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Abstract

Farmland abandonment is becoming a growing land use challenge in the Brazilian Cerrado,
yet its extent, spatial distribution, and underlying drivers remain poorly understood. This
study addresses the following question: Can deep learning methods reliably identify aban-
doned farmlands in tropical savanna environments using multispectral satellite images? To
answer this question, we used a Fully Connected Neural Network (FCNN) classifier to map
abandoned farmlands in the municipality of Buritizeiro, Minas Gerais State, Brazil, using
Sentinel-2 images acquired in 2018 and 2022. Seven land use and land cover (LULC) classes
were mapped using visible and near-infrared bands, spectral indices, spectral mixture com-
ponents, and principal components as input parameters for the CNN. The LULC map for
2022 achieved high classification performance (overall accuracy = 94.7%; Kappa coefficient
= 0.93). Agricultural areas classified in 2018 as annual croplands, cultivated pastures, euca-
lyptus plantations, or harvested eucalyptus that transitioned to grasslands or shrublands in
2022 were considered abandoned. Based on this definition, we identified 13,147 hectares of
abandoned land in 2022, representing 4.7% of the municipality’s agricultural area in 2018.
Most abandoned areas corresponded to eucalyptus plantations established for charcoal
production. This study provides the first deep learning-based assessment of farmland
abandonment in the Cerrado. Our findings demonstrated the potential of FCNN classifiers
for detecting abandoned farmlands in this biome and provide important contribution for
public policies focused on ecological restoration, carbon sequestration, and sustainable
agricultural planning.

Keywords: tropical savanna; deep learning; remote sensing; Sentinel-2

1. Introduction
Farmland abandonment is becoming an increasingly significant land use transition

in numerous countries [1–4]. Despite its growing relevance for agricultural planning,
ecological restoration, and regional sustainability, the extent and spatial distribution of
abandoned agricultural land remain poorly quantified in several regions of the world. In
Brazil, existing national and regional land use datasets do not explicitly identify abandoned
farmland, limiting the capacity of policymakers and land managers to monitor this process
or assess its environmental and socio-economic implications.
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Abandoned farmlands are defined as previously cultivated areas that have ceased
active agricultural production and remain unmanaged, uncultivated, or underutilized for
more than one year, typically between two and five years, depending on the author [5–7].
More specifically, the most essential concept of abandoned farmland is the interruption
or discontinuation of active agricultural use on land that was previously cultivated or
managed. This includes stopping crop cultivation (e.g., soybean, maize, and sugarcane),
suspending cultivated pasture maintenance such as grazing rotation, fertilization, liming,
or weed control, and interrupting harvesting cycles, such as those of eucalyptus plantations.
Abandonment is defined based on a minimum period without agricultural use. This
threshold varies among authors and regions, typically ranging from at least 1 to 5 or more
years [8]. A common understanding in the literature is that abandoned farmland undergoes
ecological secondary succession, with vegetation gradually returning to a more original
state. This process is characterized by an increase in native grasses, shrubs, and trees,
regardless of the type of previous agricultural use. Remote sensing-based studies typically
identify abandoned farmland by detecting shifts in spectral signatures from cultivated land
to natural vegetation.

This phenomenon is widespread globally, especially in Russia (12.4 million hectares),
China (8.7 million hectares), and Brazil (8.4 million hectares) [3,9]. Farmland abandonment
has important implications for food security and is driven by a complex combination of
social, economic, and environmental factors. Common drivers include logistical constraints
in remote regions with limited accessibility and high transportation costs; soil and water
degradation that reduces agricultural productivity; land reform processes; rural-to-urban
migration; inheritance disputes; aging farming population; unfavorable agricultural input
and product prices; and, in some contexts, armed conflicts [2,10–13]. Farmland abandon-
ment can also occur even in areas with favorable agricultural conditions [14]. Despite
its challenges, abandonment can generate important environmental benefits, including
the natural regeneration of native vegetation, increased carbon sequestration, improved
wildlife habitat, and enhanced nutrient cycling [15].

The Brazilian Cerrado has experienced extensive agricultural expansion and remains a
major center of intensive land development, mostly driven by large-scale grain production
for export, mainly soybean, corn, and cotton [16–18]. The Cerrado is not only a global
biodiversity hotspot [19] but also a socio-economic pillar of Brazil, sustaining decades of
rapid and sustained agribusiness growth [20]. Covering roughly 200 million hectares, the
biome supports the country’s agricultural economy by producing more than half of Brazil’s
grain exports and supporting extensive livestock systems that supply both domestic and
international markets [17].

Over the past four decades, technological innovations, soil correction practices, and
large-scale mechanization have transformed vast areas of the Cerrado into one of the
world’s most competitive agricultural frontiers, generating export revenues that are critical
to Brazil’s gross domestic product (GDP) [21,22]. Despite these advances, the region
continues to face persistent socio-economic and environmental challenges, including land
concentration, increasing production costs, high water demand for irrigation, and soil and
water pollution resulting from excessive use of fertilizers [23,24].

The municipality of Buritizeiro, located in northern Minas Gerais State in a transi-
tional zone toward the semi-arid Caatinga biome, ranks among the top ten hotspots of
farmland abandonment in the Cerrado [25]. One of the main limiting factors in the region
is low annual precipitation, which reduces pasture biomass production and compromises
livestock feeding, especially during the six-month dry season (April to September) [26,27].
During this period, ranchers rely heavily on purchased forage and mineral supplements,
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substantially increasing production costs. This dependence often turns livestock operations
economically unviable, leading many landowners to abandon their pastures.

