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Abstract

The Dry Chaco is a semi-arid ecoregion in South America that hosts one of the largest dry forests
in the world, but expansion of dryland agriculture and cattle ranching led to gradual conversion
of native vegetation to anthropogenic land cover. The potential impact of these newly
established agricultural lands on the surrounding environment is of great concern. Local studies
have shown that deforestation leads to changes in the soil-water balance, and can expedite
groundwater rise and mobilization of water-soluble salts to the surface affecting plant growth
and crop productivity. This study is a regional assessment of soil salinity and salinization

processes in the central Argentinean Dry Chaco. It is based on extensive dataset of 492 surface



and 142 subsurface samples taken along east-west transects across the Dry Chaco. Soil electrical
conductivity (EC) was used as an indicator of salinity, and supplementary information on salt
crusts was derived from Google Earth imagery. Subsurface salinity (i.e., measured at 100 cm
depth) showed clear regional patterns in natural soil salinity that are related to the annual water
budget and topography. Besides primary salinization due to arrested drainage and landscape
stagnation, anthropogenic activities increased secondary salinization, especially in the
agricultural areas with shallow groundwater tables and irrigated croplands. In addition, the
study demonstrated that remotely-sensed vegetation indices such as the seasonal variation in
the density of green vegetation are particularly suitable to monitor regional variation in soil
salinity. Our results show that the extent of future dryland salinization in the Dry Chaco will
mainly depend on whether areas prone to natural soil salinity are further protected from
deforestation, and the magnitude and rate of groundwater rise after deforestation as
conditioned by local climate and geomorphology. This better understanding of soil salinity patterns
and how they are affected as a result of anthropogenic activities is important for the implementation

of appropriate and effective measures to prevent severe salinization.
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1 Introduction

Soil salinization is the process whereby water-soluble salts accumulate in the soil mantle.
Salinization degrades the soil when the concentration of salts rises above a level that impacts
agricultural production or threatens ecosystems (Rengasamy, 2006). A soil is defined as saline
when the electrical conductivity (EC) of the saturation extract in the root zone exceeds 4 dS/m, a
level at which most crops experience reduced yield due to root osmotic stress, ion-toxicity, and
anoxia (Richards, 1954, Walker et al., 1999; Turnbull et al., 2012). On a global scale, salinization
is one of the major soil degradation threats and affects an area of approximately 8,322,000 km”
(6% of the world’s total land area) (Munns, 2005; Rengasamy, 2006). Multiple processes are
involved in the development of saline soils, whereby a distinction can be made between natural
(so-called primary) and human-induced (secondary) salinity (Daliakopoulos et al, 2016).

Natural salinity is determined by how chemical weathering processes release salts from the
parent material, resultant from the mineralogy of rock or sediment constituents (Daliakopoulos

et al., 2016), and how salts are distributed in the landscape. The redistribution of these salts
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within the soil mantle is controlled by the regional climate, hydrogeology and vegetation cover.
The annual climatic water balance, here represented by precipitation minus potential
evapotranspiration (P-Pet) strongly influences salinization (Nosetto et al.,, 2008). A positive
water balance results in a net downward water flux and low salinity, whereas a negative water
balance leads to evapotranspiration deficits that can be offset by groundwater rise. This can
cause a net upward flux of groundwater and solutes towards the surface and enhance salt
accumulation in the soil mantle (Schofield et al., 2001; Nosetto et al., 2008). Specific
hydrogeological circumstances, such as the depth of the groundwater table may further amplify
or weaken the hazard (Domenico and Schwartz, 1998).

Besides natural contributing factors, anthropogenic activities can influence soil salinity
(Nosetto et al., 2008). Human-induced vegetation changes can alter the local water balance
through changes in transpiration rates (Pefia-Angulo et al., 2021) and induce severe soil
salinization as experienced in Western Australia (Lambers, 2003). Furthermore, irrigation with
saline water and poorly managed irrigation schemes (often coupled with poor drainage
conditions) are an important source of secondary salinization and major factor limiting crop
production (Fan et al., 2012; Trnka et al., 2013).

