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Abstract: Indonesia is one of the countries that has a wealth of energy and mineral resources. However, mining activities carried out 

to exploit these mineral resources have a negative impact on ecosystems, especially forest ecosystems, so there is a need for ecosystem 
rehabilitation which is realized in the form of post-mining land reclamation. Along with the development of science and technology, 
remote sensing is a technology that can be used in monitoring revegetated land so that it has the potential to be developed in monitoring 
post-mining land reclamation land. This research aims to study the spectral characteristics of post-mining land in PT Adaro Energi 
Indonesia, Calculate the revegetation area from 2016 to 2023 and Map the results of PT Adaro Energi Indonesia's post-mining land 
reclamation spatiotemporally from 2016 to 2023. This research involves several vegetation indices in analyzing the spectral characteristics 
of land and monitoring the results of revegetation spasiotemporally from 2016 to 2023. The results of the spectral characteristics analysis 
show that RVI and SLAVI have the ability to distinguish vegetation density. Meanwhile, the results of spatiotemporal analysis show that 
ARVI has a fairly fluctuating pattern of increase while NDVI shows the opposite pattern in response to the increase in vegetation. 
During the period 2016 to 2023, PT Adaro's reclamation area experienced high revegetation from an initial 342.53 ha revegetated area, 
in 2023 the vegetated area increased to 1,234.41 ha. The results of this research show that PT Adaro Energi has successfully revegetated 
the post-mining land area. In addition, the use of remote sensing technology has the potential to be used in monitoring reclamation areas 
using vegetation indices and certain algorithms. 

Keyword: Mining, Reclamation, Vegetation Indices 

 

INTRODUCTION 

ndonesia is one of the countries that has a 

wealth of energy and mineral resources. This 

considerable potential causes mining activities to have 

an important role in supporting national development. 

Since the Dutch colonial era, mineral and coal mining 

has become an important commodity and strategy so 

that in its dynamics until now the regulation of 

utilization has been outlined in the form of legal 

regulations (Redi and marfungah 2021). According to 

the Central Bureau of Statistics, the export of 

Indonesian mining products has increased every year 

from 2012 to 2022. The high mining output in 

Indonesia has a positive impact due to the existence of 

the mining sector such as state revenue from mineral 
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exports, inviting investors to invest, increasing 

community welfare due to job vacancies, infrastructure 

development in remote areas, and so on (Directorate 

General of Mineral and Coal 2015). Regulations 

regarding the utilization of forest areas for mining 

activities are regulated in Article 33 of Forestry Law 

No.41 of 1999 which regulates the regulation of the 

utilization of forest areas outside the forestry sector 

including mining through the granting of forest lease 

permits issued by the Minister of Environment and 

Forestry by considering the area limit, time period, and 

forest sustainability.  

Mining activities in Indonesia have both 

positive and negative impacts. Although mining 

provides high state revenues, due to excavation, the 

natural ecosystems in the area can be disrupted. Due to 

the removal of vegetation and excavation of soil at the 

mining site, the role and function of the ecosystem can 

be disrupted such as increasing the rate of soil erosion 

and sedimentation (Yudhistira et al. 2011), increasing air 

and water pollution, and the emergence of marine 

pollution (Razi 2021). In addition, mining activities also 

cause social conflicts in communities around the mine 

(Siregar et al. 2021, Fitriyanti 2016). Globally, mining 

activities contribute greatly to the impacts of global 

warming, human health, and ecosystems so that these 

three factors become factors that must be considered in 

mining activities (Farjana et al. 2019).  

Regarding the negative impacts that can be 

caused by mining activities, post-mining land 

reclamation efforts need to be carried out. Regulations 

on post-mining land reclamation are set out in the 

Minister of Energy and Mineral Resources Regulation 

No. 7/2014 and the Minister of Forestry Regulation 

No. 60/2009. Both regulations contain guidelines for 

post-mining land reclamation techniques and success 

assessment. The principles of post-mining land 

reclamation regulated in both regulations are based on 

the concept of restoration ecology by containing 

ecological indicators to restore the role and function of 

forests after mine clearing (Nugroho & Yasir 2017). 

Post-mining land reclamation activities require 

monitoring and evaluation to determine the level of 

success. The monitoring is carried out regularly, 

covering ecological, economic and social aspects 

(Rahmawati & Sartika 2023). 