A similar pattern is observed in eucalyptus plantations, which in Buritizeiro are pri-
marily cultivated for charcoal production to supply steel mills in Sete Lagoas, Minas Gerais,
approximately 300 km away. The expansion of eucalyptus plantations in the region began
in the 1960s, driven mainly by Federal Law No. 5.106/1966, which provided tax incentives
for forestry projects, as well as by the widespread availability of low-priced lands [28].
More recently, increasing transportation costs have undermined the profitability of charcoal
production, contributing to the widespread abandonment of eucalyptus plantations.

Given the vast extent of the Cerrado biome, mapping and monitoring land use and
land cover (LULC) dynamics rely heavily on satellite imagery. These datasets are commonly
processed on cloud computing platforms using data-driven classifiers that employ machine
learning and deep learning techniques (e.g., [29,30]). Among supervised machine learning
algorithms, Random Forest (RF) and Support Vector Machine (SVM) are the most widely
applied, while Convolutional Neural Networks (CNNs) have gained increasing prominence
within deep learning approaches. RF and SVM often produce high accuracies in LULC
classification tasks [31], whereas CNNs are especially effective for detecting LULC changes
in complex and heterogeneous landscapes [32]. However, CNN architectures typically
involve a large number of layers, which greatly increases the number of parameters,
computational requirements, training time, and overall processing costs.

Farmland abandonment represents a distinct land use process in the Cerrado, differing
fundamentally from both active agricultural production and conserved natural vegetation.
Abandoned areas follow unique trajectories of vegetation regrowth, carbon accumulation,
soil recovery, and biodiversity return, and thus cannot be adequately represented by broad
LULC classes such as “grassland” or “shrubland.” Treating abandonment as a separate
category in the LULC maps allows us to distinguish fragments of natural vegetation from
secondary vegetation arising after land use cessation, which differ in ecological functions
and restoration potential. Without explicitly mapping abandoned areas, policymakers
and land managers lack the necessary information to quantify the extent of underutilized
land or to understand the socioeconomic drivers behind these transitions. Therefore, the
inclusion of abandoned farmland as a distinct LULC class is scientifically and operationally
justified, providing critical insights that cannot be derived from traditional vegetation
classes alone.

To the best of our knowledge, no initiatives have specifically focused on mapping
abandoned farmlands in the Brazilian Cerrado using deep learning approaches. Only
a few studies in the biome have relied on time series of LULC data to map abandoned
farmlands. In these studies, pixels corresponding to agricultural lands that transition into
natural vegetation over a defined period are classified as abandoned. This is exemplified
by the study of Santos and Ruchkys [33], who identified nearly four million hectares of
abandoned farmland in the Matopiba region between 2006 and 2018. Matopiba represents
the Brazil’s newest agricultural frontier, located in the northernmost portion of the Cerrado
biome. Their assessment was based on the country’s annual LULC dataset derived from
historical Landsat images processed on the Google Earth Engine platform.

CNNs and fully connected neural networks (FCNNs) are among the most widely
used architectures in deep learning [34,35]. In an FCNN, every neuron in a given layer
is connected to all neurons in the subsequent layer. Both FCNNs and CNNs typically
comprise an input layer, one or more hidden layers, and an output layer, and are commonly
used for pixel-based classification tasks. Judith et al. [36], for example, used four vegetation
indices derived from multiple agricultural sites as input features for an FCNN to classify
crop health with high precision. In their study, the FCNN outperformed SVM, RF, K-
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Nearest Neighbors (KNN), and Decision Tree classifiers. Other studies have applied
FCNN architectures in domains less directly related to LULC mapping, such as bathymetry
estimation [37] and pest occurrence prediction in agricultural lands [38].

The objective of this study was to apply an FCNN-based deep learning approach to
Sentinel-2 multispectral images from 2018 to 2022 to identify abandoned farmlands in the
municipality of Buritizeiro. Although farmland abandonment mapping has been widely
conducted in Europe and Asia [39–41], this study represents the first effort to identify and
quantify this phenomenon in the Cerrado biome using deep learning method.

2. Materials and Methods
2.1. Study Area

The study area corresponds to the municipality of Buritizeiro, located in the northern
portion of Minas Gerais State, Brazil. The municipality covers 7249 km2 and extends be-
tween 16◦30′–18◦00′ S latitude and 44◦47′–45◦33′ W longitude (Figure 1). According to the
Köppen climate classification, the region has a tropical savanna climate (Aw), characterized
by dry, cool winters and hot, rainy summers [42]. The average elevation is 648 m. Mean
annual rainfall ranges from 1000 to 1300 mm, while mean monthly temperatures vary from
18 ◦C in the coldest month to 24 ◦C in the warmest months.

Figure 1. Location of the study area in Brazil (A) and in Minas Gerais State (B). The background image
is an RGB false-color composite of bands 8, 4 and 3, generated from Sentinel-2 imagery acquired
in 2022.

