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Abstract

The Rio de la Plata Grasslands (RPG) region is the largest area of the temperate humid and sub-humid
grasslands biome in South America and one of the largest in the world. The region is located on
fertile soils, generally very suitable for agricultural development, so it is undergoing an intense land
cover change process. Our knowledge of these changes remains incomplete. Most regional-scale
studies have been conducted over specific periods, limited subsets of the RGP, coarse resolution and,
in general, used land cover classes that are not readily compatible. In this work we described and
analyzed the land cover changes in the entire RPG region for the first two decades of the 21st
century, especially those related to grasslands loss. We generated annual land cover maps with 30-
meter resolution that discriminate between 8 categories: native woody formation, forest plantation,
swampy areas and flooded grassland, grassland, farming, non-vegetated area, water and non-
observed. The map series was evaluated for the years 2001 and 2018 using a completely

independent dataset, selected by stratified randomized sampling. Overall accuracy was 73.5% and
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77.8% for 2001 and 2018, respectively, with user and producer accuracies that varied between
classes and years. In 20 years, RPG region lost, at least, 2.4 million ha of grassland (9% of the
remaining grassland area in 2001). Most of these losses are concentrated in Brazil and Uruguay and
are associated with new agricultural or forestry areas that increased by 5% and 100%, respectively.
Our maps allow a comprehensive understanding of the transformation processes that RPG are
undergoing and provide the context on which to explore a large set of hypotheses related to
ecosystem structure and functioning. It will also contribute to improving decision-making at both the

regional and national levels.

Keywords: Land use change, Landsat, Time series, Grasslands, Classification

1. Introduction

The disruption of ecosystem structure and functioning is a ubiquitous feature of the
interaction between people and nature and it is generally referred to as land use or land cover
change. An increasing number of studies show that human transformative land cover practices have
impacted on carbon, nitrogen and hydrologic balance, biodiversity and climate (Hansen et al. 2013,
Steffen et al. 2015) across multiple spatio-temporal scales (Ellis et al. 2021). In addition, land cover
changes are triggered by a complex and bundled set of driving forces -from population increase,
social inequality, market forces, infrastructure development, and individual responses to economic
or technological opportunities which are in turn mediated by institutional factors (Lambin et al.
2001)-, which defy simplifications and require local or regional approaches to improve our

understanding and assist decision making.

The RPG, also known as "Campos" or "Pampas"", is the largest temperate grassland region in
South America and one of the largest in the world, with an area of more than 70 million hectares,

covering the great plain of central-eastern Argentina, Uruguay and the south of Brazil (Soriano,
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1991). They are renowned for their rich and productive vegetation mainly composed of grasses and
herbs (Andrade et al. 2018; Lezama et al. 2019) and for providing habitat to a diverse and specific
biota, including 109 species of grassland birds (Azpiroz et al. 2012). However, these grasslands are
among the most altered ecoregions of the world as less than 1% of their area is subject to any kind of
use restriction (Henwood 1998, Hoekstra et al. 2005, Watson et al. 2016). Thus, over the last 200
years large tracts of native grasslands have been mainly replaced by sown pastures, crops, and tree
plantations (Baeza & Paruelo, 2018; Hall et al. 1992; Viglizzo et al. 2001). Together with the economic
benefits brought about by the international trade of grain, meat, and other primary goods, public
concerns on the sustainability and conservation of the RPG have intensified (Rotolo et al. 2015). The
expansion of agriculture has significant impact on biodiversity (Staude et al. 2018), biological
invasions (Guido et al. 2016), and carbon (Caride et al. 2012; Guershman et al. 2003), nitrogen
(Austin et al. 2006) and hydrologic cycles (Noseto et al. 2012). The replacement of grasslands by
Eucalyptus plantations have been documented to reduce soil pH, increase evapotranspiration, and
may cause soil salinization (Jobbagy & Jackson, 2003; Nosetto et al. 2005). Moreover, cattle and
sheep grazing have been shown to increase or decrease grasslands aboveground net primary
production (Altesor et al. 2005; Rusch & Oesterheld, 1997) depending on the effects of changing
species, plant functional type composition, biomass, and vertical distribution upon water and

nutrient availability (Altesor et al. 2005).

Despite its importance, our understanding of the land cover changes and grassland
conservation status in the RPG remains incomplete, coarse and fragmented. Most regional-scale
studies have focused on the portion of the RPG limited to a given country and generally use official
agricultural statistics aggregated at county level to characterize land cover changes (Baeza et al.
2014, Paruelo et al. 2006, Viglizzo et al. 2011). In turn, detailed studies have been conducted over
specific periods, limited subsets of the RGP, coarse resolution and, in general, used land cover classes
that are not readily compatible (Baeza & Paruelo, 2018, 2020; Baldi et al. 2008; Cordeiro & Hasenack,
2009; Graesser et al. 2015, Souza et al. 2020; Volante et al. 2015). Thus, while these studies have

4
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been instrumental to highlight the magnitude of the anthropogenic alteration of the RPG
ecosystems, information on what remains and where, at what rates and over which type of land

cover changes have been actively occurring is still lacking.

