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A B S T R A C T

The livestock activity accounts for a large part of the transformations in land cover in the world, with pasture
areas being the main land use in Brazil and the main livelihood of the largest commercial herd in the world. In
this sense, a better understanding of the spatial-temporal dynamics of pasture areas is of fundamental im-
portance for a better occupation and territorial governance. Moreover, because they provide different ecosystem
services, pastures play a key role in mitigating climate change and in meeting GHG emission reduction targets.
Within this context, and based on Landsat image processing via machine learning methods in a cloud computing
platform (Google Earth Engine), this work has mapped, annually and in an unprecedented way, the totality of
the Brazilian pastures, from 1985 to 2017. With an overall accuracy of about 90%, the 33 maps produced
indicated the pasture area varying from ~118 Mha±3.41% (1985) to ~178 Mha±2.53% (2017), with this
expansion occurring mostly in the northern region of the country and to a lesser extent in the midwest.
Temporarily, most of this expansion occurred in the first half of the period evaluated (i.e. between 1985 and
2002), with an increase in Brazilian pasture areas of ~57 mha in just 17 years. After 2002, this area remained
relatively stable, varying between ~175 mha±2.48% and ~178 mha±2.53% by 2017. In 33 years, about 87%
of the mapped areas experienced zero, one, two, or three land-cover / land-use transitions; overall, of the ~178
mha±2.53% of existing pastures in 2017, ~52 mha are at least 33 years old, ~66 mha were formed after 1985,
and ~33 mha may have undergone some reform action in the period under consideration. The dynamics re-
vealed in this study reinforce the thesis of pasture utilization as a land reserve, and demonstrate the importance
of these areas in the economic, social, and environmental aspects of Brazil.

1. Introduction

Meeting the growing global demand for food, historically associated
with population growth and rising of per capita income (Godfray,
2015), is one of the greatest challenges facing mankind in the 21st
century (Foley et al., 2011). In the last century, the preferential option
was to increase food production through extensification processes
(Tilman et al., 2011; Ray et al., 2013). As opposed to productivity gains
via sustainable intensification, the opening of new agricultural areas
impacted several natural ecosystems (Tilman et al., 2002; Lapola et al.,
2013), reduced biodiversity on the planet (Mclaughlin and Mineau,
1995; DeFries et al., 2004) and consolidated 37% of the land area as
agricultural land (FAO, 2015). Currently, most of these open lands are
used by livestock (FAO, 2013), positioning the sector as one of the main
responsible for the global transformations of land cover and land use in

the second half of the twentieth century (Lambin et al., 2001).
In the last six decades, Brazil doubled its agricultural area (Dias

et al., 2016) and became the world's largest producer of beef and soy-
bean (USDA, 2018). This extensification was responsible for both en-
vironmental impacts, especially in the Amazon (Valentim and Andrade,
2009; Barona et al., 2010) and Cerrado (Rocha et al., 2011; Scaramuzza
et al., 2017) biomes, as well as for social and economic benefits, which
improved production organization and national self-sufficiency in rice,
maize, soy, and meat production (FAO, 2018). The understanding of
these important territorial transformations requires a better compre-
hension of the dynamics of occupation of the Brazilian pastures, as
these areas, since the 70s, constitute the largest land use class in Brazil
(IBGE, 2017) and the main source of livelihood of the world's largest
commercial herd (Paulino et al., 2011; Oliveira et al., 2018). In the
same way, and considering that natural and planted pastures are
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susceptible to environmental variations (e.g. Sloat et al., 2018) and may
be associated to several ecosystem services (Lindeskog et al., 2013;
Arantes et al., 2016), to understand their occupation patterns can help
to adapt and mitigate the impacts of climate change (Izaurralde et al.,
2011) and to meet the GHG emission reduction targets established by
Brazil in the PARIS agreement (Bustamante et al., 2012; Rajão and
Soares-Filho, 2015).

The consolidation of the Brazilian livestock in the north of the
country, together with the conversion of pastures located in the center-
south to other uses, characterizes pasture areas as important land re-
serves (Martha et al., 2012; Parente et al., 2017; Parente and Ferreira,
2018). In fact, the increasing productive capacity of the country (FAO,
2018) and the emergence of zero-deforestation policies (Alix-Garcia
and Gibbs, 2017; Azevedo et al., 2015) can significantly intensify the
competition for Brazilian lands already open (Smith et al., 2010;
Lambin et al., 2013), demanding more assertive and efficient territorial
governance policies, which needs to consider the spatial-temporal dis-
tribution of this large reserve of Brazilian lands. On the other hand,
although the country has official (MMA, 2002; MMA, 2015) and un-
official (Parente et al., 2017) mappings regarding this land-cover /
land-use use class, no previous effort has mapped, at high spatial re-
solution, the occupation history of the pasture areas of entire Brazil.

