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Abstract: Forest fires can profoundly impact the hydrological response of river basins, modifying
vegetation characteristics and soil infiltration. This results in a significant increase in surface flow and
channel runoff. In response to these effects, many researchers from different areas of earth sciences are
committed to determining emergency measures to rehabilitate river basins, intending to restore their
functions and minimize damage to soil resources. This study aims to analyze the mapping detection
capacity of burned areas in a river basin in Brazil based on images acquired by AMAZÔNIA-1/WFI
and the AQ1KM product. The effectiveness of the AMAZÔNIA-1 satellite in this regard is evaluated,
given the importance of the subject and the relatively recent introduction of the satellite. The AQ1KM
data were used to analyze statistical trends and spatial patterns in the area burned from 2003 to 2023.
The U-Net architecture was used for training and classification of the burned area in AMAZÔNIA-1
images. An increasing trend in burned area was observed through the Mann–Kendall test map and
Sen’s slope, with the months of the second semester showing a greater occurrence of burned areas.
The NIR band was found to be the most sensitive spectral resource for detecting burned areas. The
AMAZÔNIA-1 satellite demonstrated superior performance in estimating thematic accuracy, with
a correlation of above 0.7 achieved in regression analyses using a 10 km grid cell resolution. The
findings of this study have significant implications for the application of Brazilian remote sensing
products in ecology, water resources, and river basin management and monitoring applications.

Keywords: remote sensing; forest fires; burned area; AMAZÔNIA1; AQ1KM

1. Introduction

Brazil’s natural vegetation comprises three distinct biomes: Tropical Forests, Cerrado,
and Caatinga. These biomes collectively cover more than half of the country’s territory.
However, both the Cerrado and Caatinga are experiencing significant degradation due to
human and natural activities, particularly fires. The majority of these fires are caused by
human actions [1].

Research on global burned area remote sensing products commenced in the late
1980s to provide comprehensive global representations of fire occurrences and burned
area extents. Chuvieco et al. [2] reviewed the physical principles underlying burned area
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detection from satellite observations. They traced historical trends in the utilization of
satellite sensors for burned area monitoring, summarized recent approaches to burned area
mapping, and evaluated existing burned area products at both global and regional scales.

The FIRE_CCI project was initiated in 2012 to improve burned area mapping and
utilize this information in global vegetation and atmospheric models [3]. Regional analyses
have demonstrated that medium-resolution sensors have the potential to distinguish fire-
affected areas [4,5]. Several studies have highlighted the impact of sensor spatial and
temporal resolutions on the ability of satellites to detect burned areas [6–8]. Automatic
mapping is hindered by challenges associated with coarse spatial resolution images, which
are subject to variability in spectral characteristics in burned areas [8]. Although sensors
with medium spatial resolution provide higher accuracy, their temporal resolutions may
not be suitable for mapping tropical regions that are prone to cloud cover, as they may not
be able to capture the necessary data on time [7–9].

The FIRE_CCI project is developing methods to generate global, long-term products
that meet the needs of climate modelers, land managers, and local users in areas where
local fire statistics are unavailable. The project has delineated the burned area information
requirements for each user group in terms of coverage, accuracy, resolution, and delivery
time. This research was supported by a comprehensive literature review. The review
examined previous uses of datasets across a broad spectrum of topics, with a focus on
those most pertinent to climate, carbon, and atmospheric models. Humber et al. [10] serve
as a crucial reference in this field. Their study provides a synopsis of current global data
products, outlining their uncertainties, limitations, and applications. It presents a summary
of the user needs analysis based on a survey of over 47 questionnaires and concludes with
a gap analysis that outlines future needs and requirements. This information will inform
the development of global products in the coming decades [11].

The validation of satellite active fire products presents significant challenges due to
the difficulty in collecting independent reference data capable of characterizing active
fire locations and properties. It is of paramount importance to comprehend the sources
of error that currently affect coarse burned area products to identify any algorithmic
weaknesses [12].

Previous methodologies have relied on independent reference data collected from
aircraft observations of prescribed fires and wildfires [4]. Conducting aerial campaigns in a
regionally or globally representative manner can be expensive and challenging, particularly
when coordinating with cloud-free conditions during satellite passages. Similarly, while
ground-based fire measurements offer valuable insights, coordinating such efforts across
vast areas presents logistical difficulties [13]. Although burned areas identified through
high-spatial-resolution satellite data can validate active fire products, they may not reliably
confirm the detection of such data during periods of inactivity or cloud cover, potentially
omitting crucial information on active fire product errors. High-spatial-resolution ASTER
data have been used to validate the MODIS Terra active fire product through the strategic
integration of data collection from the same satellite, effectively addressing issues of timing
and synoptic coverage.