Mapping and monitoring soil salinity is important for sustainable management of drylands
(Scudiero et al., 2014b). A plethora of studies and methods exist to map soil salinity based on
remote sensing data (e.g., Metternicht and Zinck (2003); Zhang et al. (2011); Scudiero et al.
(2015); Zhang et al. (2015)). Vegetation indices are frequently used as indirect measures of soil
salinity (Metternicht and Zinck, 2003; Zhang et al., 2011), as excessive salt concentrations affect
vegetation growth. Most studies derived vegetation indices from yearly to multi-year spectral
data (Lobell et al., 2010; Wu et al., 2014; Zhang et al., 2015; Scudiero et al., 2014a, 2015), or
integrated values over the growing season (Zhang et al., 2015). However, studies were usually
conducted at a local scale and the locally developed algorithms are not fully extendable for
regional-scale assessments due to spatial variability in climate conditions, soil properties, and
land use/management (Wu et al., 2014). Besides, a major problem with indirect salinity
detection methods is that remotely sensed vegetation indices generally cannot differentiate
salinity-induced crop stress from stress caused by other factors such as weather conditions,
pests, and water management (Vanacker et al., 2005, Hopmans et al., 2021). Furby et al. (2010)
showed that environmental covariates can improve the accuracy of salinity maps when they are
used as additional predictor variables in regression equations and classifiers. Case-studies on soil

salinity assessments for California (Scudiero et al. 2015) and Iran (Taghizadeh-Mehrjardi et al.



2021) included data on precipitation, temperature and topography and multitemporal Landsat 7
canopy reflectance data.

A region that is characterized by primary and secondary salinity is the Dry Chaco in South
America. The Dry Chaco covers one of the most extensive and flat sedimentary plains in the
world including parts of Argentina, Paraguay and Bolivia (787,000 km?). This low-relief region is
prone to salinization because of its subhumid to semi-arid climate (Jobbagy et al., 2020). The Dry
Chaco still hosts large remnants of dry forests (Marchesini et al., 2017), but has long been one of
the largest deforestation hotspots in the world (Hansen et al., 2013). Large-scale land cover
change in the Chaco affects local hydrology and may introduce dryland salinity. Native dry
forests in the Chaco consume water intensively, preventing deep drainage of rain water to the
groundwater table (Amdan et al.,, 2013; Jobbagy et al.,, 2020). As a result, salts remain or
accumulate in the soil mantle (Giménez et al., 2020b). When forests are converted to
agricultural land, soil moisture and deep drainage increase, resulting in a rise in the groundwater
table. If this trend continues over time, it may result in salt accumulation close to the soil surface
and eventually result in reduced plant growth and soil degradation (Giménez et al., 2016;
Marchesini et al., 2017; Jobbagy et al., 2020).

The above-mentioned studies from the Dry Chaco are mostly conducted on plot-level scale
and relate soil salinization to forest conversion. To our knowledge, no studies exist on the
regional pattern of primary and secondary soil salinity over the Dry Chaco or on how
environmental conditions such as topography and climate influence this pattern. Hence, this
study is guided by the following research questions: (i) Which environmental variables are
associated with the observed regional salinity patterns over the Dry Chaco? (ii) Which remote-
sensed vegetation indices are relevant predictors of regional salinity? (iii) Which processes
explain the observed geographic distribution of salinity? To answer these questions, we
collected 492 surface and 142 subsurface soil electrical conductivity (EC) measurements along

east-west transects covering the existing topographic and climatic gradients of the region.

2 Methodology

2.1 Study area

The Dry Chaco is a sedimentary plain located at the transition between the Subandean Ranges
and the adjacent lowlands (Latrubesse et al., 2012). Its elevation ranges from ca. 600 m in the
west towards 40 m in the east (Figure 1a). The area is drained by 5 principal rivers that have

their headwaters in the Subandean Ranges (Moretti et al., 2019), and have formed megafans
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that extend 500 to 700 km from the Andean foothills (Thalmeier et al., 2021). The Dry Chaco
ecoregion has a north-south gradient in annual mean temperature from 26°C to 18°C (Minetti et
al., 1999). The annual mean precipitation ranges from 400 mm/year in the central part to 1000
mm/year in the eastern and western parts (Minetti et al., 1999). Most precipitation falls during
the wet season, which lasts from October till March. Soils in the Chaco mainly developed on
fluvial sediments, and to a lesser extent on lacustrine and aeolian parent material. The fluvial
sediments are sandy in the alluvial (paleo-)channels and more clayey in the floodplains, whereas
the aeolian sediments are silty and referred to as loess (Moretti et al., 2019). This study focuses

on the central part of the Argentinean Dry Chaco (Figure 1b).