Our knowledge of the Earth’s surface dynamics has increased in pace with remote sensing
technological advances. Compared to conventional ground-based approaches, remote sensing is
particularly advantageous to monitor large areas due to its synoptic and repetitive observations. The
recent advent of Google Earth Engine (GEE) (Gorelick et al. 2017), together with easy access of global
very high-spatial resolution images, the increased availability of digital tools to create and edit
geographical data and crowdsourcing data collection protocols have opened the door for
customized, periodic, and accurate land cover monitoring (Azzari & Lobell 2017). Indeed, the
availability of long term (>20 years) annual time series of land cover maps over national, continental
or global extents produced with an objective and reproducible methodology and consistent legends
represents a giant step forward in our ability to characterize past, and predict future, land cover

changes, its environmental and social impacts and enhance territorial planning (Souza et al. 2020).

The MapBiomas initiative (https://mapbiomas.org) was created to develop a methodology
capable of generating annual land cover maps based on Landsat satellite imagery collection, in a
concept of progressively evolving land cover map collections. Data is processed using machine
learning algorithms at GEE and both, land cover maps and the algorithms used, are publicly available.
The work is carried out by a network of interdisciplinary teams linked to universities, NGOs,
technology companies and startups, operating in a collaborative environment. It involves
methodological development as well as incorporates local knowledge on land cover to improve
results. Started in Brazil (see Souza et al. 2020), the initiative has recently expanded to map land
cover and its changes over time in different biomes, such as the Gran Chaco Americano

(https://chaco.mapbiomas.org/; Banchero et al. 2020), Pan Amazonia
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(https://amazonia.mapbiomas.org/) or the Atlantic Forest

(https://bosqueatlantico.mapbiomas.org/es).

Here we describe and analyze the land cover changes that occurred between 2000 and 2019
in the RPG using satellite based annual time series of land cover maps at 30 m resolution. To achieve
this goal, we first developed and implemented a mapping framework — based on Landsat imagery
and a GEE random forest classifier trained with visually interpreted samples- to produce a consistent
land cover maps time series from the RPG biome. We then characterized the spatio-temporal pattern
of land cover in the RPG focusing on the following questions: i) which is the present status of land
cover types and how did they change in the last 20 years, ii) where have the rates of grassland —or
other land cover conversion been highest, and iii) which have been the most frequent land cover

transitions?

2 Materials and Methods

2.1 Study Area and land cover mapping approach

The RPG occupies ca. 700000 km?* (28°5-38°S, 50°W—61°W) (Soriano, 1991) and it ranges
over 3 countries, central-eastern Argentina, Uruguay and part of southern Brazil. The mean annual
temperature decreases from 20°C in the north to 13°C in the south, and the annual precipitation
ranges from 1500 mm in the northeast to 400 mm in the southwest (Oyarzabal et al. 2020).
Grasslands, formed by different combinations of C3 and C4 grasses and a broad set of herbs are the

dominant vegetation (Andrade et al. 2018; Soriano 1991).

In this work, we focus only on the changes that have occurred within the RPG region.
However, the total area mapped within the scope of the trinational MapBiomas Pampa initiative
includes most of the RPG and also, parts of the neighboring phytogeographic regions of the Espinal

and the Parana delta (Figure 1 ) to keep internal spatial continuity in the maps and with other
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MapBiomas network initiatives. Results for the entire area covered by MapBiomas Pampa Collection

1 can be found on the project website (https://pampa.mapbiomas.org/).

65°0 60°0 55°0 50°0

30°S

35°S

References
Espinal phytogeographic province
[ Pampean phytogeographic province
Paranaense phytogeographic province
—-- Rio de la Plata Grasslands

Figure 1: Region of interest mapped in the MapBiomas Pampa initiative, including the typical areas of

the Pampa, Espinal, and Parana river Delta.

The workflow of the classification process of Collection 1 in the MapBiomas Pampa initiative
is shown in Figure 2. Having the study area defined, a legend with nine classes, a zonification of the
area, with the definition of homogeneous sub-regions, and annual Landsat mosaics were generated.
Visual interpretation samples for each class were obtained within each zone. The samples were
generated using spectral data, vegetation indices and their temporal metrics. These were divided
into training samples and testing samples and used only to perform a pre-classification with the
random forest algorithm. From the pre-classification maps, then a new set of training stable samples

(i.e. samples obtained from sites with the same class along the study period) was established and
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used as a basis for the final classification using the random forest algorithm again. To improve the
classification within each sub-region, a set of complementary training stable samples was collected
ad hoc and through visual interpretation. The post-processing of the classification consisted of a set
of spatial, temporal and frequency filters. The results of this methodology were annual maps of the
study area together with statistics regarding area and annual land cover transitions. The
classifications were validated through a review process for the years 2001 and 2018, with a set of

independent samples.
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Figure 2: Workflow implemented for the classification process of Collection 1 of the MapBiomas

Pampa initiative.

