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A B S T R A C T   

Mineland rehabilitation is intended to reduce the overall impacts of mining on biodiversity and ecosystem 
services and requires periodic monitoring to guarantee institutional tractability and to refine rehabilitation 
practices. As time- and money-consuming field surveys challenge this monitoring, the aim of this study was to 
develop a remote sensing framework to assess the environmental quality of minelands undergoing rehabilitation 
based on free and open-access multispectral Sentinel-2 images. For this purpose, we linked spectral diversity, i.e., 
measures of spectral variation among neighboring pixels, to the field-surveyed environmental quality of a 
rehabilitation chronosequence covering five waste piles in the Carajás National Forest, Eastern Amazon. Field 
data were separated into a training data set from 2017 (54 plots) and a testing data set from 2019 (66 plots). 
Based on the training data set, we optimized the computational parameters of spectral diversity (separation of 
vegetated from nonvegetated pixels by the normalized difference vegetation index [NDVI], size of the buffer 
zones, number of clusters representing distinct spectral species and applied diversity metrics), maximizing the 
accuracy of the remote monitoring approach. Then, we validated the procedure with the testing data set and 
compared the number of areas undergoing rehabilitation and their quality from 2017 and 2019. The overall 
accuracy of our methodology was 83%, and user and producer accuracies exceeded 60% for all rehabilitation 
classes, enabling the remote sensing of successional advancement of rehabilitating minelands. Despite punctual 
losses in spectral diversity, we detected comprehensive gains in spectral diversity within the target structures. 
This is due to an increase in the overall rehabilitation area from 282.39 to 364.54 ha, but enhancements in the 
spectral diversity of already vegetated areas indicate the successional advancement of these areas with time, 
reducing the overall impact of mining activities on biodiversity and ecosystem services. We conclude that the 
remote sensing framework presented here is promising for mapping environmental quality in minelands un
dergoing rehabilitation, and we encourage its integration in current monitoring protocols to reduce costs and 
increase the transparency of a company’s rehabilitation activities, as freely available satellite images and open- 
source software are applied.   

1. Introduction 

By restituting species communities, vegetation structure and 
ecological processes as far as possible to predisturbance levels (Gastauer 
et al., 2018; Wortley et al., 2013), mineland rehabilitation is intended to 
reduce the overall impacts of mining on biodiversity and ecosystem 
services (Perring et al., 2015; Gann et al., 2019; Guerra et al., 2020). 
Monitoring this process is indispensable to guarantee the corporate 
tractability of such mineland rehabilitation activities (Gastauer et al., 

2018; Lamb et al., 2015; Latawiec and Agol, 2016), track environmental 
advances in these areas (Gastauer et al., 2019), refine rehabilitation 
practices and attain true ecological rehabilitation (Gastauer et al., 2018; 
Mazón et al., 2019; Lechner et al., 2018). The environmental quality of 
rehabilitating minelands, i.e., the degree to which ecological attributes 
recover toward predisturbance levels, is commonly measured as en
hancements in vegetation structure, community diversity and ecological 
processes (Wortley et al., 2013; Ruiz-Jaén and Aide, 2005). It is esti
mated as the proportion to which rehabilitating sites converge to the 
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reference sites after ordinating degraded areas, rehabilitating sites and 
reference ecosystems based on field-surveyed ecosystem characteristics 
using multivariate approaches (Fig. 2A) (Gastauer et al., 2020a). Despite 
high reliability, this procedure requires extensive field sampling and is 
thus timely and spatially limited by technical expertise, high costs and 
low possibilities for automatization, and upscaling is required to 
monitor increasing amounts of rehabilitating minelands (Sonter et al., 
2020). 

The increasing availability of high-resolution satellite imagery, 
supported by technological, computational, and modeling advances, 
provides data on the optical properties of the Earth’s surface over un
precedented spatial and temporal scales (Martin, 2020; de Almeida 
et al., 2020). This information opens perspectives for a wide range of 
applications in ecology (Kerr and Ostrovsky, 2003; Lechner et al., 2020), 
including environmental monitoring activities (Johansen et al., 2019). 
With the use of geographic object-based image analysis (GEOBIA), for 
example, different soil (Dornik et al., 2018) or vegetation types (Kumar 
et al., 2019) or forest disturbances (Wang et al., 2019) can be mapped 
with high accuracy. Image time series allow the quantification of 
changes in land cover and land use over time (Cabral et al., 2018; Souza- 
Filho et al., 2016), including mineland revegetation (Nascimento et al., 
2020). In addition, different vegetation indices, such as the normalized 
difference vegetation index (NDVI) (Jackson and Huete, 1991), allow 
the estimation of biomass accumulation (González-Alonso et al., 2006; 
Prabhakara et al., 2015), but the remote detection of further ecological 
attributes such as diversity, ecosystem functioning or environmental 
quality in rehabilitating minelands is still challenging (McKenna et al., 
2020). 

