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Abstract: The rupture of a tailings dam causes several social, economic, and environmental impacts
because people can die, the devastation caused by the debris and mud waves is expressive and the
released substances may be toxic to the ecosystem and humans. There were two major dam failures
in the Minas Gerais state, Brazil, in the last decade. The first was in 2015 in the city of Mariana and
the second was in 2019 in the municipality of Brumadinho. The extent of land use and cover changes
derived from those collapses were an expression of their impacts. Thus, knowing the changes to land
use and cover after these disasters is essential to help repair or mitigate environmental degradation.
This study aimed to diagnose the changes to land cover that occurred after the failure of dam B1
in Brumadinho that affected the Ferro-Carvão stream watershed. In addition to the environmental
objective, there was the intention of investigating the impact of image preparation, as well as the
spatial and spectral resolution on the classification’s accuracy. To accomplish the goals, visible and
near-infrared bands from Landsat (30 m), Sentinel-2 (10 m), and PlanetScope Dove (4.77 m) images
collected between 2018 and 2021 were processed on the Google Earth Engine platform. The Pixel
Reduction to Median tool was used to prepare the record of images, and then the random forest
algorithm was used to detect the changes in land cover caused by the tailings dam failure under the
different spatial and spectral resolutions and to provide the corresponding measures of accuracy. The
results showed that the spatial resolution of the images affects the accuracy, but also that the selected
algorithm and images were all capable of accurately classifying land use and cover in the Ferro-
Carvão watershed and their changes over time. After the failure, mining/tailings areas increased in
the impacted zone of the Ferro-Carvão stream, while native forest, pasture, and agricultural lands
declined, exposing the environmental deterioration. The environment recovered in subsequent years
(2020–2021) due to tailings removal and mobilization.

Keywords: remote sensing; random forest classifier; Google Earth Engine; socio-environmental impacts;
soil cover change; environmental degradation
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1. Introduction

The mining of mineral ores is a well-established industry because of its influence on the
world’s economy but is also known for its significant potential to harm the environment [1].
This potential is closely related to the large number of mine tailings stored in dams at the
mine sites [2,3]. The tailings dams are designed to last indefinitely but many times they
fail due to slope instability, structural deficiencies, and foundation defects, among other
causes [4–6].

For decades, the failure of tailings dams has caused serious environmental disasters
worldwide [7–9]. For example, in 1998 in Spain, the Aznalcollar dam failed, releasing more
than 2 mm3 of toxic tailings into the Agrio River [10]. In 2003 in the Republic of Macedonia,
the failure of a dam released more than 100,000 m3 of harmful tailings into the Kamenica
River valley [11]. The collapse of the Mount Polley dam in Canada in 2014 released
around 24 mm3 of tailings in various watercourses [12]. In Brazil in 2015, the Mariana
dam broke, releasing 52 mm3 of iron and manganese-enriched tailings into the Doce River
watershed [13,14]. In Brazil in 2019, the failure of the B1 tailings dam in Brumadinho
released around 12 mm3 of iron ore tailings into the Paraopeba River watershed [8,15–17].

As exemplified above, a dam failure usually culminates in the release of millions of
cubic meters of tailings into the environment, resulting in social, economic, and environ-
mental impacts [18,19]. The environmental impacts include soil contamination as well as
river water quality and vegetation deterioration [17,20], which frequently result in land use
and cover changes [5,21]. This was confirmed by Rotta et al. [22] in a study in Brumadinho,
where arboreal vegetation, pasture, and agricultural areas were replaced by tailings debris
and mud in a vast area of the Ferro-Carvão stream watershed where the accident occurred.
In terms of changes to land use and land cover (LULC), tailings dam failures are considered
a strong landscape-transforming agent [23] and a source of great socioeconomic concern
since, as seen in the Aznalcóllar disaster of 1998, the aftermath of the tailings dam failure
not only contaminated 2557 ha of farmland but also directly affected food production and
subsistence resources in the region [24].

The method used to automatically detect and classify the use and cover in a landscape,
as well as their changes over time, are various. However, the random forest (RF) model has
gained ground in the most recent years and is increasingly used to classify LULC based
on the analysis of satellite images [25–27]. In general, RF is a machine learning model
used to solve classification or regression problems and is based on a collection of decision
trees [28–31]. The method has been successfully applied in many studies, namely to predict
time–temperature transformation diagrams of high-alloy steel [32,33] and estimate the
phase transformation temperature and the hardness of low-alloy steel [34], as well as in the
construction of continuous cooling transformation diagrams in welding steels [35].