Figure 1: (a) Geographic location of the Dry Chaco in South America, with spatio-temporal
pattern of deforestation between 1976 and 2013 as derived from Vallejos et al. (2015). (b)
Topography and main geomorphological features of the central Argentinean Dry Chaco. The
largest cities are (T) San Miguel de Tucuman, (S) Santiago Del Estero and (C) Catamarca.

Tectonic deformation in the region has been active throughout the Quaternary and mainly
includes east-west compression (Mon and Gutiérrez, 2009; Gutiérrez et al.,, 2017). The fault
scarp of the 60 km long Huyamampa thrust Fault is a result of this compression and is clearly
visible in the landscape with an offset of approximately 150 to 200 m (Miro and Gonfiantini,
1980). The adjacent salt lakes, Saladillos de Huyamampa, are likely formed as a result of water
accumulation (water seepage and blocked drainage) in the fault-bounded depression. Near
Santiago del Estero, the Huyamampa Fault forms the border of the alluvial deposits of the Dulce
river. This alluvial megafan has a thickness of about 150 m at its apex and it thins eastward over
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a distance of 50 km (Bhattacharya et al., 2006). Quaternary tectonic activity in the northeastern
part of the study area initiated the progressive uplift of the Altos de Otumpa Range, a
topographic high with north-south orientation (Peri, 2012). In the topographic depression that
formed south of the Altos de Otumpa, a series of small salt lakes developed, the Lagunas Saladas
(Peri, 2012). In the southern Dry Chaco, Quaternary east-northeast transtension resulted in the
formation of a large topographic depression. Together with the uplift of the Alto de Mancilla
Range, and diversion of the Dulce/Sali River , two saline paleo-lakes (Salinas Grandes and Salinas
de Ambargasta) are formed (Figueroa et al., 2020).

In the Dry Chaco, the natural vegetation pattern is a patchwork of seasonally dry and xerophytic
forests to halophytic shrublands and herbaceous plants in saline-affected areas (Gobbi et al.,
2020). The area underwent rapid land cover change in the last decades (Vallejos et al., 2015).
Commercial forest exploitation and related deforestation activities started at the beginning of
20th century, with selective logging of Quebracho Colorado (Schinopsis quebracho colorado), a
tree species with very dense wood that is used for railroad sleepers and tannin extraction
(Bucher and Huszar, 1999; Rueda et al., 2015). Since the 1970s, the deforestation rate
accelerated quickly: global food demand started to rise and technological improvements
together with favorable climatic conditions made a large part of the Dry Chaco suitable for
agriculture (Marchesini et al., 2017). Since 1976, more than 158,000 km® of forest was
transformed into agricultural land (Figure 1a), mainly for soybean production, corresponding
with a loss of about 20.7% of the original dry forest (Vallejos et al., 2015; De Marzo et al., 2021).
Near Santiago del Estero, numerous small-sized farms intensively use the Rio Dulce alluvial cone
for irrigated agriculture (Figure 1b). With an irrigable area of 1,200 km?, it is one of the most

important irrigation systems in Argentina (Prieto, 2006) fed by the Rio Hondo Reservoir.

2.2 Data collection

Data on soil salinity was collected during a two-month field campaign in July-August 2019 across
the central part of the Argentinean Chaco (Figure 2). Samples were collected along multiple
east-west transects through the provinces of San Miguel de Tucuman, Santiago del Estero and
Chaco. The exact location of the transects was conditioned by road accessibility. To avoid direct
influence of the road, all samples were taken at > 50 m from the road. As a proxy for soil salinity,
we measured the EC of 50 grams of soil taken at 5 cm and 1 m depth. The 1:1 method was used,
whereby 50 ml of distilled water was added to 50 grams of soil. The samples were shaken and

left to rest for 15 minutes, after which the temperature corrected EC (expressed in dS/m) was
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measured with a YSI proDSS probe. The YSI proDSS EC sensor measures EC values in a range
from 0 to 200 dS/m with an accuracy of 0.001 dS/m. The sensor was calibrated daily. The
dataset contains 492 surface and 142 subsurface measurements resulting in one subsurface
measurement per km?2. Despite the low number of subsurface samples, maximum coverage of
topographic and climatic conditions was ensured by comparing the spatial distribution of
multiple environmental variables over the entire study area with the one of the sampling points
(Appendix A.2).