Buritizeiro is located within the Cerrado biome, which covers approximately
200 million hectares in central Brazil. Currently, about 46% of the biome is occupied
by anthropogenic land uses, predominantly cultivated pastures and croplands. Croplands
include annual crops (e.g., soybean, maize), semi-perennial crops (e.g., sugarcane), and
perennial crops (e.g., coffee). Cultivated pastures, especially those dominated by Urochloa
and Andropogon species, are widespread throughout the biome, while rainfed croplands are
mainly concentrated on extensive plateaus that support highly mechanized agricultural
systems [20].
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Previous studies aiming to discriminate LULC classes have predominantly relied on
reflectance information from the red, near-infrared (NIR), and shortwave infrared (SWIR) re-
gions of the electromagnetic spectrum, which are especially sensitive to vegetation structure,
moisture content, and soil background. These bands are often transformed into spectral
indices such as the Normalized Difference Vegetation Index (NDVI) [43,44], Enhanced
Vegetation Index (EVI) [45], Bare Soil Index (BSI) [46,47], and Normalized Difference Water
Index (NDWI) [48], which help enhance subtle spectral contrasts and reduce radiometric
variability. Such indices have been extensively used to highlight differences in canopy
vigor, soil exposure, and surface moisture, improving the separability of vegetation types,
agricultural crops, and degraded or abandoned areas.

2.2. Methods

Figure 2 presents the main methodological framework adopted in this study. The
approach involved the acquisition of two cloud-free (<5% cloud cover) Sentinel-2 Multi-
spectral Imager (MSI) Level-2A and Level-2B surface reflectance scenes from 15 August
2018 and 19 August 2022, respectively [49]. Sentinel-2 Level-2A is the standard product
distributed by the European Space Agency (ESA), providing surface reflectance data cor-
rected for atmospheric effects, whereas Level-2B products correspond to Level-2A data
further corrected for Bidirectional Reflectance Distribution Function (BRDF) effects [50].
All images were obtained from the Google Earth Engine platform. For each acquisition
date, bands 2 (blue), 3 (green), 4 (red), and 8 (near-infrared), each with a spatial resolution
of 10 m, were selected for analysis (Table 1). All datasets were projected to the Universal
Transverse Mercator (UTM) projection system, zone 23S, covering a swath width of 290 km.

Figure 2. Flowchart of the main methodological steps. UTM = Universal Transverse of Mercator;
NDVI = Normalized Difference Vegetation Index; EVI = Enhanced Vegetation Index; BSI = Bare Soil
Index; LSMM = Linear Spectral Mixture Model; PCA = Principal Component Analysis; PC = principal
components; ReLU = rectified linear unit; FCNN = fully connected neural network; and LULC = land
use and land cover.
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Table 1. Characteristics of the Sentinel-2 satellite images acquired in this study. MSI = Multispectral
Imager; NIR = near-infrared.

Satellite Acquisition
Date

Processing
Level

Spatial
Resolution (m) Spectral Bands Cloud Cover

(%)

Sentinel-2 MSI 15 August 2018 L2A 10
B2 (Blue), B3

(Green), B4 (Red),
B8 (NIR)

0.58

Sentinel-2 MSI 19 August 2022 L2B 10
B2 (Blue), B3

(Green), B4 (Red),
B8 (NIR)

0.68

Source: ESA [50].

2.2.1. Pre-Processing

The cloud-contaminated pixels in the Sentinel-2 images used in this study were
removed using the QA60 mask band. This band is a quality-assurance bitmask that provides
per-pixel information on cloud and cirrus contamination: uncontaminated pixels have a
value of 0, whereas pixels affected by clouds and cirrus are assigned values of 1024 and 2048,
respectively. In addition, radiometric normalization based on z-score standardization was
applied to minimize interannual variability in illumination and atmospheric conditions,
ensuring comparability between the two acquisition dates.

The images were reprojected to the UTM projection system, Zone 23S, using the
SIRGAS2000 datum. Bands B2, B3, B4, and B8 were then composited into a single multi-
band file and clipped to the administrative boundary of the municipality of Buritizeiro,
obtained from the Brazilian Institute of Geography and Statistics (IBGE) in vector format
at a 1:250,000 scale [51]. All pre-processing steps were performed on the Google Earth
Engine platform.

2.2.2. LULC Mapping

The following spectral indices were derived from the Sentinel-2 images and employed
as input parameters for the supervised deep learning classification (Table 2): NDVI, EVI,
and BSI. NDVI is the most widely applied vegetation index because of its high sensitivity
to variations in photosynthetic activity. EVI is more responsive to canopy structure and less
affected by soil background and atmospheric interference. BSI is especially effective for
distinguishing agricultural from non-agricultural areas by enhancing the spectral response
of bare and fallow soils. Additionally, Sentinel-2 bands 3, 4, and 8 were processed using the
Linear Spectral Mixture Model (LSMM) [52] to generate vegetation, soil, and shade fraction
images. This model assumes that the reflectance of each pixel is a linear combination
of the spectral contributions from key land cover components and can be expressed as
follows [53] (Equation (1)):

Ri =
n

∑
j=i

fi ri,j+ εi (1)

where Ri represents the spectral reflectance in the ith spectral band; ri,j is the spectral
reflectance of the jth component in spectral band ith (endmember); fj is the proportion of
the jth component within the pixel; and εi is the residual for the spectral band ith.
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Table 2. Spectral vegetation indices used in this study for the deep learning classification procedure.
NDVI = Normalized Difference Vegetation Index; EVI = Enhanced Vegetation Index; BSI = Bare Soil
Index; ρ = surface reflectance; BLUE = blue bland; RED = red band; and NIR = near-infrared band.