2.2 Inputs

2.2.1 Zonification

The classification process was carried out in 23 homogeneous sub-regions, nine in Argentina,
seven in Brazil and seven in Uruguay (Figure S1, Supplementary material). These units correspond to
relatively homogeneous areas established to perform the classifications independently, avoiding the

use of samples from other sub-regions. Thus, each subregion is a geographical classification unit.
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Zonification was based on different sources of information depending on each country: in Argentina,
were included vegetation indices, cropland, rivers and water bodies density maps and climate
information. In Uruguay, zonification was based on geomorphology criteria (Panario et al. 2014) and

in Brazil, through a combination of soils, geomorphology and vegetation (Hasenack 2017).

2.2.2 Imagery

The imagery dataset used was obtained from the Landsat sensors Thematic Mapper (TM),
Enhanced Thematic Mapper Plus (ETM+) and the Operational Land Imager and Thermal Infrared
Sensor (OLI-TIRS), on board of Landsat 5, Landsat 7 and Landsat 8, respectively. The Landsat imagery
collections with 30 m pixel resolution were accessible via Google Earth Engine, and were provided by
National Aeronautics and Space Administration (NASA) and United States Geological Survey (USGS).
The imagery dataset used had Tier 1 from USGS and surface reflectance (SR), also had radiometric
calibration and orthorectification correction based on ground control points and digital elevation
model to account for pixel co-registration and correction of displacement errors. For the selection of
Landsat scenes a threshold of 90% of cloud cover was applied (i.e., any available scene with up to
90% of cloud cover was accepted). This limit was established based on a visual analysis, after many
trials observing the results of the cloud removing/masking algorithm.

Selected Landsat scenes were merged and clipped within standardized cells for data
processing, hereafter called ‘charts’, based on the grid of the World International Chart to the
Millionth, at the 1:250,000 scale level. Each chart sets the geographical limits (2° x 1.5° size) to build
up the temporal and spatial Landsat annual mosaics These mosaics were generated by the
composition of pixels in each set of images , based on the median pixel value over a given period (a
growing season or a year). These medians are constructed with all valid pixels, i.e.: without error
(e.g.: data gaps on Landsat 7 SLC-off images) or cloud masked values. The periods of the year in

which the images were selected varied by country and resulted from the balance between the
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probability of maximizing the differences in classes’ spectral behavior and the availability of cloud-
free images. In Uruguay and Bratzil, the considered period was from September to November of each
year while in Argentina from May to July. The three-months periods were extended for some years
and charts when the availability of cloud-free images was low. To proceed with digital classification,
all charts from the same year were merged and clipped by the boundary of the corresponding sub-

region.

2.2.3 Legend

The legend of the MapBiomas Pampa initiative included nine land cover classes (see Table
S1-Supplementary material for a detailed description of each class): native woody formation, forest
plantation, swampy areas and flooded grassland, grassland, farming, non-vegetated area, water, and
non-observed. Native woody vegetation can be divided only in Argentina into two classes, closed
forest and open forest. To maintain internal consistency, this division is not taken into account in this
work and the maps and statistics reported reflect what happened with the entire native woody

vegetation class.

2.2.4 Training data for Pre-Classification

Training samples of each class were obtained by visual interpretation of images and time
series of vegetation indices. For this, backdrops of false-color Landsat mosaics for all the 20 years as
well as graphs showing the temporal behavior of spectral indices per pixel were used to create stable
land cover class samples (i.e. areas where the class was the same during the 20-year period). The
sampling was done drawing small polygons (less than 200 pixels) using GEE Code Editor. On average,
10 polygons per chart and per class were digitized. A total of 4,189 polygons were digitized for
Argentina and 1,703 for Uruguay. These samples were used for the pre-classification process. In the
Brazilian portion there was no sample collection once the pre-classification process followed an

alternative approach (see below).
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2.3 Data integration

Landsat imagery was used to generate the feature space (i.e. variables) used as input of the
random forest classifier. For each chart we calculated different aggregation metrics to reduce all
observations within the selected period and produce temporal annual mosaics. Each mosaic has
spectral bands and index, fractions and index from spectral mixture analysis, temporal index (based
on median, minimum, amplitude and standard deviation reducers), and textural index. Each year was
divided into quartiles by the Normalized Difference Vegetation Index values to define the higher and
lower periods of photosynthetic activity. The median values of the highest quartile were defined as
the high activity image and the lowest ones as the low activity image. This criterion was applied over
spectral bands and indices to generate the high and low version of the descriptor (Table S2-
Supplementary material). We obtained a total of 107 bands that allow us to describe the temporal
and spectral dynamics between 2000 and 2019.

Training samples were used to generate the training and calibration sets to fit a random
forest classifier. We extracted the values from the mosaics and shuffled the samples following a

holdout strategy, with 70% and 30% to train and validate respectively.

2.4 Model fitting

2.4.1 Pre-classification

A subset between 200 and 700 pixels per class and per zone were randomly selected from
the pixels of the on-screen-digitized polygons (randomly selected too) and used as training areas for
the classification algorithm. Classification was performed zone by zone, year by year, using the Smile
Random Forest algorithm (Breiman, 2001) available in Google Earth Engine, running 40 iterations
(random forest trees) with 4 variables per split and minimum leaf size of 25. For Argentina and
Uruguay, a total of 20 yearly preliminary classifications were obtained and the frequency with which

a pixel was classified to the same land cover class was calculated to define the temporal stable areas.