Currently, the development of science and 

technology in monitoring land, including post-mining 

 

Figure 1. Google Earth Engine (GEE) platform 
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land, continues to grow. One of the technologies that 

can be done is the use of remote sensing. Remote 

sensing technology can be used to detect changes in 

land cover and spatial dynamics that occur 

spatiotemporally (Rogan & Chen 2004). Remote 

sensing technology uses multispectral sensors to 

capture reflectance data of the earth's surface so that 

with certain modeling using its spectral bands, the 

physical condition of the land can be interpreted 

(Radocaj et al. 2020).  Based on the capabilities of 

remote sensing, monitoring of post-mining land 

reclamation can be done to assess its success or 

vegetation growth. The results of remote sensing 

modeling in post-mining land reclamation areas using 

vegetation indices can estimate ground surface biomass 

and standing volume with a fairly good level of accuracy 

(Pratama et al. 2022). In addition, the use of remote 

sensing involving vegetation indices can also estimate 

the health of vegetation every year so that the technique 

has the potential to be used as one of the post-mining 

land monitoring approaches (Karan et al. 2016). PT 

Energi Indonesia is a mining company in Indonesia that 

has successfully carried out post-mining land 

reclamation so that research on the potential of remote 

sensing in monitoring post-mining land can be carried 

out. Therefore, this research aims to study the spectral 

characteristics of post-mining land in PT Adaro Energi 

Indonesia, Calculate the revegetation area from 2016 to 

2023 and Map the results of PT Adaro Energi 

Indonesia's post-mining land reclamation 

spatiotemporally from 2016 to 2023. 

 

METODOLOGI  

Study Area 

The study location is in the post-coal mine land 

reclamation area of PT Adaro Energi Indonesia. The 

coal mining area of PT Adaro is located in Tabalong 

and Balangan regencies of South Kalimantan Province. 

The study location map is shown in Figure 1. The land 

reclamation area is located at coordinates 2.22 S and 

115.54 E. PT Adaro started commercial production in 

1992. PT Adaro's mining location is in a forest area and 

quite close to residential areas. Currently PT Adaro has 

successfully carried out land reclamation as indicated by 

the reappearance of fauna species such as birds 

(Soendjoto et al. 2016) and a fairly high diversity index 

on ex-mining land (Ulfah et al. 2020). 

Data Source and Research Flow 

The data used in this research are Sentinel-2 

Multispectral Instrument (MSI) satellite images, and 

IUP area maps taken from the official website of the 

Ministry of Energy and Mineral Resources, Minerba 

One Maps Indonesia (MOMI). Sentinel-2 imagery 

taken is shooting from 2016 to 2023 to see the dynamics 

of revegetation spatiotemporally. Sentinel-2 images 

were launched by ESA (European Space Agency) to 

monitor the state of the earth (Kushardono et al. 2017). 

Sentinel-2 image is a multispectral image that has 13 

bands with a spatial resolution of 10 meters to 60 meters 

(Mandanicii & Biteli 2016). The bands contained in 

Sentinel-2 are shown in Table 1. Sentinel-2 is quite good 

 

Figure 2. Research flow chart 
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at classifying land use and land cover, especially in 

monitoring agricultural areas, forests, built-up land, and 

water bodies with good accuracy reaching more than 

80% (Phiri et al. 2020). In addition, by combining 

spectral bands into certain indices, Sentinel 2 can detect 

built-up areas, open land, vegetation, and can detect the 

effect of climate on vegetation (Fabre et al. 2020). 

Monitoring of post-mining land reclamation areas 

was conducted involving vegetation indices in 

accordance with the research flow chart shown in figure 

2. Spectral pattern analysis of vegetation indices was 

conducted from 2016 to 2023 to determine the 

dynamics of vegetation index values that represent 

vegetation density. The vegetation indices used include 

NDVI, GNDVI, ARVI, SAVI, SLAVI, EVI and RVI 

(Table 3). In addition, this research also reports the 

spectral characteristics of both the Sentinel-2 spectral 

bands and vegetation indices of several land covers in 

the mining area (bare land, forest, reclaimed area). By 

looking at the spectral pattern, it can be an indication of 

the success of the revegetation process. The research 

flow chart is shown in Figure 2 

Spatiotemporal Analysis 

Spatio temporal analysis is divided into two, namely 

analysis of vegetation index spectral patterns and 

analysis of the increase in vegetated area. Spatio 

temporal analysis was conducted from 2016 to 2023. 