Vegetation Index Abbreviation Formula Citation

Normalized Difference
Vegetation Index NDVI NDVI = ρNIR−ρRED

ρNIR+ρRED
Rouse et al. [43]

Enhanced Vegetation Index EVI EVI = 2.5+ ρNIR−ρRED
ρNIR+6×ρRED−7.5×ρBLUE+1

Huete et al.
[45]

Bare Soil Index BSI BSI = 1 +
(ρ SWIR+ρRED)−(ρNIR+ρBLUE)

(ρSWIR+ρRED)+(ρNIR+ρBLUE)
Polykretis et al. [47]

Finally, the three spectral bands were processed using Principal Component Analysis
(PCA), a widely applied multivariate statistical technique over several scientific disci-
plines [54]. The resulting principal components were then combined with the vegetation
indices and LSMM fraction images to train the FCNN model [55].

The FCNN architecture consisted of nine hidden layers with 2048, 1024, 512, 256,
128, 64, 16, 8, and 8 neurons, respectively. The Rectified Linear Unit (ReLU) activation
function was applied to all hidden layers, and the Softmax function was used in the output
layer. Model training was conducted with the Adam optimizer to minimize the categorical
cross-entropy loss function. The model was trained for 500 epochs with a batch size of 16,
using a 60/40 split between the training and validation datasets.

The methodological workflow was implemented in Python 3.14.0 using the scikit
package, which integrates machine learning and deep learning frameworks such as scikit-
learn and TensorFlow. These frameworks provide robust tools for modeling and are
well-suited for handling the complexity of remote sensing data. All implementations were
executed on a virtual instance within the Google Colaboratory environment.

For the FCNN classification, eight LULC classes were considered: forestlands, shrub-
lands, grasslands, cultivated pastures, annual croplands, eucalyptus plantations, harvested
eucalyptus, and water bodies. Urban area and center-pivot irrigated fields were manually
delineated and excluded from the classification.

The training, validation, and testing datasets were derived from 154 field sampling
points collected in June and August 2023. At each site, the dominant LULC class was
recorded along with Global Positioning System (GPS) coordinates, and panoramic pho-
tographs were taken using a conventional digital camera with 7.1-megapixel resolution.
These field data were complemented by visual interpretation of high-resolution Google
Earth images, resulting in a total of 2240 samples for training (70%), 640 for validation
(20%), and 320 for testing (10%) (Figure 3). Each sample corresponded to a circular area
with a 20 m radius. The accuracy of the FCNN classification was assessed based on the
confusion matrix, Kappa coefficient, overall accuracy, and omission and commission errors.

The rates of change among LULC classes during the 2018–2022 period were analyzed
using an area-based transition table. Transition tables provide a simple mathematical
method for analyzing LULC dynamics between two time periods or between study areas
of different sizes [56]. The approach proposed Takada et al. [55] provides an important
methodological foundation for converting land use transition matrices derived from mul-
tiple and irregular time intervals into comparable annual transition probability models.
As highlighted by those authors, satellite observations are often unavailable at consistent
dates, and therefore transition matrices from different periods cannot be directly compared
without appropriate normalization. These authors address this issue by proposing the com-
putation of the c-th root of a transition matrix to derive annualized transition probabilities.
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Figure 3. Sampling sites for the Fully Connected Neural Network (FCNN) algorithm: (A) training
dataset; (B) validation dataset; and (C) testing dataset.

However, the full application of this approach is not feasible for our dataset because
the present study relies on only two LULC maps (2018 and 2022). A two-date transition
matrix identifies only the initial and final land use states and does not uniquely determine
intermediate trajectories, which prevents the estimation of annual transition probabilities or
the comparison of transition rates across periods. For this reason, we retained an area-based
transition table as the most appropriate representation of LULC dynamics in our study. A
transition table is represented as a square matrix in which rows correspond to classes in the
initial year (e.g., 2018) and columns correspond to classes in the final year (e.g., 2022). Each
cell indicates the amount of area (e.g., hectares) that transition from class i to class j during
the study period.

The rate of suppression of native vegetation in the study area was estimated consider-
ing the formula proposed by [57] (Equation (2)):

r =
1

t2 − t1
ln
(

A2

A1

)
(2)

where A1 is the area of native vegetation at initial date; A2 is the area of native vegetation
at final date; and t2 − t1 is the number of years.

The main advantage of the Puyravaud [57] formula is that it is scale-invariant and
logarithmic, allowing it to represent realistic rates of change even when time intervals
differ; when the magnitude of change is very large or very small; when initial and final
areas differ substantially; or when deforestation and regrowth follow nonlinear trajectories.
For these reasons, the Puyravaud approach is more advantageous than, for example, the
linear proportion-based method proposed by Lemessa [58], which may underestimate
or overestimate rates under conditions of strong change, or the method introduced by
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Xinchang et al. [59], which does not standardize rates across time intervals and therefore
produces values that vary according to the length of the monitoring period.

2.2.3. Farmland Abandonment Mapping

Agricultural areas mapped in 2018 as annual croplands, cultivated pastures, eucalyp-
tus plantations, or harvested eucalyptus that were reclassified as grasslands or shrublands
in 2022 were identified as abandoned farmlands. The resulting raster-based change map
was post-processed using the sieve tool in QGIS to remove isolated patches smaller than
100 pixels and was subsequently converted to vector format for further spatial analysis.

The accuracy of the final farmland abandonment map was assessed through systematic
visual interpretation of high-resolution satellite images available on the Google Earth
platform. To reduce potential uncertainty associated with edge effects in medium-resolution
images, only polygons larger than 10 hectares were included in this evaluation. Accuracy
assessment was based on overall accuracy and the Kappa coefficient [60,61]. Overall
accuracy (OA) corresponds to the ratio between number of correctly classified samples and
the total number of samples (Equation (3)).

