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Abstract
CONTEXT

The agricultural expansion and intensification modify the structure and functioning of
ecosystems, which alter their capacity to provide ecosystem services (ES). An adequate
analysis of these changes requires an exhaustive characterization of land use and land
cover. In the Rio de La Plata Grassland (RPG), most of these characterizations are limited
in terms of spatial or conceptual resolution since they generally differentiate coarse
classes, such as winter and summer crops instead of crop types, at more than 30 meters.

OBJECTIVE

In this work, we propose to map crop types and cropping systems in one of the most
productive agricultural areas of the RPG and assess their effects on ecosystem
functioning and services.

METHODS
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Combine remote sensing data based on optical and microwave sensors provided by
Sentinel 1 and 2 satellites (10 meters) to map crop types and cropping systems. Also, we
used Landsat 8 images to characterize changes in albedo, Land Surface Temperature
(LST) and evapotranspiration (ET) to analyze the environmental impacts of agriculture.
Furthermore, we used Sentinel 2 to estimate the NDVI (a proxy of primary production)
and the Ecosystem Services Supply Index (ESSI), a synoptic indicator that estimates
provision and regulating ES related to water and carbon dynamics based on annual NDVI
dynamics.

RESULTS AND CONCLUSIONS

We identified 14 crop types with an overall precision between 0.85 and 0.95. Winter crops
were identified with a better precision than summer crops. Compared to native
grasslands, the different cropping systems generated an increase in albedo and land
surface temperature while evapotranspiration tended to be higher in systems that had
more than one crop per year. The productivity (NDVI) and ecosystem services supply
(ESSI) were the variables that showed the greatest variability. Schemes based on
summer crops with cover crops and pastures would allow maintaining ecosystem
functioning, which suggest the need to preserve and expand the area covered by
production systems that keep the soil covered for much of the year.

SIGNIFICANCE

This work allowed us to evaluate the effect of cropping systems on ecosystem functioning
and services supply, and provide information of interest for the future design, planning
and implementation of sustainable productive development schemes.

Keywords: crop types classification, agriculture, ecosystem functioning, ecosystem
services, remote sensing

1. Introduction

Global land use changes have occurred with unprecedented magnitude and
intensity (Foley et al. 2005, Lambin and Meyfroidt 2011). These modifications represent
one of the most crucial aspects of global change, given their profound impacts on various
dimensions, such as the energy balance (Myhre and Myhre 2003, Schwaiger and Bird
2010), biodiversity loss (Pimm and Raven 2000, Newbold et al. 2015), the supply of
Ecosystem Services (ES) (Rockstrom et al. 2009, Viglizzo et al. 2016), and climate
change (Houghton et al. 2012). Temperate grasslands are among the most threatened
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biomes by human action (Hannah et al. 1995, Hoekstra et al. 2005). The Rio de la Plata
Grasslands (RPG), in Southern South America, represent one of the regions experiencing
higher transformation rates (Paruelo et al. 2006, Jobbagy et al. 2006, Baldi and Paruelo
2008, Vega et al. 2009, Viglizzo et al. 2011, Modernel et al. 2016, Baeza and Paruelo,
2020, Paruelo et al. 2022). Since the 1990s, the diffusion of non-tillage systems and
favorable economic and trade conditions promoted in the RPG the expansion and
intensification of agricultural production (Viglizzo et al. 2001, Paruelo et al. 2005, Paruelo
and Sierra, 2022) to unprecedented rates, resulting in the replacement of large extensions
of grasslands with crops, pastures, and tree plantations (Paruelo et al. 2006, Baldi and
Paruelo 2008, Baeza et al. 2014, Baeza and Paruelo 2020). These productive activities
significantly modify the composition, structure and functioning of ecosystem, thereby
altering their capacity to provide ecosystem services.

Ecosystem services (ES) are those aspects of ecosystems that are used (actively
or passively) to produce human well-being (Fisher et al. 2009). Some “Intermediate
services” which, in turn, determines the supply of final ES (Fisher et al 2009, de Groot et
al. 2010) are associated to ecosystem functioning involves the exchange of matter (e.g.,
carbon and water) and energy (e.g., radiation and heat) between land surface, biota and
the atmosphere (Virginia and Wall 2001, Lovett et al. 2006, Chapin et al. 2011). Most
functional analysis focused on a particular functional process, the net primary production
(NPP). NPP is an integrative descriptor of ecosystem functioning because it represents
the total energy input (Tucker et al. 1985, Prince 1991, Lloyd 1990, Paruelo et al. 2001,
Alcaraz-Segura et al. 2013). However, carbon gains dynamics by itself may not capture
all aspects of ecosystem functioning (Regos et al. 2022, Marcos et al. 2022). Other
dimensions need to be included for a comprehensive characterization of ecosystem
functioning (Sun et al. 2008). Such dimensions include the energy balance (Nemani et al.
1997) and particularly some of its components: evapotranspiration (Kite and Pietroniro
1996) and albedo (Bala et al. 2007). Evapotranspiration is closely related to water
regulation which, in turn, determines flood control (Bonan 2004, Campbell et al. 2007) or
water supply. On the other hand, changes in terrestrial energy balance, such as the
surface albedo, are associated with modifications in the regional climate (Pielke et al.
2011, Mahmood et al. 2014).

Two biophysical model capture the most critical aspect of ecosystem functioning:
Monteith (1972) and the surface energy balance (Hall et al. 1992). Net primary production
(NPP) is the rate at which vegetation fixes carbon, and it is proportional to the absorbed
photosynthetically active radiation by vegetation (APAR) (Monteith 1972). The available
energy represents the difference between global radiation and albedo, and it is primarily
dissipated as sensible or latent heat flux, i.e., the evapotranspiration (composed of direct
evaporation from the surface and vegetation-mediated transpiration). The albedo
represents the shortwave radiation that is reflected by the earth's surface and can
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influence regional and global climate (Lawrence et al. 2022). Changes in surface albedo
modify the radiation balance and the radiative forcing (RF) (Sieber et al. 2019), hence
certain land use land changes (e.g., deforestation, afforestation or cover crop cultivation)
could contribute to climate mitigation (Carrer et al. 2018, Lugato et al. 2020, Williams et
al. 2021, Lawrence et al. 2022). The spectral information provided by satellites can be
used to estimate these biophysical variables associated with ecosystem processes such
as NPP (Ruimy et al. 1994), the surface energy balance (Hall et al. 1992) or
evapotranspiration (Moran and Jackson 1991), using vegetation indices, albedo and land
surface temperature (Jackson et al. 1977, Mu et al. 2007) (Figure 1). Specifically, the
Normalized Difference Vegetation Index (NDVI, Tucker 1979) allows describing the
spatial-temporal patterns of the NPP since they present a direct relationship with APAR
(Potter et al. 1993; Ruimy et al. 1994; Los et al. al. 2000) and water losses due to
evapotranspiration (Di Bella et al. 2000, Gallego et al. 2023).