This challenge is because the environmental quality goes beyond the 
detection of land use changes or estimations about biomass accumula
tion and includes ecological functions ranging from trophic interactions 
to soil activity that operate at very different spatial scales (Mazón et al., 
2019; James et al., 2020; Deng et al., 2020; Muñoz-Rojas, 2018). The 
recent statistical validation of tree diversity (out of a total of 27 indi
vidual, field-surveyed ecosystem properties) as the best indicator for the 
environmental quality of Amazonian minelands undergoing rehabilita
tion was an important milestone to simplify mineland monitoring 
(Gastauer et al., 2021). A procedure to detect tree diversity from high- 
resolution, multispectral satellite data (Torresani et al., 2019; Féret 
and Boissieu, 2020) may thus pave the way toward a remote sensing 
system for the environmental quality of minelands undergoing 
rehabilitation. 

The spectral variation hypothesis is one of the main concepts used in 
recent decades to relate vegetation diversity to remotely sensed infor
mation (Gould, 2000; Palmer et al., 2002; Rocchini, 2007; Wang and 
Gamon, 2019): canopy characteristics, including leaf chemistry, orien
tation and distribution within the canopy, represent functional differ
ences between species (Townsend et al., 2008; Reichstein et al., 2014) 
and result in differences in reflectance patterns measured from above 
(Clark et al., 2005; Féret and Asner, 2014). These spectral differences 
can be used to map certain species of interest, such as invasive species 
(Lehmann et al., 2017), when the pixel size is smaller than the canopies 
of focal plants (Turner, 2014). Based on the same logic, the degree of 
spectral variation among neighboring pixels may be used as a proxy for 
the diversity of vegetation (Chitale et al., 2019). To date, most research 
studies dealing with estimates of diversity derived from remote sensors 
have focused on mapping biodiversity hotspots (Rocchini et al., 2016). 
Nevertheless, procedures to detect tree diversity from multispectral 
satellite data (Torresani et al., 2019; Féret and Boissieu, 2020) may pave 
the way toward a remote sensing system for the environmental quality 
and successional advancement of minelands undergoing rehabilitation 
(Ganivet and Bloomberg, 2019; Chave et al., 2019). Using freely 
accessible satellite data during this monitoring may guarantee the 
transparency of mining companies’ rehabilitation activities and their 
environmental commitment (Fuller, 2006). 

The aim of this study was to develop a remote monitoring framework 

to assess the environmental quality of waste piles undergoing rehabili
tation in the Carajás National Forest based on spectral diversity from 
freely available satellite images and open-source software. For this 
purpose, we categorized the field-surveyed rehabilitation status from a 
training data set (Gastauer et al., 2021) into five rehabilitation classes 
(Gann et al., 2019) and used these data to calibrate different indices of 
spectral diversity retrieved from Sentinel-2 images with the environ
mental quality of these areas. We optimized computation parameters 
(filtering options, user-defined number of clusters to categorize image 
pixels as spectral species, size of the plot buffer zones and selected 
spectral diversity metrics) of spectral diversity that maximized the ac
curacy of the remote monitoring approach, and we validated the pro
cedure with an independent test data set. Based on selected parameters, 
we estimated the rehabilitating area and its quality based on five waste 
piles in the region and outlined environmental enhancements between 
2017 and 2019. 

2. Material and methods 

2.1. Study site 

This study was carried out using five mining waste piles from the N4- 
N5 iron mining complex and in the neighborhood of a small quarry 
called Arenito situated in the Carajás National Forest, Eastern Amazon, 
Pará, Brazil (Fig. 1). With a mean annual temperature of 26 ◦C, these 
sites have a tropical warm climate (Aw in the Köppen classification) 
with an annual precipitation of approximately 1,900 mm concentrated 
during rainy summers (Alvares et al., 2014). Vegetation is dominated by 
seasonal and evergreen dense submontane forests above deep oxisols, 
but iron rocks outcropping on mountain ridges are covered by ferrugi
nous savanna formations, locally known as cangas. For iron mining, 
patchy canga vegetation, surrounding forests and large amounts of 
overburden are removed to reach the ore; the overburden is deposited in 
nearby sites forming large waste piles. To reduce the overall impact of 
mining activities on biodiversity and ecosystem services, waste piles are 
revegetated to trigger the launch of ecological succession toward natural 
ecosystems (forests). For this, waste pile benches are hydroseeded using 
native species from canga and forest ecosystems accompanied by com
mercial, fast-growing grasses and nitrogen-fixing legumes. Fertilization 
follows standardized recommendations (Guedes et al., 2021). 