This study presents a rigorous framework for comparing global fire products in
terms of their spatial and temporal characteristics. The study focuses on four operational
products: Copernicus Burned Area, Fire CCI, MODIS MCD45A1, and MODIS MCD64A1.
The intercomparison carefully considers the temporal and spatial dimensions of these
products, using a spatial and temporal analysis grid [14]. A non-overlapping grid of
Thiessen scene areas (TSAs), which are generated from Landsat World Reference System
(WRS-2) scene centroids, is employed to partition the data into monthly time intervals. This
allows for the creation of three-dimensional analysis elements called voxels. The evaluation
of burning within each voxel serves as an indicator of the total area burned. Additionally,
comparison with MODIS active fire observations provides an independent measure of the
timing accuracy of burned patches. The evaluation extends from 2005 to 2011 and includes
all available data for all products [15].
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The objective of this investigation is to provide Brazilian data users with relevant
insights into the comparative effectiveness of available products for detecting burned areas.
It identifies regions where forest fire detection exhibits variations in timing and magnitude.
Forest fires have significant impacts on river basin transition areas between the Cerrado and
Caatinga biomes. Therefore, it is essential to map and document the extent of these events.
The primary objective of this study is to delineate burned areas using images sourced
from AMAZÔNIA-1/WFI and the AQ1KM product, coupled with an assessment of their
performance. The methodology employed integrates the U-Net semantic segmentation
network to classify images from the AMAZÔNIA-1, alongside the Burned Area Index
(BAI) and the Normalized Difference Vegetation Index (NDVI). The statistical analysis
and validation process aims to quantify the accuracy of the classification, including both
commission errors (CEs) and omission errors (OEs), as well as the Dice coefficient (DC). This
research utilizes MapBiomas data with a spatial resolution of 30 m as a reference product
to identify discrepancies, which will then inform the stratification strategies employed in
future validation endeavors. This innovative approach not only provides Brazilian data
users with relevant insights into the effectiveness of available products but also identifies
regional variations in forest fire detection, particularly in the transition areas between the
Cerrado and Caatinga biomes. This is the first study to assess the potential of AMAZÔNIA-
1 scenes for mapping burned areas, employing semantic segmentation based on the U-Net
architecture. Furthermore, the study takes full advantage of the AQ1KM product dataset,
thus enabling, in a pioneering way, the analysis of temporal trends, with the potential
to cover the entire South American region. The goal is to guarantee that the application
accurately captures the relevant surface phenomena.

2. Materials and Methods
2.1. Study Area

The study area comprises three contiguous river basins situated within the transitional
zone between the Cerrado and Caatinga biomes (Figure 1). The basins in question are part
of the Ottocoded Hydrographic Base (BHO), which adheres to the Brazilian Systematic
Mapping standards. This mapping delineates the boundaries of Brazil’s river basins at
varying scale levels and is utilized by the National Water and Basic Sanitation Agency
(ANA) in the management of water resources. The BHO is created from the digital cartog-
raphy of the country’s hydrography and is organized to generate hydrologically consistent
information, which is attributed to Otto Pfafstetter’s basin coding [16].

The Amazon Environmental Research Institute (IPAHN) has estimated the river basin’s
area to be 74,517.23 km2, encompassing the majority of the biomes’ native vegetation rem-
nants. However, the basin is also recognized as one of the world’s hotspots for deforestation
and forest fires [17]. The basin contains the sources of important Brazilian rivers, such
as the Araguaia River and the Tocantins River. Currently, the region is undergoing a
significant process of urbanization and expansion of pasture areas, in addition to housing
large expanses of soybean plantations, which require an increasing use of water for irriga-
tion. The study region has three power generation plants, the largest of which is the Boa
Esperança Hydroelectric Plant, the largest in the state of Piauí with a combined production
estimated at 9.9 million kilowatts. However, this production is threatened by increasingly
frequent droughts.
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Figure 1. Study area. Delimitation of the Ottocoded Level-3 river basin located between the Caatinga
and Cerrado biomes.

2.2. Satellite Data

2.2.1. AMAZÔNIA-1 Satellite Data

The study utilized orbital images captured by the Wide Field Imaging Camera (WFI)
sensor, which is mounted on the AMAZÔNIA-1 satellite. The WFI is composed of four
spectral bands: blue (0.45–0.52 µm), green (0.52–0.59 µm), red (0.63–0.69 µm), and near-
infrared (NIR) (0.77–0.89 µm). The images have a ground sampling distance (GSD) of
64 m and were acquired at the preprocessing level (L4), which presents surface reflectance
images, orthorectification, and georeferencing in the WGS84 geodetic reference system [18].
Image acquisition was facilitated by the United States Geological Survey (USGS) at http:
//earthexplorer.usgs.gov (accessed on 12 December 2023) [19]. Analyses were conducted
using three cloud-free scenes dated 20 September 2021, 4 October 2022, and 13 October
2023, obtained from the study area. The AMAZÔNIA-1 images were used to compute the
BAI and NDVI, which provided two additional parameters for detecting burned areas.