OA =
∑k

I=1 nii
N

(3)

where nii is the correctly classified samples for class i; k is the number of classes; and N is
the total number of reference samples.

The Kappa coefficient measures the level of agreement between the classified map and
the reference data, corrected for the agreement that could occur randomly (Equation (4)).

k =
Po − Pe

1 − Pe
(4)

where Po is the observed proportion of agreement (equivalent to overall accuracy), and Pe

is the expected proportion of agreement due to chance. For a larger number of classes, the
Kappa coefficient typically ranges between 0 and 1.

2.2.4. Processing Tools

Several software platforms and processing environments were used throughout this
study. Google Earth Engine was employed for image acquisition and all pre-processing
steps, including cloud masking, radiometric normalization, reprojection, and image clip-
ping. It was also used to generate spectral composites and extract the spectral variables
required as input parameters for the subsequent classification procedures. The Sentinel
Application Platform (SNAP) version 11.0.0 was used to generate Sentinel-2 mosaics and to
examine sensor-specific radiometric properties.

The TerraAmazon 7.3.3 platform, developed by the National Institute for Space Re-
search (INPE), was used to compute the NDVI, EVI, and BSI spectral indices. ArcGIS 10.2
was employed for spatial analysis tasks, post-classification vectorization, and cartographic
production. QGIS Desktop 3.34 was used to refine post-classification outputs, especially
for removing isolated patches smaller than 100 pixels and converting raster outputs to
vector format. The deep learning models were implemented in Python through the scikiteo
package, which integrates scikit-learn and TensorFlow libraries. Model training, validation,
and testing were conducted in the Google Colaboratory environment, which provided the
computational resources necessary for running the FCNN architecture and managing the
large number of model parameters.
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3. Results
Figure 4 presents examples of field photographs representing the main LULC classes

identified in the study area. These include natural vegetation (forestlands, shrublands,
and grasslands), agricultural land uses (cultivated pastures, annual croplands, eucalyptus
plantations, and harvested eucalyptus), and two categories of abandoned agricultural land:
abandoned eucalyptus plantations and abandoned cultivated pasturelands.

 
Figure 4. Field photographs illustrating examples of the main land use and land cover classes identi-
fied in the municipality of Buritizeiro, Minas Gerais State, Brazil. Photographs were taken between
20 and 23 June 2023. (A) forestland; (B) shrubland; (C) cultivated pasture with Brachiaria species;
(D) soybean field; (E) abandoned eucalyptus plantation; and (F) abandoned cultivated pasture.

3.1. Land Use and Land Cover Mapping

The LULC classes mapped for 2018 and 2022 in the municipality of Buritizeiro are
presented in Figures 5 and 6, respectively. Prior to analysis, the classification results were
smoothed using a 100-pixel threshold filter to reduce isolated noise. In this case, the
sieve function available in QGIS was applied. This tool removes small, isolated pixel
groups from a classified raster by replacing them with the value of the largest adjacent
neighboring class.

Among the native vegetation formations, shrublands represented the largest class,
covering 37% of the municipality in 2018 and 26% in 2022, and were widely distributed
throughout the area. Grasslands were also widespread, occupying 18% of the municipality
in 2018 and 27% in 2022. Forestlands accounted for approximately 5% of the area and were
mainly concentrated along river courses, forming characteristic gallery forests [62].
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Figure 5. Land use and land cover map of the municipality of Buritizeiro, Minas Gerais State,
from 2018.

Figure 6. Land use and land cover map of the municipality of Buritizeiro, Minas Gerais State,
from 2022.
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Table 3 presents the 2018–2022 transition table for the main LULC classes in the
municipality of Buritizeiro. This table summarizes how each class mapped in 2018 either
changed or remained stable by 2022, allowing the quantification of gains, losses, and major
transitions among classes. These patterns highlight the dominant processes of vegetation
dynamics and agricultural expansion or intensification occurring in the region during the
study period. Water bodies and urban areas were not included in the table, as their extent
was assumed to remain essentially unchanged over the five-year interval. A notable result
shown in the transition table is the loss of 12,433 hectares of eucalyptus plantations and
harvested eucalyptus from 2018 to 2022.

Table 3. Area-based (hectares) transition table among land use categories in the municipality of
Buritizeiro, Minas Gerais State, Brazil.

2018 2022 2022 2022 2022 2022 2022 2022 2018

Forestland Shrubland Grassland Cultivated
Pasture

Eucalyptus
Plantation

Harvested
Eucalyptus

Annual
Crops Total

Forestland 16,349 9980 5177 1010 437 226 78 33,257
Shrubland 7536 160,725 99,103 23,324 3027 4028 502 298,245
Grassland 2819 16,550 87,083 15,800 641 800 277 123,970
Cultivated

pasture 1266 6896 51,571 59,892 575 959 18 121,177

Eucalyptus
plantation 692 3322 6519 1743 43,709 17,541 895 74,421

Harvested
eucalyptus 101 1263 6289 2817 8446 5493 18 24,427

Annual crops 53 313 503 83 465 68 21,146 22,631
Total 28,816 199,049 256,245 104,669 57,300 29,115 22,934 698,128

Considering that native vegetation formations (forestlands, shrublands, and grass-
lands) occupied 60.5% of the total area of Buritizeiro in 2018 and 58.2% in 2022
(Figures 5 and 6), native vegetation declined at an average rate of 0.95% per year dur-
ing the five-year period, according to the formulation proposed by Puyravaud [57]. This
rate is substantially higher than the suppression rate estimated using MapBiomas LULC
data for the same years, which corresponded to 0.15% per year [63]. The higher rate of
native vegetation loss derived from Sentinel-2 images is likely explained by a combina-
tion of factors, including differences in spatial resolution (10 m vs. 30 m), classification
methodology (deep learning vs. machine learning) and temporal compositing (single
overpass vs. annual mosaics).