2.2. Rehabilitation status 

For field-survey rehabilitation status, permanent plots of 10 × 20 m 
were installed in different rehabilitation stages (containing non
revegetated and rehabilitating benches of different ages as well as nat
ural forest reference sites) within each waste pile for vegetation 
inventories and soil sampling, totaling 74 plots. Although up to 27 
environmental variables were assessed in some of the plots (Gastauer 
et al., 2021), here, we used a reduced set of nine variables to estimate the 
rehabilitation status (Supplementary Material 1). This reduced set was 
available for a larger number of plots and was surveyed twice in some of 
the structures, enabling separation of a training data set (18 plots in WP 
NW2, 12 plots in WP West, 18 plots in WP S4 and 6 plots in Arenito, 
totaling 54 plots surveyed in 2017) and a testing data set (15 plots in WP 
NW2, 12 plots in WP West, 18 plots in WP S4, 9 plots in WP NW1 and 12 
plots in WP N1, totaling 66 plots surveyed in 2019). The environmental 
variable set fulfills international monitoring standards, as variables 
related to (i) vegetation structure, (ii) community composition and di
versity and (iii) ecological processes were also assessed (Gann et al., 
2019). A previous study showed that a reduced variable set is sufficient 
to reliably describe actual rehabilitation status (for details, see Gastauer 
et al., 2021). 

For the computation of rehabilitation status, the nine environmental 
variables were scaled, and a principal coordinate analysis (PCoA) was 
applied to address multicollinearity (Gastauer et al., 2020b). Then, 
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rehabilitation status, i.e., the proportion of environmental advances still 
necessary to achieve predisturbance levels of the vegetation structure, 
community composition and diversity and ecological processes (in 
relation to the overall trajectory), was computed as follows: 

Rehabilitation status = (1 −
ΔReh − Ref
ΔNR − Ref

)*100 (1) 

where ΔReh-Ref is the Euclidean distance between the plot’s prin
cipal coordinates and the nearest reference plot and ΔNR-Ref is the 
nearest nonrevegetated-reference plot distance, i.e., the entire rehabil
itation trajectory. Achieved scores followed Gann’s et al.’s (2019) five- 
star approach. Plots with a rehabilitation status less than 2% received 
zero stars (i.e., nonrevegetated plots), and rehabilitation statuses 
reaching 20, 40, 60, 80 and 100% were classified as one-, two-, three-, 
four- and five-star rehabilitation, respectively, independent of stand age. 
Five-star rehabilitation was achieved by reference sites only. 

2.3. Remote sensing data sources and preprocessing 

We explored available images from the Sentinel-2 mission via the 
Copernicus Open Access Hub to identify cloud-free acquisitions above 
the target structures as close as possible to survey data, i.e., April 2017 
for the training data set and April 2019 for the test data set. As atmo
spheric conditions during the rainy season (November-May) strongly 
reduce the availability of operable images, we used the search function 
from the Copernicus Open Access Hub to preselect for Sentinel-2 tiles 
T22MEU with less than 20% cloud cover between January and 
September 2017 (7 images) and 2019 (20 images). From that, we 
identified the images from June 30, 2017, and June 30, 2019, as those 
without cloud cover above the study area as close as possible to the field- 
surveyed data. 

As Bottom-Of-Atmosphere (MSIL2A) versions of the images from 
2017 are not available from the Copernicus Open Access Hub, we 

Fig. 1. Localization of target waste piles (WPs) in relation to the Carajás National Forest and South America. For WP NW1 and WP N1, only testing data are available; 
for Arenito reference plots, only training data are available. 
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downloaded Top-Of-Atmosphere images (Levels-1A) and performed at
mospheric corrections using the sen2cor tool from the Sentinel Appli
cation Platform (SNAP) toolbox (https://step.esa. 
int/main/toolboxes/snap/). After atmospheric correction, ten bands 

remained out of the thirteen original bands, and bands with 20 m spatial 
resolution were resampled to 10 m spatial resolution using the nearest 
neighbor algorithm. The resulting level 2A bands were then stacked and 
cropped to build the scene site shown in Fig. 1. 