2.2.2. AQ1KM Satellite Data

The AQ1KM product is derived from data obtained from Collection 6 of MODIS,
which was gathered simultaneously from the AQUA and TERRA satellites. The AQ1KM
product is georeferenced and has a GSD of 1 km. The objective of this product is to
provide a broad estimate and an overview of burned areas in Brazilian biomes [20]. The
product was developed in collaboration with the Laboratory of Environmental Satellite
Applications (LASA) at the Department of Meteorology of the Federal University of Rio de
Janeiro (UFRJ). The product is based on a methodology that incorporates detailed spectral
indices as described by Libonati et al. [21]. The data are made available monthly on the
Terrabrasilis.dpi.inpe.br platform.

http://earthexplorer.usgs.gov
http://earthexplorer.usgs.gov
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2.2.3. MapBiomas Fire

The MapBiomas project employed Landsat satellite image mosaics with a GSD of 30 m
to map burned areas in Brazil. The mapping period spanned from 1985 to 2022, providing
monthly and annual data on burn scars across Brazil. The MapBiomas institutions con-
ducted a comprehensive process collaboratively, utilizing artificial intelligence. Machine
learning algorithms were employed on the Google Earth Engine (GEE) and Google Cloud
Storage platforms, which offer extensive cloud processing capacity. The methodology
for data provision is organized within the GEE, categorized by biomes and other spatial
units. Samples are collected in both burned and non-burned areas for algorithm training
by regions, in addition to the use of auxiliary environmental maps and fire hotspot records
from MapBiomas [22]. The data from the MapBiomas fire were obtained for the dates
corresponding to the data from AMAZÔNIA-1 and AQ1KM, specifically in September and
October for the years 2021 and 2022. For the year 2023, three scenes from the Landsat-9-
OLI2 satellite (30 m resolution) were used on October 30, as a reference product. This was
made possible by the method of photointerpretation of the burned areas.

2.3. Methodology
2.3.1. Trend Analysis

The non-parametric Mann–Kendall (MK) test was used to identify temporal trends
in the time series of burned area, based on 0.3 degrees × 0.3 degrees sample plots [23,24].
This method facilitates the calculation of binary maps, ensures data homogeneity, and
minimizes the effects of mixed pixels and incorrect records, thus allowing the analysis of
regional spatial trends in the watershed. The direction of the trend is indicated by the Z
sign. An increasing trend is considered significant if the positive Z value is greater than
1.96 (based on normal probability tables) at the 0.05 significance level. Conversely, if the
negative Z value is less than −1.96, the trend is considered significantly decreasing [25].
Additionally, the mean and standard deviation were calculated for each grid pixel, as well
as the maximum frequency of burned area. The maximum frequency was determined by
the burned areas in grid pixels that exceeded the mean plus the standard deviation and
were thus considered anomalies in the time series from 2003 to 2023. All analyses were
based on monthly AQ1KM data, due to its extensive temporal distribution of burned area.
The magnitude of the trend in the burned area time series was estimated using the Sen’s
slope methodology [26,27], as follows:

β = median
( xj − xk

j − k

)
(1)

where xj and xk denote the data values at times j and k, respectively, with j > k. A positive
β value indicates an increasing trend magnitude in the time series data, while a negative
value indicates a decreasing trend magnitude in the time series data.

2.3.2. Training Samples

A spectral data library was created by identifying burned areas through photointer-
pretation. The library consists of 1000 samples, each covering 3.6 ha, with an equal split of
500 samples for burned areas and 500 for non-burned areas. These samples were used as
input during the classification stage of AMAZÔNIA-1 images. The selection of samples
ensured full coverage of the polygon over the set of photointerpreted pixels for each class.

2.3.3. U-Net Model Classification

The U-Net neural network architecture, introduced by Ronneberger et al. [28], uses
an encoder–decoder approach to semantically classify images. The encoder extracts fea-
ture maps from the input image, reducing spatial dimensions while increasing channels.
Conversely, the decoder reverses this process, decreasing channels and increasing spatial
dimensions. During the encoding process, the spatial resolution decreases at each step
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due to down-sampling filters, while the spectral resolution increases [29]. Conversely, the
decoding phase entails passing the image through additional hidden layers that reverse
the encoding process. Consequently, with each step, the image undergoes a loss of spectral
resolution while gaining spatial resolution, ultimately leading to the final classification [30].

The study utilized spectral bands blue, green, red, NIR, BAI, and NDVI as input layers,
while the output layers classified images between 0 (non-burned area) and 1 (burned area).
The proposed U-Net method employs an encoder with two dense layers, each with 64 units,
and a final output layer with 4 units. The first dense layer uses the Rectified Linear Unit
(ReLU) activation function, while the second layer utilizes the linear activation function.
The model was trained using the Adam optimizer with a learning rate of 0.0001, and an
analysis of 10 epochs was conducted using the Cross-Entropy Loss function. The training
data were divided into two sets: 70% for training and 30% for testing. This division was
employed to evaluate the U-Net algorithm’s ability to map burned areas. The iteration that
produced the best model weights was determined based on the validation loss. This loss
function is a commonly used method to prevent overfitting the data [31]. The training and
testing environment configuration for the model was implemented in Python 3.8, using the
Jupyter Notebook 7.1.1 module.