11
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In Brazil, an existing classification for these 20 years (results of MapBiomas Brazil collection 4.1,
launched in 2019) was used to define the temporal stable areas for each class, making it unnecessary
to produce a pre-classification. The first map collections for this specific region were made using
decision trees based on Spectral Mixture Modeling (MME) variables as is described in Souza Jr. et al.

(2005).

2.4.2 Stable areas samples

Each pixel classified with the same land cover class for at least a minimum number of years in
the period 2000-2019 is considered as stable. The frequency thresholds depend on the class and the
subregion (e. g. forest plantations for pulp mills usually have a 12-year cycle in Uruguay and a 18-year
cycle in Argentina). The layer of stable areas was generated by those thresholds from which pixels
were extracted for the classification (2,000 samples for each subregion). The selection was random
and stratified based on the class cover percentage. The data set was balanced, rare classes that did
not reach a land cover of at least 10% of the region area had a minimum of 200 samples. The data set
was divided in two categories, training and testing. 60% of the subset, labeled as training pixels, were

used as training samples for the classification algorithm.

2.4.3 Complementary data

The need for complementary training samples was evaluated by visual inspection comparing
the output of the preliminary classification with both Landsat and high-resolution (< 1m) images
available as base maps in GEE (typically WorldView, GeoEyes or lkonos imagery) . Complementary
samples were obtained by checking the false-color composites of the Landsat mosaics for all the 20
years during the polygon drawing to ensure class stability. Complementary samples were a minority
(1.4 % of the total samples) and were used in some categories to solve specific classification
problems. For example, wet lowlands grasslands classified as agricultural areas or confusion between

Forest plantations and native woody vegetation in hilly areas, etc.
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2.4.4 Classification

The final classification was performed for all subregions and years with stable and
complementary samples with the algorithm used in the pre-classification (Random Forest, with 40
trees, 4 variables per split and minimum leaf size of 25). All years used the same subset of samples,

but trained using the specific mosaic of the year being classified.

2.5 Post-processing

The results of the final classification were improved through a sequence of filters, to correct
missing data, “salt-and-pepper” classification errors and, specially, cases of misclassification.

The “gap” filter was applied to fill the no-data pixels. The no-data values are replaced by the
temporally nearest valid classification. In this procedure, if no “future” valid position was available,
then the no-data value was replaced by its previous valid class. Therefore, gaps should only exist if a
given pixel has been permanently classified as no-data throughout the entire temporal domain.

The spatial filter avoids unwanted modifications to the edges of the pixel groups, a spatial

filter was built based on the "connectedPixelCount" function. Native to the GEE platform, this
function locates connected components (neighbors) that share the same pixel value. Thus, only pixels
that did not share connections to a predefined number of identical neighbors were considered
isolated. In this filter, at least six connected pixels were needed to reach the minimum connection
value. Consequently, the minimum mapping unit is directly affected by the spatial filter applied, and
it was defined as 6 pixels (~0,5 ha).

The temporal filter uses the information from the previous year and the later year to identify
and correct a pixel misclassification, considered as cases of invalid transitions. In the first step, the
filter looks at any natural cover (3, 4, 11, 12, 33) that is not this class in 2000 and was kept unchanged
in 2001 and 2002 and then corrects the 2000’s value to avoid any regeneration in the first year. In
the second step, the filter looks at a pixel value in 2019 that is not 14 (Farming) but is equal to 14 in

2017 and 2018. The value in 2019 is then converted to 14 to avoid any regeneration in the last year.

13
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The third process looks in a 3-year moving window to correct any value that changed in the middle
year and returns to the same class next year.

To correct classification problems associated with some classes in specific regions, frequency
filters were applied to use the temporal information available for each pixel to correct cases of false
positives. The general logic of the frequency filter is to search for each pixel a specific combination of
classes throughout the 20 years producing a subset of pixels considered eligible for correction. Then
the filter detects and overwrites only those years where cases of false positives are present using a

fixed class value, that usually is the mode of classifications detected along the temporal range.

2.6 Accuracy assessment

We used an independent validation dataset to assess the accuracy of our land cover maps.
To avoid temporal filter effects at the beginning and end of the study period (see above) we selected
for the accuracy analysis the years 2001 and 2018. We followed the sampling scheme proposed by
Olofsson et al. (2014) whereas 2,330 pixels were selected by means of a stratified random design.
Thus, the common accuracy assessment sample consisted of seven strata (one per class) based on
the 2010 land cover map for the entire area covered by MapBiomas Pampa Collection 1. The
allocation of samples to each stratum was slightly shifted from proportional as we fixed a minimum
and maximum number of samples for the rarest and for the most frequent classes. Each of the 2330
samples was evaluated by at least 2 different interpreters (and a third evaluation was required when
initial interpretations disagreed) involving up to 16 interpreters from 3 countries. Interpreters could
access an RGB visualization of a Landsat composite from 2001 and from 2018, a NDVI time-series
plot, and the catalog of very high-resolution images available in Google Earth Pro.