In recent years, the growing availability of satellite data (Ma et al.,
2015), as well as the development of new algorithms and cloud com-
puting platforms to analyze them (Quirita et al., 2017; Gorelick et al.,
2017), allowed the emergence of products capable of capturing, with a
high level of spatial detail and at a planetary scale, the spatial-temporal
distribution of natural features, such as forests (Hansen et al., 2013)
and water bodies (Pekel et al., 2016). Specifically concerning the
grassland areas in the world, Landsat 8 imagery and automated clas-
sification approaches were used to map grassland conditions in the
Tibetan Plateau in Western China, indicating a strong connection be-
tween degradation patterns and high altitude pastures (Fassnacht et al.,
2015). Another study developed a classification strategy, based on the
phenological response of MODIS NDVI time series, to separate native
and nonnative grasslands, in the Dry Mixed Grass prairie of Alberta, as
well as to assess the health of forage in Canada (Mcinnes et al., 2015).
Likewise, several studies developed classification approaches to map
pasture and other land use and land cover classes using multiple sensors
and automatic classification algorithms in different regions in the world
(Santos et al., 2019; Ayala-Izurieta et al., 2017; Ozdarici-Ok et al.,
2015; Rufin et al., 2015).

Considering these possibilities and the importance of pasture areas
for Brazil, the present study, supported by objective criteria and the
automated classification of thousands of Landsat images, mapped this
land-cover / land-use class since 1985, producing 33 annual maps for
the entire brazilian territory, which encompass an area of about 8.5
Mkm2 (BRASIL, 2015). Based on this unique and unprecedented da-
taset, we analyzed the main territorial transformations of the country,
which made Brazil one of the largest food producers in the world.

2. Data and methods

The methodological approach of this study made use of machine
learning techniques, in a cloud-computing platform, to automatically
classify, on a yearly basis, images obtained by the Landsat program
(Roy et al., 2014; Parente et al., 2017). For each year we calculated a
set of metrics that considered the spectral variations, along a time
window, to capture the seasonal characteristics of one or more land-
cover / land-use classes (Wang et al., 2015; Pasquarella et al., 2018).
These metrics were used to compose a feature space, which was clas-
sified via Random Forest (Breiman, 2001), with reference to a sample
dataset with more than 30,000 points, visually inspected and dis-
tributed randomly throughout Brazil. As the classification was per-
formed year after year, independently, post-processing techniques were
used in order to increase the temporal and spatial consistency of the

mappings produced. Finally, a quality evaluation was performed, con-
sidering a second set of samples comprised of 5000 points. This meth-
odological approach, the details of which are described in the following
sections, was implemented (with the exception of post-processing and
quality assessment) in Google Earth Engine, a cloud computing plat-
form capable of analyzing remote sensing data on a global scale
(Gorelick et al., 2017).

2.1. Feature space

This study utilized Landsat imagery, Collection 1 Tier 1, obtained
between 1985 and 2017 (Markham and Helder, 2012). For the first half
of the time series (i.e. 1985 to 1999), Landsat 5 images were used. The
images obtained by the Landsat 7 satellite were considered only for the
years 2000, 2001, 2002, and 2012, due to the failure of the Scan Line
Corrector mechanism (Markham et al., 2004). For the period between
2003 and 2011, the Landsat 5 was used and from 2013 on, only Landsat
8 images were considered. This entire time series was normalized to
Top-of-Atmosphere (TOA) reflectance values and filtered with the
Quality Assessment Band, aiming at the removal of pixel values con-
taminated by clouds and/or cloud shadows (Roy et al., 2014).

On the resulting pixel values, five operations (mean, standard de-
viation, minimum, maximum, and amplitude) were applied in six
spectral bands (green, red, near-infrared, shortwave infrared 1, and
shortwave infrared 2) and three spectral indices: NDVI (Normalized
Difference Vegetation Index, Huete et al., 1997), NDWI (Normalized
Difference Water Index, Gao, 1996) and CAI (Cellulose Absorption
Index, Nagler et al., 2003). Aiming at a greater number of observations
available for this process, the chosen time window was 24months, in
order to guarantee the prevalence of good quality observations for a
specific year (e.g. the 2015 feature space considered images from the
last half of 2014 and the first half of 2016).

