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Abstract

Environmental degradation and soil desertification are among the most severe environmen-
tal issues of recent decades worldwide. Over time, these processes have led to increasingly
extreme and highly dynamic climatic conditions. In Brazil, the Northeast Region is charac-
terized by semi-arid and arid areas that exhibit high climatic variability and are extremely
vulnerable to environmental changes and pressures from human activities. The application
of geotechnologies and geographic information system (GIS) modeling is essential to miti-
gate the impacts and pressures on the various ecosystems of Northeastern Brazil (NEB),
where the Caatinga biome is predominant and critically threatened by these factors. In this
context, the objective was to map and assess the spatiotemporal patterns of land use and
land cover (LULC), detecting significant trends of loss and gain, based on surface reflectance
data and precipitation data over two decades (2000-2019). Remote sensing datasets were uti-
lized, including Landsat satellite data (LULC data), MODIS sensor data (surface reflectance
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product) and TRMM data (precipitation data). The Google Earth Engine (GEE) software
was used to process orbital images and determine surface albedo and acquisition of the
LULC dataset. Satellite data were subjected to multivariate analysis, descriptive statistics,
dispersion and variability assessments. The results indicated a significant loss trend over
the time series (2000-2019) for forest areas (Zyx = —5.872; Tau = —0.958; p < 0.01) with
an annual loss of —3705.853 km? and a total loss of —74,117.06 km?. Conversely, farming
areas (agriculture and pasture) exhibited a significant gain trend (Zyx = 5.807; Tau = 0.947;
p < 0.01), with an annual gain of +3978.898 km? and a total gain of +79,577.96 km?, indicat-
ing a substantial expansion of these areas over time. However, it is important to emphasize
that deforestation of the region’s native vegetation contributes to reduced water production
and availability. The trend analysis identified an increase in environmental degradation
due to the rapid expansion of land use. LULC and albedo data confirmed the intensification
of deforestation in the Northern, Northwestern, Southern and Southeastern regions of
NEB. The Northwestern region was the most directly impacted by this increase due to
anthropogenic pressures. Over two decades (2000-2019), forested areas in the NEB lost
approximately 80.000 km?. Principal component analysis (PCA) identified a significant
cumulative variance of 87.15%. It is concluded, then, that the spatiotemporal relationship
between biophysical conditions and regional climate helps us to understand and evaluate
the impacts and environmental dynamics, especially of the vegetation cover of the NEB.

Keywords: MODIS sensor product; MapBiomas Brazil; Mann-Kendall and Sen’s slope;
LULGC; land degradation; regional climate variability; Google Earth Engine

1. Introduction

Land degradation is frequently studied and reported in research as one of the major en-
vironmental problems causing imbalances in the natural environment and socio-economic
conditions at local, regional and global scales [1-7]. In recent decades, environmental
degradation has intensified due to climate change and anthropogenic pressures, where
their combined effects have been altering landscape patterns and terrestrial ecosystem
mechanisms, especially in the semi-arid and arid regions of the world [8-15].

In Brazil, studies have been warning that the ecosystem services of biomes are in-
creasingly affected by the inability to provide climate control, maintain natural soil fertility
and ensure water and energy availability [14,16]. The situation is particularly evident in
the Caatinga biome, where these factors have been causing complex processes such as
desertification over time [17-22].

The Northeastern Brazilian region (NEB) and its semi-arid areas have high vulnera-
bility to climate effects, with studies identifying processes such as reduced precipitation,
increased temperature and evaporation, most notably, the intensification of drought in
terms of frequency, duration and magnitude [23-28]. Additionally, these regions also
face pressures from human activities, which have been altering land use and land cover
conditions through degrading actions such as deforestation, burning, intensive agricultural
practices and improper land management, among other impacts that contribute to the
intensification of environmental degradation processes [17,29,30].

The NEB has historically been neglected compared to the level of research conducted
in other regions of Brazil, making it difficult to promote modern, decentralized and partici-
patory public policies for effective pre-planning and decision-making. Given these issues
and considering the significant current challenges, understanding and quantifying the
spatiotemporal patterns of land cover in the NEB is essential to guide more effective public
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policies and mitigation strategies for recurrent environmental impacts in arid and semi-arid
regions [14,22,24].

Recently, there has been a notable increase in mapping levels in Brazil, which, in
both past and current contexts, have provided effective support for direct applications in
Earth sciences studies [14,24,31,32]. For example, the MapBiomas project, which is a global
reference in the production and mapping of land use and land cover (LULC) data through
geospatial monitoring of transformations in Brazilian territory, among others, utilizes
remote sensing datasets and satellite imagery combined with GIS modeling and cloud-
based digital processing in Google Earth Engine (GEE) [33,34]. Based on this database, the
present study aims to characterize significant change trends over time, particularly in areas
of forest cover, agriculture, non-vegetated land and water resources in the NEB.

In this context, statistical modeling of LULC data through multivariate analysis and the
non-parametric Mann-Kendall test was applied to identify change patterns and significant
correlations in the trends of loss and gain in the time series [35-37]. The objective is to
enhance the understanding of the variability dimensions of land use change in response to
climate change and anthropogenic pressures [16], generating results for adequate planning
and adaptation management under current and future conditions.

Additionally, multitemporal data from the MODIS sensor was incorporated into the
present study to determine surface albedo at a regional scale, as most studies focus only on
a local scale. Albedo is a fundamental biophysical parameter for understanding surface
alteration processes, as it is associated with LULC and functions as an indicator of climate
and anthropogenic change impacts. It is one of the main components of the surface energy
balance, meaning it controls climatic and environmental conditions as well as the Earth’s
radiation absorption processes, which can affect processes such as evapotranspiration,
photosynthesis and plant respiration [38—41].

Given the issue of global environmental degradation, it is essential to adopt re-
mote sensing technologies and geospatial modeling that offer high applicability, cost-
effectiveness and operational efficiency. These tools help bridge gaps related to the lack
of agro-environmental data at local and regional scales, enabling more precise and com-
prehensive analyses. In NEB, land degradation and changes in the LULC are driven by
climatic and anthropogenic factors, generating significant socio-environmental impacts.
However, there remains a shortage of studies integrating long-term time series, advanced
digital processing techniques and robust statistical methods to assess these transformations.
Understanding LULC trends over time is crucial for supporting mitigation and adaptation
strategies, providing a basis for the sustainable management of natural resources in the
region. This necessity justifies the present investigation.

In Northeastern Brazil, the concurrent action of climatic and anthropic pressures on
a semi-arid-humid-dry gradient that crosses multiple biomes constitutes a problem that
generates heterogeneous environmental responses. These pressures modify annual LULC
patterns, alter surface properties (e.g., albedo), influence the levels of degradation and
desertification, and intensify fragmentation. The effects extend beyond biome bound-
aries, with direct implications for water availability, agro-environmental productivity, and
thermal regulation [6,8,14,18,20].

Despite sectoral advances, a knowledge gap persists, as there is a lack of integrated,
annual, multi-biome assessments that treat NEB as a continuous system and quantify,
with the same taxonomy and resolution, the spatial dynamics and trends of LULC along
the semi-arid-humid—-dry gradient. Available evidence remains fragmented by biome or
administrative boundaries, which prevents comparability of metrics in space and time, hin-
ders the identification of inter-biome connections (hydrology, degradation, fragmentation),
and limits the detection of spillover effects and changes in surface properties. This gap
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restricts operational diagnoses and the calibration of regional public policies, reinforcing
the need for an approach that produces consistent indicators of magnitude and direction of
change for the entire NEB, as proposed in this investigation.

Thus, analyzing NEB as a contiguous territory allows measurement of humid—dry
transitions with harmonized annual series (2000-2019) and derivation of comparable
indicators of cover loss/gain, albedo variations, and degradation patterns. This framework
strengthens the usefulness of results for territorial planning, risk management, and climate
adaptation, overcoming thematic fragmentation and enabling operational diagnoses for
regional-scale public policies, justifying the proposal of this research.

In this study, the innovation lies in treating NEB as a contiguous mosaic under con-
trasting climatic conditions, using harmonized annual LULC series (2000-2019) and re-
producible trend metrics to estimate comparable magnitudes and directions of change
among biomes, in addition to understanding biophysical parameters such as albedo using
a practical and effective language for spatiotemporal monitoring through automatic cloud
processing associated with machine learning-based models. By articulating the continuous
regional delineation with time series statistics and biophysical variables derived from
remote sensing, the work overcomes thematic fragmentation, offering a unified framework
to assess semi-arid—humid-dry transitions and their implications for ecosystem services
and environmental governance.

In this context, the (i) problem of this research is summarized (climatic and anthro-
pogenic pressures acting on the semi-arid—dry—humid gradient and their inter-biome effects
in NEB); (ii) the gap (lack of integrated, annual, and comparable assessments that treat
NEB as a continuous system); (iii) the justification (relevance of the contiguous regional
delineation and the harmonized treatment of LULC series associated with robust sets of
remote sensing); and (iv) the research contribution (analytical integration of the magnitude
and direction of environmental changes and indicators applicable to management and
public policies).

This study aimed to spatiotemporally map and analyze annual land use and land cover
change patterns using satellite data and GIS modeling, identifying significant loss/gain
trends over two decades (2000-2019) in NEB and its ecosystems. The specific objectives
were to quantify the variations in LULC classes over the analyzed period, relating forest
areas with farming, and water with non-vegetated areas; to determine the spatial and
temporal patterns of LULC using remote sensing data and multivariate statistics; and
to apply the non-parametric Mann—-Kendall and Sen tests to estimate the magnitude of
temporal changes and identify statistically significant trends.

With this study, we expect to provide a robust diagnosis of the spatiotemporal land
use and land cover (LULC) trends in Northeastern Brazil (NEB) over two decades, iden-
tifying degradation patterns and the expansion of agricultural areas. Additionally, we
intend to assess the influence of climate change, particularly rainfall variability, on these
transformations. The findings may contribute to the formulation of environmental pub-
lic policies and conservation strategies, supporting decision-making processes aimed at
regional sustainability.

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

The study area is the Northeastern region of Brazil (NEB), located within the following
geographical coordinates: southern latitudes from 1°27’ S to 18°19’ S and western longi-
tudes from 34°45’ W to 47°12' W (Figure 1). It is noteworthy that the NEB covers a total
area of 1,553,402 km?, which represents approximately 18.24% of Brazilian territory [42].
Based on the Koppen climate classification map for Brazil from the modified methodology
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of Alvares et al. [43], it is highlighted that the climate of the NEB has in its interior, the
predominant climate is Semi-arid (BSh), characterized by low annual precipitation (<800
mm), high evaporation rates and prolonged drought periods. In contrast, the coastal region
is dominated by the Tropical Savanna (Aw) and Tropical Monsoon (Am) climates, which
have higher water availability and an annual precipitation ranging from 1000 to 2500 mm,
distributed throughout the year [14,43].