Accuracy assessment was performed by comparing the land cover maps with the
independent reference points and calculating non-normalized and normalized error matrices
(Congalton 1991, 2009). From them, we computed a set of commonly used accuracy measures,

comprising producer’s and user’s accuracy, omission and commission errors, and overall accuracy.
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Additionally, we computed quantity disagreement (QD) and allocation disagreement (AD), which
decompose the overall disagreement in its components of quantity and allocation (Pontius and
Millones, 2011).

These measures were preferred instead of kappa taking into account criticisms about the
meaning and usefulness of the latter in the literature (Foody, 2020; Olofsson et al. 2014; Pontius &
Millones 2011; Stehman et al. 2021). While kappa measures how much the agreement is better than
random, quantity disagreement and allocation disagreement measure how much the agreement is
less than perfect, providing additional information that helps to explain the error. Allocation
disagreement and quantity disagreement provide measures of discordance due to the imperfect
spatial allocation of class pixels and due to the incorrect extent of classes, respectively. Quantity
disagreement measures the amount of difference between the reference data and the classification
map that is due to the less than perfect match in the proportions of the categories. Allocation
disagreement measures the amount of difference between the reference map and the estimated
map that is due to the less-than-optimal match in the spatial allocation of the categories, given the
proportions of the categories in the reference data and in the classification (Pontius & Millones

2011).

2.7 Outputs

The area for each class in the annual maps was calculated from the number of pixels. The
statistics were made for different spatial units: biomes, countries, and, in the website, for provinces
and districts. Also, land cover changes occurring in a given period were calculated. In the same way
as in the accuracy analysis, land cover transition for each pixel was calculated for 2001 and 2018, in
order to avoid temporal filter effects. This data is available as spreadsheets, maps and Sankey
diagrams respectively, in the MapBiomas Pampa web-platform. All GEE codes used in the
classification process are available on GitHub https://github.com/schirmbeckj/mapbiomas-pampa-

trinacional).
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3 Results

Farming and grassland were the most abundant land cover classes in 2001 and 2018 for the
whole region. Native woody vegetation was the third more abundant class, and swampy and flooded
grassland the fourth one. The rest of the classes were relatively scarce (Figures 3 and 4). This general
pattern integrated different individual patterns at country level in 2001 and 2018. In Argentina,
farming was three times more abundant than grassland (Figures 3 and 4). In contrast, in Uruguay,
grassland was three times more abundant than farming (Figures 3 and 4). In Brazil, farming and
grassland were equally abundant, and native woody vegetation was more abundant than in
Argentina and Uruguay (Figures 3 and 4).

Forest plantation class relatively increased 100% for the whole region between 2001 and
2018, while farming increased 5% and grassland and native woody vegetation decreased 8-9%
(Figure 4). These general relative changes between 2001 and 2018 integrated different individual
changes at country level. In Argentina, native forest decreased 30%, while forest plantation and
swampy and flooded grassland decreased 7% (Figure 4). In Brazil, forest plantation increased 200%,
farming 25% and native forest 5%, while grassland decreased 25% and swampy and flooded
grassland 3% (Figure 4). In Uruguay, forest plantation increased 100%, swampy and flooded grassland
12% and farming 3%, while grassland area decreased 10% (Figure 4).

For the whole region the net loss of grassland was approximately 2.4 million hectares (Mha).
This change includes the loss of 6.2 Mha (21% relative to grassland area in 2001), mainly due to
replacement with farming, and the gain of 4.5 Mha of new grassland areas, mostly from farming. The
transitions between the other classes were smaller and involved less than 0.9 Mha (Figure 5). At
country level, Argentina has a net gain of grassland of 0.3 Mha, resulting for the transition from
grassland to farming (2.8 Mha), from farming to grassland (2.7 Mha) and, to a lesser extent, from

native woody vegetation and swampy area/flooded vegetation to grassland. Loss of native woody
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369

370

371
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373

vegetation was around 0.6 Mha mainly for conversion to farming. In Brazil, net grassland loss was 1.9
Mha resulting for the transition from grassland to farming (2.1 Mha) and native woody vegetation
(0.4 Mha) and the transition from farming to grassland (0.6 Mha). Uruguay has a net grassland loss of
0.9 Mha resulting for the transition from grassland to farming (1.4 Mha) and forest plantation (0.6
Mha) and the transition from farming to grassland (1.1 Mha). The rest of the transitions were less
important and involved, all together, the change of category of 0.4, 0.2 and 0.2 Mha in Argentina,

Brazil and Uruguay, respectively (Figure 5).
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376 Figure 3: Land cover map for Rio de la Plata Grasslands during 2001 (top) and 2018 (bottom). Black

377 lines indicate international boundaries.
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Figure 4: Relative area (%) of land cover main vegetated classes for the whole RPG region and each

country between 2001 and 2018 (left), and relative change area (%; right). Relative change area was

calculated as: (area 2018 - area 2001)/area 2001. For better readability, only two labels are shown in

the first top left graphic.
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Figure 5: Transitions of land cover classes for the whole RPG region and each country between
2001 (left) and 2018 (right). Transitions with less than 0.5% of the total area were removed for visual

purposes. In each panel, numbers indicate the area of each class (in million ha).