During the field campaign, soil salt crusts at the surface were observed. In agriculture land,
the crusts were small (<2 m in diameter), patchy and with irregular shapes. In topographic
depressions however, they covered extensive areas (>1 km?). After the field campaign, available
Google Earth imagery (2013-2019) was used to locate clusters where salt crusts were present.
The inspection was based on differences in surface reflectance between salt and non-salt
affected surfaces (Appendix A.1). Figures 2a-d illustrate how salt crusts encountered during the

field campaign appear in Google Earth imagery.
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Figure 2: (a-b) Signs of surface salinity observed during the field campaign (a: 26°42°50” S,
64°16’20” W, b: 26°40°40” S, 64°28’10” W) and (c-d) how they appear on Google Earth imagery.
(e) Location of soil samples collected during the field campaign of 2019, with indication of surface
(blue dot) and subsurface (red arrow) samples. White dots correspond to the areas where signs of

surface salinity were detected based on Google Earth imagery. The north-south black dotted lines
mark the division into geomorphological units.

The spatial domain of the study was determined by the upper and lower latitude of the
sampling dataset, and the limits of the Dry Chaco ecosystem. Areas above > 500 m a.s.l. were
excluded. The results are discussed for three geomorphological units : (i) a western part,
including the areas west of the Huyamampa Fault and the Alto de Mancilla, (ii) a central part
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corresponding with the flat lowlands of the Chaco plain, and (iii) an eastern part with the areas

east of the Altos de Otumpa and related fault systems (Figure 2e).

2.3 Environmental variables

To gain more insights in the spatial pattern of soil salinity, the EC values were associated to
topography, satellite-derived Leaf Area Index (LA/) and Greenness Vegetation Fraction (GVF),
climatic water balance (represented as P-Pet), and soil moisture (SM) as potentially relevant
variables. For P-Pet, SM and vegetation, the mean and standard deviation over the previous
hydrological year (September 2018-2019) was used. Variables that showed a significant

correlation with the point-scale EC measurements were included in the regression analysis.

2.3.1 Topographic data

Topographic information was derived from the Multi-Error-Removed Improved-Terrain Digital
Elevation Model (MERIT DEM) (Yamazaki et al., 2019), representing the terrain elevations at 3
arcsec resolution (~90 m at the equator). As local depressions, where groundwater is close to
the surface, are hypothesized to be more prone to salinization, the DEM was detrended to
better represent local topography. To do so, first, we created a surface by interpolating the
altitude of the lowest points in the landscape (river channels, lakes). Second, the interpolated
surface was substracted from the original DEM. In the detrended DEM, topographic depressions
obtained the lowest absolute elevation values. We will further refer to this detrended DEM as

DEM etrengd- The DEM was upscaled to 1 km to match the resolution of the hydrological data.

2.3.2 Vegetation data

Two satellite-derived vegetation indices were derived as indirect indicators of soil salinity: the
Leaf Area Index (LA/) and the Greenness Vegetation Fraction (GVF). The LAl characterizes plant
canopies, and expresses the leaf area per unit ground area (Smets et al., 2016). Satellite-derived
LAl values correspond to the total green LA/ of all canopy layers, including the understory which
may be significant in forests. The GVF corresponds to the fraction of ground covered by green
vegetation. It is computed from the LA/ and other canopy structural variables. The GVF and LA/
data used in this study are obtained from the Copernicus Global Land Service. The datasets have
a resolution of 300 m and spatially complete maps are available every 14 days from January

2009 onwards. From 2014 onwards, the indices were derived from Top of Atmosphere PROBA-V
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reflectances in three visual-near infrared spectral bands allowing to distinguish healthy from
unhealthy vegetation (Smets et al., 2016). To match the resolution of the hydrological data, LA/

and GVF values were upscaled by spatial averaging.