2.3.4. Accuracy Analysis

The quality assessment of a thematic map derived from remote sensing typically
involves a systematic comparison with other maps derived from the same method. One
common approach to evaluating remote sensing data is through the use of error matri-
ces, which result from spatially comparing the product in question with reference data.
Following the training of the U-Net model, a comparison was conducted between the
AMAZÔNIA-1 and AQ1KM maps and reference data, to establish a set of evaluation met-
rics to ensure the accurate handling of validation data by the burned area products. Error
matrices, which depict areas of agreement and disagreement, were employed to provide
widely used accuracy metrics for the evaluation of burned area products, including CE,
OE, and DC [32].

The OE represents the proportion of burned pixels in the reference map that were not
classified as burned in the burned area product. Similarly, the CE denotes the proportion
of pixels classified as burned in the product that are not burned pixels in the reference
map [26]. The DC provides an objective approach to integrating information from both
the OE and CE into a single metric. It defines the probability of a classifier identifying a
pixel as burned, either in the product or reference data. The DC represents the conditional
probability that the other classifier will also identify the pixel in question as burned [33].

In addition, a comparison was conducted using simple regression between the pro-
portion of grid cells with a coarse resolution of 10 km, as identified as burned by the
AMAZÔNIA-1 and AQ1KM products, and the proportion of area detected by the reference
data. The root mean square error (RMSE) and correlation coefficient were used as estimates
for the analysis of spatial conformity between grid cells.

3. Results and Discussion
3.1. Analysis of the Distribution, Frequency, and Trends of Burned Area

Figure 2 depicts the monthly distribution of the burned area in the river basin under
study during the period from 2003 to 2023 using AQ1KM data. A seasonal interannual
pattern of the burned area can be observed in the graph, with the highest values predomi-
nantly concentrated in the second half of the year. From 2003 to 2006, the lowest values
observed in the entire series were observed, below 1000 km2, except for the peak recorded
in October 2005, which reached approximately 1400 km2.
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Figure 2. Area graph of the monthly burned area (km2) in the river basin from 2003 to 2023.

This same pattern was observed in 2008 and 2009, following a historic peak in Septem-
ber 2007, with an area of approximately 2660 km2, indicating that interannual variations
in the burned area are abrupt, with significant peaks on a monthly scale. In other words,
a single month can record a historic peak in the burned area. The second half of 2010,
2011, and 2012 was considered the most severe of the entire series, with significant peaks
reaching 3000 km2, especially in the months of September and October. In contrast, there
was a significant decrease in estimates in the years 2013 and 2014, reaching approximately
35% and 37% compared to September 2012. In September 2015, the highest peak of the
series was recorded, with approximately 3400 km2, but with little variation compared to
September 2011 and September 2012, which recorded 3300 km2 and 3000 km2, respectively.
The years 2016 to 2023 exhibited a cyclical pattern, with fluctuations below 2300 km2,
devoid of pronounced peaks, except for September 2021, when the burned area reached
2704 km2. Overall, the data indicate a statistically significant trend of increasing annual
probability of wildfire occurrence in the watershed, with an angular coefficient of 0.032, a Z
value of 2.805, and a Sen’s slope of 0.2.

Despite the considerable variability observed in annual records of burned areas, the
causes of these fires must be attributed to several factors, both natural and climatic. Once
ignition sources have been established and active, climate variables become crucial for
the occurrence of fires, directly influencing the functioning of the hydrological cycle of
river basins [34]. It is noteworthy to highlight that the state of Piauí is included within
the boundaries of the Drought Polygons, an area delineated by legislation in Decree-Law
No. 63,778, dated 11 December 1968. This legislation identifies regions that are susceptible
to recurring crises of prolonged drought, which requires special actions by part of the
public sector [35]. One of the most severe crises recorded in the Brazilian Northeast
occurred between mid-2007 and 2013, a period in which there was a significant increase
in temperature anomalies and a reduction in precipitation, dam volume, river flow, and
air and soil humidity. This situation was primarily attributable to the displacement of the
Intertropical Convergence Zone (ITCZ) to a northern position than the historical average,
due to the lack of sufficient warming of the waters of the South Atlantic, in addition to the
formation of La Niña between 2009 and 2011 [36].