Fig. 2. Workflow for (A) the computation of environmental quality of rehabilitating minelands, (B) spectral alpha diversity from Sentinel-2A image sources and (C) 
accuracy optimization to enhance our remote sensing approach for mineland rehabilitation status. Atmospheric correction in (B) was carried out using the sen2cor 
algorithm in SNAP (ESA); blue fields refer to R commands from the biodivMapR package. Numbers in (B) refer to steps of parameter optimization in (C). Different 
colors in the spectral diversity map (Step 4 in C) refer to distinct spectral species; S is spectral species richness, H’ is Shannon spectral diversity, D’ is Simpson spectral 
diversity and FDiv is spectral functional divergence. 
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2.4. Spectral diversity 

We analyzed spectral diversity from the Sentinel-2 images using the 
package biodivMapR (Féret and Boissieu, 2020) running in the R Envi
ronment (R Development Core Team, 2018). The method included in 
biodivMapR is an adaptation of the method initially developed by (Féret 
and Asner, 2014) to map α- and β-diversity from imaging spectroscopy 
acquired over tropical forests. This method requires image preparation, 
including multiple steps (Fig. 2B). The first step consists of masking 
irrelevant pixels. biodivMapR includes a set of basic radiometric filters 
aiming at discarding irrelevant pixels for the analysis: a thresholding 
applied on band B02 (blue) is applicable to eliminate potential haze or 
thin clouds characterized by higher reflectance than noncloudy vege
tation; a thresholding applied on band B08 (near-infrared (NIR)) is 
applicable to eliminate shaded vegetation characterized by lower 
reflectance than sunlit vegetation. Finally, NDVI thresholding is appli
cable to mask nonvegetated pixels. NDVI values range from − 1 to 1, 
with negative values generally attributed to water surfaces, while values 
of approximately 0 indicate bare soil, and positive values are associated 
with the density of vegetation cover (Tarpley et al., 1984). 

In our study, the blue threshold was set to 10% reflectance, which is 
particularly high for vegetation, as our initial image selection guaran
teed cloud- and haze-free pixels. Given the relevance of mixed pixels 
with a low vegetation fraction, we used a low NIR threshold (5%) to 
reduce the probability of masking mixed pixels. As rehabilitation chro
nosequences comprise different vegetation formations ranging from 
herbaceous communities to areas with a dense tree canopy, we tested 
different NDVI thresholds to separate nonvegetated from rehabilitating 
pixels to optimize the estimation of the rehabilitation status (optimiza
tion parameter 1 in Fig. 2B; see details below). 

Once pixels for masking are identified, continuum removal is applied 
to reflectance data of the remaining pixels, followed by principal 
component analysis (PCA, Féret and Boissieu, 2020; Laliberté et al., 
2020) and component selection based on visual interpretation. We used 
all principal components to proceed with the computation of spectral 
diversity. From that, a k-means clustering algorithm categorizes image 
pixels within a user-defined number of clusters, i.e., the total number of 
spectral species defined within the scene. From these spectral species 
maps, different measures of spectral diversity can be computed for each 
plot. Small field-surveyed plots (10 × 20 m) compared to Sentinel-2 
resolution (10 × 10 m) impede the exact computation of per field- 
surveyed plot spectral diversity and require the definition of buffer 
zones. As plot orientation follows the terrain and varies between 
benches, we assumed quadratic buffer zones around the plot centroid, 
considering the field-surveyed diversity from the 10 × 20 m plot to be a 
sample of the entire diversity within the buffer zone. 

2.5. Parameter optimization and accuracy assessment 

To link remotely sensed spectral diversity to the field-surveyed 
rehabilitation status from the training data set, we defined boundary 
values able to classify spectral diversity within the six categories (zero to 
five-star rehabilitation) maximizing overall accuracy (Olofsson et al., 
2014). Overall accuracy is here defined as the percentage of plots clas
sified in the same categories by remotely sensed and field-surveyed data 
and was derived from confusion matrices (e.g., Fig. 2B). To maximize 
overall accuracy, we manually varied boundary values between cate
gories in steps of 0.01. As in some cases more than one set of spectral 
diversity boundary values was able to maximize the overall accuracy, we 
selected the one that maximizes user and producer accuracy for the 
category within the five-star approach with the lowest performance. 