An interesting feature of the RF method has been its embedding on the Google Earth
Engine (GEE) platform. Since then, the algorithm can be used to generate maps by collecting
publicly available remote sensing images with different spatial and temporal resolutions [36].
This feature has tremendously amplified the applicability of RF to environmental problems
assessed through remotely sensed data. For example, it became possible to map and monitor
vegetation and land cover changes on short time scales [37]. Despite the efficiency of RF
modeling within the GEE, the spatial and spectral resolution of images is still a matter
of consideration. This is because limited spectral and textural resources may lead to low
accuracy in the classification of remote-sensing images [38]. In general, high spatial and
temporal resolution imagery may substantially improve the multitemporal classification
quality of LULC [39]. In that context, the free-of-charge Landsat-8 and Sentinel-2 images
have been widely used to accurately identify LULC classes and detect changes in forests and
agricultural regions [40], favoring the monitoring of agricultural crops in large areas [41]. The
human impact on the land could be assessed by Landsat images with a 30 m resolution [42].
Several commercial satellites, such as QuickBird or WorldView, also exhibit high spatial
resolution and were also used in the assessment of LULC changes [43–45]. Although their
use in vast areas is restricted by the high costs and temporal limitations, PlanetScope Dove
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imagery for tropical regions made available by Norway’s International Climate and Forest
Initiative (NICFI), with a 4.77 m resolution, broadened research possibilities in terms of
image use. As such, these images have been used to map large agricultural areas [46],
sugarcane plantations [47], tropical forestry activities [48], crop phenology [49,50], reservoir
water quality [51], and land cover [52].

In addition to the numerous applications indicated in the previous paragraph, there
were several studies that aimed to characterize LULC changes caused by dam failures using
high-resolution satellite images. In general, the approach was to compare an image before
with an image after the failure. For example, changes along watercourses were detected
after the rupture of Bento Rodrigues dam in Mariana based on the type of analysis made
over Landsat 8 (OLI) [5] and Sentinel 2 [53] images. For the characterization of changes
resulting from the rupture of the B1 dam in Brumadinho, Landsat 8 and Sentinel 2 images
were also used [54]. However, no study has evaluated LULC changes resulting from dam
failures based on an integrated analysis of a sequence of short-spaced images. This has
been introduced in the present study, whereby LULC change characterizations based on
the before–after images approach were replaced by a characterization based on a single
image aggregated from a time series of before–after images using the Pixel Reduction to
Median tool, which was also used by Noi Phan et al. [55]. According to the authors, this
fusion technique proved to be more precise and accurate than the traditional assessment.
Attention to spatial resolution and the spectral domain was also taken into account in this
work because these features can interfere with the results of LULC classification. Remote
sensing based on the processing of images in the visible, as well as in the near-infrared
bands of the color spectrum, has been used to assess surface sediment concentration [56–58],
but those were relatively uncommon examples.

In an attempt to fill in the gaps above related to satellite image classification proce-
dures in landscapes affected by tailings dam failures, the objective of this study was to
evaluate the LULC changes in the sub-basin of Córrego Ferro-Carvão after the B1 dam
failure in Brumadinho. Therefore, one has sought to evaluate the accuracy of the LULC
mapping using the technique of reducing pixels to the median of several annual images in
order to generate a single temporal image. Satellite images with different spatial resolutions
were used, together with the random forest (RF) model in the Google Earth Engine (GEE)
to classify the affected areas. Furthermore, the performance of the model was evaluated
without using pixel resampling, resulting in maps with different spatial resolutions. It was
avoided to combine maps with different spatial resolutions, as this could lead to inconsis-
tencies and difficulties in interpreting the results. Thus, it was also pursued to evaluate
the LULC and its differences in each satellite without involving direct comparisons or map
combinations. By maintaining the original resolutions and appropriate scales, the original
data could be preserved since pixel resampling can involve the interpolation of values. In
this way, each satellite can capture information at specific scales, allowing data analysis
at the most appropriate scale for each sensor. By maintaining the original resolutions,
greater transparency and reproducibility were ensured in this research. To address possible
inconsistencies and difficulties in interpreting the results, various strategies were adopted,
such as the use of quality metrics, including overall accuracy, user accuracy, and producer
accuracy for each LULC map generated by the different satellites. These metrics help in
evaluating ranking performance and quantitatively comparing results across satellites.
In addition, qualitative analyses were used, such as visual interpretation of LULC maps
and comparison with satellite images, to identify areas where the classification presents
inconsistencies or interpretation difficulties. This approach favors the understanding of
the limitations and challenges associated with each dataset and satellite. To promote the
replicability of the work, details on the classification process are reported, including band
selection, parameters, and validation procedures. This documentation contributes to the
reliability of the results obtained. The resulting maps provide a perspective on changes
in land use and occupation resulting from the dam failure and their possible implications
on the local economy and ecosystem integrity, thus creating the foundations for socio-
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environmental recovery in the region. Overall, it is expected that this study will contribute
to simplifying the application of remote sensing techniques in monitoring areas impacted
by environmental disaster events.