Recently, the Ecosystem Services Supply Index (ESSI) was proposed like an
integrative index of ecosystem functioning capable of describing the variation in different
regulating and supporting ES (Paruelo et al. 2016). The ESSI is a synoptic indicator based
on vegetation indices derived from remote sensing data, which constitutes a robust
estimator of NPP, an integrating variable of ecosystem functioning (McNaughton et al.,
1989). This index combines descriptors of amount and seasonality of the carbon captured
by ecosystems through two attributes that can be estimated from the annual average of
the NDVI (amount) and its intra-annual coefficient of variation (seasonality). This synoptic
index explained an important proportion of the variability in the supply of several ES, such
as soil carbon sequestration, underground and surface water regulation and bird species
richness (Paruelo et al. 2016, Weyland et al. 2019, Jullian et al. 2021, Staiano et al 2021,
Baldassini et al. 2023). The ESSI has been successfully applied in different
biogeographical regions to assess the effects of land-cover change and degradation due
to overgrazing on ecosystem functions and services (Milkovic et al. 2016, Verdn et al.
2018, Altesor et al. 2019, Gallego et al. 2020, Camba Sans et al. 2021, Staiano et al.
2021, Paruelo et al. al. 2022). However, ESSI has not yet been used to analyze the
influence that different agricultural management practices (i.e., cropping systems,
rotations, etc.) may have on ecosystem services supply.

Due to its large spatial coverage and time frequency, remote sensing information
has been frequently used to map land use/cover types (Paruelo 2008) at global (e.g.
Friedl et al. 2010, Buchhorn et al. 2020, Brown et al. 2022), continental (e.g. Hugh et al.
2004, Giri and Long 2014), regional (e.g. Baeza et al. 2014, Baeza and Paruelo 2020, De
Abelleyra et al. 2020, MapBiomas Pampa Project (https://.pampa.mapbiomas.org, Baeza
et al. 2022)) and local scales (e.g., Guerschman et al. 2003, Baldi et al. 2008, De
Abelleyra and Veron 2020). However, for the RPG region, most land use
characterizations have been too coarse in terms of spatial and/or conceptual resolution
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since they only differentiated rough classes (such as winter and summer crops) but did
not identify specific crop types. This has mainly been due to the use of a few multi-
temporal data provided by a single sensor/satellite and/or due to a lack of detailed ground
truth information to train classification algorithms. In recent years, the launch of new
medium-high resolution optical and radar satellites, such as Sentinel-2A/B and Sentinel-
1, respectively, has increased the availability of satellite images with higher spatial and
temporal resolution (Vuolo et al. 2018, Segarra et al. 2020). Such ten meter-resolution
data opens the possibility of characterizing the structural and functional aspects of
terrestrial ecosystems and, hence, the differentiation of crop types (Kpienbaareh et al.
2021, Hu et al. 2021) with unprecedented detail. The combination of optical and
microwave data improves the separability between different agricultural crops (Murthy et
al. 2003, Deschamps et al. 2012, Foerster et al. 2012, Bargiel 2017), since optical data
responds to the chemical properties of the vegetation while radar data is more related to
vegetation structure and moisture (Haack et al. 2000).

The main goal of this work was to use high resolution satellite images to a) identify
cropping systems in one of the most productive agricultural portions of the RPG, and b)
evaluate the effects that different cropping systems have on ecosystem functions and
services supply. For this, we first mapped the main 14 cropping systems by training
random forests with Sentinel 1 and 2 data from ground surveys of 686 plots visited twice
per year. Then, we compared the impact of these cropping systems on five biophysical
variables that characterize the ecosystem functions and services derived from Landsat 8
and Sentinel 1 and 2 images: albedo, evapotranspiration (ET), Land Surface Temperature
(LST), NDVI (a proxy of the primary production) and the Ecosystem Services Supply
Index (ESSI).

2. Materials and methods
2.1. Study area

We focused our study on a transitional area among different subregions of the Rio
de la Plata Grassland region (RPG) (Ledn 1991) that comprised the Rolling Pampa, Flat
Inland Pampa and Flooding Pampa subregions (Figure 1). Cattle ranching was historically
the main activity in the region, however, since the 90's agricultural expansion replaced
large extensions of grasslands by crops and pastures (Viglizzo et al. 2001, Paruelo et al.
2007). Actually, agriculture is developed under no-till systems and without irrigation.
Soybean and maize are the dominant summer crops and wheat is the dominant winter
crop. Soybean and maize are mostly planted as a single crop (Waldner et al. 2016) during
September—October (early soybean/maize) or in December—January (late maize) (De
Abelleyra and Veron 2020). Wheat can be followed by soybean as a second crop (called
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second soybean) which result in a double cropping system (De Abelleyra and Verén
2020). Also, cover crops (usually called service crops) of 3—5 months can be included
during fallow periods (Pinto et al. 2017), due to its positive effects on soil structure and
fertility which benefit the subsequent commercial crops (Alvarez et al. 2017). Specifically,
the study area was restricted to the Junin department (similar to county level), located in
Buenos Aires province, Argentina (Figure 1), which covered and area close to 2,255 km?2.
The average annual temperature is 18°C and the annual mean rainfall is 1043 mm. The
soil is, according to USDA Soil Taxonomy 2006 version, Junin series, coarse silt, mixed,
thermic Typic Hapludoll (INTA, 2018). The area presents deep and dark soils suitable for
agriculture with a predominant slope less than 1%.

Figure 1. Study area corresponding to the department (or county) of Junin, province of Buenos Aires,
Argentina. To the left the map shows the extension of the Rio de la Plata Grassland region (RPG) (Ledn,
1991), which is distributed in part of Argentina, Brazil and Uruguay. This region comprises different sub
regions: (A) Rolling Pampa; (B1) Flat Inland Pampa; (B2) West Inland Pampa; (C) Southern Pampa; (D)
Flooding Pampas; (E) Mesopotamian Pampas; (F) Southern Fields; (G) Northern Fields.

2.2. Field data

To characterize land cover at the crop type level, we used georeferenced surveys
of crop information for the 2020-2021 growing season. These surveys were carried out in
the field under the framework of Random Segments Method (Método de Segmentos
Aleatorios, in Spanish) (MAGYP 2016) (Figure 2). This methodology consists of defining
a series of random sampling segments on both sides of routes and roads, with a length
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close to 4 km and a width of 1 km (Figure 2). Therefore, the total area of each segment
is approximately 400 ha. In the segments, productive land use of each plot is identified
twice per growing season.