Due to the low amplitudes and difficulties in differentiating the
spectral responses during the dry period, only the observations of the
rainy period were considered within the 24-month temporal window.
The implementation of this process, a challenge for a country with
continental dimensions such as Brazil, occurred automatically, on a
pixel basis, through a percentile analysis of all NDVI values for the
established time window. Only observations with NDVI values higher
than the 25th percentile were considered to compose the rainy season,
from which a feature space with 40 spectral-temporal metrics was
produced.

2.2. Training and validation datasets

This work chose to use a supervised classification approach, which,
although favorable and efficient for large-scale mappings (Hansen and
Loveland, 2012), demands a calibration dataset. Given the absence of
spatially explicit reference data for the entire mapping period con-
sidered, this study visually surveyed, from 1985 to 2017, 31,449 ran-
domly distributed points over Brazil. This amount considered 100
points in each Landsat scene, being that in border scenes (oceanic and
with other countries), the number of points was weighted by the area of
the Brazilian territory present in the scene.

The sampling design used a 2015 pasture map (Parente et al., 2017)
to ensure that the 100 sample points reflected the actual proportion of
pasture in each scene. However, for scenes with a proportion below
10%, a minimum amount, equivalent to 10 sample points, was drawn
on pasture areas. As pastures occupy a little more than 21% of the
Brazilian territory (with reference to the map used in the sampling
process), in all, 7858 pasture and 23,591 non-pasture samples were
considered. Although there is no consensus on the best Random Forest
sampling strategy (Belgiu and Drăguţ, 2016), the approach chosen
generally tends to produce better classification results, because the
classes that occupy large areas require more samples than those that
occupy small areas (Colditz, 2015); likewise, the commission error of
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the under-represented classes is reduced (Jin et al., 2014).
The validation dataset was generated with 5000 random points

distributed over Brazil, in order to allow an independent evaluation of
the mappings produced by this study, as well as to generate a more
assertive estimate of the pasture area (Olofsson et al., 2014). The
sampling design considered a 2015 pasture map, as well as a balanced
approach regarding the amount of random points (i.e. 2500 for the
“pasture” class and 2500 for the “non-pasture” class), conservatively
assuming that the minimum mapping accuracy was 50% and the ac-
curacy assessment error was 1% within a 95% confidence interval
(Lohr, 2009).

The training and validation sample sets were evaluated through the
Temporal Visual Inspection Tool, which enables the retrieval of Landsat
images, via Google Earth Engine (Nogueira et al., 2017), and the de-
termination, for all points, along the 33 years considered in this study,
of the respective land-cover / land-use class and eventual changes. This
process considered two Landsat images per year, referring to the dry
and rainy periods, as well as MOD13Q1 NDVI time series and high-
resolution Google Earth images for a given point. Each training and
validation point was inspected, respectively, by three and five inter-
preters, so that the final assigned class had a minimum agreement rate.
The final results of the inspection of the training and validation datasets
are available at https://code.earthengine.google.com/
b5982936dd0b812ff3467b9b7d5b0277 (Fig. 1).

2.3. Classification approach

The classification process considered a geographic and temporal
stratification, individually training and classifying all the 380 Landsat
scenes that cover the Brazilian territory, in all the 33 years evaluated by
this study. Considering that pastures are very susceptible to climatic
inter-annual variations (Ferreira et al., 2013a) and present different
biophysical and management characteristics throughout the brazilian
territory (Aguiar et al., 2017; Ferreira et al., 2013b), this approach al-
lowed the classification models to better identify this land-cover / land-
use class (Parente and Ferreira, 2018). However, to minimize the

impact of spatial stratification, part of the training set was shared
among different classification models, so that, of the 900 points used to
train the Random Forest algorithm, 800 points were recovered from the
immediately adjacent scenes (Fig. 1). Equally important, the temporal
stratification was also intended to minimize the impact of the spectral
and radiometric differences among the Landsat sensors (i.e. TM, ETM,
and OLI) in the classification results, since, for each year, a classifier
was trained considering only images obtained by a single satellite.