The procedure used to identify the optimal parameterization of our 
analysis was performed as follows:  

i. Definition of optimal NDVI threshold: NDVI threshold values 
ranging between 0 and 0.5 with 0.1 steps were applied to mask 

nonvegetated pixels (Step 1 in Fig. 2C). A buffer zone of 50 × 50 
m around each plot centroid was defined, meaning that the 
Shannon index was computed from 25 pixels, and the number of 
clusters was set to 50 pixels in biodivMapR.  

ii. Definition of the optimized size of the buffer zone around each 
plot: we compared the overall accuracy for buffer zones of 30 ×
30 m, 50 × 50 m and 70 × 70 m around each plot centroid, which 
correspond to 3x3, 5x5 and 7x7 pixels in the Sentinel-2 image 
(Step 2 in Fig. 2C). The number of clusters was set to 50 pixels in 
biodivMapR, and the NDVI threshold was defined based on the 
optimal value identified in the previous step.  

iii. Definition of the optimal number of clusters: We compared the 
overall accuracy for a number of clusters corresponding to 10, 20, 
50, 100, 150 and 200 spectral species to be identified from the 
selection of components of the PCA (Step 3 in Fig. 2C). The NDVI 
threshold and buffer size were defined based on the optimal 
values identified in the previous steps.  

iv. Finally, multiple spectral diversity indices, including (i) species 
richness (S), (ii) Shannon’s index (H’), (iii) Simpson (D’) and (iv) 
functional divergence (FDiv), were computed from each plot 
using the optimal parameterization described previously, and 
their capacity to discriminate among rehabilitation statuses was 
compared based on overall accuracy, following the same pro
cedure (Step 4 in Fig. 2C). 

2.6. Environmental enhancements at the study sites between 2017 and 
2019 

Using optimized computation parameters, we computed spectral 
diversity for the testing data set. Based on boundary values between 
rehabilitation categories maximizing the overall accuracy in the training 
data set, we classified spectral diversity from the testing data set within 
the six categories from the five-star approach and detected the overall 
accuracy. 

Then, we used optimized computational parameters to compute a 
spectral diversity raster. For that, we built virtual plots so that each pixel 
centroid coordinate from the satellite image became the centroid of a 
virtual plot. For each pixel, we computed the spectral diversity from 
both images (2017 and 2019). We classified spectral diversity in the six 
rehabilitation categories (zero- to five-star rehabilitation) using 
boundary values from the previous section. For both years, we counted 
the number of pixels from each category within the five monitored 
structures (delimited by blue lines in Fig. 1) using the extract function 
from the ‘raster’ package in the R Environment (Hijmans and van Etten, 
2020). Based on the number of pixels from each category and confusion 
matrix, we estimated the area in each category and 95% confidence 
intervals as suggested by Olofsson et al. (2014). 

3. Results 

3.1. Optimization of computation parameters 

Spectral diversity computed for the training data set was positively 
associated with field-detected environmental quality, but the accuracy 
of the remote recognition of rehabilitation status differed among opti
mization runs (Fig. 3). The value of the NDVI thresholds strongly 
influenced the number of pixels selected for the computation of spectral 
diversity, and the highest overall accuracy was achieved using an NDVI 
of 0.2. During this computation, eight out of ten nonrevegetated bare 
soil plots were recognized as such, and only one rehabilitating plot (out 
of 44 from the training data set) was masked for subsequent analysis. 
Larger NDVI thresholds did not target some of the rehabilitation plots, as 
3, 15, and 26 rehabilitation plots were masked when using NDVI values 
of 0.3, 0.4 and 0.5, respectively. Furthermore, smaller NDVI values 
maintained plots without vegetation within the analysis, reducing the 
correlation coefficients between spectral diversity and field-detected 
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rehabilitation status as well as overall accuracy for remotely detecting 
the rehabilitation status. Detailed information on overall, producer and 
user accuracy is provided in Supplementary Materials 2 and 3. 

The overall accuracy was highest when using the intermediate buffer 
zone (50 × 50 m). The smaller buffer zone (30 × 30 m) tended to un
derestimate the spectral diversity in the reference plots. Some plots did 

not receive diversity values when buffer zones comprising 70 × 70 m 
were used, reducing overall accuracy (Supplementary Materials 2 and 
3). The overall accuracy was highest when the PCA output was clustered 
in 50 and 100 clusters (Fig. 3), but the producer accuracy of single 
categories was better when 100 clusters were used for computation. 
Finally, the Shannon index of spectral diversity performed slightly better 

Fig. 3. Influence of the NDVI (A), number of clusters (B), size of the buffer zone (C) and the spectral diversity metric (D) on the overall and producer accuracy (PA) 
retrieved from satellite images matching the field-surveyed rehabilitation status for the training data set and correlation between field-surveyed environmental 
quality and remotely detected spectral diversity (E). 