Land use data was available for a total of 686 plots identified along 28 random
segments for two moments corresponding to the winter/spring season (where
predominant crops were wheat, barley and oats) and the spring/summer season (where
predominant crops were maize and soybean) (Figure 2). The average size of each plot
was close to 13 ha and a negative buffer of 15 meters was made to discard plot edges.
We defined 6 classes of crop type for the winter/spring season (wheat, barley, oats, fallow,
pasture and grassland), and 8 classes of crop type for the spring/summer season (early
maize, late maize, soybean, second soybean, fallow, pasture, grassland and other
summer crops) based on ground surveys information.

Figure 2. lllustration of the field data at crop type level for the Junin department surveyed under the
framework of Random Segments Method (MAGYP 2016). Productive land uses were identified in 686 plots
along 28 random segments. Each segment has a length close to 4 km and a width of 1 km. Plots averaged
13 ha. Land use data was surveyed for two moments, the winter/spring season and the spring/summer
season. The letters indicate the crop types (S: soybean, M: Maize, W: Wheat, CC: Cover Crop, P: Pasture).

2.3. Images processing and classification of crop types and cropping systems

We used images from Sentinel-1 radar and Sentinel-2A/B surface reflectance (SR)
from 2020-06-01 to 2021-05-31. Sentinel-1 images have a spatial resolution of 10 meters
and a revisit period of 12 days. Also, they have the advantage that radar signal is not
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affected by clouds. We used the Sentinel-1 Ground Range Detected (GRD) scenes which
images are pre-processed applying thermal noise removal, radiometric calibration and
terrain correction. A mono-temporal speckle filter was applied using a smoothing radius
of 50 meters to smooth images and reduce noise (Copernicus Sentinel data 2023). The
data selected corresponded to single co-polarization and dual cross-polarization bands
(i.,e., “VV” and “VH"). The “VH” (or “HV”) is the most important to identify most crops
(Brisco et al. 1992, Lee et al. 2001) due to its responsiveness to multiple scattering from
the vegetation volume (Valcarce-Difieiro et al. 2019). However, a significant improvement
in accuracy was observed when adding a polarimetric channel, being the “VV” the second
better polarization (Foody et al. 1994).

The Sentinel-2 images have a spatial resolution of 10 meters and 20 meters
(depending on the band) and a temporal resolution of 3-5 days. We used the Sentinel-2
Level 2-A surface reflectance images. Clouds were masked by using the S2 cloud
probability dataset (s2cloudless) and shadows by using the cloud projection intersection
with low-reflectance near-infrared (NIR) pixels. For each image, we selected the bands
B2 (blue), B3 (green), B4 (red), B8 (NIR), B11 (SWIR1) and B12 (SWIR2) and to calculate
four normalize difference spectral indices: NDVI (Normalized Difference Vegetation
Index), GNDVI (Green Normalized Difference Vegetation Index), NDMI (Normalized
Difference Moisture Index) and NBRI (Normalized Burn Ratio Index) (Appendix). NDVI is
highly associated with vegetation cover (Running 1990), GNDVI is a modified version of
NDVI to be more sensitive to the variation of vegetation chlorophyll content (Gitelson et
al. 1996), NDMI is used to determine vegetation water content (Hardinsky et al. 1983) and
NBRI is sensitive to vegetation changes (Key and Benson 1999). For Sentinel-1 and
Sentinel-2, we reduced the data to 2-month intervals by obtaining the median value for
each band and index. Also, for Sentinel-2, we calculated statistics metrics for each band
for the whole period that summarize the phenological behavior of the vegetation (i.e.,
mean, minimum, maximum, Julian date of maximum and standard deviation).

Field data from the Random Segments Method was used to train a Random Forest
supervised classification algorithm and to evaluate the classifications. Random Forest
consists of an ensemble of classification trees, in which each tree is randomly generated
and individually trained to finally select the most accurate classifier, and it is one of the
most successfully used in remote sensing (Li et al. 2016, Teluguntla et al. 2018, Maxwell
et al. 2019). This method was applied with 150 trees and performed at the pixel level. A
total of 7500 pixels were randomly and stratified sampled, considering the proportion of
each class in the field data. Around 70% of pixels (close to 5,000 pixels) were used for
training the classification algorithm and the remaining 30% (close to 2,500 pixels) were
used for evaluation. We generated two classifications, one for winter/spring growing
season (June 1st to December 31st) and another for spring/summer growing season
(September 1st to May 31st of the next year), including 97 and 110 data bands
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respectively. A median filter with a window of 3x3 pixels was applied over each
classification to minimize the salt and pepper effects (Chuvieco, 1990).

We evaluated the performance of each classification by calculating the overall
accuracy, the user's and producer's accuracy and the F1-score. The F1-score is an
integral index that combines the user’s accuracy (precision) and the producer's accuracy
(recall) for each class as follows: 2 * (precision * recall) / (precision + recall). The global
F1-score or mean value across all classes can be interpreted as the overall accuracy.
Once cropland maps for each season were generated, a pixel-based annual crop
sequence was defined as the sum of both classifications, identifying a total of 12 cropping
systems in addition to grassland: wheat-maize, wheat-soybean, pasture, barley-maize,
barley-soybean, oat-maize, oat-soybean, early maize, late maize, soybean, cover crop-
maize and cover crop-soybean. Cover crops corresponded to situations where pastures
were identified in winter/spring season followed by a summer crop in spring/summer
season. In the same way, pastures were considered in those situations where a winter
crop was identified in winter/spring season followed by a pasture in spring/summer
season. Winter forage crops are annual pastures based on wheat, oat or barley among
others (Kent 2019) and they are often confused with winter crops. In turn, a class called
Other classes was incorporated that included other summer crops different to maize and
soybean and unlikely situations, probably associated with classification errors. A mask of
water bodies, rivers, urban areas and woody covers was applied based on JRC Yearly
Water Classification History v1.3 product (Pekel et al. 2016), GIS layer from Argentine
National Geographic Institute (IGN - URL:
http://www.ign.gob.ar/NuestrasActividades/InformacionGeospatial/CapasSIG) and
MapBiomas Pampa project (https://.pampa.mapbiomas.org, Baeza et al. 2022).

All processes were performed using Google Earth Engine (Gorelick et al. 2017)
and QGIS 3.4 Madeira (QGIS 2019). The Google Earth Engine cloud platform allow
processing large volumes of geospatial data, improving geospatial processing and
analysis capacity.

2.4. Images processing to derive biophysical variables

Biophysical variables related to water dynamics and energy balance (i.e., albedo,
Land Surface Temperature (LST) and evapotranspiration (ET)) were derived from
Landsat 8, while those related to carbon gains dynamics and ESSI were derived from
Sentinel-2. A total of 28 Landsat 8 OLI/TIRS images were used (scenes 227/84 and
226/84) that cover the study area. Selected images encompassed the growing season
and were distributed between July 2020 and June 2021. Images were downloaded from
Google Earth Engine (GEE) platform (Gorelick et al. 2017) and they corresponded to
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Collection 2 Tier 1 level 2 for atmospherically corrected surface reflectance and land
surface temperature bands. The images were previously filtered by quality, discarding the
pixels that presented clouds and shadows by using the QA_PIXEL band. The images
were processed in R using the rgdal, raster and sp packages. Subsequently, the
processed images were uploaded back to GEE. For each pixel, we first calculated the
median of each variable per month and then the mean and the coefficient of variation (cv)
along the growing season by cropping system.