The use of the Random Forest considered 500 statistical decision
trees (NTree), six random variables to be selected from the best split
when growing each tree (Mtry), and one sample as a minimum leaf
population of a terminal node (aiming at generating deeper trees). As
this algorithm has low sensibility to the quality of the training samples
and to overfitting, the most common recommendation is to set a large
number of NTree and the square root of the feature space size as Mtry
(Belgiu and Drăguţ, 2016). In general, large values of NTree, combined
with deeper trees generation, promotes better classification results (at
the cost of increasing computational requirements).

Considering the multiple decision trees, we assigned to each Landsat
pixel the probability of an area of 900m2 belonging to the pasture
class. For example, if for a specific pixel, 300 trees indicated the pasture
class and 200 trees the non-pasture class, the probability of the area
being pasture will be equivalent to 60%. This classification approach,
including the feature space generation and the exporting of the prob-
abilistic results to Google Drive, has been implemented in Google Earth
Engine and is available at https://code.earthengine.google.com/
56c7fccfb8eb1568abe627b13dbf8416.

2.4. Post-processing

All of the classified scenes were then retrieved from Google Drive
and mosaicked year after year, thus producing a time series of prob-
abilistic pasture maps. In order to better homogenize these results, we
applied a space-time filter, capable of minimizing abrupt and some-
times unreal variations, simultaneously considering these two dimen-
sions. The filter, implemented via the SciPy library (SCIPY, 2018), used

Fig. 1. Datasets used to produce and evaluate the mapping of pasture areas in Brazil. Overall, 31,449 points were used for training the classification algorithm, and
5000 points and 1225 field-based coordinates were used to evaluate the results produced by this work.
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a five year and a 3× 3 pixel time window, replacing the central kernel
value with the median of 45 probability values. On this result, a 51%
threshold was considered (i.e. a minimally acceptable value for a binary
classification) in order to produce the 33 pasture maps for Brazil.

2.5. Accuracy assessment and analysis

On the resultant pasture maps, an accuracy analysis was performed
based on validation points with four or more votes (i.e. at least four
interpreters assigned the point to the same land-cover / land-use class),
which ensured at least 4100 samples for all the years considered in this
study. These points were used to generate a balanced confusion matrix,
responsible for removing the sample bias, for all the maps produced,
from which the global, user, and producer accuracies were calculated
for the pasture class (Pontius and Millones, 2011). From this analysis, it
was also possible to estimate the pasture area, for Brazil and its re-
spective biomes, considering the respective mapping errors and con-
fidence intervals. As the validation dataset used a pasture thematic map
where each class (i.e. pasture and “non-pasture”) was considered as a
stratum, it was possible to calculate the standard deviation as a post-
stratification term and a 95% confidence interval, assuming a Gaussian
distribution (Cochran, 1977), which made possible the correction of the
mapped area and the determination of an upper and lower threshold for
this estimate (Seebach et al., 2011; Olofsson et al., 2014).

Specifically for the 2015 mapping, an evaluation was made with a
set of 1225 points collected in the field, between 2014 and 2018, by
several institutions and initiatives (i.e. LAPIG / UFG, Embrapa, TNC,
Aliança da Terra, Livestock Rally, Association of Plants of the Northeast
- APNE, State University of Feira de Santana - UEFS, Federal University
of Rio Grande do Sul - UFRGS). Since it is a dataset containing only
pasture points, this evaluation considered only the correct pasture
mapping rate (Fig. 1).

Finally, two transitional analyzes were carried out on the mappings
produced, in order to understand how the pasture areas varied in the
Brazilian territory between 1985 and 2017. The first analysis counted
the number of times that each pixel changed class, allowing to infer the
number of transitions that occurred on a minimum scale of 900 m2 (e.g.
a 30x30m pixel recurrently mapped as pasture between 1985 and 2000,
and recurrently mapped as “non-pasture” between 2001 and 2017,
underwent only a single transition). The second analysis calculated the
logarithmic rate of return, a consolidated indicator for temporal stock
market analysis (Kompa and Matuszewska, 2009), for all municipalities
in Brazil, comparing the expansion and retraction of the mapped pas-
tures with the evolution, between 1985 and 2016, of the soybean and
sugarcane planted areas, according to data from the Municipal Agri-
cultural Production survey (PAM) (IBGE, 2018a).