Spectral pattern analysis was conducted on several 

vegetation indices to obtain the spectral pattern of 

vegetation on the post-mining land reclamation site. 

Meanwhile, the vegetated area was analyzed using the 

NDVI value class approach referenced in Marwoto & 

Ginting (2009). NDVI values can predict vegetation 

 Table 1. Multiple bands in Sentinel-2 Multispectral 

Instrument (MSI) imagery  

Band 

Number 

Band 

Description 

Wavelength 

Range 
Resolution 

B1 

Ultra Blue 

(Coastal 

aerosol) 

443.9 nm - 442.3 

nm 
60 m 

B2 Blue (B) 
496.6 nm – 492.1 

nm 
10 m 

B3 Green (G) 560 nm – 559 nm 10 m 

B4 Red (R) 664.5 nm – 665 nm  

B5 
Red-Edge 1 

(Re1) 

703.9 nm – 703.8 

nm 
10 m 

B6 
Red-Edge 2 

(Re2) 

740.2 nm – 739.1 

nm 
20 m 

B7 Red-Edge 
782.5 nm – 779.7 

nm 
20 m 

B8 
Near Infrared 

(NIR) 
835.1 nm – 833 nm 10 m 

B8A 
Near Infrared 

narrow (NIRn) 

864.8 nm – 943.2 

nm 
20 m 

B9 Water vapor 945 nm – 943.2 nm 60 m 

B11 

Shortwave 

Infrared 1 

(SWIR1 

1613.7 nm – 1610.4 

nm 
20 m 

B12 Shortwave 

Infrared 2 

(SWIR2) 

2202.4 nm – 2185.7 

nm 

20 m 

 

 Table 2. Interval kelas NDVI untuk kerapatan vegetasi 

(Marwoto dan Ginting 2009) 

No NDVI values Vegetation density 

1 NDVI < 0,03 Non vegetation 

2 0,03 ≤ NDVI < 0,25 Low 

3 0,25 ≤ NDVI < 0,40 Moderate 

4 NDVI ≥ 0,40 High 

 

 Table 2. list of vegetation indices used 

No Method Formulaj References 

1 
Normalized Difference Vegetation 

Index (NDVI) 
NDVI = (NIR - Red) / (NIR + Red) Rouse jr et al. 1973 

2 
Green Normalized Difference 

Vegetation Index (GNDVI) 
GNDVI = (NIR - Green) / (NIR + Green) Dellinger et al. 2008 

3 Enhanced Vegetation Index (EVI) 
EVI = 2.5 x ((NIR – Red) / ((NIR) + (C1 x Red) 

– (C2 x Blue) + L)) 
Huete et al. 2002 

4 Ratio Vegetation Indrx (RVI) RVI = (Red/NIR) Kogan 1995 

5 Soil Adjusted Vegetation Index (SAVI) 

SAVI = ((NIR – Red) / (NIR + Red + L)) x (1 + 

L) 

L = 0.5 

Huete 1988 

6 
Specific Leaf Area Vegetation Index 

(SLAVI) 
SLAVI = NIR / Red + MIR Lymburner et al.2019 

7 
Atmospherically Resistant Vegetation 

Index (ARVI) 

ARVI = (NIR – (2 Red) + Blue) / (NIR + (2 x 

Red) + Blue) 
Kaufan et al. 1992 
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density. The NDVI value classes used in this analysis 

are presented in Table 2. 

Vegetation Indices 

A vegetation index is a combination of several 

bands that can be used to describe vegetation 

conditions. The vegetation index is designed using 

spectral bands from sensors (satellites) that are quite 

sensitive to vegetation. The vegetation information 

obtained by the sensor (satellite) is interpreted by the 

spectral characteristics of green leaves. The vegetation 

index algorithm is based on a mathematical algorithm 

that is compiled using light radiation, especially the NIR 

band, which is quite widely emitted by vegetation (Xue 

& Su 2017). Vegetation indices are sensitive to several 

factors such as plant productivity, vegetation density, 

plant health, and plant biomass (Bannari et al. 1995). 