47°12'W 43°3'W 38°54'W 34°45'W  47°12'W 43°3'W 38°54'W 34°45'W
(b)

1°27'S

9°53'S 5°40'S

14°6'S

Elevation (m)

'] South America
/3 Brazil

/] Northeastern Brazil

Data source: Shapefile/IBGE; Elevation/INPE;
LULC data/MapBiomas Brazil

18°19'S

Value
p High:2033
- Low:0

N
77 Northeastern Brazil (NEB) A

Geographic Coordinate System
DATUM: WGS84 - Zones 23, 24 and 25 South

LULC (2019) ;7 NEB States

— T Jkm

€7 Northeastern Brazil (NEB) 0o 18 370 740 1110 1480

Figure 1. Spatial location of the study area, Northeastern Brazil (NEB), with emphasis on the location
at national and continental level (a), also emphasizing the LULC (b) and elevation (c) data from NEB.

The maps present LULC data (Figure 1a,b) based on the thematic classification of
the MapBiomas Project, as well as the digital elevation model (DEM) (Figure 1c) derived
from the Shuttle Radar Topography Mission (SRTM) project, provided by the United States
Geological Survey (USGS) and the National Institute for Space Research (INPE), both with
a spatial resolution of 30 m. The thematic maps are georeferenced using the Geographic
Coordinate System “DATUM: WGS1984”, covering zones 23, 24 and 25 South (Figure 1).

We selected NEB as the experimental field because it concentrates, in a contiguous
manner, the largest portion of Brazilian drylands while simultaneously integrating multiple
climatic regimes and four biomes directly aligned with the scope of Land (climate-soil—-
water-biodiversity-land use interactions) [44,45]. Geographically and environmentally,
NEB describes a zonal gradient extending from the humid coast (Am/Aw) to the semi-arid
interior (BSh), which enables the investigation of spatiotemporal dynamics emerging from
transitions between semi-arid—dry—humid domains with greater spatial robustness than a
restricted delineation to the Brazilian Semi-Arid region [43].

From a biogeographical perspective, it is noteworthy that the NEB encompasses
important ecosystems (integrated multi-biome mosaic), including the Amazon biome,
which represents 7.35%; the Cerrado biome, covering 29.11%; the Atlantic Forest biome,
accounting for 10.05%; and the Caatinga biome, which constitutes 53.49% of the region [42].
The Caatinga biome occupies a total area of 830,205 km? within the NEB, with the Brazilian
seasonally dry tropical forest (Caatinga) prevailing at 63.30% [18,42].
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2.2. Processing, Statistical Tests and Classification of LULC Data (MapBiomas)
2.2.1. LULC Classification and Cloud Processing

The MapBiomas initiative includes collaborative applications and geospatial moni-
toring efforts not only in Brazil but also in other South American countries and Indone-
sia (https:/ /brasil. mapbiomas.org/iniciativas-mapbiomas/, accessed on 10 September
2025). The LULC data are publicly accessible, open access and free under the CC-BY-SA
license (https://brasil. mapbiomas.org/produtos/?category=maps, accessed on 10 Septem-
ber 2025) [34].

The LULC mapping process was carried out for each year, between 2000 and 2019, and
determined by emphasizing the majority classes of level 1 of collection 5 of the MapBiomas
product such as forest, non-forest natural, farming, non-vegetated area and water (https:
/ /mapbiomas.org/o-projeto, accessed on 10 September 2025). It is worth noting that
each of the major classes has its subclasses, which are configured as other levels of the
product. The forest class encompasses the subclasses: natural forest, natural forest, forest
formation, savanna formation, mangrove and forest plantation; the non-forest natural class
as subclasses: wetland, grassland formation, salt flat, rocky outcrop and other non-forest
formations; the farming class the subclasses: pasture, agriculture, temporary crop, soybean,
sugarcane, other temporary crops, perennial crop and mosaic of agriculture and pasture; the
non-vegetated area class the subclasses: beach and dune, urban infrastructure, mining and
other non-vegetated areas; and, the water class the subclasses: river, lake and ocean, and
aquaculture. However, it was not one of the objectives of this study to present other specific
levels of subclasses in the LULC maps. Highlighting that level 1 has greater accuracy and
statistical precision when compared to the other levels.

It is worth noting that, despite having new collections and LULC highlights with
technological advances and improvements in map production, MapBiomas data generally
follows a standardized basic methodology, using the same sensors over time, such as
the Landsat satellite series. In this regard, MapBiomas collections have similar statistical
validation and good statistical precision, justifying the use of any collection of interest. The
reasons for using MapBiomas, MODIS, and TRMM products were technical and logistical,
considering the objective of associating three different satellites in an annual spatiotemporal
analysis, which covers exactly the period from 2000 to 2019. Several studies have studied
the last two decades (2000-2020) in light of the intensified effects of climate change at
regional and global levels. And when it comes to the Brazilian Northeast, the decade
2010-2020 has been shown in several climate variability studies and multiscale projections
as one of the most remarkable periods. Where the challenges and impacts revolved around
reduced precipitation, increased temperature, and increased frequency and intensity of
droughts, with a marked water deficit, such as the prolonged severe drought from 2012 to
2019, which affected practically the entire NEB region, with impacts on vegetative resilience
as well as local and regional water availability.

The geospatial dataset used for the LULC classifications was based on multitemporal
data series from Landsat satellites, with a spatial resolution of 30 m, from the National
Aeronautics and Space Administration (NASA) and the United States Geological Survey
(USGS), with complete and specific characteristics available in the following access: (https:
//www.usgs.gov /landsat-missions /landsat-satellite-missions, accessed on 1 October 2020).
The orbital images were from Landsat-5, with the Thematic Mapper (TM) sensor, from
2000 to 2010 (except 2001 and 2002—due to technical problems); from Landsat-7, with
the Enhanced Thematic Mapper (ETM+) sensor, in 2001 and 2002, and 2011 and 2012;
and also from Landsat-8, with the Operational Land Imager (OLI) and Thermal Infrared
Sensor (TIRS) sensors, from 2013 to 2020. Thus, the top-of-atmosphere reflectance (TOA)
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and surface reflectance (SR) data from the USGS were used, accessed in the Google Earth
Engine (GEE) platform library, available at: (https://earthengine.google.com/).

The data are digitally processed using machine learning algorithms through the GEE
software, employing computational modeling and cloud-based digital processing [30].
The time series used in the present study corresponds to the thematic classification of
Collection 5, released in August 2020, using the “toolkit-lulc” as predefined scripts within
GEE, link to access the script code: https:/ /code.earthengine.google.com/b5b02c706eb181
be4f106368003667ba, accessed on: 1 October 2020. In GEE, digital data processing stands
out for the use of cloud-free Landsat compositions, based on specific time periods, which
aims to optimize spectral contrast and assist in class discrimination. In this regard, it is
worth highlighting the use of scripts for masking clouds and their shadows, which takes
advantage of the quality assessment (QA) band and the GEE median reducer, which can
improve data integrity by indicating which pixels may be affected or subject to cloud
contamination [46]. Scripts are available from the GEE library in the following ID codes: for
TM and ETM+ sensors (https:/ /code.earthengine.google.com/1eaa85c5dd5ec9bbfc5402ef1
83a28e2?noload=true, accessed on 10 September 2025) and for OLI/TIRS sensors (https://
code.earthengine.google.com/9841241f7ed93a37cal6cf6064241328?noload=true, accessed
on 10 September 2025) and (https://code.earthengine.google.com/4afa9376dd042029f6ea2
3eb0ef46422?noload=true, accessed on 10 September 2025).

Figure 2 presents the main methodological steps of the LULC classifications. In the
first step, all available satellite images for the period evaluated (2000-2019) were searched,
aiming to calculate the spectral indices and fractions for each of the satellite observations.
With this, representative annual mosaics were generated containing more than a hundred
layers or information metrics per pixel, based on the multispectral bands of the TM, ETM+
and OLI/TIRS sensors, specifically explaining the spatiotemporal behavior pixel by pixel.
Thus, a set of 20-year mosaics (a source of parameters that aims to classify images through
an algorithm) was produced to understand and optimize the conditions of specific spatial
and spectral contrasts, promoting better detection of LULC classes both between biomes
and between transversal themes (majority classes).

The second stage involved defining the feature space, where all the characteristic at-
tributes of the multispectral bands of the TM, ETM+ and OLI/TIRS sensors were derived to
train a machine learning-based model for each year, such as the automatic classifier /random
forest algorithm [47]. Thus, annual training samples were acquired for each of the biomes
(Caatinga, Cerrado, Atlantic Forest and Amazon) and cross-cutting themes (forest, non-
forest natural, farming, non-vegetated area and water). Based on the trained dataset for
the given years (2000-2019), the output data in the random forest was a thematic map
of LULC by year. Some specific subclasses have exceptions and were detected using the
U-Net convolutional neural network (CNN) classifier, such as aquaculture belonging to the
water class, and irrigated agriculture (central pivot) inserted in the farming class (Figure 2).

In the third stage, spatiotemporal filters were applied to the LULC classification data,
aiming at noise removal and temporal stabilization. It is noteworthy that the spatial filter
aimed to increase the spatial consistency of the LULC data, for example, by suppressing
isolated or edge pixels. Also, to fill gaps related to Landsat-7 issues, a gap-filling algorithm
was applied to each scene (USGS—https:/ /www.usgs.gov/media/files/landsat-7-slc-gap-
filled-products-phase-one-methodology, accessed on accessed on 10 September 2025). This
employed a multitemporal mosaic strategy, selecting appropriate pixels from different
dates to fill the remaining gaps after gap filling.

Gap filling was implemented early in the post-classification process, assigning a label
to any missing pixel based on the previous or subsequent LULC classification. It is worth
noting that MapBiomas multitemporal approach significantly reduces reliance on a single
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Landsat-7 image or scene (Figure 2). In this context, customized rules were defined for
each class, as well as applied to each of the pixels in each year (neighborhood rules that
can change the pixel classification), given as a criterion: if the number of neighboring
pixels of the same class is less than 2 pixels out of a total of 9 neighbors, the pixel was
reclassified to the predominant class of the neighborhood. The temporal filter aims to
reduce inconsistencies (incoherent or unauthorized changes in land cover) and correct
errors due to excessive cloud cover or even the absence of data. Therefore, each pixel has
its classification history evaluated, where temporal consistency rules are applied with at
least 100 filter rules.