2. Materials and Methods
2.1. Characterization of the Study Area

The study area is located in the Ferro-Carvão stream watershed, where the B1 tail-
ings dam failed on 25 January 2019, in southeastern Minas Gerais state, Brazil, in the
municipality of Brumadinho at 20◦7′27” S and 44◦7′52” W. With a size of approximately
33,270 km2 (Figure 1), the stream is an affluent of the Paraopeba River, which in turn is a
tributary of the São Francisco River and one of the sources of Três Marias reservoir [59].
The dam failure released 11.7 mm3 of mine tailings, which flowed along the stream until
reaching the Paraopeba River, 10 km downstream.
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Figure 1. Location of the Ferro-Carvão stream watershed belonging to the Paraopeba River basin in
Minas Gerais state, Brazil.

The watershed is flat, except in the northeastern part where a rugged mountainous
relief predominates, with slopes between 45% and 75% [60]. Altitudes vary between
900 and 1000 m [61]. The mountainous relief is characterized by plateaus, depressions,
and dissected areas that resulted in geomorphological units such as the Center-South and
Eastern Minas Dissected Plateau, São Francisco Depression, São Francisco Plateau, and
Iron Quadrangle [62].

The geological formation (Figure 2) is characterized by the Gneiss Souza Noschese
unit, traversed in its central and west portions by units of colluvial–eluvial deposits, while
the eastern border contains units of colluvial deposits and the Bonfim Complex. To the
north of the watershed in the east–west direction are lithological bands of grey and brown
phyllite, dark red phyllite, fine- to medium-grained clear quartzite, and gray to greyish
green phyllite [63].
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Figure 2. Soil map (a) and geology map (b) of the Ferro-Carvão stream watershed.

The soils of the area (Figure 2) are poorly developed, with the marked presence of
neosols and cambisols, the latter of which has little textural difference [64]. According to the
Brazilian Company of Projects and Undertakings [65], among the basin soils are aluminic
haplic cambisol, dystrophic Tb haplic cambisol, perferric haplic cambisol, dystrophic Tb
haplic gleysol, and dystrophic litholic neosol. Soil typology, topography, and climate have
a direct influence on local vegetation, with the basin largely occupied by pastures and
forests [60,66].

According to Köppen’s classification, the region contains two climate subtypes (Cwa
and Cwb), both corresponding to a humid temperate climate with dry winters but hot
and mild summers, respectively, and temperatures ranging between 15 and 18 ◦C [67].
The average annual rainfall is 1608 mm, distributed mostly in the rainy season between
November and February, with a dry season from May to August [62,64].

2.2. Data Source
Google Earth Engine Platform

The GEE cloud platform has more than one trillion images, making it possible to
collect and classify data to conduct rapid space–time analyses. This study classified LULC
in the Ferro-Carvão stream watershed, before and after the B1 dam failure, based on images
obtained from the Landsat 8 Collection 1 Tier 1 and real-time data TOA Reflectance; the
Sentinel-2 MSI Multispectral Instrument Level 2A; and the PlanetScope Dove Imagery for
the tropical regions made available by Norway’s International Climate and Forest Initiative
(NICFI) on the GEE. The period of the present analysis was between 2018 and 2021, with
different spatial resolutions (30.10 to 4.77 m) and cloud filters < 20% (Table 1). The period
spanned pre-failure (2018) and post-failure (from 2019 onwards) sub-periods.

The image collections are depicted in Table 2 and consist of the satellite source, the
period of analysis, and the number of scenes used in the LULC change classification. The pre-
processing of the images followed the pixel reduction to the median (PRM) method [68,69],
which was executed in the GEE script. In land use classification, this type of image
clustering has been widely used because it has favored classification accuracy [70,71].
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Table 1. Characteristics of the Landsat 8, Sentinel 2A, and PlanetScope Dove satellites.

Satellite Band Wavelength (µm) Resolution (m)

Landsat 8
(L8—30 m)

1—Coastal Blue 0.43–0.45 30
2—Visible Blue 0.45–0.51 30

3—Visible Green 0.53–0.59 30
4—Visible Red 0.64–0.67 30

5—Near-Infrared 0.85–0.88 30
6—Shortwave Infrared (SWIR)1 1.57–1.65 30
7—Shortwave Infrared (SWIR)2 2.11–2.29 30

8—Panchromatic 0.50–0.68 15
9—Cirrus 1.36–1.38 30

10—Thermal Infrared 10.60–11.19 30
11—Thermal Infrared 11.50–12.51 30

Sentinel-2
(S2—10 m)