The same behavior was also observed by Moreira de Araújo et al. [37], who found
that the frequent fire events observed in these years were characterized by strong La Niña
events. These effects may be related to the main fire peaks in the region, as well as the native
vegetation predominant in the transition region between the Cerrado and Caatinga biomes
(Seasonal Forest). This vegetation is highly susceptible to the spread of fire in climates
with high temperatures, as well as its spontaneous occurrence. Examples of this include
Gorda Grass (Melinis minutiflora), a highly flammable invasive grass that grows quickly and
accumulates large amounts of dry biomass during the dry season, and medium-sized trees
such as Jurema-Preta (Mimosa tenuiflora) and Catingueira (Poincianella piramidalis), whose
aerial parts are susceptible to fire [38]. According to the World Meteorological Organization
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(WMO), the decade from 2001 to 2010 was the hottest globally since 1850, when temperature
records began. The year 2010, with temperatures significantly above average in the northern
region of South America, was the second hottest since 1998. Similarly, the effects of La Niña
were more pronounced in 2007 and 2010 than those of El Niño, particularly in August [39].
CPTEC–INPE data indicate that the 2004–2005 and 2006–2007 periods were characterized
by weaker El Niño events that did not significantly contribute to the occurrence of severe
droughts, a primary factor in the fires. Nevertheless, in August 2007, the onset of a robust
La Niña phenomenon commenced, persisting through the 2007–2008 period [37].

In combination with these phenomena, the impacts on the basin’s hydrological cycle
are further aggravated by human factors, such as the excessive use of fire to create pastures
and plant crops. Silva et al. highlight that in the Brazilian Northeast, especially in the
semi-arid region, 82.6% of the rural workforce is involved in family farming, despite several
structural problems [40]. According to these authors, approximately half of the population
does not utilize recommended agricultural practices and resorts to the controlled use of
fire on vegetation as a method of clearing land for agricultural purposes. Some authors
argue that burning vegetation in a controlled manner is a land management strategy, in
addition to opening up space in the native forest, eliminating residues from deforestation
and previous crops, and preparing the land for new plantations or livestock farming.
Furthermore, they posit that this practice can confer benefits, including the elimination
of pests and the provision of nutrients from ash, in addition to representing a rapid and
cost-effective approach [40,41].

The peaks in burned areas observed in Figure 2, particularly between 2010 and 2014,
may be associated with the reduction in the area of native forests through the use of methods
that employ fire to expand agricultural areas [41]. According to data from MapBiomas,
from 2000 to 2013, there was a 48% increase in agricultural areas in the river basin under
study, predominantly in soil and pasture [22]. Moreover, there was a notable increase in the
availability of agricultural financing during this period, with a 67% growth in credit lines for
small and large producers between 2006 and 2017, and a total of BRL 404 billion allocated
to the Safra Plan between 2010 and 2013. Despite the holding of the Rio+20 Conference
in 2012 and the implementation of the New Forest Code (Law No. 12,651/12) in the same
year, this period was also marked by the loosening of Brazilian environmental policy. This
included the interruption of the creation and reduction processes of conservation units, in
addition to the reduction of IBAMA’s supervisory power against deforestation and forest
fires [42–44].

Figure 3 presents the monthly frequency of burned areas per year in the river basin
under study, from 2003 to 2023, based on AQ1KM data. The designation “low” is applied
to locations with a low or no incidence of burned areas, while “high” is used to indicate
locations with a frequency of four or more occurrences of burned areas throughout the
time series.

It is observed that the monthly frequency of burned areas follows a well-defined
pattern of periods of low and high incidence of forest fires. In the first months of the year,
there are practically no fires. However, as the second half of the year approaches, we
are beginning to see a significant increase in the number of fires. The initial records of
burned areas in the series are concentrated in the northern sector of the basin, primarily
along the deforestation arc, where human activity is intense due to agriculture around
the Boa Esperança dam, the largest in the state of Piauí. This clearly demonstrates the
anthropogenic ignition of fires in this region. Between the months of July and October,
there is a significant occurrence of burned areas, which spreads from north to south. For
example, in September, the same area can be burned up to 15 times, as indicated by the
redder areas. Conversely, from November onwards, and particularly in December, the
frequency of fires decreases significantly, with less than four occurrences being recorded
(Figure 3).
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In general, fires in Brazilian territory reach their peak intensity, especially in the
Cerrado, during the months of July, August, and September. Between May and September,
the Cerrado records the lowest levels of relative humidity, due to the drastic reduction
in rainfall, the increase in air temperature, and the greater incidence of solar radiation
throughout the day [45]. These favorable environmental conditions, in conjunction with the
abundance of fine combustible materials (such as grasses, living or dead leaves, and thin
twigs with a diameter of approximately 6 mm) present in the environment, both from the
herbaceous layer and exotic species (e.g., Brachiaria decumbens), contribute to the occurrence
of fires [37].