LANDSAT IMAGES LANDSAT MOSAICS
FOREST

NON FOREST NATURAL
FORMATION
o 1 FARMING
l NON VEGETATED AREA

WATER
L1

CAATINGA
CERRADO
ATLANTIC FOREST
AMAZON

EACH PIXEL PER YEAR/MOSAIC: 105
METRICS OR LAYERS OF INFORMATION

RANDOM FOREST U-NET

CAATINGA, CERRADO, ATLANTIC AQUACULTURE AND IRRIGATED
FOREST, AMAZON AGRICULTURE (CENTRAL PIVOT)

CLASSIFICATION LANDSAT DATASET

SPATIOTEMPORAL FILTERS: SET OF ¥
PREVALENCE RULES
Spatial, Temporal, Frequency, Gap Fill

> INTEGRATION PIXEL TO PIXEL:
@9‘ * Hierarchical overlay of each mapped class
ZONAL STATISTICS OF MAPPED CLASSES:

Biomes, States and Municipalities, Watersheds,
Among Others

STATISTICAL VALIDATION: ACCURACY
Error assessment analysis of Collection 5.
~70.000 spatially independent random samples
replicated for each year (2000-2019).
Visual interpretation from: Landsat data;
MODIS-NDVI times series;
High-resolution imagery from Google Earth.
Results: Global accuracy = 91% — Area
disagreement = 2% — Allocation disagreement =
7%

POST
CLASSIFICATION

INTEGRATION

STATISTICS

L2700 2700 2000 2N 2

ACCURACY

Figure 2. Methodological steps of geospatial processing and classification of LULC data, highlighting
the set of mosaics, classifiers/algorithms, spatiotemporal filters, pixel-by-pixel integration, zonal
statistics and data accuracy analysis.

In the fourth stage, each LULC class was integrated into an annual map (overlapping
map), thus representing the land cover data for the entire study area and for each year
analyzed. In this context, given the concern regarding the overlapping of classes, specific
prevalence rules were applied considering the particularities of each biome and cross-
cutting theme (Figure 2). For example, in cases of classifying the same pixel in two different
class mappings, it is possible to decide to which the given pixel actually belongs in the final
map product. And due to the consequence of this integration process, LULC went through
another stage of spatial filtering to clean up edges and loose pixels.

In the fifth stage, the zonal statistics of the LULC classes mapped to different spatial
units such as biomes, states and municipalities, among other regions of interest, were
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calculated (Figure 2). Likewise, LULC data were calculated for different categories of envi-
ronmental variables, which involved geomorphological and pedological data, hypsometry
data, vegetation and slope data [42,48,49]. However, in this research, zonal statistics were
calculated for the entire Northeast region of Brazil.

In the sixth stage, for the analysis of accuracy and error assessment, validation with
independent points, a reference database was used that encompasses the entire territorial
extension of the biomes: Caatinga (9738 samples), Cerrado (21,290 samples), Atlantic
Forest (14,497 samples) and Amazon (25,258 samples), composed of approximately a total
of 70,000 spatially independent random samples (Figure 2), where a stratified sampling
strategy by two levels, being the junction of every four IBGE letters (1:250.000) and based
on the slope classes of the Brazilian Agricultural Research Corporation—EMBRAPA, which
were replicated for each of the years of the spatiotemporal analysis. Assessment points for
the entire NEB totaled 17,907 spatial samples. To acquire the validation samples, practices
proposed by Stehman and Fody [50], Stehman et al. [51] and Olofsson et al. [52] were
followed. A total sample size was established to ensure a maximum margin of error of
5% and a confidence level of 95% (https:/ /brasil. mapbiomas.org/pontos-de-validacao/,
accessed on 10 September 2025). The reference samples were labeled according to the
LULC classification, produced from visual interpretations using a sample evaluation using
the Temporal Visual Inspection (TVI) web platform, developed by the Remote Sensing
and GIS Laboratory of the Federal University of Goids (Lapig/UFG), extracting data from
the Landsat satellite series, through RGB compositions, used for the collection of training
samples and also for the evaluation of accuracy by visual interpretation, by the MODIS-
NDVI product and high-resolution images from Google Earth [53].

Therefore, the mapping quality as a function of reference satellite data was subjected
to statistical accuracy metrics, using the population error matrix for estimates of global,
user and producer accuracies (Figure 2) based on Stehman [51], and Stehman and Fody [50].
These metrics were evaluated for each year, based on cross-tabulation of sample counts
for mapped and reference classes, including accuracy criteria and rate of omission and
inclusion errors for each LULC class [54]. Further details on the overall accuracy and
precision assessment of land cover mapping and other important methodological specifics
can be accessed from the following link: https://brasil. mapbiomas.org/estatistica-de-
acuracia/colecao-5-0/, accessed on 10 September 2025 [53].

2.2.2. Estimation of Spectral and Surface Indices, Predictor Variables and Their
Statistical Reducers

The characteristic input data for the actual LULC classification process included a
robust set of at least 100 variables, with emphasis on the reflectance bands and thermal
bands of the satellites (Table 1), as well as the determination of vegetation indices and
estimation of other predictor variables (Table 2) derived from the spectral modeling process.

Table 1 presents the characteristics of the satellite/sensor bands used as input to the
LULC map production and classification process. It should be noted that in this process, all
bands were subjected to statistical analysis using a set of statistical reducers to evaluate the
spectral data pixel by pixel and band by band.

Table 2 presents specific methodological processes for spectral vegetation indices,
which were determined from satellite/sensor bands, as well as highlighting the estimation
of other indices and fractions of predictor variables used as input data to classify the LULC
for the NEB region. It is noteworthy that the numerical values observed in some equations
favor the stabilization of atmospheric conditions according to the specific patterns of the
study area, which involves different biomes, favoring the reduction in the residual effects
of aerosols.
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Table 1. Landsat satellite series multispectral bands and statistical reducers for LULC classification.

Statistical Reducers

Satellite Multispectral Band Band Description Wavelength (um) per Band
B1 Blue 0.45-0.52
B2 Green 0.52-0.60
B3 Red 0.63-0.69
Landsat-5 B4 Near infrared—NIR 0.76-0.90
TM and Landsat-7 Shortwave infrared
ETM+ B5 1—SWIR1 1.55-1.75
B6 Thermal infrared 10.40-12.50 .
Shortwave infrared Minimum;
B7 2.08-2.35 Annual median;
2—SWIR2 .
Dry season median;
B2 Blue 0.45-0.51 Rainy season median;
B3 Green 0.53-0.59 Standard deviation
B4 Red 0.64-0.67
Landsat-8 B5 Near infrared—NIR 0.85-0.88
OLI/TIRS Shortwave infrared
B6 > SWIRL 1.57-1.65
Shortwave infrared
B7 > SWIR2 2.11-2.29
B10 Thermal infrared 10.60-11.19
Source: Adapted from USGS/NASA [55].
Table 2. Subset of the feature space from the Landsat image mosaic classification, highlighting
spectral and surface indices and predictor variables used for LULC classification.
Spectral Index Equation Source/Authors Statistical Reducers
per Band
Cellulose Absorption B
Index—CAI CAI = SWIR2/SWIR1 Nagler et al. [56]
Enhanced Vegetation Index EVI2=2.5 x (NIR — Red)/(NIR + 2.4 X
> EVI?2 Red + 1) Parente et al. [57]
Green Chlorophyll _ B i .
Vegetation Index—GCVI GCVI = (NIR/Green — 1) Burke et al. [58] ?/[mp'htude.,
Hall Cover Hall Cover = (- Red x 0.017 — NIR X Hall et al. i
0.007 — SWIR2 x 0.079 + 5.22) [59] nimuim,
Normalized Difference NDVI = (NIR — Red)/(NIR + Red) Rouse et al. [60] DAmual medlf;l" :
Vegetation Index—NDVI - : r}%se'zason median,
Normalized Difference NDWI = (NIR — SWIR1)/(NIR + Gao et al. amY;’,ea?"“
Water Index—NDWI SWIR1) [61] median,;
. . _ Standard deviation
Normalized Difference NDFI = (GV — (NPV + SOIL))/(GV + USGS
Fraction Index—NDFI NPV + SOIL)

Photochemical Reflectance

PRI = (Blue — Green)/(Blue + Green)

Gamon et al. [62]

Index—PRI
Soil-Adjusted Vegetation SAVI=1.5 x (NIR — Red)/(NIR + Red +
Index—SAVI 0.5) Huete et al. [63]
Surface Index Equation Source/Authors Statistical reducers

per band

Hall’s Forest Cover

Hall’s Forest Height

HFC = —0.017 x RED — 0.007 x NIR —
0.079 x SWIR2 + 5.22

HFH = —0.039 x RED — 0.011 x NIR —
0.026 x SWIR1 +4.13

Annual median;
Dry season median;
Rainy season
median
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Table 2. Cont.

Statistical reducers

Index/Fraction Equation Source/Authors
per band
Green Vegetation GV = Fractional abundance of green Souza et al. [64]
Fraction—GV vegetation within the pixel '
Green Vegetation Shade B . Housman et al.
Fraction—GVS GVS =GV/(GV + NPV + Soil + Cloud) [65]
Normalized Difference NDFI = (GVS — (NPV + Soil))/(GVS + ) )
Fraction Index—NDFI (NPV + Soil)) Souza et al. [64] zidmp_htude,
- ; aximum;
Non-photosynthetic NPV = Fractional abundance of Minimum,

Vegetation Fraction—NPV

Savanna Ecosystem Fraction
Index—SEFI

Shade Fraction—Shade

Soil Fraction—Soil)

Wetland Ecosystem Fraction

non-photosynthetic vegetation within
the pixel
SEFI = (GV + NPV_S — Soil) /(GV +
NPV_S + Soil)
Shade = 100 — (GV + NPV + Soil +
Cloud)
Soil = Fractional abundance of soil
within the pixel
WEFI = ((GV + NPV) — (Soil +

Souza et al. [64]

Alencar et al. [66]

Housman et al.
[65]

Souza et al. [64]

Rosa [67]

Annual median;
Dry season median;
Rainy season
median;
Standard deviation

Index—WEFI Shade))/((GV + NPV)) + (Soil + Shade))
Mixtill?:‘::;lysis Equation Source/Authors Statis;ieiall):flc:lucers
Green Vegetation GV =SMA(GV) x 100 Fraction
Soil SOIL = SMA(Soil) x 100 from SMA
FNS =100 x (GVshade —
Forest/Non-Forest SOIL)/(GVshade + SOIL) + 100 Adapted Annual median;
Index GVshade = GV + |GV + NPV + SOIL — from NDFI Standard deviation
100
Scaled WEFI = ((GV + NPV) — (SOIL + Fraction
Water-Enhanced SHADE))/((GV + NPV) + (SOIL + from SMA

Forest Index

SHADE)) x 100 + 100

Land Slope

Global digital surface model: 30 m

Tadono et al. [68]

Source: Adapted from MapBiomas Project [69].