For albedo, we applied the algorithm proposed by Liang (2000):
a =0.356 AB2 + 0.130 AB4 + 0.373 AB5 + 0.085 AB6 + 0.072 AB7 - 0.0018

where each of the coefficients represents the proportion in which each band contributes
to the estimation of albedo. AB2, AB4, AB5, AB6 and AB7 correspond to the reflectance
bands of the portions of blue (0.452-0.512 um), red (0.636-0.673 um), near infrared
(0.851-0.879 pm), shortwave infrared 1 (1.566 -1,651 pym) and shortwave infrared 2
(2,107-2,294 pm), respectively.

For Land Surface Temperature (LST), we used the B10 surface temperature band
and applyed the following “mono-window” correction algorithm proposed by Qin et al.
(2001):

LST (°K) = (h*(1-C-D)+(k*(1-C-D)+C+D)*B10-(D*Tef))/C

where h=-63.1885 and k= 0.44411 are constants related to the temperature range of the
area according to Qin et al. (2001), Tef is the mean effective atmospheric temperature, C
and D are coefficients defined as: (c) C =ext(d) D = (1-1) [1+ (1- €) t] where, € represents
the emissivity that can be estimated from the Normalized Difference Vegetation Index
(NDVI) according to the methodology proposed by Van de Griend and Owe (1993) and ¢t
is the atmospheric transmittance (g cm2) estimated from the moisture content according
to Qin et al. (2001).

For actual daily evapotranspiration (ET), we used the simplified energy balance
method proposed by Jackson (1985), which estimates ET from Land Surface
Temperature (LST) and net radiation based as follows:

ET=Rn-B (Ts—Ta)"

where Rn is the net radiation (Mj m-2), Ts is the Land Surface Temperature (°K), Ta is the
average air temperature (°K) and B and n are semi-empirical parameters that vary
according to the vegetation type. The net radiation was estimated as the balance between
the net incident shortwave radiation Sn (Mj m-2 day-') (Appendix) and the net emitted
longwave radiation Ln (Mj m-2 day-') as proposed by Granger (2000) (Appendix). The
differential temperature Ts-Ta was estimated from the corrected surface temperature Ts.

10
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The air temperature Ta were derived from the Junin Aero meteorological station (34° 33’
S, 61° 00" W) belonging to the Argentinean National Meteorological Service (SMN). The
sinusoidal behavior of temperature was considered to estimate Ta at the time of image
acquisition. Ta = Tmean+[(Tmax — Tmin)/2] sin 360[(20 — h)/24] where Tmean, Tmax and
Tmin are daily temperature data (°C), and h is the hour at which it is needed to estimate
the temperature (2:00 p.m. for the Landsat satellite). To obtain the parameters B and n,
the NDVI was first calculated as the ratio between the reflectance of the near-infrared
(NIR) and red (R) bands from Landsat: NDVI = (NIR-R/NIR+R). Then, the 1st and 99th
percentile was calculated for all dates and the maximum (0.92) and minimum (0.2167)
values were identified to scale the index, as suggested by Carlson et al. (1995). From this
new scaled index (NDVI* = (NDVI-NDVIlyn)/ (NDVIyax-NDVIyin)), the coefficients B and n
were estimated (B=0.0109+(0.051*NDVI*), n=1.067—(0.372*NDVI*)). The coefficient B
reflects the integrated daily average of the sensible heat conductance in the vegetation
that depends on the roughness and the speed of the wind. The coefficient n represents a
correction for non-neutral static stability conditions that generally assumes values close
to 1. This approach has been used satisfactorily in different environments and with
different plant covers (crops, grasslands, and forests; Caselles et al. 1998; Nosetto et al.,
2005, Milkovic et al. 2019).

The average NDVI from the whole growing season, derived from Sentinel-2 images
were used as a proxy of carbon gains or net primary production (NPP). This index has
shown a strong relationship with the fraction of photosynthetically active radiation
intercepted by green tissues and thus with the ANPP (Huete et al. 2002, Paruelo 2008).
In turn, we calculated the coefficient of variation along the growing season to compute
the Ecosystem Services Supply Index (ESSI) (Paruelo et al. 2016, Staiano et al. 2021).
This index is calculated as ESSI = NDVImean*(1-NDVlcv) and ranges from 0 to 1, where
the sites that present higher values are those that supply more ecosystem services
associated with the dynamics of water and carbon. We applied a mask to the Sentinel-2
images to discard pixels with clouds and cloud shadows (as explained in section 2.4). We
reduced the data to monthly median values to avoid imbalance in descriptive statistic
calculations due to missing values. From these 12 composites we calculated the
NDVImean and the NDVicv.

To assess the effects on ecosystem functions and services supply, we calculated
the differences for each cropping system compared to natural grasslands, the pristine
land cover in the study area. For this, we extracted the average values, the standard
deviation of the annual mean and the coefficient of variation along the growing season
for LST, albedo, ET, NDVI and ESSI for each cropping system. We calculated the average
relative effect of land transformation on each biophysical variable, i.e., the change from
grassland to another cropping system. Thus, we obtained the relative effect of land use
changes in terms of matter, energy and water exchanges. Because all the pixels of each
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class identified by the image classifications were considered (i.e., the data correspond to
all the observational units, that is, it is a census, not a sampling), we did not perform
statistical tests to analyze whether the differences between cropping systems with respect
to grassland were statistically significant. On the other hands, we also tested the
relationship between the biophysical variables with a Pearson correlation analysis
considering a a=0.05.

3. Results
3.1. Crop type and cropping system mapping

Crop type classifications showed high overall accuracy (global F1-score), with
better average performance for the winter/spring classification than for the spring/summer
classification (0.946 vs 0.846, Figure 3 and Table 1). The user's accuracy, the producer's
accuracy and the F1-score were also high, with values between 0.8 and 0.9 for
spring/summer and between 0.9 and 0.97 for winter/spring classification (Table 1). Winter
crops (wheat, barley, oat) and fallow classes showed higher precision than pasture and
grassland (Figure 3 and Table 1). These classes showed a better performance than
summer crops, within which soybean showed the lowest F1 (Table 1). In terms of
percentage covered in the study area, within the winter crops, wheat was the most
abundant (16%), while barley and oat occupied less than 3% (Table 1). Winter/spring
fallow occupied the highest proportion of the study area (38.7%), overpassing the area of
pastures and grasslands (Table 1). Among summer crops, soybean occupied most of the
study area (over 40%), followed by maize (14%). Most of the maize was early sown
(Figure 3 and Table 1). Double cropping systems other than wheat-soybean, and cover
crops occupied around 4% of the area (Figure 4 and Table 1). The class Other classes
that included other summer crops different to maize and soybean and unlikely situations
showed a low area cover (2.6% of the study area) (Figure 4 and Table 1).
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406
407
408
409