Despite the occurrence of burned areas in the first months of the year, it is not possible
to observe an intensification in the frequency of these fires. This may be related to the
rainfall regime, which is greater at this time of year, in addition to coinciding with the
planting period of diverse cultures. In this context, the results observed are consistent with
those presented in [40] and [46], which indicate that fires in the region are concentrated in
seasons with low levels of rainfall and air humidity. Furthermore, the time series researched
depicts the seasonality of fire occurrences in the vegetation of the studied region. Regardless
of whether they are caused by humans or not, the occurrences are predominant in the
months of June, July, August, September, October, and November. This is a consequence
of a series of factors already mentioned, such as anthropogenic, meteorological, physical,
and environmental factors [47]. In fact, fires in the Cerrado and Caatinga are highly
seasonal. During the rainy season, from October to April, there is a significant increase in
the amount of biomass. In the dry season, from May to September, the biomass becomes
highly flammable and susceptible to the rapid spread of fire across vast areas of natural
vegetation [48].

Figure 4 illustrates the spatial variation of the mean value, standard deviation, maxi-
mum frequency, Z value of the MK test, and Sen’s slope of the annual trend of burned area
during 2003–2023, using AQ1KM data. The grids are 0.3 degrees × 0.3 degrees in size, and
the observed trends are statistically significant at the 95% confidence level.
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The basin exhibited an overall annual average burned area of 257.8 km2, with a
minimum of 5 km2 located in the central sector and on the eastern edges, and a maximum of
800 km2, visually concentrated in the western sector. The annual standard deviation did not
exhibit a discernible pattern, with 64% of grid pixels below 250 km2 and a maximum point
located in the lower sector of the basin, indicating high local variability and, consequently,
an area that requires monitoring by environmental managers.

Figure 4 illustrates the spatial trend patterns of the gridded burned area through
the Z value, which ranges from −3 to 3. Positive values indicate an “increasing trend”,
while negative values indicate a “decreasing trend”. The results show that the majority of
grids in the basin (65%) recorded an increasing trend, with maximum Z values scattered,
except in some grids in the western sector of the basin. Furthermore, the basin exhibited a
consistent distribution of burned area grids above the historical frequency, as evidenced by
the yellowish pixels, which indicated points of attention for local burned area anomalies.
During the period from 2003 to 2023, 10 points exhibited a burned area approximately
5 times above the historical standard deviation, and 24 grid pixels presented extreme
burned areas at least 4 times above the historical standard deviation.

The Sen’s slope map indicates a positive slope in the majority of the basin grids, with
values predominantly above 10. However, it also presents strong negative slopes, indicating
a low growth trend in the burned area. Figure 4a additionally depicts the highest averages,
indicating that, although there is a tendency for the burned area to decrease, the burning
estimates remain high. This indicates a necessity for further analysis to identify potential
statistical stabilization.

3.2. Spectral Separability Analysis

Figure 5 presents boxplot graphs for the AMAZÔNIA-1, BAI, and NDVI bands for the
pixel data samples from burned and unburned areas for the years 2021, 2022, and 2023.

It is observed that the visible bands did not present significant variations in the median
between the burned and unburned classes in all years. Of particular interest is the blue
band, which in the years 2021 and 2023 presented the same median value, approximately
0.15 and 0.28 for both classes, respectively. In contrast, the NIR band and the NDVI
exhibited the most pronounced differences in the median, particularly in the year 2023,
reaching a value of 0.24 for both. However, the NDVI presented a high standard deviation
for the unburned class, with the minimum point situated close to the median of the burned
NDVI. The BAI exhibited a comparable pattern to the NIR, though it exhibited instability
in the median values in 2021, with values of 0.26 in 2021, 0.07 in 2022, and 0.08 in 2023.
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In summary, the results demonstrate that AMAZONIA-1’s unitary visible bands
present certain limitations in detecting burned areas, which is a common occurrence in
multispectral scenes. As previously stated in the literature, the visible bands have reduced
sensitivity to heat, are susceptible to atmospheric interference, and encounter difficulties
in distinguishing different types of land cover and fire scars [2,49,50]. Conversely, for
image classification and photointerpretation, the composition of these bands provides a
strong indicator for the identification of burned areas. The NIR band and the derived
spectral indices (NDVI and BAI) have been demonstrated to be satisfactory in the detection
of forest fires, given that this band is spectrally sensitive to variations in the state of the
vegetation [51,52].

3.3. Burned Area by U-Net Classification

Figure 6 shows the U-Net training curves (epoch × loss) for AMAZÔNIA-1 spectral
data samples for the years 2021, 2022, and 2023.
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The U-Net model was trained using spectral data from AMAZÔNIA-1, and a loss
analysis was performed for the hydrographic basin under study to classify burned and
unburned areas. The results demonstrated that the dataset underwent a significant ad-
justment in the fourth epoch and subsequently stabilized from the fifth epoch onwards.
The loss value was found to be close to 0, thus demonstrating absolute stability for all
tests conducted with five epochs. The lowest loss estimate was presented for each test.
This analysis was of significant importance, as it enabled the identification of an optimal
hyperparameter configuration for the dataset, while simultaneously avoiding overfitting,
reducing computational cost, and minimizing processing time.