The complete development processes for LULC production can be explored in the

Algorithm Theoretical Base Document (ATBD), available at: https:/ /brasil.mapbiomas.org/
download-dos-atbds-com-metodo-detalhado/, accessed on 10 September 2025. As well
as the main processing codes employed are publicly available in the GitHub repository:
https:/ /github.com/mapbiomas-brazil, accessed on 10 September 2025 [34].

Studies aligned with the platform’s objectives include monitoring native vegeta-
tion areas, focusing on mapping the loss and resilience of natural vegetation cover
in biomes [22,70,71], monitoring pasture areas, evaluating their quality and degrada-
tion [72,73], and assessing agricultural areas, with emphasis on the evolution of irrigation
and mapping of diverse crops [66,74]. Additionally, MapBiomas enables the monitoring of
water resources, mapping hydrological coverage patterns of rivers, lakes and reservoirs
across various strategic regional levels [75,76], as well as tracking urban infrastructure
expansion and non-vegetated areas, among other cross-cutting themes [1,71,77].

2.2.3. Mann—Kendall and Sen’s Slope Trend Tests in LULC Data

Based on the quantitative values of the thematic classifications from the annual Map-
Biomas maps, the non-parametric temporal trend tests of Mann—-Kendall and Sen’s slope
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were applied [78-80] to analyze the significant trends of loss and gain in land use and land
cover classes between 2000 and 2019. In this context, the aim was to identify landscape dy-
namics change patterns and assess the impacts of change in response to climate variability
and pressures from anthropogenic activities [35,81].

Mann-Kendall is a non-parametric trend test that does not assume a specific data
distribution but requires consistent time series data. Thus, the autocorrelation function test
was applied to verify whether the time series variables were independent of each other. The
Mann-Kendall test was not applied to dependent variables [82,83]. However, the modified
Mann-Kendall test was applied to variables that exhibited autocorrelation [84].

The null hypothesis (hg) of the test states that there is no trend in the data, while
the alternative hypothesis (hj) indicates that the data exhibit a monotonic trend. The
Mann-Kendall test statistic (S) is described by Equation (1) [78,79].

n-1 n
S=)_ ) Sgn(x—x) (1)
i=1j=it1

where n corresponds to the number of data points; x; and x; are data in time series i and j
(j > i), respectively, and Sgn (x; - x;) is defined by Equation (2).

+1if (x—x;) > 0
Sgn (xj —xi) = ¢ 0if (xj—x;) =0 2)
-1if (xj—%) < 0

When the number of observations (n) is large, the probability distribution S con-
verges to a normal distribution with zero mean and variance (Var(S)) defined according to
Equation (3).

[n(n—1)(2n+5)-LL, ti(t — 1)(2t+5)
13 ©)

where n is the number of data points; t;—number of values in the i-th group; g—number of

Var(S) =

groups containing repeated values.

The Mann—Kendall test statistic is estimated through the observed value for the
variable Zyx, where the statistical value S can be transformed into Zyk, according to the
conditions given in Equation (4).

S-1_ifS > 0
Var(S)
MK = 0, ifS=0 (4)

\/%, ifS <0
where —1.96 < Zyx < 1.96, the null hypothesis (hy) is accepted, indicating that there
is no statistically significant trend in the time series. Therefore, the trend is significant
at the 95% confidence level (p < 0.05) if |Zyk | > 1.96 and at the 99% confidence level
(p <0.01) if 1Zpk | > 2.58. However, when the Zyx value is positive, the time series
period is characterized as having an increasing trend, while a negative Zyx characterizes a
decreasing trend.

Once the trends for the LULC data classes were identified based on the p-value, in
addition to the time trend test, the non-parametric Sen’s slope trend test and Kendall’s
Tau statistic were applied to estimate the true trend slope in a sample of “n” data pairs.
It is noteworthy that the Tau value varies between —1 and 1, expressing the strength and
direction of the association between the LULC classes. Therefore, negative values indicate
a decreasing trend and positive values indicate an increasing trend within the class. Sen’s
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slope applies a linear trend estimation model, where the variance in residuals must remain
constant over time [80], according to Equation (5).

Xj — Xk .
Q=1|- ,fori=1,2,3,...,n (5)
ji—k

where x; and xi are given values at respective times j and k (j > k). When there is only
one data point per time period, then N = n(n — 1)/2, where n is the number of time
periods. However, when multiple observations exist in one or more time periods, then
N <n(n — 1)/2. The n values of Q; are ranked from smallest to largest and the median
slope (Sen’s slope estimator) is calculated according to Equation (6).

(6)

| ifniseven

Q[(n+1)/2] P ifn is Odd
Qmed = {Q[n/Z] TQn+2)/2
2

The sign of Qeq reflects the trend direction of the data, while its value indicates the
trend slope. Thus, to estimate whether the median slope is significantly different from
zero, the confidence interval for Q.4 is obtained from a specific probability, as shown in
Equation (7) [85].

Var(S) = Zy_p2 4/ Var(S) (7)

where Var(S) is obtained according to Equation (4); Z; _ ;5 is obtained from the standard
normal distribution table. In the present study, the following confidence level intervals
were assigned: 99% (p < 0.01) and 95% (p < 0.05). Then, the values are calculated as
M1 = (n — Cp)/2 and M2 = (n + Cp)/2. Accordingly, the lower (Qmin) and upper (Qmax)
confidence interval limits are the M1th largest and (M2 + 1)th largest of the n-ordered slope
estimates [85]. Therefore, the Qo4 slope is significantly different from zero if the Qpin and
Qmax limits have the same sign.

The methodology presented is widely used in research on LULC change patterns,
identifying whether there is a significant trend of land use changes over time [36,86,87],
as well as in climate variability studies, to identify significant trends in meteorological
variables such as precipitation and temperature [16,23,35,88-92], evaluating these contexts
in relation to climate change events and pressures from anthropogenic activities.

2.3. TRMM_3B43v7 Data and Surface Data Validation

Precipitation data from the Tropical Rainfall Measuring Mission (TRMM 3B43, ver-
sion 7) satellite were used, originating from the joint mission of the National Aeronautics
and Space Administration (NASA) and the Japan Aerospace Exploration Agency (JAXA),
available at: https://pmm.nasa.gov/TRMM, accessed on 10 January 2021. TRMM has
effective and validated data for global rainfall estimates [93-96].

The TRMM_3B43v7 dataset was obtained through the Giovanni platform in GeoTIFF
file format, available at: https://giovanni.gsfc.nasa.gov/giovanni/, accessed on 10 January
2021. The TRMM product data are available from 1 January 1998 to 31 December 2019.
The precipitation data have a spatial resolution of 0.25° x 0.25° and were acquired for
this study on a monthly temporal scale, with the unit of measurement in mm/monthly;,
classified as processing level “L3” [97-100].

Annual rainfall totals were estimated by accumulating monthly data over twelve
months, i.e, on an annual basis, using the ordinary kriging spatial interpolation
method [101-103]. Based on these estimation data, the mean pixel statistical value for
the multitemporal series (2000-2019) was used.

Figure 3 presents the spatial distribution of the biomes that comprise the NEB, as well
as shows that each pixel represented on the map corresponds to a TRMM precipitation
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estimate. In the NEB, a total of 2045 estimation pixels were distributed, where the spatial
and quantitative variation in the data was based on weighted average techniques.

49°16'30"W 43°3'W 38°54'W 34°45'W  49°16'30"W 43°3'W 38°54'W 34°45'W

(a) oy £, A

1°27'S
1°27'S

5°40'S
5°40'S

9°53'S

9°53'S

14°6'S
14°6'S

Legend: il

Spatial pixel distribution from TRMM 3B43v7 Rainfall (mm year -1) — Interpolation (Year 2006)

® Pixel grid of estimation: 2045 points in NEB ValueH‘gh 23312

Biomes of NEB: Low : 388.062

7 Amazon & Cerrado ¢’ NEB States

&7 Caatinga & Atlantic Forest A\, Weather station: surface rain gauges (INMET)

Legend:

18°19'S
18°19'S

[ — 1km

Geographical Coordinate System
DATUM: WGS84 - Zones 23, 24 and 25 South 0 185 370 740 1110 1480

Figure 3. Spatial distribution of the biomes comprising the NEB and the precipitation estimate pixel
grid (a), and the estimated surface forecast applying interpolation, highlighting the surface weather
stations (b).

The ordinary kriging applied was based on statistical models of autocorrelation be-
tween the sampled points, which made it possible to predict and interpolate the estimates
between the points of the pixel grid (Figure 3a), including exploratory statistical analysis,
accompanied by the mapping of the estimated surface with rainfall values for the study
area (Figure 3b).

In order to validate the TRMM geospatial data, precipitation data were collected from
a total of 37 rain gauges installed in conventional surface weather stations, distributed
in different regions of the NEB (Figure 3b). The surface stations belong to the National
Institute of Meteorology (INMET), with meteorological data available for download at the
following link: https:/ /bdmep.inmet.gov.br/%E2%80%94accessed on 10 August 2025 [104].
A 20-year climatological series of rainfall data was used, comprising the TRMM spatiotem-
poral analysis, where each of the weather stations validated the TRMM data year by year,
from 2000 to 2019.

The spatial distribution of the stations in the NEB are located more specifically in
the states of Ceara-CE (with a total of 7 rain gauges), Rio Grande do Norte-RN (4 rain
gauges), Paraiba-PB (5 rain gauges), Pernambuco-PE (4 rain gauges), Alagoas-AL (2 rain
gauges), Sergipe-SE (2 rain gauges), Bahia-BA (3 rain gauges), Piaui-PI (6 rain gauges) and
Maranhao (4 rain gauges) (Figure 3b).