Fig. 4. Shannon spectral diversity retrieved from the Sentinel-2A satellite image from June 30th, 2017, and June 30th, 2019, for the five monitored waste piles.  
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than the Simpson diversity or spectral species richness, and the lowest 
overall accuracy was achieved by functional spectral diversity, which 
does not rely on clustering of PCA outputs (Fig. 3). 

Based on the highest overall accuracy (83%), we proceeded with the 
Shannon index of spectral diversity computed using an NDVI of 0.2, a 
cluster number of 100 and a buffer zone of 50 × 50 m to compute 
spectral diversity for 2017 (Fig. 4). The standard deviation of principal 
components was reduced from 1.992 for principal component 1 (PC1), 
explaining 0.496 of the variance, to 0.1777 for PC8, with 0.004% of the 
total variance explained (Supplementary Material 4). The boundary 
values of the Shannon spectral diversity between the rehabilitation 
categories were 1.35 (zero to one star), 1.5 (one to two stars), 1.79 (two 
to three stars), 2.15 (three to four stars) and 2.46 (four to five stars). The 
producer accuracies varied between 0.692 for three-star rehabilitation 
and 1.000 for four- and five-star rehabilitation, and user accuracy 
ranged between 0.600 for four-star rehabilitation and 1.000 for one- and 
five-star rehabilitation (Fig. 3; Supplementary Material 2 and 3). 

3.2. Changes in the rehabilitation status between 2017 and 2019 

The resampling of field and remote sensing data in 2019 (testing data 
set) using the same boundary values found for the training data set 
produced an overall accuracy of 0.833, but the producer and user ac
curacies showed some differences compared to the training data set 
(Table 1). User accuracy increased for zero-, three- and four-star reha
bilitation. The producer accuracy increased for two- and three-star 
rehabilitation but decreased for zero- and one-star rehabilitation 
(Table 1). 

Within the target structures, gains and losses of spectral diversity 
occurred between 2017 and 2019, indicating changes in the environ
mental quality of the monitored waste piles (Fig. 5). Rehabilitation areas 
with elevated spectral diversity in 2017, e.g., the northern part of WP 
NW2 or northwest of WP West, fluctuated slightly, showing small gains 
or losses, similar to what seems to correspond to the natural dynamics of 
mature forests adjacent to the mines. Punctual deteriorations of spectral 
diversity were detected all over WP NW1, in the central part of WP N1 
and the eastern part of WP West. More comprehensive losses of spectral 
diversity were found in the southeastern part of WP NW1 (number 2 in 
Fig. 5), the southern part of WP West (3), the southeastern portion of WP 
S4 (4) and the central part of WP N1 (7). Additional significant losses 
outside target structures resulted from the removal of temporary 
revegetation as a function of ongoing mining activities, e.g., continuous 
filling of WP S4 on its top section (5), the construction of a draining 
system at the base of WP S4 (6) or vegetation logging as mining activities 
advance (east to WP NW1, 1). 

Comprehensive enhancements in spectral diversity occurred in the 
upper part of WP NW2, entire WP NW1, WP West, western part of WP S4 
and northeastern WP N1. Due to these enhancements, the overall 
rehabilitation area increased between 2017 and 2019 from 275.79 to 
366.82 ha within all five monitored waste piles (Fig. 6). The area of one- 
star rehabilitation remained unchanged, but the amount of two-, three-, 
four- and five-star rehabilitation increased by 9.03 ha (9.68%), 35.30 ha 

(25.34%), 34.63 ha (42.25%), and 13.10 ha (65.33%), respectively 
(Table 2). 