2.3.3 Precipitation, evapotranspiration and soil moisture data

Spatio-temporal information on soil moisture (SM) was obtained from NOAH LSM version 3.6 (Ek
et al., 2003), embedded in the NASA Land Information System (Kumar et al., 2008). NOAH
produces daily fluxes and states of the surface water and energy budget. A spatial resolution of 1
km was used for the simulations and aggregated on a daily basis using a model integration
timestep of 15 min. The meteorological forcing data (precipitation, air temperature, specific
humidity, radiation, wind and surface pressure) were extracted from the Modern-Era
Retrospective analysis for Research and Applications (MERRA-2) product (Gelaro et al., 2017) with
inclusion of gauge-based precipitation corrections (Reichle et al., 2017). To represent vegetation
density, the satellite-derived LA/ and GVF were used as described in section 2.3.2. Soil texture in
the LSM was defined as loamy sand for the entire study area, which is a simplification of soil data
from Moretti et al. (2019). The implementation of detailed soil data did not necessarily improve
the correlation between modelled and in-situ soil moisture (Massart, 2020). The LSM was run
with yearly updated land cover information derived from the European Space Agency-Climate
Change Initiative (ESA-CCI) land cover product (Kirches et al., 2014). The time-varying vegetation
and land cover data allow for an up-to-date and accurate description of the land surface
(Maertens et al., 2021). The LSM was spun up for 7.5 years from 1 January 2011 through 31
August 2018. The simulations covering the period 01/09/2018 till 31/08/2019 were used for

further analysis.

Pet is here defined as the reference crop evapotranspiration and was calculated using the Food
and Agriculture Organization (FAO) Penman-Monteith method (Allen et al., 1998). The necessary
climate data (temperature, windspeed, atmospheric pressure and solar radiation) for the
calculations were derived from the MERRA-2 product (Gelaro et al., 2017), bilinearly interpolated
to 1 km resolution. The annual water balance was calculated by subtracting the annual Pet from
the annual P derived from MERRA-2 (also downscaled to a 1 km resolution). Negative values
result in a water deficit, whereas positive values indicate water excess. We did not use the ratio
of Pet/P, as very low P values during the dry months caused unrealistic Pet/P ratios when

calculating monthly means (see section 2.3.4).
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2.3.4 Assumptions about temporal variability

Soil salinity - just as other physico-chemical soil properties - varies over time. Temporal variation
typically occurs at different timescales ranging from multi-annual over inter-annual or seasonal
variation (Pennington and Chavez, 2000; Nosetto et al., 2013) to event-based variation (Glatzle
et al.,, 2020). The multi-annual or first-order variation is associated with cyclical changes in
climate (Gutierrez and Johnson, 2010) or land cover change (Jobbagy et al., 2020). Inter-annual
hydrometeorological variability such as extreme wet years can generate second-order variation
in soil salinity. Individual hydrometeorological events (such as significant precipitation events,
after which salts are diluted or leached by rainwater infiltration) generate third-order temporal
variations in soil salinity. However, by design, most soil salinity maps are static in time, focus on
spatial variations and make abstractions of temporal variations in salinity.

In this study, the EC measurements were collected in July-August 2019. As such, the large-
scale salinity map will closely mimic the soil salinity as it was observed in the dry season of 2019
and might not be fully representative for long-term annual mean salinity patterns. Given the
wide spread in EC values measured across the study area we assume that the inter-annual
variations at a given location are small compared to the spatial variations in EC over the study
area. The EC measurements were associated with simulations on soil moisture, the climatic
water balance and vegetation from the previous hydrological year (01/09/2018 till 31/08/2019).
It is important to mention that the eastern part of the study area had an anomalous wet period
(May-June 2019) prior to the field campaign, possibly resulting in salt dilution. Besides average
annual hydrometeorological data, seasonal variation was taken into account by the use of an
annual standard deviation map for each variable. This was done by first calculating monthly
mean maps for each variable for the period September 2018-2019, and then deriving the
standard deviation over the 12 months of data for each pixel. The standard deviation maps
allow to distinguish areas with low and high seasonality, and they can identify potential bias
related to cropping cycles. For example, agriculture plots that are fallow for part of the year can
incorrectly be interpreted as saline areas if only the annual mean vegetation GVF or LAl is
included. The use of standard deviations maps (further referred to as Oyaiabe) allows to
overcome this issue as they incorporate the effect of seasonal vegetation cycles. In summary,
the 1-year means and standard deviations of 4 variables and a detrended DEM (nine variables in
total) at 1-km resolution are used as predictor variables in the regression analyses: P-Pet, Op.pet,

GVF, 0gvr , LAI, 61, SM, 05y and DEMgetreng-
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2.4 Selection of relevant variables and regression analysis

Prior to the analysis, the nine variables were standardized using a spatial Z-score transformation:
for each pixel, the spatial mean was subtracted from the original value, and the difference was
divided by the spatial standard deviation. Their correspondence with soil salinity was quantified
using Spearman correlation analysis (Rsp). The variables were tested on multicollinearity: the
variable inflation factor (VIF) was calculated and variables with a VIF > 3 were omitted in the
final regression model. Variables with a Rss = 0.40 and P value < 0.05 were considered as
significant variables and selected as input in the regression model.