Therefore, for validation purposes, it is important to note that the TRMM pixel-by-pixel
values were collected exactly at the reference grid point, that is, with the same coordinates
and location as the INMET rain gauges, aiming to evaluate the predicted and observed
variables through linear correlation and error metrics.

2.4. Data from Terra and Aqua Satellites (MODIS Sensor)

The MODIS reflectance product, onboard the Terra—MOD09A1 and Aqua—MYDO09A1
satellites, version 6, was used, available at: https://modis.gsfc.nasa.gov/, accessed on 2
January 2021. This product provides an estimate of surface spectral reflectance through a
set of multispectral bands [105]. It contains validated geospatial data, with high accuracy
and precision, to quantify regional and global environmental changes conditions through
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remote sensing. The reflectance product is georeferenced and corrected for atmospheric
effects associated with clouds and their shadows, as well as for aerosols [104-107].

The use of MODIS imagery is not intended to compare with Landsat data, given the
different spectral resolutions. On the other hand, the MODIS surface reflectance product
has a robust database that can confirm the spectral patterns of changes in LULC maps.
Considering that the biophysical characteristics of surface albedo are associated with
changes in land cover and use and are sensitive to climate and environmental change
conditions [38,39].

Table 3 highlights the characteristics of each multispectral band of the MODIS surface
reflectance product (version 6), with a spatial resolution of 500 m. The data consist of pixel-
by-pixel values corresponding to an 8-day period and are classified as processing level
“L3”, available at: https://modis.gsfc.nasa.gov/data/dataprod /mod09.php, accessed on 2
January 2021 [104-106].

Table 3. MODIS surface reflectance product features with multispectral bands with wavelengths
from 0.459 to 2.155 um.

Spatial Temporal Radiometric Processin Multiplier
Band/MODIS Wavelength Resolution = Resolution Resolution Level 8 Factor
(Meters) (Days) (Bits) (for Each Band)
TBLUE 0.459-0.479 pHm
ITGREEN 0.545-0.565 Hm
T'RED 0.620-0.670 pum
I'NIR1 0.841-0.876 um 500 8 16 L3 0.0001
I'NIR2 1.230-1.250 um
TSWIR1 1.628-1.652 pm
ISWIR2 2.105-2.155 um

As part of the spatiotemporal analysis (2000-2019), a total of 911 satellite images were
analyzed, with each year containing between 40 and 46 available orbital images. Therefore,
the corrected surface reflectance product presented was used to estimate the surface albedo
biophysical parameter on an annual time scale, based on the mean pixel value of the MODIS
multitemporal series.

Surface albedo is calculated using the multispectral bands of the surface spectral
reflectance product. In this study, the weighting coefficients suggested by Tasumi et al. [39]
were applied. These coefficients are determined based on surface solar radiation, specifically
for use in operational energy balance applications. As a criterion, each weighting coefficient
is obtained by the ratio between the specific solar constant of each multispectral band and
the sum of all seven bands of the reflectance product (Table 3). These values are calibrated
for different land use and land cover types, associated with each of the multispectral
reflectance bands, showing good agreement and accuracy [108]. Albedo was estimated
using Equation (8) [39].

Xsup= 0.215 x rgrug +0.215 X rgreen +0.242 X rrgp +0.129 X rnr1 +0.101 X
rnir2 +0.062 X rgwiri — 0.036 X rgwire

(8)

where asyp—surface albedo; numerical values—weighting coefficients corresponding to
each multispectral band of the surface reflectance product [39]; rp1.UE, TGREEN, TRED, INIR1,
INIR2, I'swir1 and rsyiro—correspond to the multispectral bands of the reflectance product
(Table 3).

It is important to emphasize that this product, in addition to the seven reflectance
bands with 500 m spectral resolution, also includes a quality variable and four observation
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bands. This allows a reference value to be selected for each pixel—the best observation from
all acquisitions over an 8-day period (which corresponds to the temporal resolution of the
product used), free of noise and free of clouds and their shadows, as described by Vermote
etal. [106]. On the other hand, the MODIS reflectance product can also incorrectly flag high-
aerosol retrievals on surfaces with intense brightness and high viewing angles, generally
affecting some MODIS products such as the vegetation index (MOD13 and MYD13).

MODIS images were automatically processed using the GEE software [109], accessed
on 2 January 2021. Spatiotemporal modeling was performed by developing a digital
processing script using cloud computing language, involving the following collection of
MODIS sensor images: ee.ImageCollection('MODIS/006/MOD09A1"). Aiming to broaden
the scope of this type of research with the processing of geospatial data for other regions,
this study makes the code/script for this automatic processing available for public access:
(https:/ /code.earthengine.google.com/7fa51af0d9790492201acf7888efd 1ff?noload=true, ac-
cessed on 2 January 2021). The programming carried out involves masking clouds based
on the specific script for cloud and shadow corrections from QA band, available in the
GEE library (https:/ /code.earthengine.google.com /d4f08554f3360d134b65804f3eaal3b2e?
noload=true, accessed on 2 January 2021). Likewise, to calculate the albedo, a correction
and calibration factor was applied to each MODIS band, a multiplicative factor of 0.0001
(Table 3).

2.5. Multivariate Principal Component Analysis (PCA)

Principal Component Analysis (PCA) and correlation matrix was applied based on
the following predictor variables: LULC data (forest; non-forest natural; farming; non-
vegetated area; water) and precipitation (TRMM). Thus, the covariance matrix was obtained
based on the principal components (PCs) to extract eigenvalues, which generate eigen-
vectors [18]. Eigenvalues were calculated to determine the contribution of each variable
to the total variance of the PCs. The Kaiser criterion was applied to identify correlated
variables based on eigenvalues greater than 1, in order to generate components with a
relevant amount of information contained in the original data [110].

2.6. Statistical Analysis

The quantitative and spatiotemporal results of surface albedo were evaluated pixel
by pixel using descriptive statistics, measures of central tendency and dispersion, in-
cluding minimum, mean, maximum, standard deviation (SD) and coefficient of variation
(CV, %). The spatial pattern of the thematic albedo maps was assessed in terms of its
variability, based on CV (%) values, according to the classification criteria of Warrick and
Nielsen [111]: low variability (CV < 12%), moderate variability (CV 12-60%) and high
variability (CV > 60%).

The multivariate principal component analysis (PCA) and correlation matrix, de-
scriptive statistics and trend analysis using the Mann—-Kendall and Sen’s slope tests were
performed using R software, version 4.4.0. For trend analysis, the “modifiedmk” package
was used, which is essential for defining parameters and significance levels at 1% (p < 0.01)
and 5% (p < 0.05) [112]. The descriptive statistical values for LULC and albedo data were
extracted using GEE software.

The choice of descriptive statistics was essential to characterize the spatiotemporal
variability of the data due to the heterogeneity of albedo and land use patterns in the NEB.
The use of the non-parametric Mann—-Kendall and Sen’s slope tests was justified by the
absence of normality and homoscedasticity assumptions, which are common characteristics
in environmental time series with a skewness coefficient frequently exceeding 1.5 [113].
Before the trend test application, serial autocorrelation was verified using the Durbin-
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Watson test, considering values close to 2 as indicative of residual independence [114].
The principal component analysis (PCA) was conducted based on the Kaiser criterion,
ensuring that the retained components explained at least 70% of the total variance [115].
Additionally, statistical results were assessed using GEE and R, ensuring the coherence of
the inferences made.

3. Results and Discussion
3.1. Spatiotemporal Dynamics of LULC, Global Accuracy and Surface Albedo

Figure 4 presents the spatiotemporal dynamics of land use and land cover (LULC) in
Northeastern Brazil (NEB). The maps display the thematic classifications of the following
land use types: forest, non-forest natural, farming, non-vegetated area and water for the pe-
riod from 2000 to 2019. The spatiotemporal monitoring was conducted using multitemporal
Landsat satellite data, with a spatial resolution of 30 m.
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Figure 4. Conditions of spatiotemporal changes in the land use and land cover (LULC) in Northeast-
ern Brazil (NEB), from 2000 to 2019.
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Tables 4 and 5 show the effective statistical validation of the global accuracy for the
LULC classification in each of the NEB biomes, as well as highlighting the global inclusion
and omission errors for each mapped class, respectively. Thus, highlighting a validation
with high global accuracy, ranging from 81.8% to 97.6%. Annual statistics for the 2000 to
2019 data series detected an annual overall accuracy ranging from 91% to 92%, as well as
an area disagreement of 1% to 2% and an allocation disagreement of 5% to 7%.

Table 4. Global accuracy statistics of the LULC classification for each NEB biome.

Biome/Collection Global Area Allocation
Accuracy (%) Disagreement (%)  Disagreement (%)
Caatinga 81.8 3.5 14.7
Cerrado 83.8 49 11.3
Atlantic Forest 90.7 2.0 7.3
Amazon 97.6 0.8 1.6
Collection 5 91.0 2.0 7.0

Table 5. Statistics of inclusion and omission errors in global data for each class of the LULC collection.

Inclusion Errors

Non-Forest Non-Vegetated

Mapped Class  Forest Natural Farming Area Water
Forest 0.93 —0.02 —0.04 ~0.0002 ~0.001
Non-forest 0.70 012 —0.001 —0.005
natural
Farming —0.05 —0.03 091 —0.003 —0.0009
Non";ffaetamd —0.01 —0.0052 —0.03 0.95 0.00
Water ~0.01 —0.04 ~0.006 ~0.00002 0.94
Errors of omission
Forest 0.96 —0.02 —0.02 ~0.00006 ~0.0002
Non-forest ~0.19 0.68 ~0.12 ~0.0002 ~0.009
natural
Farming —0.11 ~0.03 0.85 ~0.0005 ~0.00035
No“";ffaetated ~0.02 ~0.02 ~0.20 0.76 —0.00007
Water —0.05 —0.02 —0.01 0.00 0.91

In the forest class (dark green pixels), areas with natural forest cover (e.g., forest
formation, savanna and mangrove) and planted forest are included. In the non-forest
natural class (light green pixels), the following land types are highlighted: flooded fields,
swamp areas, grassland formations, apicum (herbaceous vegetation), rocky outcrops and
other non-forest formations. In the farming class (yellow pixels), the land is divided into
pasture and agriculture, with temporary and perennial crops specifically observed. In
the non-vegetated area class (red pixels), the following land types stand out: beach and
dune areas (coastal regions), mining areas and mainly urban infrastructure, in addition
to other non-vegetated areas observed in the region. In the water class (blue pixels), the
land includes areas covered by rivers, streams, lakes, lagoons and the ocean, as well as
aquaculture areas (e.g., artificial lakes dominated by aquaculture and/or salt production
activities) (Figure 4).