Vegetation indices, especially NDVI, can be used to 

detect land cover and explain the annual cycle of plants 

(phenology) (Genovese et al. 2021). Erener (2011) 

reported that the use of remote sensing and vegetation 

indices has successfully provided data for monitoring 

the success of land rehabilitation including monitoring 

canopy cover and plant health. The vegetation indices 

used in this research are NDVI, GNDVI, SAVI, 

SLAVI, ARVI, EVI, and RVI. NDVI is an updated 

index of RVI that uses a normalized algorithm. NDVI 

has the ability to reduce sensitivity to radiometric effects 

(Bannari et al. 1995). However, NDVI is still sensitive 

to soil brightness and atmospheric effects. ARVI was 

developed to reduce atmospheric effects while SAVI 

was developed to reduce soil brightness effects (Xue 

and Su 2017). The index formulas used in 

reclamationmonitoring are presented in Table 3. 

Google Earth Engine Platform 

Image processing for land reclamation monitoring 

is done using the Google Earth Engine (GEE) 

platform. GEE is a cloud computing platform designed 

to store and process large amounts of data. GEE 

resources archive all data sets and connect to openly 

usable cloud computing engines. The data archive 

includes Geographic Information System (GIS)-based 

satellite data, demographics, weather, Digitas elevation 

Model (DEM), and climate data. GEE can be applied 

to vegetation mapping, land cover mapping, agriculture, 

and natural disasters (Mutanga and Kumar 2019).   

 

RESULTS AND DISCUSSION 

Land Cover Condition 

The results of monitoring with remote sensing 

technology show that PT Adaro's IUP area has various 

land covers, including forests, open land, and 

reclamation areas. Open land refers to areas where coal 

mining activities are still taking place. The IUP area also 

includes forest areas that are still forested and have not 

been cleared for mining activities. Figure 4 is a 

composite band that shows land cover in the IUP area. 

Composite bands with a combination of SWIR-NIR-

Red RGB bands can clearly show land cover, especially 

vegetation. This is due to the use of the NIR band 

which is quite sensitive to vegetation. The NIR band is 

a factor that can explain vegetation variations and 

predict canopy cover values (Yoshioka et al. 2000). As 

vegetation increases, NIR band values show an 

increasing trend (Gitelson et al. 2002). The presence of 

vegetation is indicated by green color.   

The reclamation area shows almost the same 

hue and color as the forest land cover. This indicates 

the success of land reclamation carried out by PT 

Adaro. The results of research by Patiung et al. (2011). 

the implementation of PT Adaro's post-mining land 

reclamation has a good impact on the hydrological 

system, one of which is a decrease in erosion and an 

increase in infiltration rates. In addition, the success of 

post-mining land reclamation is also indicated by the 

presence of diverse bird species (Soendjoto et al. 2016). 

One of the indicators of successful land reclamation 

according to the Minister of Forestry Regulation 

P.60/Menhut-II/2009 is the revegetation aspect. This 

shows that land reclamation requires the presence of 

land cover plants. Monitoring results using remote 

sensing shown in Figure 4 show that the reclaimed land 

is well covered with vegetation. 

 

 

Figure 3. Google Earth Engine (GEE) platform 
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Spectral Characteristic Assesment 

The results of spectral analysis on several land 

covers show that each land cover (forest, reclaimed 

area, and open land) exhibits its own spectral 

characteristics. This research used several bands and 

indices for monitoring reclaimed fig. The spectral band 

characteristics of Sentinel-2 are visually displayed in 

Figure 5. The digital number value of a particular band 

is indicated by a color palette. High digital number 

values are marked in green while low digital number 

values are marked in red. The results of the spectral 

analysis show that band 2 - blue, band 3 - green, band  

4 - red, and band 11 - SWIR show the same pattern for 

each land cover, namely the highest digital number 

value is found in open land cover followed by reclaimed 

areas and forests. Meanwhile, band8-NIR shows a 

different pattern. Band 8 tends to have a high value 

range in post-mining land reclamation areas. This shows 

that the land cover in the form of open land reflects 

quite a lot of the red, grees, blue, and SWIR wavelength 

ranges. The same results were also reported by Teffera 

et al. (2018) which states that open land has a fairly high 

reflectance for the red, green, and blue bands compared 

to vegetation but has almost the same reflectance in the 

NIR body. The digital number value of the NIR band 

tends to be high in vegetation land cover. This is 

because chlorophyll reflects quite a lot of NIR light 

waves which have a wavelength range of 720 nm to 

1000 nm (Braga et al. 2021). 