3.1 Accuracy Assessment

Overall accuracy (OA) was 74% for 2001 and 78% for 2018. In 2001, user and producer’s
accuracies were maximum for farming and water, and minimum for forest plantations. In 2018, both
accuracies were also maximum for farming and water, user's accuracy was minimum for non-
vegetated area while producer’s one was minimum for swampy area/flooded vegetation (Figure 6).
Regarding the nature of disagreements, in both land cover maps, allocation disagreement (AD) was
the major component of discordance with 24.3% in 2001 and 13.1% in 2018. Quantity disagreement
(QD) in 2001 was 2.3% and in 2018, 1.31% (Table S3, Supplementary material). Summing overall
agreement and allocation disagreement gives an indicator of area agreement which equals 97.7% in

2001 and 90.9% in 2018.
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Figure 6: User’s (empty bars) and producer’s (scratched) accuracy of land cover maps in 2001 and

2018.

4 Discussion

Our work reports land cover and its changes over time for the entire RPG region with
unprecedented spatial and temporal resolutions (20 years of 30 m annual maps). The MapBiomas
Pampa initiative summarizes the collaborative effort of three countries and several public and private
institutions incorporating local knowledge in the construction of maps. RPG region has lost at least 8
% of its natural grassland area in the last 20 years mainly due to farming and forest plantation
expansion. These losses were greatest in the Brazilian portion of the study area, where grasslands
lost almost 30% of their area. Wall to wall (entire region) maps allow a global understanding of the
transformation processes that RPG are undergoing and provide the context in which to explore a

large set of hypotheses related to the distribution of plant and animal species, effects of habitat loss
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and fragmentation on biodiversity, biological invasions or ecosystem functioning. Moreover, our
maps can help to define cooperation on supranational management policies (e.g. planning of road
infrastructure for cargo transport, estimating the final volume of raw materials in different ports,

etc.) or to assess the effect of different land management policies at the national level.

Our maps presented accuracies comparable to those reported in other works that map land
cover over large areas and reflect the complexity of mapping natural grasslands. For example,
Buchorn et al. (2020), for Copernicus Global Land Cover - Collection 2, reported a global accuracy
around 80%, accuracies around 70% for herbaceous vegetation and 50-60 % for wetlands and
shrublands. Stheman et al. (2021), reported somewhat higher precision for the annual map series of
the U.S. Geological Survey Land Change Monitoring, with an average overall accuracy of 82.5% but
highly variable in space; for example, the grass/shrub class had user accuracies of 36 and 48% and
producer accuracies of 15 and 11% for east and central-east regions, respectively. Wickham et al.
(2021) analyzed the accuracy of the National Land Cover Database, a Landsat based land cover maps
for the conterminous US, and reported global accuracies of around 72% and user and producer
accuracies of 65 and 67% for grasslands, respectively. The accuracy of our maps was also similar to
that of other map collections from the MapBiomas initiative. For example, Souza et al. (2020) for
annual land cover maps of MapBiomas Brazil - Collection 3, reported overall accuracies ranging from
95 to 73%, depending on the biome considered, with high omission and commission errors for
grassland class. In the Brazilian Cerrado, a particularly complex biome subjected to an intense
process of land cover change, Alencar et al. (2020) mapped native vegetation with overall accuracies
from 67 to 74% and higher errors in grasslands. For MapBiomas Chaco initiative, Banchero et al.
(2020) reported overall accuracies around 74% but do not report the error distribution of the
different mapped classes. In a direct antecedent that mapped RPG biome, Baeza and Paruelo (2020)
used information on vegetation phenology derived from NDVI-MODIS time series to generate annual
maps for the period 2000-2014. This work had higher accuracy (around 95% at regional level) but
lower conceptual resolution (grouped natural grasslands with sown pastures and native forests with
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commercial afforestation), lower spatial resolution (250 m) and covered a shorter period of time

than MapBiomas Pampa Collection 1 maps.

The accuracy analysis shows coincidences with other works and particular characteristics of
our study area and the approach used. Overall accuracy (and producer / user accuracies) was higher
in 2018 than in 2001, which is expected given the lower availability of high-resolution imagery at the
beginning of the map series, which generates higher uncertainties in both training and evaluation
sample generation. This trend of increasing accuracy of maps from more recent years was also

reported in other works of MapBiomas initiative (Alencar et al. 2020, Souza et al. 2020).