To ensure quality in the categorization of LULC classes, this study followed approaches
widely used in thematic mapping of remote sensing time series [69,116,117]. The segmenta-
tion into forest, non-forest natural, farming, non-vegetated area and water enhances the
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identification of degradation patterns and agricultural expansion [76]. The differentiation
between forest and non-forest vegetation is crucial for assessing ecosystem impacts [118],
just as the detailed categorization of water bodies is essential for climate monitoring [119].
Thus, the segmentation adopted in Figure 4 enhances the analysis of environmental trans-
formations in a standardized manner, making it comparable to international methodologies.

Throughout the spatiotemporal analysis, the maps reveal a decline in the vigor of
natural vegetation in NEB, a condition spectrally detected by Landsat sensors (Figure 4
an Table 6), which was when the thematic maps went from a condition of pixels with
dark green tones to conditions of changes with pixels under light green and burnt yellow
tones, that is, it is noted that the NEB region is losing the resilience capacity of the natural
vegetation of the biomes, impacted by anthropic and climate pressures. Research has
detected these conditions in addition to the degradation of water bodies in the NEB, based
on the determination of physical-hydric parameters at the surface [6,14]. The scientific
literature demonstrates significant environmental pressures acting differently on Amazonia
(western sector), Cerrado (southern—-southwestern strip), Atlantic Forest (coastal strip), and
Caatinga (core), which explicitly justifies a multi-biome discussion to support diagnosis
and regional-scale public policy [22,70,120].

Table 6. Descriptive and dispersion statistics, annual total quantitative data on land use and land
cover (LULC) changing conditions in Northeastern Brazil (NEB) and average annual total rainfall
from 2000 to 2019.

Forest Non-Forest Farming Non-Vegetated Water Non Rainfall
Year Natural Area Observed (TRMM)
Total Area of Classes: 1,553,402 km? mm Year—!
2000 981,577.33 90,468.03 456,363.72 9826.71 15,050.78 115.41 1261
2001 977,099.95 91,018.30 459,750.94 10,732.90 14,685.71 114.19 937
2002 968,541.36 90,650.87 469,107.64 10,865.84 14,121.95 114.33 1069
2003 961,045.17 88,843.80 477,413.53 10,749.36 15,234.77 115.35 925
2004 956,590.84 86,963.71 480,788.55 10,788.43 18,154.12 116.35 1238
2005 956,164.28 85,964.77 482,273.70 11,083.97 17,798.70 116.51 1066
2006 950,886.47 83,349.65 490,099.75 10,972.04 17,977.24 116.84 1108
2007 945,015.92 84,166.35 495,581.57 10,915.87 17,605.67 116.61 866
2008 942,529.53 83,239.95 498,061.55 11,188.72 18,265.55 116.69 1142
2009 940,718.53 82,260.09 500,258.79 11,490.75 18,556.61 117.22 1266
2010 941,757.29 83,572.40 498,390.82 11,757.79 17,807.39 116.30 930
2011 939,495.92 84,562.89 500,277.41 11,580.49 17,370.16 115.11 1188
2012 929,616.57 87,419.77 508,230.95 11,613.88 16,407.51 113.32 651
2013 925,884.22 87,341.30 512,643.20 12,127.84 15,293.59 111.84 950
2014 919,758.51 84,463.21 521,930.22 11,946.48 15,190.72 112.85 938
2015 918,074.91 83,524.76 525,599.75 12,114.83 13,973.08 114.67 731
2016 913,452.63 83,687.29 529,657.71 12,576.51 13,911.23 116.62 848
2017 914,847.99 84,653.53 527,286.50 12,359.62 14,135.78 118.55 921
2018 915,881.56 85,401.19 523,671.08 13,449.02 14,820.50 178.63 1011
2019 903,850.95 84,122.09 536,750.41 13,334.88 15,224.77  118.883 953
Descriptive and dispersion statistics
Minimum 903,850.95 82,260.09 456,363.72 9826.72 13,911.23 111.84 651.00
Mean 940,139.50 85,783.70 499,706.89 11,573.80 16,079.30 118.81 999.95
Maximum 981,577.33 91,018.31 536,750.41 13,449.03 18,556.62 178.63 1266.00
1sDp 22,332.43 2696.57 23,723.34 910.82 1670.97 116.33 951.50
2CV (%) 2.38 3.14 4.75 7.87 10.39 14.19 168.03

Note: ! SD = Standard Deviation; 2 CV = Coefficient of Variation.
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In the western sector of NEB, Amazon Biome, especially in Maranhao and more specif-
ically the eastern Amazonian border and the Amazon—Cerrado transition (MATOPIBA)
has been exhibit warming, lengthening of the dry season, and greater vapor deficit, with
a consistent signal of recent intensification [121]. A high-impact synthesis indicates that
between 10 and 47% of the Amazon forest may be exposed to multiple stressors by 2050,
with potential for local/regional transitions [31]. These findings reinforce the need to treat
the Amazonian component of NEB as part of a bio-climatic continuum under increasing
pressure [31,121].

This study produces results of global importance, since the Amazon regulates moisture
transport and large-scale precipitation in South America, and the combination of defor-
estation and warming alters vapor fluxes, mesoscale circulation, and rainfall regimes, with
impacts on water and energy security beyond the basin [122]. In addition, deforestation
induces regional and continental warming, with possible global implications [123]. The
results of this research, by confirming influence on conservation and restoration policies
in the Amazon, can be replicated in analogous tropical forests (e.g., Congo and Southeast
Asia), tending to stabilize the regional climate of these regions while also reducing the loss
of strategic ecosystem services [122,123], contributing to global climate sustainability.

It was detected also that the Northwestern areas of NEB, particularly in the state of
Maranhao, show significant forest removal and/or replacement, indicating severe defor-
estation conditions (Figure 4). It is worth noting that the vegetation in NEB is heavily
influenced by rainfall variability, due to the predominance of the Caatinga biome, which
exhibits rapid resilience in response to rainfall events [20,124]. However, in the Northwest-
ern NEB regions, rainfall accumulation is considerably high due to its proximity to the
Northern region of Brazil, which is climatically influenced by the Amazonian atmospheric
mass [23]. This confirms that the spatiotemporal changes observed in the Northwest region
of the NEB are not related solely to climate variability conditions.

Data from the National Institute for Space Research (INPE), through the satellite
monitoring project on the TerraBrasilis platform (http:/ /terrabrasilis.dpi.inpe.br/app/
map /deforestation?hl=pt-br, accessed on 9 January 2024), also confirm that from 2000
to 2019, accumulated deforestation of approximately 12,441 km? of primary vegetation
occurred in the state of Maranhao [125]. INPE has issued even stronger warnings about the
deforestation conditions in the Northwestern of NEB, where the present study evidences
changes in land use and land cover.

In the NEB Cerrado (southern—-southwestern strip), human occupation regulates the
sensitivity of burned area to climate. In landscapes with more than 40% anthropic use,
climate explains less of the response to fire regimes, while in more intact landscapes, hotter
and drier conditions increase burning [120]. This interaction shifts burning patterns and
vegetation structure, which requires addressing the Cerrado together with the Caatinga
and adjacent humid ecotones [120].

In this context, analogous savanna mosaics, such as those in southern Africa and north-
ern Australia, show that human occupation and warming are reshaping fire regimes with
consequences for biodiversity, carbon footprint, and public health, indicating a projected
increase in the frequency/severity of wildfires in almost all biomes under high-emission
scenarios [126]. Thus, disseminating the results from NEB helps global savanna managers
adjust fire management and climate targets, aligning conservation and mitigation [126],
converging toward global strategies for environmental sustainability.

Despite being the most extensive in NEB, the Caatinga has historically received less
continuous monitoring compared to the Amazon and Atlantic Forest. A 35-year annual
series (1985-2019), processed in Google Earth Engine, showed an 11% reduction in natural
vegetation (6.57 Mha), with strong agricultural expansion [22]. Recent methodological
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advances identify fire drivers in the biome and project future susceptibility using ma-
chine learning, integrating climate and land use [127,128]. These results support treating
the Caatinga within the NEB multi-biome context to infer regional biogeochemical ef-
fects [22,127,128], justifying the relevance of this research in addressing other regional
biomes as well, even if they occupy smaller territorial extents, in order to highlight their
importance in the global context.

The high spatial and temporal variability of this ecosystem is a major challenge, specif-
ically due to seasonal changes (variability between the rainy and dry seasons) and climate
fluctuations (interannual variability in precipitation that affects vegetation cover) [18,22].
Therefore, LULC classification can present ambiguous information, compromising data
accuracy. The lack of accurate data references is quite common in the NEB region, especially
within the Caatinga territorial boundaries. Consequently, the absence of representative
samples can result in inaccurate training of the biome’s classification algorithms. However,
MapBiomas multiscale processing has advanced an innovative technological methodol-
ogy for the specificities of each biome, focusing on validating change patterns pixel by
pixel. For example, the sample evaluation on the web by the TVI platform, developed
by LAPIG/UFG, which presents a maximum error of only 0.5% for the whole of Brazil,
considering a sample set of approximately 85,000 random stratified samples [53].

It is worth highlighting that the decline and fragmentation of mature forests, such
as the Atlantic Forest biome, coastal strip of NEB, generate disproportionate losses of
biodiversity and ecosystem services, and although there are net gains in young cover in
some areas, the replacement of old-growth forests with physiognomies of lower functional
integrity compromises connectivity and microclimatic regulation [70].

Figure 5 presents the spatiotemporal distribution of surface albedo in NEB from 2000
to 2019. The biophysical parameter highlights a value range from 0.01 to 0.50. The range
with the lowest albedo values (0.01-0.13) corresponds to pixels over water bodies and forest
areas. Values closer to zero represent areas covered by water bodies such as rivers, lakes
and reservoirs. The intermediate range (0.14-0.20) corresponds to pixels over agricultural
areas and the typical vegetation cover of the Caatinga biome (the predominant biome in
NEB). The highest values (0.28-0.50) correspond to pixels over infrastructure areas (in
smaller proportions), areas with low vegetation cover and especially exposed soil areas
(Figure 5).

The thematic albedo map presents a high level of detail regarding land use, highlight-
ing an important spectral condition (due to the good radiometric resolution of the MODIS
which is 16-bit) and the loss of vegetation resilience over time (Figure 5). This fact directly
corroborates the condition of the LULC data map (Figure 4).