3.4. Accuracy Analysis

Figure 7 presents the spatial distribution of CE and OE in the classification of burned
areas in the river basin for the years 2021, 2022, and 2023 for the sample examples of
AMAZÔNIA-1 and AQ1KM.

The extent of the burned areas varied, influencing the degree of spatial conformity
of the reference data. For instance, smaller burned areas (<10 km2) led to an increase
in CE and OE in both AQ1KM and AMAZÔNIA-1, while larger (>10 km2) and more
compact areas demonstrated satisfactory compliance (Figure 7). Overall, AMAZÔNIA-1
exhibited the lowest error estimates and a commendable performance in DC. Nevertheless,
the two databases exhibited comparable error values, as evidenced by the CE for 2023,
where AMAZÔNIA-1 was 38.5% and AQ1KM was 43.4%. Furthermore, a pattern was
observed in CE and OE, with values that were relatively close to each other. This was
similar to the pattern observed in 2022, where there was a variation of approximately 7.5%
for AMAZÔNIA-1 and 4% for AQ1KM. DC also showed a pattern over the years, with the
lowest values observed in 2021 and the highest values observed in 2023 for both datasets.

Overall, a deficiency is related to the acquisition time of the AMAZÔNIA-1 image.
For 2021, there was an advance of 11 days, for 2022, an advance of 4 days, and for 2023, an
advance of 13 days in relation to the acquisition time of the reference product which is a
monthly compilation. This discrepancy may explain the CE and OE values observed. In
environmentally unstable areas, such as when comparing maps of burned areas, even a dif-
ference of a few days can be crucial for a quality analysis [53]. Melchiorre and Boschetti [54]
concurred with our analysis by calculating burned area persistence time to estimate the
period during which burned areas are detectable using remote sensing change detection.
The authors highlighted that the persistence time of the burned area varied considerably
in time and space, differing between terrains. The authors observed that the variability in
the persistence times of burned areas differed not only between land cover classes but also
within and between the same class, depending on the biome and spectral domain. They
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noted that the persistence times of burned areas in grasslands and savannas (similar to
the Cerrado and Caatinga) were short and relatively uniform due to the fine fuels and fuel
loads typical of fires in these areas. De Carvalho et al. [55] demonstrated in studies carried
out in the Cerrado that the average dates reported for fire scars allow accurate detection
within 1 day for large fires and typically within 2 days for small to medium-sized fires. This
finding highlights the importance of using the most appropriate products for burned areas.
However, the 1 km spatial resolution of AQ1KM increased detection errors in relation to
AMAZONIA-1, showing better EO and EC values.
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In contrast, another deficiency that can be observed in both datasets is related to
low-severity fire events. For AMAZONIA-1, despite the spatial resolution (64 m), low-
severity fires and vegetation in the post-burn regeneration phase can cause CE and OE,
respectively, in their detection. This is because the affected vegetation has high sensitivity
in the Short Wavelength InfraRed (SWIR) band, which is not included in AMAZÔNIA-1,
and the visible bands, as previously mentioned. This limits the capacity of the system
for detecting targets at this burn stage [56]. Although the NIR band is included and
BAI and NDVI are employed as supporting resources, these three spectral resources may
still be inadequate for detecting low-severity fires and vegetation in the regeneration
phase. Campagnolo et al. [57] demonstrated that the Cerrado and Caatinga biomes can be
used as a representative of other savanna-like biomes to improve operational mapping of
burned areas. The study found that combining appropriate temporal, spatial, and spectral
resolutions can lead to more accurate results. In particular, the study highlights the necessity
for an Earth observation instrument with daily global coverage, a GSD exceeding 250 m,
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and a bandwidth of 2.1–2.2 µm. The shortcomings identified in the AMAZONIA-1 dataset
are also evident in the AQ1KM product, with the latter exhibiting a more pronounced
deficiency due to its low spatial resolution. It is, however, important to note that the
AQ1KM product is based on MODIS Level 1B 1 km V5 scenes, which include NIR and
SWIR bands. These bands are sensitive to the spectral signal of areas that have been burned
at different stages and are capable of detecting changes in vegetation health during periods
of weekly aggregated scenes [21]. The linear regression for analyzing the spatial conformity
between the AMAZÔNIA-1 and AQ1KM products and the reference data is shown in
Figure 8, which depicts the results in a 10 km x 10 km pixel proportion grid.
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The correlation and RMSE values for the pixel grid regression exhibited a similar
pattern of behavior for the CE and OE. The most favorable performance was slightly
observed for AMAZÔNIA-1, with correlations above 0.7 for all years and RMSE values
close to 1. In contrast, AQ1KM presented correlation values below expectations, particularly
in 2019, with a correlation of <0.5 and RMSE > 1. However, there was an improvement in
2023. Conversely, the analysis of the results based on the 10 km × 10 km grid reduced the
high dispersion of the smaller proportion areas. As illustrated in the graph, grid pixels
with an aspect ratio below 30% exhibited a greater fit to the straight line, as in 2019 and
2023, approximately below 40%.

