially confined signals, so the absence of a net LST trend should not be 

read as the absence of localised thermal intensification over the pit itself.  NDVI’s sensitivity to soil background in bright 

overburden settings may understate or add noise to the vegetation signal.  LST retrieval depends on an NDVI-threshold 

emissivity scheme (Wang et al. 2025a), so the vegetation and thermal estimates are not fully independent, and emissivity 

assumptions over heterogeneous spoil surfaces carry uncertainty (Hulley et. al. 2012). Another factor that merits caution 

refers to the two localised afforestation efforts that fall within the study area-a small conventional plantation of roughly 

1-2 ha in 2018-19 and the Miyawaki plantation established in December 2024. Yet both are a negligible relative to the 10 

km buffer and cannot be resolved as causal factors by these whole scene statistics; the baseline is therefore effectively 

pre-intervention at the landscape scale, with the December 2024 planting falling at the very end of the record. Finally, the 

moderate spatial resolution of Landsat (30 m optical; 100 m resampled thermal) limits the detection of fine scale, polygon 

specific restoration responses (Onačillová et. al. 2022). 

While this study has its limitations, it offers a better insight into mining ecology. The study suggests that post mining 

recovery is more than just developing green area coverage. (Zine et. al. 2024) By showing that changes in surface 

reflection appear long before new growth shows up on a satellite, the study shifts how we define early recovery. This is 

crucial, because conventional vegetation indices focused on reclamation assessment may systematically overlook the 

substrate development phase (Stokes et al. 2014), as soil background reflectance often masks subtle biological crusting 

or stabilization (Escribano et al. 2010). By quantifying the thermal buffering provided by retained vegetation at the 

landscape scale, it links biophysical monitoring to the ecological function of cooling and microclimate regulation that 

supports habitat suitability for rehabilitating local biodiversity. (Huang et. al. 2022). The methodology provides a low 

cost, satellite-based protocol framework that can be easily applied across similar landscapes for establishing ecological 

insights. (Pettorelli et. al. 2014) 

5. Conclusion 

This study established a pre-restoration biophysical baseline for the Amrapali coal-mine overburden in Chatra, Jharkhand, 

from a 13-year Landsat record (2013–2026) across a 10 km buffer. Surface albedo declined significantly over the period, 

making it the clearest directional signal of surface transformation and consistent with progressive darkening and partial 

revegetation of the overburden. NDVI showed no directional trend but marked interannual variability, defining a 

fluctuating vegetation baseline driven by climate and phenology. LST likewise showed no significant trend, only a slight 

non-significant cooling tendency despite continued mine expansion, although its inverse relationship with NDVI was 

confirmed by rank-based correlation. LULC analysis showed that this apparent stability masked substantial compositional 

change: open land and vegetation declined markedly while mining, agriculture and built-up classes expanded.  
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