The persistence of pixels with high albedo values over time may indicate degraded
areas and those under strong impacts from regional drought, which may negatively impact
energy balance processes [40,129]. In some NEB regions, these areas are a growing concern,
showing low and/or absent energy availability for processes such as evapotranspiration
and energy fluxes, as also identified in several studies [14,29,124,130]. The research con-
ducted by Mariano et al. [29] and Silva et al. [14], also in Northeastern Brazil, found that
land degradation processes significantly reduced evapotranspiration.

For these regions, Oliveira et al. [19] emphasize that climatic conditions (drought)
and anthropogenic pressures jointly impact both the regional climate and the relationship
between energy and water availability. Considering the high variability of the NEB cli-
mate, especially in the years 2012 to 2019 of the spatiotemporal analysis (Figure 4), Wang
et al. [38] stated that changes in climatic conditions can cause changes in the biophysical
characteristics of the albedo.
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Figure 5. Spatiotemporal distribution of surface albedo in Northeastern Brazil (NEB), from 2000
to 2019.

Figures 4 and 5 present the change patterns based on LULC and albedo data for specific
areas located in the Northwestern (Cut-out A) and Northern (Cut-out B) regions of the NEB,
comparing the initial year (2000) with the final year (2019) of the spatiotemporal analysis.
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In these specific regions, the forest class has been severely impacted over time, indicating
the replacement of natural vegetation cover by farming areas (Figure 6). Albedo supports
this change indication, where the spectral behavior pattern in these areas highlights pixels
with high and pronounced values in 2019 (Figure 7). Therefore, the association of LULC
and albedo data indicates that these areas exhibit large-scale deforestation characteristics
when evaluated over two decades, comparing 2000 and 2019.

Figures 4 and 5 show that between 2000 and 2019, the Northwestern and Northern
regions of Northeastern Brazil underwent significant conversion of forested areas into
agricultural lands, resulting in an increase in surface albedo. This phenomenon is supported
by studies associating deforestation with an increase in albedo, due to the replacement
of forests with more reflective surfaces, such as pastures and agricultural fields [131,132].
Furthermore, the loss of vegetation cover intensifies desertification processes, especially in
vulnerable biomes such as the Caatinga, as observed by Araujo et al. [133]. These changes
compromise biodiversity and ecosystem services, highlighting the need for effective public
policies to ensure the conservation and sustainable management of these areas.

Figures 6 and 7 also present change patterns based on LULC and albedo for the
Western (Cut-out C) and Southwestern (Cut-out D) regions of the NEB, comparing 2000
with 2019. The forest class was also extensively impacted in these regions over time,
indicating a significant increase in deforestation, as seen in 2019 in Cut-outs C and D
(Figure 8). For these regions, the albedo confirms the LULC change, highlighting pixels
with high values (Figure 9). The association of LULC and albedo confirms the degradation
of these areas as well as the loss of forest resilience over time, with 2019 highlighting the
significant impact of these changes.
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Figure 6. Comparison of land use and land cover (LULC) change patterns in the Northwest (Cut-out A)
and North (Cut-out B) areas in Northeastern Brazil (NEB) between the specific years of 2000 and 2019.
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Figure 7. Comparison of surface albedo change patterns in the Northwest (Cut-out A) and North
(Cut-out B) areas in Northeastern Brazil (NEB) between the specific years of 2000 and 2019.
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Figure 8. Comparison of land use and land cover (LULC) change patterns in the Western (Cut-out C) and
Southwestern (Cut-out D) areas in Northeastern Brazil (NEB) between the specific years of 2000 and 2019.
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Figure 9. Comparison of surface albedo change patterns in the Western (Cut-out C) and Southwestern
(Cut-out D) areas in Northeastern Brazil (NEB) between the specific years of 2000 and 2019.

The change conditions presented in Figures 4-7 are directly associated with the pres-
sures from anthropogenic activities, which are rapidly encroaching on the natural envi-
ronment, causing imbalances and environmental impacts in the NEB regions over time.
Other studies conducted in NEB have also evaluated these and other impacts, which
have affected surface energy balance components, such as changes in regional biophysical
parameters. For example, an increase in surface temperature and a reduction in evapotran-
spiration [14,134], as well as low water availability in rivers, lakes and reservoirs [14,135].

3.2. Dynamics of Quantitative Variability of LULC Data

Table 6 highlights the annual total quantification of LULC for the NEB, considering
the main level classes of forest, non-forest natural, farming, non-vegetated area and water,
based on Collection 5 of MapBiomas Brazil. Additionally, the annual average totals of
rainfall (TRMM) are presented, along with descriptive and dispersion statistical values, which
characterize the temporal quantitative variability patterns over the period from 2000 to 2019.

The thematic classifications of LULC data exhibit a low spatiotemporal quantitative
variability, confirmed by the CV values, which ranged from 2.38% to 10.39% for the forest,
non-forest natural, farming, non-vegetated area and water classes. The CV value also
confirmed the high variability of rainfall, at 168.03% (Table 6), a common spatial behavior
for this variable and TRMM product, according to the criteria of Warrick and Nielsen [111].

It is noteworthy that the NEB has a significantly large territorial extent, approxi-
mately 1,553,402 km?, comprising subregions and diverse ecosystems with peculiar and
unique conditions, such as climate variability (high variability) and active atmospheric
systems [8,23,136,137]. Therefore, understanding rainfall data and its influence on LULC
data is a key factor in Earth sciences research, particularly in the fields of hydrology, agro-
environmental studies, water resources, weather forecasting, climate change events and
drought [14,15,73,98,138-140].
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Figure 10 presents the validation of precipitation on an annual time scale. The data
estimated by the TRMM_3B43v7 product and those recorded by rain gauges at surface
weather stations demonstrated consistent and well-related linear correlation and error
metrics, according to the adjustments of the coefficient of determination (R?) and Pearson’s
correlation coefficient (r), with values of 0.6224 and 0.7889, respectively.
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Figure 10. Statistical validation of the TRMM_3B43v7 precipitation dataset (mm year~!) against
surface rainfall data recorded for the NEB region, between 2000 and 2019.

The study by Brasil Neto [141] also evaluated TRMM satellite data for monitoring
meteorological drought in the Northeast region of Brazil, presenting satisfactory validation
with R? = 0.65. Therefore, TRMM data can be considered effective for monitoring the
occurrence of climate variability and drought in the NEB regions on an annual time scale.
TRMM detected that from 2012 to 2019, the NEB was impacted by low average rainfall
levels (Table 6). Studies have observed that during this period, the NEB regions experi-
enced high climate variability, favoring prolonged droughts [6,14,20,21]. Other studies on
climatological research classified the drought from 2012 to 2019 as the most severe in recent
decades in the NEB, in terms of magnitude and duration [8,24,28].

The classes with vegetated cover areas (forest and non-forest natural) exhibit de-
creasing quantitative data over the time series (2000-2019), according to the maximum
(981,577.33 km?) and minimum (903,850.95 km?) values for the forest area and the maxi-
mum (91,018.31 km?) and minimum (82,260.09 km?) values for the non-forest natural area.
In contrast, the farming (minimum = 456,363.72 km?; maximum = 536,750.41 km?) and
non-vegetated area (minimum = 9826.72 km?; maximum = 13,449.03 km?) classes show
increasing trends (Table 6).

The water class exhibits considerable variability over time, with 2016 showing the
lowest water coverage (13,911.23 km?), while 2009 recorded the highest (18,556.61 km?).
These water replenishment levels are consistent with the rainfall fluctuation patterns
detected by the TRMM_3B43v7 satellite, with respective mean volumes of 1266 mm year !
(2009) and 848 mm year~! (2016) (Table 6).

The annual mean rainfall totals ranged from 651 to 1266 mm year !, with the 2012~
2019 period being the most critical in the time series, detecting severe drought conditions
across most NEB regions, particularly in semi-arid areas (Table 6). A series of studies
in Brazil have significantly validated the efficiency and accuracy of TRMM rainfall data,
concluding that rainfall estimates are reliable both for drier periods and at an annual
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timescale, making them essential for research in hydrology, climatology, water resources,
climate change events and severe droughts [14,73,98,138,139].

3.3. Trend Analysis from Mann—Kendall and Sen’s Slope

The main change conditions of LULC and precipitation data were evaluated through
trend analysis of loss and gain over time (Figure 11 and Table 7), using the non-parametric
temporal trend tests of Mann-Kendall and Sen’s slope, also assessing the magnitude of the
trend [78-80]. Figure 11 present the trends for the time series (2000-2019) of the main LULC
classes: forest (a), non-forest natural (b), farming (c), non-vegetated area (d) and water
(e), as well as for the rainfall trend analysis (f) for the NEB, from 2000 to 2019, statistically
analyzed according to the significance levels of 1% (p < 0.01) and 5% (p < 0.05), and the
magnitude of the trend. It is noticeable that the impacts of environmental and climate
changes are being driven by the rapid evolution of land use change patterns, indicating
that these areas are becoming increasingly susceptible to degradation processes [14,20], and
in some specific regions, there is an exponential increase in desertified areas and reduced
water conditions [14,21,27,101]. The detected error results were close to zero, indicating
that the annual time series dataset has sufficient information and good fit (adequate sample
size), in addition to the low variability of the classes indicated by the CV values (Table 6).
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Figure 11. Time series and trend lines for forest (a), non-forest natural (b), farming (c), non-vegetated
area (d), and water (e) areas, as well as rainfall (f) for the Northeastern Brazil (NEB) from 2000 to
2019. The gray hatched area represents the 99% and 95% confidence interval of the linear trend line.
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Table 7. Significance and magnitude of the Mann-Kendall’s time trend and Sen'’s slope from land use
and land cover (LULC) and rainfall in Northeastern Brazil (NEB) over two decades.

LULC Data and Mann-Kendall Trend Test
Rainfall Data Zyik-Value Tau Sen’s Slope p-Value
Forest —5.872 —0.958 —3705.853 429 x 1079 **
Non-forest natural —1.914 —0.316 —277.263 0.055 18
Farming 5.807 0.947 3978.898 6.34 x 1077 **
Non-vegetated area 5.418 0.884 137.084 6.02 x 1078 **
Water —1.330 —0.221 —93.586 0.183 s
Rainfall/ TRMM —1.460 —0.242 —11.878 0.144 ™s

Note: ** = significance at 1% (p-value < 0.01); ™ = non-significant (p-value > 0.05).