 Each band on the Sentinel-2 satellite has a 

certain threshold value for each land cover. This shows 

that each band on Sentinel-2 can be a variable in 

detecting land cover. Mostly, visible light waves, namely 

red, green, blue (RGB) are less able to distinguish land 

cover, so it is necessary to use algorithms to improve 

the band's ability to detect land cover, especially 

vegetated land cover (Marcial-Pablo et al. 2019). The 

lack of ability of visible light waves in detecting land 

cover is due to the variation of reflectance values 

emitted by land cover higher than the wavelength range 

that can be captured by the sensor (Yang et al. 2015). 

The use of RGB bands in detecting land cover requires 

a suitable classification algorithm algorithm both guided 

and unguided. The use of a calcification algorithm using 

only RBG bands can produce a fairly high accuracy rate 

of up to 95% (Van et al. 2017).  
 Unlike the visible wavelengths, the infrared 

wavelength ranges of NIR and SWIR are quite good at 

describing land cover characteristics. The NIR band has 

the ability to interpret vegetation including describing 

biophysical conditions, health, and density of 

vegetation. Vegetation reflects a fairly high range of 

NIR wavelengths while water absorbs a fairly high range 

of SWIR wavelengths so the use of both bands is quite 

good in detecting land cover (Navin and Agilandeeswari 

2020). The NIR band is also able to distinguish 

broadleaf and needle-leaf vegetation and distinguish 

vegetation based on the growing season (Nemani and 

Running 1997). Meanwhile, the SWIR band is quite 

sensitive to water so that the use of the band can predict 

soil moisture (Ishiyama 1996). The combination of both 

NIR and SWIR bands can determine the moisture 

 

Figure 4. Map of composite band 
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content in vegetation and provide information on plant 

health (Sato and Tateishi 2004). 

The results of spectral analysis show that the 

vegetation index has a better ability to distinguish 

between vegetated and non-vegetated land. Figure 7 

shows the visualization of the index response in 

representing the land cover in the IUP area. Based on 

Figure 7, it can be seen that NDVI, GNDVI, ARVI and 

SAVI have the same color or hue between forest and 

reclamation area. This shows that both land covers have 

the same range of index values. NDVI, GNDVI, ARVI 

and SAVI are normalized vegetation index types. They 

have a value range of -1 to 1 so that vegetated areas have 

almost the same range of values. Normalized indices 

have a characteristic logarithmic relationship with 

vegetation density so that in areas that have a high 

density the index tends to be biased in explaining the 

physical conditions (Gamon et al. 1995). Meanwhile, 

SLAVI, EVI and RVI have different colors indicating a 

different range of values between the two land covers. 

Figure 8 is a boxplot that provides information on the 

range of spectral values for each index. The figure 

shows that SLAVI and EVI have much lower spectral 

values in reclaimed land cover than forest. These values 

suggest that SLAVI and EVI are better able to 

distinguish vegetation density than other indices. These 

results correspond with the research of Aprilianti et al. 

2021, which reported that the EVI spectral value has a 

high deviation between vegetation types and has a fairly 

different range of values between several vegetation 

types. In addition, Rahmawati et al. (2022) reported that 

EVI and SLAVI have significant interval differences in 

land cover. 

Vegetation index is a remote sensing data 

algorithm used in evaluating vegetation cover, plant 

vigor, plant growth dynamics and so on. The remote 

sensing data used generally comes from the NIR and 

red bands (Xue and Su 2017). The vegetation indices 

used in this research are NDVI, GNDVI, ARVI, SAVI, 

SLAVI, EVI, and RVI. NDVI is a widely used index in 

detecting vegetation both globally and regionally (Grave 

et al. 2007). NDVI is widely used in predicting canopy 

structure and estimating canopy photosynthesis 

(Gamon et al. 1995). Mostly, NDVI can be used in 

estimating both biomass, density, health, phenology and 

yield. NDVI has a high correlation with forest stem 

biomass with an R-square of 0.82 (Gonzalen-Alonso et 

al. 2006).  NDVI can also predict aboveground biomass 

with a fairly low RMSE although results are slightly 

better when using a combination of multiple indices 

(Zhu and Liu 2015). In addition, NDVI can also be used 

in estimating crop yields nationwide (Meng et al. 2013; 

Huang et al. 2014). NDVI also has the ability to evaluate 

land cover. Hu et al. (2023) reported that NDVI can 

predict land cover change with certain classification 

algorithms with an overall accuracy of 88% to 90%. Li 

 

Figure 5. Band spectral characteristics 
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et al. (2021) used NDVI to evaluate revegetation and 

found that NDVI can be used to evaluate revegetation 

success as well as the impact of human activities on 

vegetation by comparing theoretical NDVI (forest 

cover) and actual NDVI. NDVI shows significant 

changes in vegetation damage and recovery, so it has the 

potential to be developed for monitoring post-mining 

land reclamation (Bruck et al. 2017). Chao et al. (2011) 

developed a method to evaluate revegetation results of 

post-mining land by summing NDVI values and 

comparing them across multiple sites. The results 

showed that there was a relationship between the 

success rate of revegetation and the sum of NDVI over 

a year. Meanwhile, Kalabin (2011) reported that NDVI 

can analyze ecological responses due to human 

anthropological activities. 