The Multivariate Adaptive Regression Splines (MARS) technique, developed by Friedman
(1991), was used to relate EC values to the environmental variables. The advantage of this
technique is that it allows to account for the non-linear and non-parametric relation between
variables. The building elements in the MARS model are piece-wise spline functions. These
functions divide the data range into separate piece-wise linear or cubic segments, called splines
(Rounaghi et al., 2015; Kisi and Parmar, 2016; Roy et al., 2018; Adnan et al., 2020). The ARESLab
toolbox for Matlab was used for the MARS regression (Jekabsons, 2016).

The final salinity map is the result of a cross-validation approach. A total of 100 model
simulations were conducted whereby for each iteration, 4/5 of the EC measurements was
randomly selected for model calibration and 1/5 for internal model validation. By calculating the
ensemble-mean over the 100 simulations, the mean salinity over the dry season was obtained.
The standard deviation on the mean is an indicator of the uncertainty on the modelled salinity
values. Since the random cross-validation does not ensure independent sampling, the ensemble
uncertainty will underestimate the actual prediction uncertainty (Roberts et al., 2017). The
model output was evaluated against the measured EC-values by means of the coefficient of

determination (R”) and Root Mean Square Error (RMSE).

3 Results

3.1 Spatial variability in observed surface and subsurface salinity

The geographic distribution of surface and subsurface soil EC values and salt crusts is shown in
Figure 3. Generally, the western part is characterized by low surface EC values (majority of the
values ranges between 0 and 2 dS/m), although extremely high values occur near the Salinas
Grandes (> 40 dS/m) in the South. In the central part, the mean surface EC values are higher but

show higher spatial variability (mean of 4.3 dS/m + 7.7 dS/m ). The highest EC values are found
12
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over the Salinas de Ambargasta and the Saladilos de Huyamampa. Observed surface EC values
over the eastern part are generally low (0.58 + 1.46 dS/m). Agricultural fields with salinization
were identified on Google Earth imagery west of the Rio Hondo Reservoir, near the Huyamampa
Fault at the transition from the western to the central part and on the irrigated croplands of the
Rio Dulce Irrigation project. Despite the fact that low EC values were measured during the field
sampling, numerous salt crusts were identified over the lowest areas of the eastern part. This is
likely a result of the seasonal character of surface salinity in this part of the Chaco.

The subsurface measurements show large-scale patterns that are similar to the surface
measurements but with less variability. The largest EC values are observed in the central part
with a mean EC of 6.87 + 5.34 dS/m. Much lower values are found in the eastern and western
parts : 0.81 +1.41 and 3.30 = 7.83 dS/m respectively. The most saline subsoils are found close to

the Salinas Grandes and Ambargasta reaching values up to 32 dS/m.
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Figure 3: (a) Spatial pattern of surface soil EC values. White dots indicate locations where saline
areas where identified based on Google Earth imagery. The red lines show the extent of the Rio
Dulce Irrigation Project, (b) same as in (a) but for subsurface EC measurements, (c) relation
between the EC of subsurface and corresponding surface samples.

The surface soil salinity is generally low compared to the subsurface EC values (Figure 3c),
except for those samples taken in the Salinas where salt crusts are forming as result of
evaporation. As shown in Figure 2, salinity crusts in agriculture lands are small and irregular
which impedes an accurate detection of the regional pattern of surface salinity. Therefore, the
spatial regression analysis was conducted based on the subsurface samples only. The link

between surface and subsurface salinity is elaborated in the discussion.