To achieve higher accuracy in the classification of satellite images, we employed
the U-Net network. The network structure proposed in this study is based on a fully
convolutional architecture, which preserves semantic information integrity to produce
clearer and more accurate results. The U-Net classification algorithm proved instrumental
in detecting data from the AMAZÔNIA-1 satellite, which is of particular importance for
Brazil due to its vast territory, which is often obscured by clouds for a significant portion of
the year. As demonstrated by Piao and Liu [58], the high-performance algorithm notably
enhanced fire detection even in challenging conditions and in the absence of supplementary
spectral resources. This is of particular significance in our study area, which is characterized
by a multitude of spectral complexities, including cloud shadows, topography-induced
shadows, and bodies of water, that can be mistaken for burned areas.

The MapBiomas data proved to be an invaluable reference product for research and
development. They were particularly useful in analyzing different patterns and mutually
validating them through spatial analysis. The potential of the MapBiomas product for
mapping and validating burned areas was also recognized. However, the developers noted
that future adjustments are necessary for tropical regions [59]. Therefore, global products
remain a reliable source for operationalizing and analyzing socio-environmental losses
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associated with tropical forest fires, in the absence of a national product that does not
require algorithm adjustments [9,60,61].

It is pertinent to note that the frequency and statistical trend analysis conducted in this
article has enabled the identification of recurring patterns of fires over time, particularly in
the northern sector of the river basin. Furthermore, it has provided insight into the factors
that influence these events and the precise observation of the months with the highest
occurrence of fires, especially in the second half of the year. This information can guide
managers on where to act more intensively and how to allocate resources to combat and
prevent fires.

4. Conclusions

This study compares two national burned area mapping products, AMAZÔNIA-
1 and AQ1KM, concerning their agreement and disagreement on spatial and temporal
scales. The focus is on river basins located in a transition area between the Cerrado
and Caatinga biomes, which frequently change land use and coverage. These changes
affect the functioning of the region’s water resources. The analysis is limited to temporal
coverage of area burned products and reveals significant variations in estimates of total
area burned, location, frequency, and timing of burning. The results of this research can
guide future stratification strategies for validation efforts, ensuring the accurate capture of
environmental impact phenomena through national remote sensing datasets and products.

It is of the utmost importance to have accurate information regarding the extent
and distribution of burned areas, as this is crucial for regional and global environmental
studies, as well as firefighting efforts. The increasing availability of medium-spatial-
resolution satellite data presents new opportunities for regional burned area monitoring,
both independently and in support of low-resolution monitoring.

Despite certain limitations, the data obtained from AMAZÔNIA-1 and AQ1KM proved
to be highly effective in identifying fire-affected areas, providing significant spatial and
temporal analysis capabilities. The AMAZÔNIA-1 satellite is capable of identifying burned
areas exhibiting different patterns, as it has specific bands to obtain spectral indices of
burns and vegetation. Furthermore, its spatial resolution and extensive coverage permit
the detection of burned areas of smaller extents. The area covered by the satellite is
approximately 850 km. Conversely, AQ1KM, with its extensive historical database on
burned areas, enables the conduct of time series statistics and the identification of patterns,
not only for Brazil but also for the entirety of South America. It is noteworthy that the
Program team Queimadas from INPE has indicated that the AQ1KM product is currently
undergoing validation, at a provisional maturity level. Furthermore, product quality
control is underway. Finally, the methodology employed in this study demonstrates its
utility in the creation of maps and the acquisition of information that identifies areas of
native vegetation and springs affected by fire. This has enhanced our understanding of
the effects of fire in river basins with a high anthropogenic impact and has improved our
ability to monitor water resources in the Cerrado and Caatinga biomes, with potential
applicability to other biomes as well.
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Abbreviations
This section provides a list of acronyms and abbreviations used in the text.

Acronyms Meaning
ANA National Water and Basic Sanitation Agency
BAI Burned Area Index
BHO Ottocoded Hydrographic Base
Corr Correlation
CE Commission Error
DC Dice Coefficient
GEE Google Earth Engine
GSD Ground Sampling Distance
IPAHN Amazon Environmental Research Institute
ITCZ Intertropical Convergence Zone
LASA Laboratory of Environmental Satellite Applications
MK Mann–Kendall
MODIS Moderate-Resolution Imaging Spectroradiometer
NIR Near-Infrared
NDVI Normalized Difference Vegetation Index
OE Omission Error
OLI-2 Operational Land Instrument 2
ReLU Rectified Linear Unit
RMSE Root Mean Square Error
SWIR Short-Wave Infrared
UFRJ Federal University of Rio de Janeiro
TSA Thiessen Scene Area
WFI Wide Field Imaging Camera
WMO World Meteorological Organization
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