2—Blue 0.49 10
3—Green 0.56 10
4—Red 0.665 10

8—Near-Infrared 0.842 10
5—Red Edge 1 0.705 20
6—Red Edge 2 0.740 20
7—Red Edge 3 0.783 20

11—SWIR 1 1.610 20
12—SWIR 2 2.190 20

PlanetScope Dove
Constellation

(P—4.7 m)

Blue 0.455–0.515 4.77
Green 0.500–0.590 4.77
Red 0.590–0.670 4.77

Near-Infrared 0.780–0.860 4.77

Table 2. Information about the satellite images used in the LULC change classification operated
in the Ferro-Carvão stream watershed, namely period (pre- and post-failure), satellite source, and
corresponding spatial resolution. Symbols: Landsat 8 (L8), Sentinel 2 (S2), and PlanetScope (P);
n—number of scenes used in the assessments.

Space–Time

Year Satellite Start End n

2018 (pre-failure)
L8—30 m 1 January 2018 31 December 2018 8
S2—10 m 1 January 2018 31 December 2018 36
P—4.7 m 1 January 2018 31 December 2018 2

2019
(post-failure)

L8—30 m 25 January 2019 31 December 2019 11
S2—10 m 25 January 2019 31 December 2019 30
P—4.7 m 1 January 2019 31 December 2019 2

2020
(post-failure)

L8—30 m 1 January 2020 31 December 2020 8
S2—10 m 1 January 2020 31 December 2020 36
P—4.7 m 1 January 2020 31 December 2020 5

2021
(post-failure)

L8—30 m 1 January 2021 31 December 2021 10
S2—10 m 1 January 2021 31 December 2021 37
P—4.7 m 1 January 2021 31 December 2021 12

To improve the accuracy of LULC classifications, in addition to the use of clustered
images as mentioned above, it is essential to use image bands with the same pixel resolution.
This is due to the fact that machine learning algorithms such as random forest, which were
used in the classification, require that all input bands have the same spatial resolution. In
this work, images from different satellites were used, each with its own spatial resolution.
However, no resampling of images was carried out, meaning that no changes were made
to the original pixel sizes. Instead, only the bands with the same spatial resolution on each
satellite were selected. Thus, to properly classify the images from the Landsat 8, Sentinel-2,
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and PlanetScope satellites, bands (2,3,4,5,6,7), (2,3,4,8), and (R,G,B), respectively, were used
(Table 1).

The PlanetScope Dove images, operated by Planet, are revisited daily, and approx-
imately 200 satellites produce the NICGI base map to monitor tropical forests [72]. The
base map is generated to cover the area between 30◦ N and 30◦ S, with a spatial resolution
of 4.77 m providing two mosaics per year between December 2015 and August 2020 and
monthly images from September 2020 onwards [73]. An algorithm that selects the best
scene is used to ensure the highest quality [74].

2.3. Random Forest Classifier

Random forest is a machine-learning model used to classify and identify data patterns
and is available on the GEE platform [36]. Its high processing speed makes it the most
widely used classifier method in environmental problems, capable of identifying patterns
with several variables and accurately predicting large data volumes [25,75,76].

In order to use the random forest classification model in the GEE platform, some
resources were prepared and embedded in a JavaScript script specifically written to pro-
duce the classification. Initially, the vector file (shapefile) of the Ferro-Carvão stream
watershed was delineated in SIG QGIS software and added to the script. Within this area
and bearing on the time frames defined in Table 2, a record of images from Sentinel-2,
Landsat 8, and PlanetScope was assembled and also embedded in the script. Next, the
pixel was reduced to the median (PRM method), which generated a single temporal im-
age for each analyzed year. The training dataset containing samples of each land use
and land cover class was elaborated for the aggregated images. The selection sampling
points was carried out manually based on MapBiomas, which is the official map of land
use and occupation in Brazil (www.mapbiomas.org.br, assessed on 21 November 2022),
and also based on images from Google Earth in the periods under analysis. In total,
2100 training points were randomly collected in order to represent the classes of land use
and land cover to be classified. The classes were forest formations, agriculture, urban
area, pasture, mining/waste, and water, and had 900, 180, 200, 355, 400, and 65 sampling
points, respectively. These points were imported into the script in the GEE and 70% were
randomly allocated to the training samples, while 30% were allocated to the validation
samples. Finally, the parameter corresponding to the bands to be used and other specific
parameters from the classification algorithm were defined. The image classification was
generated from a routine prepared in JavaScript in the GEE code editor menu, comprising
three specific scripts for Landsat 8, Sentinel-2, and PlanetScope images, respectively, which
are freely available at https://code.earthengine.google.com/6655d49a2aaeb7a2c6320b81f9
3e6668, https://code.earthengine.google.com/a2bc8ba3851d22c07a87cedb71bd56d7, and
https://code.earthengine.google.com/e22aa23d3f9836bc660138aaa3365266 (accessed on
6 December 2022).