3.2. Abandoned Farmlands

The spatial distribution of abandoned agricultural areas in Buritizeiro between 2018
and 2022 was derived from a temporal analysis of LULC classifications generated by the
FCNN method. A total of 13,147 hectares of abandoned farmland was identified within the
municipality (Figure 7). Most of these areas (87%) corresponded to eucalyptus plantations
or harvested eucalyptus in 2018, representing 4.7% of the municipality’s total agricultural
land cover. This abandonment rate is nearly four times higher than the 1.2% reported in
2017 for the 31.5 million ha of agricultural land in the Matopiba region, a major agricultural
frontier situated in the northern Cerrado [33].
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Figure 7. Map of abandoned farmlands in the municipality of Buritizeiro, Minas Gerais State, Brazil,
between 2018 and 2022.

4. Discussion
4.1. LULC Mapping Results

In 2018, the municipality of Buritizeiro presented 60% of its territory covered by native
vegetation formations, decreasing slightly to 58% in 2020. These results are consistent
with MapBiomas data for 2025 [63], which reported that native vegetation covered 52%
of the municipality in 2024. The MapBiomas Project is a multi-institutional initiative that
annually maps Brazil’s LULC classes using 30 m resolution Landsat data processed on the
Google Earth Engine platform [64]. As emphasized in previous studies (e.g., [62,65,66], the
natural vegetation of the Cerrado forms a mosaic of grasses, shrubs, and trees in varying
proportions depending on regional conditions, with gradual transitions among the three
dominant formations (grasslands, shrublands, and forestlands). This structural complexity
makes accurate classification of Cerrado formations especially challenging, regardless of
the imaging sensor or classification algorithm employed.

This study identified approximately 75,000 hectares of eucalyptus plantations in both
2018 and 2022, a result that closely matches with the MapBiomas Project estimate of
about 73,000 hectares. These plantations, along with their corresponding harvested areas,
were mainly concentrated in the northern and southwestern portions of the municipality,
forming relatively large and continuous blocks. Additional occurrences were observed
in the western region, especially along the BR-365 highway. No significant expansion of
eucalyptus reforestation was detected, as the spatial extent of plantations mapped in 2018
remained largely unchanged in 2022.

A similar spatial distribution and areal extent were observed for annual croplands.
Both this study and the MapBiomas Project estimated their coverage at approximately
35,000 hectares, with a strong concentration in the southern portion of the municipality.
A high density of center-pivot irrigation systems was recorded along the southeastern
boundary, supplied by water resources from the São Francisco River. The extent of irrigated
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croplands expanded significantly, from 858 hectares in 2018 to 14,851 hectares in 2022. In
contrast, only one abandoned center-pivot system, covering 88 hectares, was identified
during the study period. In the Cerrado biome, the abandonment or conversion of center-
pivot systems to rainfed agriculture is relatively common. For example, Sano et al. [67]
reported that 10% of center-pivots active in 2005 had been deactivated by 2020.

The transition table of the seven main LULC classes in the study area (Table 3) shows
that shrubland and grassland showed very high internal persistence, with 160,725 hectares
remaining as shrubland and 87,083 hectares remaining as grassland between 2018 and
2022. These two classes constitute the largest land cover types in the region. In contrast,
forestland was considerably less stable: only 16,349 hectares persisted as forest, while
16,908 hectares transitioned to other LULC classes, mainly shrubland. Harvested eucalyptus
also demonstrated low persistence (5493 ha), reflecting the highly dynamic rotational cycles
typical of plantation forestry.

Among natural land cover classes, grasslands showed a strong positive net change
(approximately +132,000 ha), indicating substantial conversion from other classes, whereas
shrublands showed a strong negative net change (approximately −99,000 ha), reflecting a
marked retraction of shrubland vegetation (Figure 8). As discussed earlier, a considerable
portion of these opposing trends may be associated with the well-known difficulty of accu-
rately discriminating grassland and shrubland classes using optical remote-sensing data.
Among land use classes, both cultivated pastures and eucalyptus plantations exhibited net
losses of approximately 17,000 ha each, supporting the interpretation of land use retraction
and potential abandonment during the analyzed period.

Figure 8. Net land use and land cover changes in the municipality of Buritizeiro between 2018
and 2022.

A notable pattern is the conversion of shrubland to grassland (99,103 hectares) and
from shrubland to cultivated pasture (23,324 hectares). These transitions suggest a degra-
dation gradient in which shrublands shift toward more open physiognomies, consistent
with grazing pressure and fire regimes commonly observed in the Cerrado (e.g., Arruda
et al. [68]. The conversion of grasslands to cultivated pasture (15,800 hectares), as well as
the transition from grasslands to shrublands (16,550 hectares) indicates two concurrent
processes: agricultural intensification, in which grasslands are converted into productive
pastures, and ecological regrowth, in which grasslands transition into shrub-dominated
physiognomies. However, as highlighted by Sano et al. [20], distinguishing cultivated
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pastures, grasslands, and shrublands using single-date satellite images remains challenging
due to their strong spectral similarity, ethe effects of variable solar illumination conditions
during image acquisition, and the pronounced climatic seasonality characteristic of the
Cerrado biome.