winter/spring classification

Winter crop types User accuracy  Producer accuracy F1-score  Area proportion
Wheat 0.96 0.98 0.97 0.16
Barley 1 0.96 0.98 0.007
Oat 0.96 0.92 0.94 0.0276
Fallow 0.97 0.96 0.97 0.387
Pasture 0.90 0.92 0.91 0.061
Grassland 0.87 0.91 0.89 0.222
Mask - - 0.132

spring/summer classification

Summer crop types User accuracy  Producer accuracy F1-score  Area proportion

Early maize 0.85 0.79 0.82 0.142
Late maize 0.97 0.83 0.90 0.012
Soybean 0.76 0.87 0.81 0.257
Fallow 0.93 0.82 0.87 0.02
Pasture 0.84 0.83 0.84 0.057
Grassland 0.85 0.96 0.90 0.2
Other summer crops 0.93 0.87 0.90 0.0158
Second soybean 0.87 0.84 0.85 0.161
Mask - - - 0.132

annual classification or cropping systems

Cropping systems Area proportion

Wheat-maize 0.009
Wheat-soybean 0.145
Pasture 0.080
Barely-Maize 0.000
Barley-soybean 0.007
Oat-maize 0.004
Oat-soybean 0.016
Early maize 0.139
Late maize 0.002
Soybean 0.246
CC-maize 0.001
CC-soybean 0.005
Grassland 0.185
Other classes 0.026
Mask 0.133

Table 1. User accuracy, producer accuracy, F1-score and area proportion for crop type to each
classification. The winter/spring classification showed an overall accuracy (global F1-score) of 0.946, while
the spring/summer classification showed an overall accuracy of 0.846. The annual classification or cropping
systems only shows the area proportion for each class due to it was not possible evaluate the precision.
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Figure 3. Supervised classifications of crop types for winter/spring season (top) and spring/summer season
(bottom). We combined data from Sentinel 1 and Sentinel 2A/B satellites and used the Random Forest
algorithm. For the winter/spring classification, 6 classes were identified: Wheat, Barley, Oat, Fallow, Pasture
and Grassland, while for the spring/summer classification 8 classes were identified: Early maize, Late
Maize, Soybean, Fallow, Pasture, Grassland, Other summer crops and Second soybean. Also, the water
bodies, rivers, urban areas and woody covers were masked using auxiliary information.
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Figure 4. Cropping systems obtained from the combination of the winter/spring season and spring/summer
season classifications. A total of 12 cropping systems were identified in addition to natural grasslands:
wheat-maize, wheat-soybean, pasture, barley-maize, barley-soybean, oat-maize, oat-soybean, early
maize, late Maize, soybean, cover crop (CC)-maize and cover crop (CC)-soybean. We included a class
called Other crops that included other summer crops different to maize and soybean and unlikely situations
occurrences, probably associated with errors in the classification process. Also, the water bodies, rivers,
urban areas and woody covers were masked using auxiliary information.

3.2. Biophysical effects of cropping systems compared to grasslands

Cropping systems did not differ much from grasslands in Land Surface
Temperature (LST), albedo and average daily evapotranspiration, but greater differences
were observed in the NDVI and in the Ecosystem Service Supply Index (ESSI) (Figures
5, 6 and 7). The average albedo was 0.149 for grasslands and it ranged from 0.152 to
0.174 for the different cropping systems, representing an average increase between 1.64
and 16.35% (Figures 5 and 7). No association was observed between albedo changes
and cropping system (i.e., double cropping, single summer crops, summer crops with
cover crop), however, soybean always showed a higher albedo than maize. Thus, the
presence of soybean increased the albedo, on average, by 3.92, 4.24, and 8.5% under
summer crops with cover crop, double cropping and single summer crops, respectively
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compared to maize (Figures 6 and 7). In addition, single soybean crops showed one of
the highest albedo values (17%, i.e., a 14.39% higher than grasslands), being surpassed
only by pastures. The pastures showed the highest albedo values, being 0.179, that is,
16.35% higher than grasslands (Figures 5 and 7).
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Figure 5. Functional vegetation attributes based on Landsat images calculated for each cropping system
identified at annual classification: evapotranspiration (ET in mm/day), albedo and Land Surface
Temperature (LST in °K). The columns indicate the average values while the lines indicate the standard
deviation.

Regarding evapotranspiration, the double cropping was the only system that
showed higher values compared to grassland, being up to 12.05% greater (3.41 mm/day
vs 3.04 mm/day) (Figures 5 and 7). On the contrary, pastures and single summer crops
showed values between 1.78 and 9.24% lower than grasslands, having soybean the
lowest value (2.76 mm/day). Summer crops with cover crops showed very similar values,
although those with maize showed slightly higher values and those with soybeans
showed slightly lower values (Figures 5 and 7). At the same time, the cropping systems
that showed higher ET mean were those that, in turn, showed a less seasonal variation
(r=-0.93, p-value < 0.0001) (Figures 5 and 7 and Table 2). Land Surface Temperature
(LST) varied little in a relative way but a lot in an absolute way. Thus, the maximum
variations were around 5% with respect to the grassland, but they represented changes
up to 14.47 °K (Figures 5 and 7). Pastures practically did not differ from the grasslands
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459  (282.045 °K vs 282.401 °K), while the single summer crops showed higher values than
460 the double cropping and summer crops with cover crop (291.88 °K vs 289.16 °K and
461  287.24 °K) (Figures 5 and 7).

ET LST albedo ETcv LSTcv  albedocv NDVImean ESSI NDVlcv
0.26 <0.001 0.02 0.28 0.06 0.66 0.27

ET

LST 0.14 0.58 0.44 0.89 0.01 005 00023 001
albedo 034 017 0.63 0.7 0.66 0.71 0.53 0.33
ETcv PGS 023 015 0.03 0.13 0.11 0.97 0.52
LSTev 064 | -004  0.12 -0.6 0.01 0.23 0.15
albedocv = 033 068" -014 = -0.44 018  <0.001  0.01
NDVimean | 0.53  -0.55  -0.11 | -0.47 0.0013  <0.001
ESSI 0.13 019  0.01 0.35 <0.001
NDVlcv -0.33 03 0.2 -0.43

462  Table 2. Correlation between the biophysical variables calculated for each croping system. Values below
463  the diagonal indicate the Pearson correlation index (which varies between -1 and 1 for negative and positive
464  correlations, respectively), while values above the diagonal indicate the p-value (a=0.05)). The red colors
465 indicate negative values while the blue ones positive values, while the intensity of the color indicates the
466 magnitude of the relationship. White and light colors indicate absence of correlation.