3. Results

The pasture mapping produced by this study presents an overall
accuracy of ~90%, a user accuracy (from 2000 on) of 95%, and a
producer accuracy ranging from 60% to 70% (Fig. 2). The prevalence of
omission errors in all years suggests that our mapping is under-
estimating the pasture areas, which, on the other hand, increases the
certainty of the areas identified for this class. In part, this result can be
explained by the methodological option adopted, in which, the dis-
tribution of the pasture class was resembled by the relatively close
proportions between the sampling points (i.e. the training set) and the
population (i.e. the Brazilian territory). In fact, given the difficulty of
establishing explicit criteria for the identification of the Brazilian pas-
tures, often related to anthropic practices and not thoroughly captured
by remote sensing data, this study chose to produce more conservative
pasture mappings, aiming at less confusion with natural vegetation
formations in the entire Brazilian territory.

With the gradual decrease of omission errors in recent years, this
assessment reveals that the most accurate pasture map is for the year

2015. And the evaluation using field data indicated that the 2015
pasture map correctly mapped 984 of 1225 field points, the equivalent
of 80.32%. It is important to emphasize that this rate of success reveals
a good adherence of our mapping in regions with more consolidated
pastures and relevant to the Brazilian cattle ranching, such as Mato
Grosso, Pará, Rondônia, Goiás, Mato Grosso do sul, and Rio Grande do
Sul.

This mapping revealed that the pasture area in Brazil increased from
~118 mha±3.41% to ~178 mha±2.53%, approximately 60 mha, in
the last 33 years (Fig. 3). This expansion occurred mostly in the
northern region of the country and to a lesser extent in the Midwest.
The states that gained the most pasture area were Mato Grosso (~14
mha), Pará (~14 mha), and Rondônia (~6.3 mha), while the ones that
lost most were São Paulo (~6.3 mha), Rio Grande do Sul (~3.5 mha),
and Paraná (~2.9 mha). In terms of municipalities, São Félix do Xingu
(Pará) gained the most pasture area, approximately 1.5 mha, followed
by Porto Velho (Rondônia) (~0.68 mha) and Marabá (Pará) (~0.61
mha). On the other hand, Rio Verde (Goiás) was the municipality that
lost the most pasture, almost 0.21 mha, followed by Maracaju (Mato
Grosso do Sul) (0.13 mha) and São Gabriel (Rio Grande do Sul) (0.12
mha).

Most of this expansion occurred in the first half of the assessed
period (i.e. between 1985 and 2002), with an increase in the Brazilian
pasture area of ~57 mha in only 17 years (Fig. 4a). After 2002, this area
remained relatively stable, varying between ~175 mha±2.48% and
~179 mha±2.53% until 2017. When analyzed in conjunction with the
cattle herd (IBGE, 2018b), this mapping revealed a trend of ex-
tensification of the Brazilian cattle ranching until 2004, followed by an
intensification process in the last years of the series (Fig. 4b). The
biomes that contributed most to this extensification were the Amazon
and the Cerrado, which increased their pasture areas by ~37 mha and
~21 mha, respectively, between 1985 and 2017 (Fig. 5a). However, the
largest proportional increase occurred in Amazonia, approximately
450%, showing a strong relation with the accumulated deforestation in
the biome, as detected by the PRODES-Amazônia in the same period
(Fig. 5b - INPE, 2018). While the Cerrado and Amazonia stabilized their
pasture areas in the second half of the analyzed period, the Caatinga
and Pantanal biomes presented a tendency of systematic expansion,
with proportional increases of ~168% and ~182%, respectively,
throughout the series. Regarding the retraction of pasture areas, this
occurred only in the Atlantic Forest (~11.31 mha) and in the Pampa
(~4.04 mha) biomes, with the greatest loss in area occurring in the last
years of the series.

In order to investigate the convergence between our study and an
official data produced by the Brazilian government, we compared the
pasture areas of our mapping with the Brazilian Inventory of
Greenhouse Gas Emissions (MCTIC, 2015). As our maps do not distin-
guish between cultivated and natural pastures, we assumed as pasture
the classes AP-Pasture and GM-Managed Fields of the Land Use and
Land Cover Maps of the National Inventory. These maps were produced
by visual inspection of Landsat images, for three years (i.e. 1994, 2002,
and 2010) and for all the Brazilian biomes. For the entire Brazilian
territory, both datasets reveal a tendency of increasing pasture area,
mainly driven by the Amazon and Cerrado biomes (Fig. 6). Specifically
for the Amazon, the National Inventory mapped more pasture area in
all years, while in the Cerrado our mapping identified more pasture in
the initial years of the series. In the Atlantic-Forest, a biome with an old
anthropic occupation, the mappings presented a good convergence,
regardless the period considered. The observed differences in mapped
area may be related to the methodological approaches used in the
production of these mappings. While the National Inventory data con-
siders visual inspection of one or two Landsat images in a given year,
our method analyzes all available images in a 24-month window, and
thus tends to map more consolidated pasturelands (i.e. without land
cover and land use change in the analyzed period).
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Fig. 2. Results of the year-to-year accuracy analysis based on the validation samples with four or more votes (i.e. at least four interpreters assigned a given point to
the same land-cover / land-use class), indicating an overall accuracy of ~90%, with a better performance of the user accuracy throughout the mapped period.