For the forest class (Figure 11a), a significant decreasing trend was identified at the
99% confidence level (Zyx = —5.872; Tau = —0.958; p-value < 0.01). Therefore, this decline
trend was estimated by the magnitude of the trend using Sen’s slope, with an annual loss of
—3705.853 km? (Table 7). Over the 20-year time series, the forest class is estimated to have
lost a total of 74,117.06 km?2. Kendall’s Tau statistic value close to —1 represents a strong and
shift toward replacement of that class over time. The non-forest natural class (Figure 11b)
no significant trend was identified (Zyx = —1.914; Tau = —0.316; p-value > 0.055). However,
this is a class where a statistical margin close to significance can be observed (p < 0.05), which
will possibly happen in the future due to the increasing deforestation and degradation
of these environments. The magnitude of the trend, using Sen’s slope, estimated an
annual loss of —277,263 km?, totaling 5545.26 km? (Table 7). This means that in a few
years the non-forest natural class will have a significant loss time trend, given that the
strength and intensity reference by Tau, equal to —0.316, has been showing considerable
negative strength.

In contrast, for the farming class (Figure 11c), a significant increasing trend was
observed at the 99% confidence level (Zyk = 5.807; Tau = 0.947; p-value < 0.01), with the
trend’s magnitude by Sen’s slope identifying an annual gain of 3978.898 km? and a total
gain estimate of 79,577.96 km? for farming over the 2000-2019 period (Table 7). Thus, the
forest and non-forest natural classes are inversely proportional to farming, with greater
certainty that forest cover areas are being directly impacted by the exponential increase
in pasture and agricultural areas. A significant increasing trend (Zyk = 5.418; Tau = 0.884;
p-value < 0.01) was also identified for the non-vegetated area class (Figure 11d) at the 99%
confidence level. The trend’s magnitude, using Sen’s slope, showed an annual gain of
137.084 km?, with a total gain estimate for farming of 2741.68 km? (Table 7). Kendall’s Tau
statistic values close to 1 represent intense and directed change for these classes over time.

Santos et al. [73] also analyzed loss and gain trends using the non-parametric Mann—
Kendall and Sen tests for forest cover in the Brazilian semi-arid region between 2000 and
2018, where they observed a growing trend of annual losses with a significance level of
0.004, detecting an increase in deforestation over time, totaling approximately 60,769.39 km?
of forest loss over 18 years. Specifically, the authors highlighted that between 2010 and
2018, over 50% of this deforestation occurred, with the highest amounts in 2012 and 2016.

In the water class (Figure 11e), no significant trend was identified (Zyx = —1.330;
Tau = —0.221; p-value > 0.05). However, a reduction in water covered areas was observed
over the time series, estimated by the magnitude of the trend using Sen’s slope, which
showed an annual loss of —93.586 km?, totaling 1871.72 km? (Table 7). This behavior
pattern can primarily be explained by the high climatic variability in the NEB regions [23].
Statistically, the Tau reference value (—0.221) did not show any indications of major loss
over time.
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Analyzing the annual values of the water areas, from 2004 to 2011, an increase and
stability pattern was observed for water covered areas (Figure 11e), driven by higher rainfall
volumes according to TRMM data (in Table 6). During this period, this pattern of rainfall
above the climatological mean was confirmed for the NEB and its semi-arid regions [14].
Reductions in water areas occurred mainly from 2012 to 2017, due to the severe drought
period from 2012 to 2019 [14,24,27], with the peak of drought in 2016 and 2017 showing
the lowest water coverage (Figure 11e). These facts reinforce that low water availability
between 2012 and 2019 was due to low rainfall indices, the intensification of flash droughts
and changes in land use in the region [21,142].

Barbosa and Buriti [27] assessed water flow in response to flash droughts in the Sao
Francisco River basin over three decades (1991-2020), covering various NEB regions. The
study detected a significant trend (p < 0.05) of a 63% reduction in Sao Francisco River
discharge due to the intensification of flash droughts, which, according to the authors, are
rapid-onset, high-intensity climate extremes, characterized by a sharp drop in precipitation
volumes, with a trend of reduction of 450 mm, combined with high temperatures, showing
a trend increase of 0.021 °C per year. The research further indicated that the basin lost 15%
of its forest cover only between 2012 and 2020.

For rainfall, no significant trend was identified (Zyx = —1.460; Tau = —0.242;
p-value > 0.05) (Figure 11f). Nonetheless, a mean reduction in rainfall was observed, as
estimated by the magnitude of the trend using Sen’s slope, detecting an annual loss of
—11.878 mm, or a total reduction of 237.56 mm for NEB, over the 20 years of the time series
(Table 7). Supporting this finding, Barbosa [21] reported a decreasing trend in cloud cover
in the central semi-arid region of the NEB, based on satellite remote sensing data collected
between 2004 and 2022. According to the author, these are severely degraded areas, con-
firming the existence of arid lands, which influence the atmosphere and, consequently, the
reduction in rainfall volumes in these regions.

Therefore, spatiotemporal and quantitative mapping of water conditions in these
regions is essential for devising appropriate and sustainable water resource management
measures, for example, in agriculture, to optimize the use of irrigation water in agricultural
crops, avoiding conflicts with strategic decision-making [20]. Regarding forest transforma-
tions, Rosa et al. [70] emphasizes that understanding the quantification of the dynamics of
loss and gain, especially in native forest areas, is crucial for biodiversity conservation and
ecosystem services.

3.4. Multivariate Analysis: Principal Components (PC)

Figure 12 shows the principal component analysis (PCA), based on the time series of
LULC data and rainfall by TRMM, between 2000 and 2019. It is highlighted that principal
components 1 and 2 (PC1 and PC2) accounted for a total variance of 87.15%, which is highly
significant. Studies have confirmed that a high value of cumulative variance contribution of
>85% indicates that the variable is well represented in the PC [14,20,143]. The PC1 showed
a significant informational load, being predominant in the analysis, with an eigenvalue of
3.64, and the PC2 showed an eigenvalue of 1.59 (Figure 12). The PCs presented a relevant
amount of information contained in the original data, with eigenvalues greater than 1, as
established by the criterion of Kaiser [79].

PCA highlights an important behavior during the periods most impacted by the
evolution of land use. The years with the lowest annual precipitation (in Table 6) correlated
with the areas of farming and non-vegetated area. This indicates that the period from 2012
to 2019 was the most critical for regions of the NEB, with potential impacts associated
both with climatic variability (severe drought) and pressures from anthropogenic activities
(Figure 12a). The correlation matrix indicated that the severe impact detected in the forest
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area (with degradation over time) was directly influenced by the significant increase in the
farming and non-vegetated areas, highlighting an inversely proportional correlation of —1
and —0.92, respectively (Figure 12b). Several studies involving the NEB, as well as some
regions of the Brazilian semi-arid, identified during this same period the absence and/or
low resilience of natural vegetation cover, mainly in areas of the Caatinga biome, due to
severe drought and pronounced water deficit [14,20,27,124]. Therefore, the PCA effectively
defined the patterns of dry and wet years in the NEB over time.
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Figure 12. Multivariate principal component analysis (a) and correlation analysis (b) for the temporal
series of LULC data and rainfall from 2000 to 2019 in Northeast Brazil (NEB).

The PCA also shows correlations with the non-forest natural, forest and water classes,
and rainfall during the other years, from 2000 to 2011. The latter two are better correlated
because the increase in areas with water bodies in the NEB regions is more associated
with the highest rainfall volumes. For example, indicating that the period from 2004 to
2011 experienced regular rainfall regimes for the region (Figure 12a). Consequently, the
vegetation (Forest) responded similarly during this period, both highlighting a correlation
of 0.47 (Figure 12b). The increase in annual precipitation volumes during this period (in
Table 6) indicated a rapid recovery of vegetation cover and water bodies. A similar behavior
was identified by Abubakar et al. [90], where the increase in annual precipitation in the
Niger River Basin, Nigeria, indicated a higher tendency for groundwater resource recharge
and improved agricultural productivity.

4. Conclusions

The spatiotemporal mapping of natural forest areas of the biomes (Caatinga, Cerrado,
Atlantic Forest and Amazon) of the Northeast of Brazil (NEB) identified a significant loss
trend of approximately 80.000 km? of these covers throughout the time series (2000-2019).
According to land use and land cover (LULC) data, these areas were directly replaced by
farming areas. Thus, the deforestation of native vegetation in the region favors mainly low
water production and availability. These patterns signal possible implications for the spatial
structure of the NEB, with reflections yet to be explored in depth in terms of biodiversity,
the hydrological cycle, and sustainable land use.

The association of LULC data with surface albedo confirms land use change and
increased deforestation in the North, Northwest, South and Southeast regions of the NEB.
The Northwestern region was directly more impacted by this increase due to anthropogenic
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pressures and climate variability. The spatiotemporal relationship between biophysical con-
ditions and regional climate helps us understand and evaluate impacts and environmental
dynamics, especially those of the native vegetation of the NEB. The TRMM satellite proved
to be effective in monitoring the occurrence of climate variability and drought in the NEB
regions, where it detected high interannual variability in precipitation from 2012 to 2019.

The trend and magnitude analysis of the change identified the increase in degradation
and areas of climatic vulnerability due to the rapid evolution of land use, further intensified
by the association of climate change effects, such as drought, especially in semi-arid
regions. The significant change condition of the LULC data projects greater transparency
of information regarding environmental impacts and land degradation levels in the NEB. It
envisions the urgent and direct involvement of public institutional management in planning
mitigation actions and appropriate management in decision-making due to the response
patterns of this product.

Principal component analysis (PCA) identified highly significant cumulative variance
contribution rates, with a total PCA of 87.15% and eigenvalues greater than 1.5. CP1 equal
to 60.70% showed a predominance of informational load from the original dataset, with an
eigenvalue of 3.64. Interestingly, PCA also separately confirmed years with low average
annual precipitation and those affected by regional drought, as well as detecting regular
and rainy years, associating them with the main land uses.

One of the limiting factors of this research was the use of few years in the spatiotempo-
ral analysis, considering the high capacity of the Mann-Kendall test. Therefore, for future
research on the LULC classification, the complete data series should be used in order to
significantly consolidate the loss and gain conditions of the LULC classes over time.

Geospatial satellite data processing is an innovative technology for mapping and
monitoring land cover over time. When combined with Google Earth Engine’s cloud
processing infrastructure and machine learning algorithms, it enables robust, large-scale
analysis in a practical, effective manner, and at low operating costs.
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