467

468 The seasonal variation in the biophysical variables analyzed was greater for the
469 Land Surface Temperature (LST), followed by evapotranspiration and albedo, being an
470 average of 68%, 53% and 17%, respectively (Figures 5 and 7). However, the relative
471 changes between the different cropping systems compared to grassland showed the
472  inverse pattern, being higher for albedo, followed by evapotranspiration and LST (Figures
473 5 and 7). Thus, seasonality of albedo increased compared to grassland between 12 and
474  50%, being higher for single summer crops, intermediate for double cropping and lower
475  for summer crops with cover crops (Figures 5 and 7). Pastures, on the contrary, reduced
476  the seasonal variation around 11% (Figures 5 and 7). In the case of ET, the seasonal
477  variation decreased between 3.1 and 13% under more diverse cropping systems (i.e.,
478  double cropping and summer crops with cover crops), while it increased between 2.8 and
479  7.75% in pastures and single summer crops (Figures 5 and 7). The seasonal variation of
480 the LST increased between 2.5 and 11.5% in double cropping, pastures and summer
481  crops with cover crops, while it showed a reduction between 0.1 and 7.65% in single
482  summer crops (Figures 5 and 7).

483 Double cropping, summer crops with cover crops and pastures showed higher
484  productivity, with higher average NDVI values in comparison to grassland (which had
485 0.54, 0.55, 0.58 and 0.49, respectively) (Figures 6 and 7). These increases ranged from
486 1% to 21%, observing average NDVI values of up to 0.6 (barley-maize) (Figures 6 and
487 7). On the other hand, single summer crops showed lower productivity (NDVI were 0.33,
488 0.37 and 0.39 for soybean, early maize and late maize, respectively) with decreases
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between 20 and 31% in comparison to grassland (Figures 6 and 7). Likewise, the less
productive crop types tended to show a greater seasonality in productivity (r=-0.87, p-
value<0.0001) (Figures 6 and 7 and Table 2). Thus, single summer crops showed an
increase in the seasonal variation between 130 and 223% compared to grassland, while
for double cropping the increase was between 39 and 87%. Pastures, on the other hand,
reduced seasonality of productivity by around 22% (Figures 6 and 7).

All crop types showed lower ESSI values compared to grassland (0.718), except
for pastures (Figures 6 and 7). These decreases were, on average, 11% and 22% for
double cropping and single summer crops, respectively, whose ESSI values were 0.64
and 0.55 (Figures 6 and 7). Summer crops with cover crops, on the other hand, showed
a slight decrease of around 2.5% in comparison to grassland, showing average ESSI
values of 0.7. Finally, pastures showed a slight increase in the ESSI of around 5% (0.76)
compared to grassland (Figures 6 and 7). The variation of the ESSI along cropping
systems was more associated with the seasonal variation of the NDVI (NDVIcv) (r=-0.96,
p-value<0.0001) (Figures 6 and 7 and Table 2) than with changes in the NDVI mean
(NDVImean) (r= 0.85, p-value<0.0001) (Figures 6 and 7 and Table 2).
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Figure 6. NDVI (as a proxy for aboveground net primary productivity) and ESSI (Ecosystem Services
Supply Index) values calculated from data provided by the Sentinel 2 for each cropping system identified
at annual classification. The columns indicate the average values while the lines indicate the standard
deviation.
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512 Figure 7. Spatial and intra-annual variation of the biophysical variables and calculated indicators:
513 evapotranspiration, Land Surface Temperature, albedo, NDVI and ESSI. The maps on the left represent
514  the average value along the growing season (July 2020 to June 2021), while the maps on the right represent
515 the intra-annual coefficient of variation.
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The first two axes of the principal component analysis captured around 78% of the
total variability of the biophysical variables. The Axis 1 explained 46.8% of the total
variability, being NDVI, intra-annual coefficient of variation of NDVI and ESSI the most
important variables (Figure 8). This axis allowed to differentiate the less productive and
more seasonal cropping systems (single summer crops, dominated by soybean crops)
from those more productive and less seasonal (double cropping and summer crops with
cover crops) and from grasslands and pastures (Figure 8). The Axis 2 included
biophysical variables associated with water dynamics and energy balance and their
coefficient of variation. Thus, the ET, ETcv and albedocv turned out to be the most
important variables in this axis (Figure 8). In this way, the double cropping showed highest
ET and seasonality of albedo and intermediate values of ETcv. The summer crops with
cover crops showed important differences with the double cropping, despite having a
similar soil cover in the growth period. Thereby, they showed more similar values of ET,
ETcv and productivity respect to grassland (Figure 8).

5.00

=] ETcv

2.501

ESSI

0.001

NDVIev

Axis 2 (31.3%)

LST
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albedocy
ET

-5.00-, . . ) ,
-5.00 -2.50 0.00 2.50 5.00
Axis 1 (46.8%)

Figure 8. Biplot derived from a principal component analysis run on R. The black dots indicate the
distribution of the different cropping systems (W-M: wheat-maize, W-S: wheat-soybean, P: pasture, B-M:
barley-maize, B-S: barley-soybean, O-M: oat-maize, O-S: oat-soybean, EM: early maize, LM: late maize,
S: soybean, CC-S: cover crop-soybean, CC-M: cover crop-maize, G: grassland). while the lines with red
dots indicate the eigenvectors of the biophysical variables. It is observed that 46.8% of the variability
between the cropping systems (Axis 1) is mainly associated with the NDVlcv in contrast to the NDVImean
and the ESSI. The Axis 2 explains 31.3% of the variability and is mainly associated with ETcv in contrast
to ETmean and, to a lesser extent, with LST and albedo.
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4. Discussion

The different crop types were identified with high precision, showing an F1-score
always higher than 81% and 90% for the winter/spring and spring/summer season
classifications, respectively. The overall accuracy or global F1-score of both
classifications was 0.846 and 0.946, respectively, similar to those obtained with classical
methods for the same region (Guershman et al. 2003, Baeza et al. 2014, Baeza and
Paruelo 2020, De Abelleyra et al. 2020, De Abelleyra and Veron 2020, MapBiomas
Pampa project (https://.pampa.mapbiomas.org, Baeza et al. 2022)). However, our work
presents a classification with a higher thematic classes and spatial resolution (10-meter).
Such increase in conceptual and spatial resolution would results in better estimates of
crop systems areas. In fact, the estimated area covered by each crop from our
classification was strongly correlated with those reported by MAGyP for barley, oat,
maize, soybean, second soybean, wheat and other crops for Junin department for the
2020/2021 growing season (r =0.99, p-value < 0.0001, RMSE = 3452 ha), which further
supports the reliability of our classifications. Thus, our classifications improve available
maps based on Landsat or MODIS images. These land use land cover classifications did
not differentiate within winter or summer crop types. The Crops National Map (Mapa
Nacional de Cultivos) generated annually by INTA since 2018 (De Abelleyra et al. 2020)
is the available product with the highest conceptual resolution though it does not
discriminate among different winter crops nor cover crops from double copping systems,
and it does not identify pastures.