Fig. 3. Map of the Brazilian pasturelands for the initial and final years of the period evaluated by this study (i.e. 1985 and 2017). The results show an increase in area
of ~60 mha and a tendency of expansion for the North and Midwest Brazilian regions. The set of 33 maps (in Geotiff format) can be accessed at https://code.
earthengine.google.com/3cabcbe3d774e7dc435eeb28fda6f6b7 and at http://pastagem.org.

Fig. 4. (a) Evolution of the Brazilian pasturelands, between 1985 and 2017 (with corrected area estimates, according to the validation dataset and a 95% confidence
interval) showing a trend of expansion until the beginning of the 2000s and, later, a stabilization in the mapped area balance. (b) Evolution of the Brazilian cattle
herd between 1985 and 2016, according to the IBGE Municipal Livestock Survey, which, together with the mapped pasture area, reveals a trend of extensification of
the Brazilian cattle ranching, until 2004, followed by an intensification process in the last years of the series.
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4. Discussion

The set of 33 maps revealed that ~264 mha were pasture sometime
between 1985 and 2017, which correspond to almost 32% of the
Brazilian territory, and that ~87% of the mapped areas experienced
zero, one, two, or three land-cover / land-use transitions in this period
(Fig. 7). This relatively low amount of transitions for most pasture areas
in Brazil is an indication that the methodological approach proposed by
this study, based on a geographical and temporal stratification, was
able to produce consistent and yearly comparable results. The spatial
dynamics of these areas seems to be correctly captured, since in Brazil
pastures are generally characterized as the first land use, usually ad-
vancing over areas of natural vegetation (Cardille and Foley, 2003;
Barona et al., 2010), which, later on, yields space for more economic-
ally profitable agricultural crops, such as soybeans and sugarcane
(Sparovek et al., 2009; Scheffler et al., 2011). In this sense, pastures
with four or more transitions are less common in the territory and may
be associated with: (i) integrated crop-livestock-forestry systems; (ii)
poorly managed and/or recurring reformed pastures; (iii) regular flood
events on natural pastures and (iv) mapping errors.

In order to obtain a better understanding of the dynamics of occu-
pation of the Brazilian pastures, we qualified the most prevalent tran-
sitions in the territory, establishing the following categories: Old pas-
tures (areas without transition, identified as pasture in all the 33 years),
Old pastures abandoned / converted (areas with only one transition -
i.e. pastures since 1985 that were abandoned or converted), Pastures
formed after 1985 (areas with only one transition - were not pasture in
1985 and are pasture in 2017), Pastures abandoned / converted (areas

with two or three transitions - i.e. pastures formed from 1985 that were
abandoned or converted) and Pastures reformed (areas with two or
three transitions - i.e. pastures formed from 1985, which underwent
some conversion and which are pastures in 2017) (Fig. 8).

This categorization revealed that of the ~178 mha±2.53% of ex-
isting pastures in 2017, ~52 mha are at least 33 years old, ~66 mha
were formed after 1985, and ~33 mha may have undergone some re-
form action in the period under consideration. The prevalence of old
pastures in Goiás, Mato Grosso do Sul, Minas Gerais, and Rio Grande do
Sul is consistent with the history of occupation and land use of these
states, which consolidated livestock farming as a relevant economic
activity several decades ago (Da Fonseca, 1985). On the other hand, the
expansion of pastures after 1985 consolidated livestock activity in the
states of Rondônia, Mato Grosso, Tocantins, and Pará in a little more
than 30 years, a process that was driven by population migration po-
licies, created during the military government, and by low land prices
in the region (Oliveira and Marquis, 2002). In the same period, the state
of São Paulo, Rio Grande do Sul, Paraná, Minas Gerais, Goiás, and Mato
Grosso do Sul lost pastures, old and new, mainly due to the conversion
of these areas to more profitable agricultural crops. Interestingly, all the
states of the Midwest (i.e. Mato Grosso, Mato Grosso do Sul, and Goiás)
presented significant proportions of pasture expansion and retraction,
which can be explained by the consolidation of agricultural activity in
the region, as well as by its location in the center of the country, which
facilitates access to inputs and outflow production. Reformed pastures
did not present a specific spatial pattern and were found in practically
all Brazilian states.