4.2. LULC Mapping Accuracy

The LULC classification for 2022 achieved an overall accuracy of 94.7% and a Kappa
coefficient of 0.933, which is considered excellent according to the Landis and Koch [69] scale
(ranging from poor <0.40 to excellent >0.75) and very good on Altman’s agreement scale
(ranging from poor <0.20 to very good 0.81–1.00) [70] (Table 4). These results are consistent
with previous studies, which commonly report accuracies above 85% for relatively similar
LULC mapping applications. For example, Basheer et al. [71] obtained overall accuracies
ranging from 87% to 94% when comparing three machine learning classifiers applied
to Landsat, Sentinel-2, and PlanetScope images over a study area in southern Canada.
Likewise, Zhao et al. [72] reported Kappa coefficients of 0.94–0.97 and overall accuracies
between 96% and 99% in a LULC classification study conducted in Pakistan using Sentinel-2
images from 2022 and three different machine learning classifiers.

Table 4. Confusion matrix for the Fully Connected Neural Network (FCNN) classification based
on Sentinel-2 satellite images, used to discriminate representative land use and land cover (LULC)
classes in the municipality of Buritizeiro, Minas Gerais State, Brazil, with a 95% of confidence
interval. FOR = forestland; SHR = shrubland; GRA = grassland; PAS = cultivated pasture;
EUC = eucalyptus plantation; HAR = harvested eucalyptus; CRO = annual cropland; OE = omission
error; and CE = commission error.

FOR SHR GRA PAS EUC HAR CRO OE (%) CE (%)

FOR 12 0 0 0 1 0 0 7.69 14.28
SHR 0 80 4 0 0 0 0 4.76 9.09
GRA 0 8 97 0 0 0 0 7.62 3.96
PAS 0 0 0 48 0 0 0 0 4
EUC 2 0 0 0 24 0 0 7.69 4
HAR 0 0 0 2 0 11 0 15.38 0
CRO 0 0 0 0 0 0 11 0 0

Kappa coefficient: 0.9326 Overall accuracy: 94.69%.

The highest omission error in this study was associated with harvested eucalyptus
(15.4%), which was mainly misclassified as eucalyptus plantation. The highest commission
error occurred for forestland (14.3%), resulting from the misclassification of non-forest
polygons, mainly eucalyptus plantations, as forest due to their structural similarity. Mutual
misclassification was also observed between native grasslands and shrublands, reflecting
their well-documented spectral resemblance [65,66], with errors ranging from 4% to 9%. In
contrast, annual croplands were classified with no omission and commission errors.

4.3. Abandoned Farmlands

The 139 polygons larger than 10 hectares that were classified as abandoned farmlands
were visually inspected using a time series of high-resolution satellite images available
on the Google Earth platform. This analysis confirmed clear evidence of abandonment
in 106 polygons, resulting in an overall accuracy of 76.3%. The remaining polygons
corresponded to cultivated pastures, native vegetation (mainly grasslands or shrublands),
active Eucalyptus plantations or fallow in some period of the whole period.

We opted not to perform FCNN-based annual classifications for every year of the study
period to avoid misidentifying agricultural areas that were intentionally left uncultivated
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for short intervals, typically one year, known as fallow. Such temporary resting periods
are not considered abandonment in most studies. Additionally, strong climatic seasonality
in the region and the high spectral similarity among certain LULC classes (e.g., cultivated
pastures vs. natural grasslands) could increase misclassification errors in annual maps.
Instead, we relied on visual interpretation of multi-year, high-resolution imagery available
on the Google Earth platform. All polygons larger than 10 ha were visually inspected across
the entire period, and areas identified as fallow were subsequently treated as omission
errors in the accuracy assessment.

Among the 83 abandoned eucalyptus polygons larger than 10 hectares identified in
the municipality, totaling 10,487 hectares, the vast majority (78) were located on Latossolos
(Ferralsols under the FAO classification), while four occurred on Cambissolos (Cambisols)
and one on Gleissolos (Gleysols). In Brazil, eucalyptus plantations are heavily concentrated
in Minas Gerais State, which accounts for 24% of the national total. These plantations
are typically established on low fertility soils and are primarily used for cellulose, paper,
and charcoal production [17,73,74]. In the Buritizeiro region, Eucalyptus urophylla is the
predominant planted species. As previously mentioned, the primary end use of local
eucalyptus production is charcoal manufacturing to supply the Setegusa steel mill in Sete
Lagoas, Minas Gerais.

4.4. Factors Contributing to the Abandonment of Farmlands

During the field campaign, no single predominant factor was identified as responsible
for the abandonment of eucalyptus plantations in the municipality. A plausible explanation
is the relatively low and declining charcoal prices between August 2018 and September 2020
(Figure 9). During this period, the average charcoal price was USD 79.00 per ton, consider-
ably lower than in the subsequent period from September 2022 to May 2023, when prices
increased sharply to an average of USD 166.00 per ton. This price was likely influenced by
the global energy crisis caused by rising energy demand during the COVID-19 pandemic
(2020–2023) as well as by the Russia-Ukraine conflict, which began in February 2022.