Cropping systems can play an important role in the mitigation of climate change
and the counterbalance of global warming, through changing the radiation budget and
reducing the radiative forcing through increase of the surface albedo (Betts et al. 2007,
Ward et al. 2014, Davin et al. 2007, Ward and Mahowald 2015). The increase in albedo
can partly offset the positive effect of greenhouse gas emissions (CO,, CH4, N,O, etc)
some agricultural activities cause due to fertilizer application and soil modification, among
others (Robertson et al. 2000, Ward et al. 2014). In our study, cropping systems increased
the albedo between 1.64 and 16.35% in comparison to grasslands, with single soybean
crops showing one of the highest albedo values. Similar results were observed by
Houspanossian et al. (2017) in the dry subtropical Chaco forests of Argentina with
increases between 1 and 7% in albedo when converting pastures to agricultural crops.
Also, higher values in single summer crops than in double cropping was observed, which
was associated with higher soil brightness during fallow. However, the pattern observed
in our work was contrary to what has been observed in various studies carried out in the
northern hemisphere. These works show that the inclusion of covers and winter crops
during fallow increase surface albedo (Kaye and Quemada 2017, Carrer et al. 2018,
Lugato et al. 2020, McNellis et al. 2020, Liu et al. 2021), being even higher when the crop
is maintained for a longer period (Carrer et al 2018), associated with a higher brightness
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of vegetation than of bare soils. Despite we observed that all cropping systems increased
albedo compared to grasslands, single summer crops and mainly those that included
soybeans, were the ones that presented the highest albedo. In the same way that
observed in our work, preliminary results of an experiment located in La Estanzuela
Experimental Station (National Institute for Agricultural Research [INIA], the Uruguayan
National Agricultural Research Institute) located in southwestern Uruguay (34°20' S,
57°41' W; 82 masl) that evaluate environmental and productive performance along an
agricultural intensification gradient show that summer cropping (soybean) presents a
higher albedo than double cropping (wheat-soybean) and summer crops with cover crops,
averaging 0.15, 0.10 and 0.13, respectively (Camba Sans, unpublished data). While the
magnitude of the increased albedo from incorporating cover and winter crops was similar
to findings in previous studies (equivalent here to a removal of 0.8-3.9 Mg CO,eq ha™’
(Carrer et al. 2018, Lugato et al. 2020)), the net effect on carbon balance varies
depending on the region and the average incident radiation. In comparison to all cropping
systems, pastures exhibited a lower mean and seasonal variation of albedo than
grasslands, likely due to a higher average leaf area index throughout the growing season
(Kalma and Badham 1972). This was evident in the observation that pastures showed
higher average NDVI values compared to grasslands.

Anthropogenic land cover changes may also modify climate through altering
sensible and latent heat fluxes (Marshall et al. 2004, Pielke et al. 2007). Some studies
based on MODIS land surface temperature showed opposite impacts of agriculture on
surface temperature depending on the analyzed moment of the growing season. In
general, a cooling effect was observed during the growing season in crops compared to
natural cover, but a warming effect was observed after harvest (Ge 2010, Wei et al. 2021).
This is coincident with our observed increase of seasonal variation of temperature for the
different cropping systems compared to grasslands. In addition, we observed a warming
trend at an annual timescale, as previously for some regions (Wei et al. 2021). All
cropping systems, except for pastures, showed higher Land Surface Temperatures (LST)
than grasslands, indicating a local warming effect after grassland conversion. LST
differences were 6.67 + 3.79 °K (mean % SD), similar to the warming caused by
deforestation (Sabajo et al. 2017). Higher LST in agricultural lands compared to grassland
contrast with the lower radiation load resulting from the higher albedo, although no
significant correlation was observed between both variables. So, the potential surface
cooling from increased albedo is offset by warming from decreased sensitive heat fluxes,
with the net effect being a surface warming (Luyssaert et al. 2014). Thus, croplands would
have a negative effect on the global warming through the reduction of the radiative forcing
because of the increase of the surface albedo at global scale and, in turn, a positive effect
on the surface temperature on a local or regional scale.
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The double cropping was the only cropping system that showed higher ET values
than grasslands. Summer crops with cover crops showed very similar values, although
those with maize showed slightly higher values and those with soybeans showed slightly
lower values. In turn, the different cropping systems presented a high seasonal variation
of ET, except for summer crops. The higher evapotranspiration rates observed in double
cropping compared to single summer crops match with those observed by Nosetto et al.
(2015), reaching annual differences close to 100 mm. At the same time, Olivera
Rodriguez et al. (2021) also recorded lower ET in soybean crops compared to reference
ET. However, the higher thematic resolution of our cropping system classification allowed
us to differentiate crop types and thus to separate into double cropping, single summer
crops and single summer crops with cover crops, and within them, those that presented
maize from those that contained soybean. Thus, cropping systems with soybean as a
summer crop showed, on average, 26 mm less of annual ET, with maximum differences
of up to 74 mm compared to those that presented maize. Replacement of grasslands by
croplands is known to cause noticeable hydrological alterations (Nosetto et al. 2015). The
replacement of grasslands by the double cropping led to minor hydrological changes, but
single summer crops significantly reduced evapotranspiration and increased hydrological
flow (Nosetto et al. 2015). These excesses of liquid water could enhance recharge and
raise groundwater levels, potentially triggering flooding (Aragén et al., 2010), as has been
reported in the Inland Pampas of Argentina (Viglizzo et al., 2009). In fact, a recent study
determined that the expansion of agriculture is causing greater floods in the South
American plains, caused by a decline in rooting depth and in evapotranspiration in
croplands (Houspanossian et al. 2023). Our findings indicate potential negative
hydrological impacts that may be mitigated through the adoption of double cropping or
summer crops with cover crops instead of the current single crop system. The single crop
system currently covers approximately 40% of the region under study and 60% of the
sown area. Implementing these alternative cropping practices could help alleviate the
identified hydrological issues.