 

Figure 6. Threshold of spectral band on each LULC (forest, bare land, reclamation area) 

 

Figure 7. Spectral characteristics of vegetation indices 
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Meanwhile, ARVI, SAVI, and EVI were created to 

improve NDVI, namely reducing sensitivity to the 

atmosphere and ground brightness. the development of 

the ARVI index was aimed specifically at reducing 

sensitivity to atmospheric and ozone effects (Tanre et al. 

1990; Ren et al. 1996). SAVI was developed from NDVI 

to reduce the effect of soil brightness by adding certain 

coefficients in the formula. The coefficient value is 

adjusted to the conditions and type of soil (Zhen et al. 

2021). Meanwhile, EVI is an index developed to reduce 

sensitivity to the atmosphere and ground brightness by 

combining ARVI and SLAVI (Vijith et al. 2020). The 

research results of Shivangi et al. (2020) shows that 

ARVI has a fairly low deviation value from daily data 

because it has the ability to reduce atmospheric effects, 

making it suitable for monitoring areas that are polluted 

and have changing atmospheric conditions. ARVI also 

has quite good capabilities in estimating aboveground 

biomass in grassland ecosystems compared to NDVI, 

SAVI, EVI and other vegetation indices (Bayaraa et al. 

2021). Meanwhile, SAVI has a smaller deviation from 

soil effects. The use of the coefficient value, namely "L" 

in SAVI has its own characteristics. An L value of 0.2 

provides a fairly good model for red soil, while an L 

value of 0.4 provides a fairly good model for black soil 

in analyzing vegetation (Sashikkumar et al. 2021). EVI is 

 

Figure 8 Threshold of vegetation indices on each LULC (forest, bare land, reclamation area) 

 

Figure 9. Increase in vegetated areas at post-mining land reclamation sites 
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able to reduce sensitivity to atmospheric effects and soil  

 

Figure 10. Spatiotemporal of post mining reclamation in each indices 
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brightness so that the EVI value has a low deviation for 

each land cover. According to Liao et al. (2015), EVI is 

able to properly reduce topographic effects in 

monitoring vegetation. Apart from that, EVI is also able 

to analyze climatic effects on vegetation including 

rainfall and temperature. EVI has a fairly strong 

correlation with rainfall and temperature (Zhong et al. 

2021; Zoungrana et al. 2015). 

Figure 7 shows that SLAVI and RVI have different 

hues between forest land cover and reclamation areas. 

This is also shown in Figure 8 which provides 

information that the range of SLAVI and RVI values 

for forest land cover and reclamation areas has greater 

differences than other vegetation indices. According to 

Dobrowski et al. (2002) RVI has a higher ability to 

explain canopy density because it has a higher linear 

relationship than NDVI which has a more logarithmic 

relationship so that at fairlyhigh canopy cover NDVI 

has a fairly high bias. Broge and Mortensen (2002) also 

stated that RVI has a more linear relationship to 

biophysical characteristics than the normalized 

vegetation index. RVI has a higher ability than NDVI 

in detecting vegetation. RVI can detect low density 

forests (Yaghobi et al. 2019). Similar to RVI, SLAVI has 

a fairly wide range of values between forest land cover 

and reclamation areas. SLAVI is able to detect the Leaf 

Area Index (LAI) on land cover. According to Balzarolo 

et al. (2009), SLAVI has a good correlation with daily 

CO2 flux. 