This analysis of the spatio-temporal dynamics revealed that most of

Fig. 5. (a) Evolution of the pasture areas in the Brazilian biomes (with corrected area estimates, according to the validation dataset and a 95% confidence interval)
indicating that the expansion of the pasture areas occurred mainly in the Amazon and Cerrado. (b) Specifically in the Amazon, this increase was ~450% and was
strongly correlated with the accumulated deforestation in the biome (as detected by the PRODES-Amazônia).

Fig. 6. Comparison between the pasture areas mapped by this study and by the Brazilian Inventory of Greenhouse Gas Emissions (MCTIC, 2015), considering, for the
latter, the land-cover and land-use classes Ap-Pasture and GM-Managed as pasturelands. For the entire Brazillian territory, in 1994, 2002 and 2010, our study
mapped, respectively, ~154±2.72%, ~175±2.48% and ~182±2.43% mha of pasturelands, while for the same years the National Inventory mapped ~157,
~186, and ~189 mha.
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the mapped pastures underwent only one transition (Fig. 7), which
were categorized as “Pastures formed after 1985” and “Old pastures
abandoned / converted” (Fig. 8). In order to obtain a better temporal
understanding of these land-cover / land-use transformations, we di-
vided the transitions into three periods: 1986–1995, 1996–2005, and
2006–2016 (Fig. 9). For pastures formed after 1985 it is noticed that the
largest portion of land was opened in the first years of the series,

followed by a decrease in the expansion process in the subsequent
periods. For old pastures abandoned or converted, an opposite trend
was observed, with the highest pasture retraction rate at the end of the
series. The reduction in the rate of pasture expansion may be related to
the strengthening of deforestation control policies in the Amazon
(Gollnow et al., 2018) and the emergence of better territorial govern-
ance mechanisms in the northern region of the country (Ferreira et al.,

Fig. 7. Number of land cover and land use transitions in the
Brazilian pastures, which indicates that 264 mha (i.e. ~32% of
the Brazilian territory) were pasture sometime between 1985
and 2017. The large majority of the mapped areas, approxi-
mately 87%, experienced zero, one, two, or three land-cover /
land-use transitions over the same period.

Fig. 8. Qualification and spatial distribution of the most predominant pasture transitions in the Brazilian territory (the Arc of Deforestation and Matopiba regions are
highlighted in the maps). It is worth noting the prevalence of old pastures in Goiás, Mato Grosso do Sul, Minas Gerais, and Rio Grande do Sul, as well as the expansion
of pastures after 1985 to the north, specifically to Rondônia, Mato Grosso, Tocantins, and Pará. Regarding pasture retraction, new and old, São Paulo, Rio Grande do
Sul, Paraná, Minas Gerais, Goiás, and Mato Grosso do Sul were the states that lost the most area. The source code of this analysis is available at https://code.
earthengine.google.com/8bcb8a4285ea3af4b5c4652b1c143a27.
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2007). In any case, this process was responsible for occupying a sig-
nificant portion of the Brazilian territory, producing an immense stock
of open land, which, more recently, was converted to more intensive
and/or profitable agricultural uses, first affecting the older pastures of
south-central Brazil. The stabilization of the pasture area balance

(Fig. 4) and the increase in the conversion rate, both verified in the last
decade, suggest that this territorial process will continue in the next
years, which could reduce the pasture areas and force an intensification
of the Brazilian cattle ranching activity.

In order to understand which agricultural crops were and are being

Fig. 9. Temporal analysis of pasture areas that presented only one transition, revealing a decrease in the rate of expansion and an increase in pasture retraction rates
(the Arc of Deforestation and Matopiba regions are highlighted in the maps). The source code of this analysis is available at https://code.earthengine.google.com/
ec65d57b110ca2507f68fc583ddfcb96.