The ecosystem services supply index (ESSI) was higher in those cropping systems
that presented more than one crop in the growing season and, in turn, when at least one
of the crops was not harvested for grain, as in the case of pastures or summer crops with
cover crops. Thus, these cropping systems would allow the maintenance and even slight
increase of the ecosystem services supply related to both carbon and water dynamics
compared to natural grasslands. Pastures or summer crops with cover crops presented
a similar average annual productivity, so the higher ESSI values of the pastures would be
associated with their lower seasonality. On the other hand, doubles cropping showed a
similar annual net primary productivity (as assessed from NDVI) and even higher than
that reported by summer crops with cover crops and grasslands but showed a reduction
in the ESSI close to 10%. This ESSI reduction in double cropping can be explained by,
on the one hand, to its greater seasonality and, on the other hand, to its agricultural

23



657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683

684

685

686
687
688
689
690
691
692
693
694

management. Cover crops, unlike winter crops, are seeded between cash crops and are
not harvested nor incorporated into the soil as green manure, and also not intended for
grazing like annual forage (Rimski- Korsakov et al. 2015). On the other hand, single
summer crops showed a reduction close to 22% of the ESSI compared to grasslands. In
agreement with our work, where we observed an average reduction in ESSI close to 17%,
Paruelo et al. (2022) observed an average difference between grassland and transformed
land cover ranging from 15 to 22%. Similarly, Rositano et al. (2022) observed that the
counties of the Pampa region that had the largest area under soybean cultivation were
associated with relatively high loss of ESSI. This decrease in ESSI would have negative
consequences on soil organic carbon content (Staiano et al. 2021, Baldassini et al. 2023),
avian diversity and abundance (Weyland et al. 2019), groundwater recharge and
evapotranspiration (Paruelo et al. 2016). The ESSI allows capturing differences in C
inputs associated with land use and land cover (Staiano et al. 2021) and agricultural
rotations (Baldassini et al. 2023) thus being a good indicator of SOC stocks variations.
Thus, the replacement of natural covers by agriculture and agricultural rotations with a
lower proportion of pastures showed lower values of ESSI and organic carbon in the soil
(Staiano et al. 2021, Baldassini et al. 2023). Regarding ET, Paruelo et al. (2016) observed
a positive relationship between the ESSI and evapotranspiration, where close to 52% of
the ET variance was explained by ESSI. However, in our work we did not find a significant
linear correlation between both variables, although both presented a quadratic
relationship  (ET(mm/day)=-36.33*"ESSI"2+47.24*ESSI-12.14, p-value=0.0092, R?
=0.61). Thus, ET was maximum for intermediate values of ESSI, which corresponded to
double cropping. Single summer crops showed the lowest ET and the lowest ESSI values
by presenting a lower NDVImean and a higher NDVIcv. Summer crops with cover crops,
pastures and natural grasslands showed the highest ESSI values, presenting high
NDVImean (similar to double crops) and low NDVlcv (lower than double crops), although
intermediate ET values.

5. Final remarks

Due to the dissimilar impacts of the different cropping systems on the biophysical
variables and on ecosystem services supply, our results support the benefits from
preserving and expanding the area covered by production systems that keep the soill
covered for most of the year. Thus, schemes based on summer crops with cover crops
and pastures would allow maintaining ecosystem functioning similar to native grasslands.
Despite the multiple benefits provided by cover crops (Varela et al. 2014, Blanco-Canqui
et al. 2015, Alvarez et al. 2017, Landriscini et al. 2019, Fontana et al. 2021), they were
seldom included in annual rotations. They represented less than 1% in the study area,
preceding soybean (the main rainfed crop type in the study area, Ministerio de
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and maize, perhaps because of their water consumption which could affect cash crops
development and final yield of the summer crops (Pinto et al. 2017, Alvarez et al. 2017).

This study represents an important improvement with respect to previous works
since it was possible to characterize different cropping systems with adequate precision
and to estimate their impact on biophysical variables and ecosystem services supply with
a higher spatial resolution than before. In recent years, most of the applications of ESSI
were oriented to provide a quantitative diagnosis and monitoring over areas subjected to
land cover transformation or degradation due to overgrazing based on information
provided by the MODIS sensor (Staiano et al. 2021). Undoubtedly, this work is a new
case of application on productive areas with a higher spatial resolution, thus providing
key information for decision-making and territorial planning. Although our study was
confined to a limited area, our results can be extrapolated for the whole RPG region
(~820,000 km?2) which becomes relevant at the regional level since approximately half of
the area is covered by agricultural crops (Hall et al. 1992, Soriano 1992, Burkart et al.
1998). However, our analysis was limited to 2020-2021 growing season, when specific
climatic conditions may have influenced our results. Characterizing the main crop
sequences or rotations over years (e.g., De Abelleyra and Veron 2020) and the level of
agricultural intensification (e.g., considering the frequency with which soybean are
planted along years (Song et al. 2021)) would allow further analysis by considering
climatic variations and agricultural managements for the agricultural Pampean region of
Argentina. Facilitating access to field data with land cover records is key for expanding
this analysis to a regional level and for a longer time range.
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8. Appendix

Calculation of spectral indices

We calculated four spectral indices based on Sentinel-2 reflectance data. The NDVI
(Normalized Difference Vegetation Index) (Running 1990), was calculated as follows:

NDVI = (B8-B4) / (B8+B4)

where B8 and B4 correspond to the reflectance in the near infrared (842 nm) and red
(665 nm) portion of the electromagnetic spectrum, respectively.
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The GNDVI (Green Normalized Difference Vegetation Index) (Gitelson et al. 1996), was
calculated as follows:

GNDVI = (B8-B3) / (B8+B3)

where B8 and B3 correspond to the reflectance in the near infrared (842 nm) and green
(560 nm) portion of the electromagnetic spectrum, respectively.

The NDMI (Normalized Difference Moisture Index) (Hardinsky et al. 1983), was calculated
as follows:

NDMI = (B8-B11) / (B8+B11)

where B8 and B11 correspond to the reflectance in the near infrared (842 nm) and short-
wave infrared (1375 nm) portion of the electromagnetic spectrum, respectively.

The NBRI (Normalized Burn Ratio Index) (Key and Benson 1999), was calculated as
follows:

NBRI = (B8-B12) / (B8+B12)

where B8 and B12 correspond to the reflectance in the near infrared (842 nm) and short-
wave infrared (1610 nm) portion of the electromagnetic spectrum, respectively.

Radiation Calculation

It was estimated from the net incident shortwave radiation Sn (Mj m2 day-') and the net
emitted longwave radiation Ln (Mj m-2 day") as proposed by Granger (2000):

(@)Rn=3n + Ln

where Sn was estimated from the global shortwave radiation St (Mj m-2 day-') proposed
by Shuttleworth (1993) and the albedo (a) according to Liang (2000).

(b) Sn =St (1 —q)
(c) Ln = -4.25 - 0.24 St

To estimate the shortwave radiation (Sn), we considered the estimation proposed by
Shuttleworth (1993), where the total incident shortwave radiation (St) was calculated
according to

(d)St=(a+bmM-1) So
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where the calculation considers the effective sunshine (m) and the total day length (M) in
hours, a and b are constants that assume fixed values of 0.25 and 0.5 respectively for
temperate climates. The extraterrestrial solar radiation So (mm dia-') was calculated as:

(e) So =15.392 dr (wsin® sind + cosPsinw)

where dr is the relative distance between the earth and the sun, w is the solar hour angle,
0 is the solar declination and @ is the latitude of the study area.
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