A detailed analysis of the confusion matrices including omission and commission errors,
allocation disagreement (AD) and quantity disagreement (QD), and their partial calculus, allows to
identify the main problems of the maps and to infer which classes tend to have their extent
overestimated or underestimated (Table S3, Supplementary material). One of the biggest challenges
in the context of this work is the discrimination of grasslands from other land covers. Grasslands are
mainly confused with farming, probably with sown pastures (included in farming class). The high
physiognomic similarity and the intra class heterogeneity of the spectral response of both natural
grasslands (different communities, landscape positions, location in the study area) and sown
pastures (different species, sowing dates, pasture age, etc.) generate an overlapping of the spectral
signatures of these coverages, which makes it difficult to discriminate between them. Additionally,
and unlike other temperate grasslands where the herbaceous vegetation dries up or is covered with
snow for part of the year, RPGs have photosynthetically active vegetation throughout the year,
making it difficult to discriminate based on phenology. This difficulty for correctly discriminating
grasslands has been reported before in several works and is reflected in the greater confusion of this
category in the land cover works discussed above. For our study area, Rios et al. (2022) reported this
problem for grasslands in southeastern Uruguay, Souza et al. (2020) for South Brazilian grasslands,

Baeza et al. (2019) and Baeza and Paruelo (2020) for Uruguayan grasslands. Baeza and Paruelo (2020)
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dealt with this grassland-pasture confusion by merging the classes into a single category of perennial
forage resources. Contrary, in our work, pastures were mapped together with crops in a single
Farming class, leaving natural grasslands, the main natural vegetation formation of the biome, as an

independent class.

4.1 Grassland loss and main Land Use Changes.

In 20 years, RPG region lost almost 2.4 million ha of grassland (9% of the remaining grassland
area in 2001). Most of these losses are concentrated in Brazil and Uruguay and are associated with
new agricultural or forestry areas. Similar trends were previously reported in other works that cover
partially (Baldi & Paruelo; 2008; Cordeiro and Hasenack, 2009; Kuplich et al. 2018; Oliveira et al.
2017; Volante et al. 2015) or totally (Baeza et al. 2020; Graesser et al 2015; Potapov et al. 2021) de
study area. Song et al. (2021) recently reported that most of the expansion of the soybean area in
South America occurred at the expense of grassland areas in the RPGs where the area with this crop
practically doubled in the last 20 years. In Argentina, the area with natural grasslands remained
practically unchanged, probably because most of the sites suitable for agriculture had already been
transformed prior to the period analyzed and/or the new agricultural areas come from areas
previously occupied with sown pastures. Baldi & Paruelo (2008) and Viglizzo et al. (2011) reported
that the agriculturalization process in most of the Argentine pampas predates the year 2000. Baeza
and Paruelo (2020) reported changes from perennial forage resources to crops in the Argentine
pampas after 2000. These changes probably respond to an agricultural intensification process with a
shift from sown pastures or pasture-agriculture rotation to continuous annual crops; both land cover
categories fall into the farming class in our classification scheme, which would explain why our maps

do not capture these changes.

Another important land cover change process that has occurred in the last two decades is
the increase of forest plantation, which doubled the area occupied compared to 2001. This increase
was particularly important in Uruguay and Brazil, where the forested area doubled and tripled,
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respectively. In Uruguay, the expansion of forest plantation is associated with political and economic
incentives and the installation of the cellulose industrial complex (Baeza et al. 2006; Baeza and
Paruelo, 2020; Baldi & Paruelo, 2008; Paruelo et al. 2006). In Brazil, it results from private
investments made by large national and international companies to expand the pulp and paper
supply chain within a framework of strong globalization, centralization of assets and concentration of
industrial production (Benetti 2008). A similar process was documented for Argentina, but was
mainly located in North Entre Rios and Corrientes provinces (Baldi & Paruelo, 2008), areas not

included in this study.

Although the accuracy of the maps is moderate, the analysis of the confusion matrix and the
metrics proposed by Pontius and Millones (2011), shows that most of the error is associated with the
allocation and not to quantity disagreement. This increases the map accuracy for area calculation
(Overall accuracy + Allocation disagreement), reaching 98 and 91 % for 2001 and 2018 respectively,
increasing confidence in the loss of grassland areas reported. Moreover, error-corrected area
estimates (Table S4-Supplementary material) show that these grassland losses are surely even
greater. Grassland area was slightly overestimated in 2001 and strongly overestimated in 2018, so
the net loss is probably much higher than calculated from the maps. The opposite occurs with the
two main grassland replacements; Farming underestimation was lower in 2001 than in 2018, from
which it is reasonable to assume that expansion was larger than shown by the maps. Forest
plantations were slightly overestimated in 2001 and considerably underestimated in 2018, implying

that net gain was quite larger than that reported on the maps.

The decrease in grassland area coincides with what happened in other grasslands around the
world (Bond and Parr, 2010; Lark et al. 2015; Neke and Du Plais, 2004; Veldman et al. 2015) and
alerts about the conservation status of this biome, often forgotten in the conservation agenda
(Hoekstra et al. 2005; Overbeck et al. 2007; Silveira et al. 2020; Watson et al. 2016). According to

Oyarzabal et al. (2020) there are 99 protected areas in RPG  , which cover between 3.7% and 6.8%
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of the biome extent, depending on the considered regional limits. Most of these protected areas
have been implemented on public lands of generally low-economic importance, regardless of their
conservation values (Baldi et al. 2017, 2019; Oyarzabal et al 2020). The availability of regional
(semi)natural vegetation maps with good spatial and temporal resolution therefore becomes central
for defining efficient conservation and/or restoration policies (Buisson et al. 2021; IPCC, 2019). Our
maps allow systematically identifying both grassland remnants in highly transformed areas and large

grassland patches within landscapes with low fragmentation suitable for conservation programs.