Figure 9. Charcoal prices in USD per ton over roughly last decade (2016–2025). Source: Trading
Economics [75].
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Information obtained from local farmers indicates that the main factors driving pasture
abandonment include the high costs of limestone and chemical fertilizers required to
maintain adequate pasture carrying capacity, combined with prolonged dry periods that
sharply reduce forage growth and force producers to purchase silage during the dry season.
Table 5 shows that beef production in Brazil has become increasingly expensive over the
2018–2022 period as a result of rising input costs, especially fertilizer price spikes, which
nearly tripled between 2018 and 2022.

Table 5. Average beef price and input costs (USD per ton) in Brazil during the 2018–2022 period.

Year Beef (USD/Ton) Fertilizer
(USD/Ton)

Corn Silage
(USD/Ton)

2018 2639.33 361.00 90.00
2019 2752.00 507.61 222.40
2020 2933.33 314.20 134.20
2021 3578.00 758.30 224.65
2022 4066.00 988.37 217.00

Source: CEPEA [76].

4.5. Implications and Limitations

Economic factors associated with the abandoned farmlands identified in this study,
such as the sharp increase in fertilizer prices and the reduced profitability of eucalyptus-
based charcoal production, highlight the need for public policies that mitigate input cost
volatility and strengthen the economic resilience of small- and medium-sized farmers.
Abandoned farmlands often undergo natural regeneration, contributing to carbon seques-
tration, biodiversity recovery, and the enhancement of ecosystem services. The maps
generated in this study can support policymakers in integrating abandoned areas into
carbon sequestration accounting and climate mitigation strategies, as well as identifying
regions suitable for passive restoration and the establishment of conservation corridors.
Such applications align land management decisions with national and international com-
mitments related to climate change and biodiversity conservation in the Cerrado.

We also emphasize the need for species-specific assessments of natural regeneration,
particularly focusing on the successional dynamics of Cerrado woody and herbaceous
species in areas previously subjected to intensive silviculture or grazing. Given that soil
degradation is a major driver of farmland abandonment in the region, we recommend that
future studies incorporate soil property monitoring, including nutrient status, compaction,
organic carbon recovery, and erosion susceptibility.

Despite these contributions, several important limitations should be acknowledged.
First, the analysis relies on only two Sentinel-2 acquisition dates (2018 and 2022) to infer
farmland abandonment. The lack of intermediate observations means that areas reclassified
as grassland or shrubland in 2022 were assumed to have remained uncultivated for the
entire five-year period. This assumption may lead to an overestimation of permanent
abandonment, as it does not distinguish long-term abandonment from temporary fallow or
short-term land use transitions. Future studies would benefit from incorporating denser
temporal series, ideally with annual or seasonal intervals.

Second, although the FCNN-based LULC classification was rigorously validated,
the validation of the abandonment map relied essentially on visual inspection of high-
resolution Google Earth images for polygons larger than 10 hectares. Because abandon-
ment is inherently linked to management practices, spectral signatures alone may be
ambiguous. Therefore, field-based validation, although time-consuming and costly, is
recommended to complement remote sensing interpretation and improve the reliability of
abandonment assessments.
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Third, although field data collected during two field campaigns in 2023 were used
for the calibration and validation of the FCNN-based LULC classification, the validation
of the abandoned farmland map relied exclusively on high-resolution images available
on the Google Earth platform. This dependence on remote interpretation may introduce
uncertainties, especially in areas where management practices cannot be inferred solely
from spectral or visual inspection.

Finally, the detailed spatial characterization of abandoned farmlands produced in this
study offers valuable support for regional planning and restoration initiatives. These maps
can assist government agencies, environmental planners, and landowners in prioritizing
areas for rehabilitation, including degraded eucalyptus plantations and underperforming
pasturelands. This is especially relevant for Brazil’s National Program for Conversion of
Degraded Pastures (PNCPD), a national initiative aimed at restoring 40 million hectares of
degraded pastures (Decree No. 11.687/2023).

The methodological framework presented here also provides a replicable approach
for improving municipal- and state-level land use inventories, identifying abandonment
hotspots associated with economic pressures, and supporting ecological assessments re-
lated to natural regeneration, carbon accumulation, soil degradation recovery, and habitat
connectivity in landscapes undergoing agricultural contraction.

5. Conclusions
This study demonstrated the applicability and robustness of the FCNN classifier for

mapping abandoned farmlands in the Brazilian Cerrado using Sentinel-2 multispectral
images. By integrating spectral indices, spectral mixture components, and principal com-
ponents into a deep learning architecture, the approach achieved strong classification
performance (overall accuracy = 76.3%). The results indicated that farmland abandonment
between 2018 and 2022, totaling 13,147 hectares, or 4.7% of the agricultural land area in
2018, was predominantly associated with eucalyptus plantations, whereas no evidence of
abandonment was detected for annual croplands. These findings highlight the suitability
of deep learning methods for capturing subtle land use transitions in complex tropical
savanna environments.

Discriminating pasture abandonment remains challenging because of the spectral sim-
ilarity among degraded pastures, active pastures, and natural grasslands and shrublands.
Improving monitoring accuracy will require higher spatiotemporal resolution datasets.
In addition to its scientific contributions, the cartographic products generated in this
study provide a valuable tool for regional land use planning and environmental manage-
ment in the Cerrado, offering precise spatial information of abandoned lands to support
decision-making processes related to agricultural restoration. Investigating the persistence
of abandonment over longer timeframes is essential for understanding its implications for
carbon sequestration and biodiversity conservation in the Cerrado biome.
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