4. Discussion 

Our findings show that the spectral diversity computed from publicly 
available Sentinel-2 imagery is positively associated with measures of 
environmental quality that integrate above- and belowground measures 
regarding community diversity, vegetation structure and ecological 
processes in waste pile benches from the N4-N5 mining complex in the 
Carajás National Forest. Previous studies identified tree diversity as a 
powerful surrogate for the overall environmental quality of minelands 
undergoing rehabilitation (Gastauer et al. 2021), so our findings are 
consistent with the spectral diversity hypothesis (Jetz et al., 2016). After 
optimization of computation parameters to maximize forecast accuracy 
using high-quality ground data for calibration, these results open per
spectives for the remote monitoring of the environmental quality of 
rehabilitation activities. The automatization of mineland rehabilitation 
monitoring systems based on freely available satellite images and 
open-source software enables the upscaling and cost reduction of 
monitoring activities. Such applications would furthermore answer the 
need for independent verification of enhancements or degradation of 
rehabilitation areas, making the rehabilitation activities of mining 
companies transparent by remote quality assessments. 

The highest accuracy values between remote and field-surveyed 
rehabilitation status were detected when the Shannon spectral di
versity was computed using an NDVI threshold of 0.2, buffer zones of 
50x50 m and 100 clusters. The NDVI threshold of 0.2 adequately 
separated nonvegetated pixels from pixels, indicating rehabilitation 
within the available images. However, short-term water availability, 
seasonality, management and other factors influence the vigor of 
vegetation and thus NDVI (Gurgel and Ferreira, 2003; Liu et al., 2013), 
so the NDVI threshold used here may not apply to images from further 
seasons. Although larger buffer zones should more accurately describe 
diversity patterns (Crawley and Harral, 2001), buffer zones were limited 
by the width of the waste pile benches, and 50 × 50 m performed best. 

Accuracy increased up to 100 clusters, but more than 100 clusters 
disproportionally increased the spectral diversity of rehabilitation plots, 
reducing user and producer accuracies in the lower rehabilitation cat
egories. The usage of 100 clusters seems plausible because 197 species 
were sampled during field surveys, including many understory species 
invisible from the upper canopy. Shannon diversity performed better 
than spectral species richness and Simpson diversity, confirming previ
ous studies (Oldeland et al., 2010). Functional diversity considered 
spectral differences among plots within the buffer zone and performed 
less accurately for the detection of rehabilitation status. Assuming that 
spectral differences are related to functional differences among plants/ 
trees from different pixels, this is consistent with field-surveyed data, 
where functional tree diversity was a poor predictor of environmental 
quality in rehabilitation areas, as functional diversity recovered rapidly 
(Gastauer et al., 2021). 

High accuracy for both training and testing data sets encourages the 

Table 1 
Confusion matrix, overall, producer and user accuracies for Shannon spectral diversity to classify the rehabilitation status of the testing data set.   

Field-measured rehabilitation status   

Null * ** *** **** ***** Sum User accuracy 

Remotely detected rehabilitation status Null 10 0 1 0 0 0 11  0.909 
* 0 3 0 0 0 0 3  1.000 
** 2 1 12 1 0 0 16  0.750 
*** 0 2 1 18 0 0 21  0.857 
**** 0 1 1 1 6 0 9  0.667 
***** 0 0 0 0 0 6 6  1.000 
Sum 12 7 15 20 6 6 66   
Producer accuracy 0.833 0.429 0.800 0.900 1.000 1.000   

Overall accuracy       0.833  
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inclusion of the presented approach within existing mineland moni
toring protocols. In doing so, punctual losses and comprehensive gains 
of spectral diversity were detected between 2017 and 2019. Some of the 
losses of spectral diversity identified here result from the removal of 
temporary rehabilitation or spontaneous vegetation due to infrastruc
ture projects or ongoing waste pile filling. Further losses appear in 
disturbed sites, e.g., after landslides. In contrast, comprehensive gains in 

spectral diversity result from increasing amounts of revegetated and 
rehabilitation areas as well as from gains in spectral diversity of already 
revegetated areas. Net gains in the absolute amount of rehabilitation 
areas result from active rehabilitation or spontaneous vegetation 
establishment, which is in line with previous findings (Nascimento et al., 
2020). However, increases in the spectral diversity of already revege
tated areas indicate enhancements in the rehabilitation status and are 

Fig. 5. Sentinel-2 images from 2017 and 2019 and changes in the spectral diversity of five waste piles undergoing rehabilitation from the N4-N5 mining complex in 
the Carajás National Forest between 2017 (training data set) and 2019 (testing data set). For correct localization of the target structures, please refer to Fig. 1. For the 
meaning of embedded numbers in maps of spectral diversity changes, please refer to the main text. 
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consistent with successional advances in tree diversity and rehabilita
tion status over time (Gastauer et al., 2019). If validated by further 
ground data, these comprehensive gains of spectral diversity will 
contribute to demonstrating how rehabilitation activities reduce the 
overall environmental impact of mining operations. 