4.2 Limitations and next steps

There are a number of aspects to consider when interpreting the results of this work,
evaluating the scope of generated maps and improving future map collections. The results presented
in this article do not contemplate the entire study area since the maps of MapBiomas Pampa-
Collection 1 also incorporate portions of other neighbor biomes (see methods). However, the
evaluation of the maps was carried out from a stratified sampling that contemplates the entire
mapped area and not exclusively the RPG. This implies that the error estimation and area correction
presented might be slightly different if the stratification and sampling had been done exclusively

within the RPG limits.

Future work will require improvements in class differentiation, conceptual resolution (larger
number of classes) and extension of the time period under study. Discrimination improvements
depend on the class to map. In our region, the grasslands confusion discussed above, fundamentally
with sown pastures, could be partially corrected through several mechanisms: improvements in the
quantity and quality of training data; extension of the feature space; use of the historical map series
to discriminate grasslands sites that were previously other land cover. Recently, Rios et al (2022)
used an agricultural mask (sites that had agriculture in at least one of the last 12 years) to
discriminate grasslands from other herbaceous covers (sown pastures, post-agricultural fields with
different stages of vegetal succession) in the southeastern Uruguay. Another class with which
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grasslands are confused is native woody vegetation, particularly with open woody / savanna
formations, a frequent confusion in systems with variable density of woody cover (Alencar et al.
2020; Sano et al. 2010). Incorporating, at least for the most recent maps, information that accounts
for vegetation structure, such as radar images (see for example: Heckel et al. 2020; Lopes et al. 2020;
Zhang et al. 2019,) or Lidar technology (Ferraina et al. 2022; Ferreira et al. 2011; Zimbres et al. 2020),

could also improve the discrimination of open woody covers and reduce their mixing with grasslands.

The improvements in conceptual resolution fundamentally imply the separation of the
farming class between crops and sown pastures and, within crops, between annual and perennial
crops, expanding the potential uses of generated maps (see below). The extension of the studied
period will allow to improve the description of land cover change processes and the analysis of its
causes and consequences. In the RPGs, for example, much of grassland losses, mainly in the
Argentine portion of the study area, occurred before the year 2000 and are not captured in the map
collection presented here. The extension of the map series up to 1985 from the historical Landsat 5
archive has already been successfully used in other works such as MapBiomas Brazil (Souza et al.
2020) or the Land Change Monitoring Assessment and Projection (LCMAP) in the United States

(Brown et al. 2020; Stehman et al. 2021).

Due to time and budget constraints, the evaluation of the map collection accuracy was
carried out exclusively for two years, at the beginning and end of the series. An evaluation of the
entire map collection would allow a correct quantification of the rates of change for the different

classes, with more stable trends, enabling the possibility of correcting erroneous transitions.

4.3 The MapBiomas platform and its potential uses

Wall to wall (entire region) RPG maps allow for a comprehensive view of a number of core
aspects linked to ecosystem structure and functioning. They allow to, for example, assess the

biodiversity conservation status and conservation/restoration priorities; model species distribution
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and design management strategies based on their habitat requirements; assess the role of habitat
loss and fragmentation in biological diversity and/or exotics invasion processes; analyze exchanges of
matter and energy and their influence on the regional climate; or define supranational management
policies. On the other hand, the results allow the comparison of the land use planning policies of the
three countries involved and the evaluation of their effect on the landscape conformation and its
changes over time. For example, the law for the promotion of forestry activities in Uruguay (law
15939) and the installation of 3 large pulp mills, promoted the expansion of forestry plantations

observed in our maps.

Previous products from other MapBiomas initiatives, such as MapBiomas Brazil maps’
collections have been used in numerous works. For example, Rosa et al. (2021) quantified native
forest cover dynamics in the Brazilian Atlantic Forest and related them to restoration programs and
Nunes et al. (2020) analyzed the extension and carbon gains of secondary vegetation in the Brazilian
Amazon. Several works also model the impact of land cover changes on energy flows and water cycle
(dos Santos et al. 2022; Laipelt et al. 2021; Rosan et al. 2021) or animal diversity and distribution

(Camana et al. 2020; Alvarenga et al. 2021, Galan Acedo et al. 2021)

MapBiomas Pampa land cover maps are conceived as successive evolving collections where
all the products, methods and tools are freely and publicly available on internet
(https://pampa.mapbiomas.org/). We hope that the successive maps collection of MapBiomas
Pampa initiative contribute to the development of knowledge and the improvement of decision-

making at both the regional and national levels
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Supplementary Materials: Figure S1: Region of interest mapped in the MapBiomas Pampa initiative
showing the limits of relatively homogeneous areas used to perform independent classifications,
Table S1: Legend description of the MapBiomas Pampa Collection 1, Table S2: Feature space (107
variables) used in the digital classification of Landsat image mosaics in the MapBiomas Pampa
Collection 1 (2000-2019), Table S3: Contingency matrices between classification results and
independent validation dataset, Table S4: Area estimates corrected from the analysis of the

contingency matrices
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