In the LULC classification conducted in the GEE, the accuracy of the method was
estimated using a confusion matrix. This method compares estimated classification results
with known control points. Thus, it was possible to calculate overall accuracy (OA), which
indicates whether reference sites are correctly classified, based on the ratio between the
number of correct predictions and the total number of predictions (OA) (Equation (1)). In
the assessment of class accuracy, producer accuracy (PA) was used (Equation (2)), which
is the ratio of the number of correct pixels in the image classified for each LULC class
divided by the control points of that class (reflecting the sensitivity of the classifier in
correctly identifying a specific class and associated with the error of omission when a
pixel of the class is not mapped correctly). The user accuracy (UA) (Equation (3)) was also
used and is calculated by dividing the number of pixels correctly classified in an LULC
class by the number alleged to be in the class. This performance indicator reports to the
user the reliability of the class that will be present on the land and associates the error of
omission that occurs when a pixel is attributed to a class but belongs to another [77]. In
order to analyze the reliability of the algorithm, the F-score is used (Equation (4)), which

www.mapbiomas.org.br
https://code.earthengine.google.com/6655d49a2aaeb7a2c6320b81f93e6668
https://code.earthengine.google.com/6655d49a2aaeb7a2c6320b81f93e6668
https://code.earthengine.google.com/a2bc8ba3851d22c07a87cedb71bd56d7
https://code.earthengine.google.com/e22aa23d3f9836bc660138aaa3365266
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represents the harmonic mean between PA and UA [78]. Thus, it was possible to assess
multi-class accuracy [79]. The Mathews correlation coefficient (MCC), which measures the
performance of multiclass classification, was also used to assess the differences between
the classifications of the different images (Equation (5)) [80]. The MCC is statistically robust
since a high score only occurs when the prediction obtains reliable results in the confusion
matrix [81]. Thus, the kappa agreement coefficient was not used for the reasons presented
by Delgado and Tibau [82].

OA =
TP× TN

TP× TN × FP× FN
(1)

PA =
TP

TP + FN
(2)

UA =
TP

TP + FP
(3)

FSCORE = 2× PA×UA
PA + UA

(4)

MCC =
(TP× TN)− (FP× FN)√

(TP + FP)× (TP + FN)× (TN + FP)× (TN + FN)
(5)

where TP are the true estimated positives, FN are false estimated negatives, TN are true
estimated negatives, FP are false estimated positives, OA is overall accuracy, PA is producer
accuracy, UA is user accuracy, F-score is the harmonic mean between PA and UA, and MCC
is Matthew’s correlation coefficient.

2.4. Map of Land Use Change

By identifying LULC before and after the B1 dam failure, the aim was to determine
the changes in the Ferro-Carvão stream watershed, especially in the failure zone. In order
to diagnose changes, QGIS 3.16.10 with GRASS 7.8.5 was used with the semiautomatic
classification plugin (SCP). The SCP uses the “Land Cover Change” tool, performs cross-
tabulation in image post-processing, and diagnoses changes in land cover by creating a
change matrix [83,84].

For analyses conducted in the failure area, the SIG QGIS vector file was manually
delimited with the help of a Google Earth image from February 2019. This process was
carried out in order to standardize the failure area, diagnosing the same area in all temporal
analyses and in relation to the different satellites used in the present study.

2.5. Working Flow

The framework adopted to diagnose the changes that occurred after the dam failure
using Landsat 8, Sentinel 2A, and PlanetScope data involved seven stages (Figure 3) is
described as follows. (a) Stage 1: The collection and pre-processing of orbital image data on
GEE; (b) Stage2: The construction of training reference sample base information collected
from Google Earth combined with MapBiomas corresponding to the space–time under
analysis; (c) Stage 3: Random forest classifier selection and training on the GEE platform
to provide the sampling signature of the classes; (d) Stage 4: An accuracy assessment of
the classification processing method for the different spatial resolutions; (e) Stage 5: The
development of the land use changes map; and (f) Stage 6: The estimation of the economic
value of the changes.
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3. Results and Discussion
3.1. Accuracy Assessment

The accuracy assessment of the LULC classification is presented in Table 3. Six LULC
classes were identified using RF from three optic sensors (see Supplementary Materials;
Figure S1). The overall accuracy (OA) and Matthew’s correlation coefficient (MCC) for the
RF classifier obtained average values of 0.96 and 0.68, respectively (Table 3). It is known
that the MCC is more robust than OA since the latter exhibits deviations when the number
of classes observed in the dataset is different [82]. The minimum and maximum OA values
were between 0.93 and 0.97 for S2—10 m in 2018 and L8—30 m in 2021, respectively.
The minimum acceptable OA for classifying remote sensors should be at least 85% [85],
where spatial, temporal, and spectral image resolution influence classification accuracy [86].
The minimum and maximum MCC values were between 0.57 and 0.81, respectively for
S2—10 m in 2018 and L8—30 m in 2019. The minimum acceptable MCC for classification
has not been previously reported in the literature but can be considered approximately
0.57 since this corresponds to the minimum OA of 0.93 found here.