Spatiotemporal for Reclamation Area 

 The results of the spatiotemporal analysis show 

an increase in vegetation between 2016 and 2023 

(Figure 9). The results of vegetation density analysis 

using the NDVI class approach show that in 2016 the 

revegetation area was 432.53 ha, in 2023 the vegetated 

area increased to 1234.41 ha in the reclamation area 

(Figure 9). Every year the vegetated area continues to 

increase. The increase in vegetation is also proven by 

the NDVI time series analysis shown in Figure 9c. This 

image shows the trend of increasing NDVI values in the 

period 2016 to 2023, indicating an increase in vegetation 

elements. The results of spatio temporal monitoring at 

post-mining land reclamation sites are also displayed in 

the form of RGB composite bands (SWIR-NIR-Blue) 

as shown in Figure 9b. The increasing vegetation 

elements found on reclaimed land indicate the success 

of post-mining land reclamation. The research results 

of Sari and Pangkung (2020) show that PT Adaro 

Energi Indosnesia has succeeded in reclaiming its post-

mining land with a success rate of 92%. PT Adaro 

Energi Indonesia's post-mining land reclamation 

activities include land arrangement, seeding, 

revegetation and final settlement. Implementation of 

the revegetation stage consists of planting cover crops, 

making planting holes, improving soil quality by 

fertilizing, planting trees with a composition of 40% fast 

growing species and 60% slow growing species, 

monitoring and evaluation. PT Adaro Energi Indonesia 

has also succeeded in processing its acid mine waste 

water into water suitable for consumption using 

artificial swamp forest techniques. Water that comes 

out of mining activities is channeled into the artificial 

swamp forest to raise the pH and neutralize other 

pollutants (Adaro.com 2015). 

As the vegetation element increases (vegetation 

growth), the vegetation index involved indicates a 

certain pota. The index spectral pattern caused by 

revegetation is shown in figures 10 and 11. Figure 10 

shows it visually in the form of a spatio-temporal map 

 

Figur 11. Spectral patterns in post-mining land reclamation areas spatiotemporally 
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for each index, while figure 11 shows a density graph 

which shows the spectral pattern of the vegetation 

index as revegetation progresses. These two images 

show that all vegetation indices except EVI experience 

an increasing trend in the spectral value range. Each 

index has a different pattern in detecting an increase in 

vegetation. ARVI, SAVI, and EVI show quite high 

fluctuations compared to other vegetation indices, 

while NDVI shows quite low fluctuations among the 

others. These results are in accordance with Erener's 

(2011) report that NDVI shows quite high differences 

in areas experiencing revegetation. EVI values are 

strongly influenced by climate variability such as 

temperature, humidity and rainfall. Apart from that, 

EVI is also able to analyze plant stress due to climatic 

elements such as temperature and water stress so that 

the EVI value fluctuates quite a bit every year (Fan et al. 

2021). Meanwhile, the SAVI value is greatly influenced 

by rainfall. The SAVI value is quite sensitive to 

biophysical land conditions such as fluctuations in the 

dry season and wet season (Bezerra et al. 2022). 

Fluctuations in vegetation index values are thought to 

be caused by the influence of climate on vegetation, 

thereby affecting the reflectance received by the sensor. 

This is indicated by the range of vegetation index values 

which tends to decrease in 2019 and 2023 because that 

year the El-Nino phenomenon occurred. 

CONCLUSIONS 

Several vegetation bands and indices involved in 

monitoring PT Adaro Energi Indonesia's post-mining 

land reclamation areas have different spectral 

characteristics. Band 2 (blue), band 3 (green), band 4 

(red) and band 11 (SWIR) show almost the same 

spectral pattern in each land cover, namely (open land), 

forest and reclamation areas, while band 8 - NIR shows 

a different pattern. Similar to band characteristics, 

several vegetation indices, namely NDVI, GNDVI, 

SAVI, and ARVI show the same pattern for each land 

cover. These four indices have almost the same range 

of values between land cover in the form of forests and 

reclamation areas. However, SLAVI, EVI, and RVI 

show quite different ranges of values compared to the 

other indices so that these three indices are quite good 

at differentiating between the two land covers (forest 

and reclamation area. These three indices also have the 

potential to be used to assess the success of reclamation 

because they have the ability to estimate density The 

results of the spatio temporal analysis show that during 

the period 2016 to 2023, the reclamation area of PT 

Adaro Energi Indonesia experienced an increase in the 

area of vegetation from 342.53 ha in 2016 to 1234.41 ha 

in 2023. The spectral pattern of vegetation shows the 

presence of vegetation. increasing trend in the range of 

vegetation index values except EVI. Several vegetation 

indices experienced fluctuations in values thought to be 

due to the El-Nino phenomenon from 2019 to 2023 
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