Fig. 10. Analysis of the logarithmic rate of return, at the municipality level, for soybean, sugarcane and pasture area (the Arc of Deforestation and Matopiba regions
are highlighted in the maps). In order to facilitate the interpretation of the results, only the major producers of soybean and sugarcane were considered (i.e.
municipalities with an average planted area greater than 1000 ha between 1986 and 2016).
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responsible for this advance, we calculated the logarithmic rate of re-
turn, at the municipality level, for the planted soybean and sugarcane
area, as well as for the pastures mapped by this study (Fig. 10). In order
to facilitate the interpretation of the results, only the major producers of
soybean and sugarcane were considered (i.e. municipalities with an
average planted area greater than 1000 ha between 1986 and 2016).
Specifically for the pastures, it is noticed that the expansion rates (i.e.
positive values of pasture logarithmic rate of return) are decreasing
gradually, mainly in the Arc of Deforestation (in the Amazon region),
while the retraction rates (i.e. negative values of pasture logarithmic
rate of return) are intensifying, predominantly in the center-south of the
country. Interestingly, some municipalities in Maranhão and Piauí, lo-
cated within the Matopiba region (e.g. Colinas-MA and Jerumenha-PI)
and Mato Grosso, near the Arc of Deforestation (e.g. Sapezal-MT and
Campos Novos do Parecis-MT), presented high rates of pasture expan-
sion throughout the analyzed period, an indication that in these mu-
nicipalities pasture may still be advancing over areas of natural vege-
tation.

The dynamics of sugarcane, with high rates of expansion in São
Paulo, Goiás, and Mato Grosso do Sul between 2007 and 2016, pre-
sented a spatial pattern relatively equivalent to the reduction of pas-
tures in these same states, which corroborates, in part, some govern-
ment policies (e.g. the ethanol fuel program) that sought to increase
production of this commodity over pasture areas (Gollnow et al., 2018).
On the other hand, the expansion of soybean cultivation seems to have
occurred on both pastures and areas of natural vegetation, although, in
several areas, the pastures themselves, which require much lower levels
of investment, have also advanced on natural vegetation. This joint
expansion of pasture and soybean, observed in the municipalities of
Matopiba and, to a lesser extent, in the north of Roraima, may be a
consequence of the advance of the agricultural frontier, as well as the
changes in the production relations, in regions that are not very effec-
tive in combating deforestation.

For the other possibility of analysis, i.e. positive rates for soybean
and negative for pasture, we assume that the agricultural advance was
prevalent on pastures. More prevalent in the country, this dynamics was
observed in several municipalities in the South region, in the states of
São Paulo, Goiás, Mato Grosso, Mato Grosso do Sul, and, to a lesser
extent, in the Matopiba and Pará. This process reinforces the pasture as
a national land reserve; however, it seems to occur only in regions with
better instruments of territorial governance and combating deforesta-
tion, in which agricultural production mechanisms have already been
consolidated (Gollnow et al., 2018).

5. Concluding remarks

This study processed thousands of Landsat images acquired between
1985 and 2017, through the Google Earth Engine platform, to produce
pasture maps on an annual basis and for the entire brazilian territory.
This effort, unprecedented with respect to the spatial and temporal
scales considered here, resulted in 33 maps, which allowed us to un-
derstand important occupation dynamics related to the largest land-
cover / land-use class in the country. These maps, with an overall ac-
curacy of ~90% in all years, were spatially consistent and annually
comparable, indicating that the proposed methodological approach was
able to satisfactorily capture the spatial and temporal distribution of
pastures. Since pasture is a particularly complex class to map (due to
the variety of grass species, the mixed occurrence of grass, shrub and
tree layers, and different conditions and intensities of use), this ap-
proach may be useful for other initiatives focused on identifying, for
example, different agricultural crops or natural formations.

The mapping of the Brazilian pasturelands revealed a trend of ex-
tensification in area between 1985 and 2002, which affected mainly the
Amazon and Cerrado biomes. Despite the relative stabilization of the
area balance after 2002, the Mata Atlântica and Pampa biomes lost a
significant part of their pasture, which gave way to more intensive and

economically profitable agricultural crops, such as soy and sugarcane.
The combination of these two processes, prevalent in the last decade,
will probably continue to reduce the pasture areas of the country, thus
forcing an intensification of the Brazilian livestock. On the other hand,
this is more likely to occur in regions with better instruments of terri-
torial governance, where the mechanisms of agricultural production are
already consolidated. Finally, the dynamics revealed in this study re-
inforce the thesis regarding the use of pastures as land reserves, and
demonstrate the importance of these areas in the economic, social, and
environmental aspects of Brazil.
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