Table 3. Overall accuracy (OA) and Matthew’s correlation coefficient (MCC) of LULC in different
years and satellites. See also Figures S5 and S6 in the Supplementary Materials.

Year

Satellite Image 2018 2019 2020 2021 Mean Mean

OA MCC OA MCC OA MCC OA MCC OA MCC

L8—30 m 0.958 0.727 0.976 0.817 0.974 0.804 0.979 0.798 0.972 0.787
S2—10 m 0.939 0.570 0.970 0.691 0.969 0.714 0.961 0.631 0.960 0.652
P—4.7 m 0.942 0.590 0.954 0.606 0.951 0.587 0.961 0.681 0.952 0.616

Mean 0.946 0.629 0.967 0.705 0.965 0.702 0.967 0.703 0.961 0.685
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Among the factors that influence classification is landscape heterogeneity, which affects
sample collection [87]. Before the dam failure in 2018, the predominant classes in the study
area were more heterogeneous. However, after the failure, primarily water and mining
classes tended to be more homogeneous due to the mixture between them. In Landsat-8
images, the color of the mining class is similar to that of the flooded area, thereby influencing
classification [54]. Additionally, an increase in the spatial resolution of the images favored
the extraction of landscape details and reduced LULC accuracy, whereby high spatial res-
olution images collect more pixels in a smaller area in order to produce a more complex
classification [88]. These details may result in greater intra- and interclass variability in
soil cover [89]. Acharki [90] also observed that the classification performance of Sentinel-2
and Landsat-8 in the models with the original resolution was slightly better than that of
PlanetScope, with an average gain of < 0.8%. Thus, spectral resolution influences classifica-
tion accuracy, where higher values are found in the Landsat and Sentinel satellites because
they have more spectral bands than PlanetScope. As such, improved classification accuracy
is associated with spatial and spectral resolution. An increase in the number of spectral
bands slightly improves classification accuracy at several spatial resolutions [91]. Varga
et al. [92] concluded that better spectral resolution can overcome lower spatial resolution in
classification accuracy, where Sentinel-2 images exhibit more than 2% higher OA than those
obtained by its PlanetScope counterpart due to the larger number of red bands.

The overall average of producer accuracy (PA), user accuracy (UA), and F-score
in the different land use classes before and after dam failure was 71.4% (Table S1 and
Figure S1 in the Supplementary Materials). According to Thomlinson et al. [93], the ac-
ceptable accuracy per class should be more than 70%. Thus, the accuracy of the model in
predicting the classes analyzed was greater than the minimum recommended for all the
classes except water (Figures S2 and S3), with PA and UA > 85% in all the classes. F1-scope,
which represents the harmonic mean between PA and UA, indicated the overall accuracy
of the model. It tended to exhibit values > 85% for all the classes, except water, on all
the maps of the different satellites (Figure S4). As such, the accuracy of the model in the
different images used exceeded the acceptable minimum, demonstrating that constructing
class samples using MapBiomas and Google Earth images of the area of interest favored its
effective classification. Thus, the RF model was capable of classifying LULC before and after
dam failure with good accuracy for all the satellites assessed. In spite of these good results,
there are factors that can negatively affect the performance of the RF model in the LULC
classification task. Among these factors, dependence on sample data stands out, which is
considered a critical factor in the performance of RF in the LULC classification since it is
influenced by the selection of training data. A recent study applied to Sentinel-2 satellite
images with the classification steps performed in the GEE carried out by Avci et al. [94]
showed that increasing the number of training datasets can significantly improve classifi-
cation accuracy. According to Story and Congalton [95], at least 30 samples are necessary
to properly fill in the error matrix, which is exceeded in all classes evaluated in this work,
contributing to the high accuracy measurement. Another factor that can negatively affect
the performance of the RF model is the sensitivity to spatial resolution, which is common in
areas with lower spatial resolution, especially in urban areas where heterogeneity is high.
Finally, other factors to be considered is the underestimation of rare classes in which the RF
model may present a bias toward the most frequent classes, not being suitable for sparse
features, and being biased when dealing with categorical features [96]. Thus, higher F-score
values, which are calculated as the harmonic mean of precision and sensitivity, indicate that
the classification model has a good ability to correctly identify the class samples. In the
present study, all F-score values calculated for the evaluated classes were greater than 0.8,
which indicates that the model has good precision and sensitivity in all evaluated classes,
as shown in Table S1 in the Supplementary Materials. F-score values greater than 0.77 can
be considered high for the different classes analyzed, indicating that the discrimination
between classes was carried out satisfactorily by the optical sensors used in the study [90].
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3.2. Changes in LULC Classes in the Failure Zone and Their Impacts