The empirical approach for parameter optimization to compute 
spectral diversity that best tracks the environmental status of minelands 
undergoing rehabilitation was straightforward, but some points require 
further investigation. First, computational parameter optimization may 
require further enhancements, as the relationship between NDVI, sea
sonality, interannual climatic variation and spectral diversity remains 
unclear. Threshold values between rehabilitation categories may require 

further calibration when remote sensing images with other timestamps 
from different seasons or different spectral bands are applied to compute 
spectral diversity. Second, the spatial, temporal and spectral resolutions 
of diversity maps produced here are limited by the availability of 
adequate satellite images. High-resolution commercial satellites or year- 
round images of high spatial and spectral resolution provided by 
remotely piloted aircraft systems may enable and enhance (i) the remote 
sensing of the environmental status in rehabilitation areas smaller than 
those observed here (e.g., narrow benches of cut slopes from mine pits, 
Nascimento et al., 2020), (ii) the real-time detection of declines in 
species diversity and environmental quality to support the management 
of these areas, and by using the concept of spectral species, (iii) the 
mapping of single tree species that require attention, such as alien in
vaders. Finally, more ground data than actually available from the N4- 
N5 mining complex and further rehabilitation projects are necessary 
to validate the detected changes in spectral diversity and generalize our 
findings. However, accuracies higher than 80% in both training and 
testing data to remotely detect environmental quality representing the 
key ecological attributes motivate the integration of the presented 
approach in existing mineland monitoring protocols. 

5. Conclusion 

Although a set of issues needs to be investigated to advance and 
enhance the presented framework, the high accuracy of the presented 
remote monitoring scheme encourages the application of spectral di
versity retrieved from high-resolution satellite images to identify envi
ronmental gains and losses in minelands from the Carajás National 
Forest undergoing rehabilitation. The application simplifies the overall 
monitoring procedure by reducing costs and operational risks and 

Fig. 6. Remotely detected changes in the amount and environmental quality of rehabilitation between 2017 and 2019 for five waste piles in the Carajás National 
Forest, Eastern Amazon, Brazil. Net gains in the rehabilitation areas result from rehabilitation activities or spontaneous vegetation establishment, while enhance
ments in already revegetated areas indicate the successional advancement of these areas with time. 

Table 2 
Changes in the area of rehabilitation between 2017 and 2019 (including 95% 
confidence intervals) for five waste piles in the Carajás National Forest, Eastern 
Amazon, Brazil.  

Rehabilitation 
category 

2017 [ha 
± 95% CI] 

2019 [ha 
± 95% CI] 

Difference 
[ha] 

Difference 
[%] 

Null 203.67 ±
49.34 

112.61 ±
25.65  

− 91.06  − 80.86 

* 32.20 ±
24.31 

32.19 ±
27.59  

− 0.01  − 0.03 

** 84.25 ±
54.14 

93.28 ±
36.11  

9.03  9.68 

*** 104.02 ±
40.85 

139.32 ±
30.06  

35.30  25.34 

**** 47.32 ±
23.03 

81.96 ±
25.58  

34.63  42.25 

***** 7.95 ± 0.00 20.05 ±
0.00  

13.10  65.33  
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credits large-scale rehabilitation activities carried out to reduce the 
environmental impact of mining activities, and the automated identifi
cation of eventual degradations by losses in spectral diversity permits 
timely remedial measures where necessary. The usage of free software 
and free satellite imagery, although limited by the spatial and/or spec
tral resolution of the available images, enables furthermore the inde
pendent verification of annual reports by licensing agencies, thus 
making a company’s environmental commitment to rehabilitation ac
tivities transparent. Thus, the calibration of spectral diversity to detect 
the environmental quality of rehabilitating sites from further regions 
may open new avenues for the large-scale monitoring of minelands 
undergoing rehabilitation. 
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Köppen’s Climate Classification Map for Brazil. Meteorol. Z. 22 (6), 711–728. 

Cabral, A.I.R., Saito, C., Pereira, H., Laques, A.E., 2018. Deforestation pattern dynamics 
in protected areas of the Brazilian Legal Amazon using remote sensing data. Appl. 
Geogr. 100, 101–115. 

Chave, J., Davies, S.J., Phillips, O.L., Lewis, S.L., Sist, P., Schepaschenko, D., Armston, J., 
Baker, T.R., Coomes, D., Disney, M., Duncanson, L., Hérault, B., Labrière, N., 
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