The failure of the B1 tailings dam in Brumadinho released debris and mud flows
that covered flat low-lying areas around the Ferro-Carvão stream, where a vast swath of
vegetation was destroyed, as well as agropastoral areas and water bodies [97]. This accident
resulted in 270 deaths and 11.7 mm3 of tailings spilled, destroying agricultural zones, native
vegetation, and entire neighborhoods in Brumadinho, and altering the morphology of the
Ferro-Carvão stream over a 10 km stretch until reaching the streambed of the Paraopeba
River [98–100].

The Ferro-Carvão stream failure zone (3.208 km2) showed changes in LULC and land-
scape between 2018 and 2019 (before and after failure), detected on L8—30 m, S2—10 m,
and P—4.77 m images (Tables S2–S7 of the Supplementary Materials and Figures 4–9).
They revealed an increase in mining/tailings areas (1.757; 1.898; 1449 km2) and a decrease
in native forests (1.149; 1.229; 1.138 km2), pastures (0.461; 0.592; 0.427 km2), and agricul-
tural land (0.007; 0.056; 0.001 km2). The increased cover of agro-silvo-pastoral zones by
tailings exacerbated environmental deterioration, impacting the region’s economy [98].
Mendes et al. [20] used PLS-PM to model environmental deterioration caused by the dam’s
failure, demonstrating that tailings compromised water quality. Oliveira et al. [101] also
observed that the failure zone would be covered by more than 3 km2 of sediments, de-
stroying 1.4 km2 of native vegetation and 0.4 km2 of agropastoral lands. Between 2019
and 2020 (after failure), there was a decline in mining/tailings areas, likely due to the
mechanical removal and mobilization of the tailings (0.262; 0.502; 0.366 km2), which fa-
vored the increase in pasture cover (0.102; 0.347; 0.433 km2) and forests (0.032; 0.032;
0.121 km2). Between 2020 and 2021, there was an increase in the forest (0.029; 0.089;
0.039 km2) and agricultural areas (0.032; 0.219; 0.112 km2) and a decline in their min-
ing/tailings counterparts (0.296; 0.110; 0.082 km2). This revealed that the decrease in
tailings areas has favored environmental recovery. Thus, the classes that changed the most
before and after failure were forests and mining/tailings, which were the most responsible
for altering LULC. Landscape changes also affected the biological environment, which has
suffered significant damage, such as ichthyofauna, causing losses in nursery and breeding
grounds and leading to the extinction of some species [102]. It is important to note that
changes in biological communities, added to the other impacts, reduce the predator–prey
ratio and consequently increase the number of populations [13]. Another consequence of
changes in LULC was the direct impact on potable water sources after failure, whereby
local use in the watershed was restricted and required an alternate water supply for the
population [103]. Another impact of the accident was observed in the soil, namely the im-
mediate impermeability of the surface layer and the loss of plant cover, causing a decline in
rainwater infiltration. The tailings contained silts and clays with high levels of Fe, Mn, and
P [104]. Soil barium and cobalt concentrations also increased in the region [104]. Excessive
soil barium levels may also alter microbial biodiversity [105]. Cobalt occurs naturally in
soils, where high concentrations are caused mainly by anthropic activities, thereby con-
taminating the soil [106]. In the study region, this element may originate in mafic rocks,
which are associated with iron in geochemical processes [107]. The failure also affected
Brumadinho’s economy, where 60% of revenues were from local mining activity [108].
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3.3. Changes in LULC Classes Outside the Failure Zone

Land cover is in constant change and is caused by natural or anthropic alterations.
The B1 dam disaster was a transforming agent of the landscape, primarily in terms of the
impacts on existing land use and land cover [101]. Thus, this comparative study of LULC
outside the failure zone (30.062 km2) was also relevant because it helped the analysis of
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the environmental dynamics in the watershed. This region exhibited changes in LULC,
identified on L8—30 m, S2—10 m, and P—4.7 m images (Tables S2–S7 of the Supplementary
Materials and Figures 4–9). For the first analysis period of 2018-2019, there was an increase
in the forest (0.229; 0.862; 1.481 km2) and agricultural areas (0.052; 0.049; 0.004) and a
decline in the mining area diagnosed in L8—30 m and S2—10 m images (0.813; 1.051 km2).
Thus, agricultural areas tended to increase outside the failure zone due to higher cover
and incentives. According to SENAR [109], over a 2-year period, agriculture recovered
in the region, with a 50% increase in income and a 455% increase in food production.
Between 2019 and 2020, mining/tailings areas increased outside the failure area (0.972;
1.541; 0.111 km2). This may be due to removal operations and failure zone tailings screening
performed by the Vale SA company, creating temporary tailings deposits. A large part of
these tailings was stored in two piles, the Menezes Pile III and União Pile, which were
both in areas belonging to Vale S.A [110]. The mining/tailings area declined in 2020–21
(0.570; 0.637; 0.893 km2), possibly due to the definitive tailings retention in the Cava do
Feijão valley, which was initiated in February 2020 [110]. After the tailings piles were
removed from outside the failure zone, new pasture areas were identified on L8—30 m and
S2—10 m images (1.057; 0.126 km2).

4. Conclusions

LULC diagnosis is an excellent environmental management tool, favoring decision-
making by the managing, legal, and political authorities. The orbital image performance
of three satellites was assessed at different spatial and spectral resolutions in constructing
LULC in an area affected by the mine tailings dam failure that occurred in Brumadinho,
Minas Gerais state, Brazil.

LULC was mapped in a script built on the GEE platform using six random forest clas-
sifier classes of pure images obtained from the Landsat, Sentile, and PlanetScope satellites.
The results showed that the spectral resolution of the images influenced classification accu-
racy, where higher values were found in the Landsat (30 m) and Sentinel (10 m) satellites
because they have more spectral bands than PlanetScope (4.7 m). As such, improved classi-
fication accuracy is associated with the spatial and spectral resolution, where Landsat and
Sentinel-2 were superior to PlanetScope in classification accuracy. Overall (OA) and class
accuracy (F-score) performed well for all the satellites, with values > 93.9 and 85%, respec-
tively. Matthew’s correlation coefficient (MCC) performed well in multiclass classification,
with values > 57%, suggesting that the LULC obtained in the study is applicable in the
space–time scales. Thus, in this study, all the satellite images exhibited LULC classification
capacity in the watershed where the dam failed.

The evaluation of the accuracy of LULC mapping on a time scale in areas affected
by tailings dam failures showed that the PRM technique associated with satellite images
with different spatial resolutions and the random forest (RF) model in the GEE can be
successfully used in the classification of these areas. In addition, the performance of the
model was accurate using visible and near-infrared spectrum bands and without the need
for image resampling, using bands with the same spatial resolution. This action is shown
to simplify the data pre-processing process specifically applied to the LULC diagnosis,
enabling the identification of changes to the environment caused by the rupture of a mining
tailings dam.

The use of the same training dataset in dam failure zones presented a viable alternative
to classifying temporal images in different spatial resolutions. This can reduce the time
and cost involved in collecting new training data and favor faster diagnosis. However, it is
important to emphasize that this use can affect the accuracy of the classification, mainly in
areas with subtle changes in land cover. Therefore, it is important to evaluate the accuracy
of the new research. This involves adopting different time intervals and spatial resolutions
and checking the results in different scenarios before adopting this approach as common
practice in disaster areas. Another issue to be addressed in a forthcoming scientific work
would be the implementation of an outlier analysis of the data collected with the purpose
of carrying out a comparative evaluation of the accuracy of LULC.
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As such, after the failure, mining/tailings areas increased in the Ferro-Carvão stream
failure zone, while their native forest, pasture, and agricultural counterparts declined,
exacerbating environmental deterioration. The environment recovered in subsequent years
due to mechanical tailings removal and mobilization, thereby decreasing mining/tailings
areas and favoring an increase in surrounding pasture and forest areas.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/su15086949/s1, Figure S1: Confusion matrices for each class
processed on land use and land cover for the Landsat 8, Sentinel-2, and PlanetScope satellites; Figure
S2: Overall accuracy estimated for Landsat 8 (L8—30 m), Sentinel 2 (S2—10 m), and PlanetScope
(p—4.7 m) images for 2018 (before failure) and 2019, 2020, and 2021 (after failure); Figure S3: Producer
accuracy estimated for Landsat 8, Sentinel 2, and PlanetScope images for 2018 (before failure) and
2019, 2020, and 2021 (after failure); Figure S4: User accuracy estimated for Landsat 8, Sentinel 2, and
PlanetScope images for 2018 (before failure) and 2019, 2020, and 2021 (after failure); Figure S5: F-score
estimated for Landsat 8, Sentinel 2, and PlanetScope images for 2018 (before failure) and 2019, 2020,
and 2021 (after failure); Figure S6. Matthew’s correlation coefficient (MCC) estimated for Landsat 8,
Sentinel 2, and PlanetScope images for 2018 (before failure) and 2019, 2020, and 2021 (after failure);
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