3.2 Subsurface salinity and relation with environmental variables

When analyzing the environmental variables associated to subsurface EC, the P-Pet, os, and
DEMyetreng Showed the highest absolute Rsp values (and P value < 0.05), and are used in the
ensuing regression analysis. The DEM.;ens has the highest absolute correlation with EC (-0.50)
followed by ogsyr (-0.43) and P-Pet (-0.41). The annual mean SM, and its temporal standard
deviation, have low correlations with EC and are omitted in further analysis, just as the annual
mean GVF map and op_p.;. Scatterplots between the measured EC values of the subsurface soils
and the environmental variables are shown in Appendix A.2. The maps of the three selected
variables are shown in Figure 4a-c. The P-Pet map (Figure 4a) shows a potential water deficit in
the central part (mean deficit = -1115 mm/year), in contrast with a lower deficit in the eastern
part (mean deficit of -825 mm/year). The western part has a strong north-south deficit-gradient
with an annual mean deficit of -1107 mm/year. Figure 4b shows the annual standard deviation
of the fraction of ground covered by green vegetation, GVF, and represents the vegetation’s
phenology. The western part, dominated by croplands, has high og/r values, reflecting a strong
seasonal cycle in vegetation growth. The central part is characterized by low ogyrvalues over the
Salinas de Amabargasta, the alluvial plain of the Rio Dulce and the Saladillos de Huyamampa.
The remaining areas in the central part, mainly consisting of dry forest, have intermediate ogyr
values. The Altos de Otumpa in the east are characterized by high ogyr, as a result of croplands
with strong seasonal cycle. East of Altos de Otumpa, the land cover is dominated by croplands
with low ogyr values. The detrended DEM shows the geomorphological units: the western part
has a significantly higher topographic roughness and elevation than the eastern and central part.
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In the central part, lower areas correspond to the Salinas de Ambargasta, the Saladillos de

Huyamampa and the alluvial plain of the Rio Dulce.

3.3 Regression analysis

The adjusted response plots of the three selected variables (Figure 4d-f) illustrate the
relationship between the EC subsurface values and each variable as it was derived by MARS
regression over 100 model simulations. The functions describe the relationship between EC and
one of the selected environmental variables, whereby the other predictor variables are averaged
out. Figure 4d shows a negative relationship between EC and P-Pet: the more negative the
water balance (higher water deficit), the higher the EC values. The modeled relationship
between EC and ogyr is also negative: areas with low seasonal variability in GVF are most likely
affected by salinity in the subsurface layers. The relation between DEMg.yens and EC is also

negative (Figure 4f): topographic lows tend to be more saline.
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Figure 4: Maps of the (a) annual mean water balance (P-Pet), (b) osyr and (c) DEMyetreng- Adjusted
response plots between EC and (d) P-Pet, (e) ogyr and (f) DEMetend- The ensemble-mean (blue
line) and one (purple) and two (red) standard deviations are shown.

The salinity map (Figure 5a) represents the ensemble-mean of the modeled subsurface EC
over the 100 individual regressions. A clear spatial pattern appears: most of the western part is
characterized by low salinity values (with mean value of 4.46 dS/m) that increase towards the
south (corresponding with the northern edge of Salinas Grandes). The central part is
characterized by higher EC values (7.42 dS/m) compared to the western and eastern part. The

Salinas de Ambargasta stand out by very high EC values (>32 dS/m), followed by the Saladillos de
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Huyamampa and the alluvial plain of the Rio dulce. The eastern part of the Chaco has lower
modelled EC values (2.30 dS/cm). The Altos de Otumpa have very low EC values, while east of
the Altos de Otumpa, a mosaic of low and intermediate EC values appears. The intermediate EC
values often correspond to agriculture plots with low ogyr values. The low seasonal variation in
vegetation growth can be related to reduced crop performance due to soil salinity but also to

specific crop management practices (see section 4.2).
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Figure 5: (a) Ensemble mean and (b) standard deviation map of modeled soil salinity (EC) at 1 km
resolution, based on 100 simulations.

The uncertainty on the MARS-regression estimates (Figure 5b) are small with a mean value
of 0.8 dS/m, indicating that the results are only weakly influenced by selecting different subsets
for model calibration. The performance of each ensemble member was assessed by calculating
the R’ and RMSE. Figure 6 shows violin plots whereby each point represents one model
simulation (out of 100). The mean R’ of the calibration and validation dataset are 0.67 and 0.59
respectively, with a larger spread for the validation dataset. Similar results are observed for the
RMSE, whereby the mean and standard deviation on the RMSE are lower for the calibration
(3.44 + 0.13 dS/m) compared to the validation dataset (3.66 * 0.54 dS/m). The average RMSE
values (3.44 and 3.66 dS/m for calibration and validation respectively) are larger than the mean
ensemble standard deviation (0.8 dS/m). These uncertainty estimates indicate that the
uncertainty of the ensemble model underestimates the actual uncertainty. An independent
validation dataset would improve the uncertainty assessment and allow us to evaluate the real

uncertainties on modeled soil salinity.
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Figure 6: Violin plots of (a) R* and (b) RMSE for 100 model simulations. For all simulations, the
dataset was randomly divided in a calibration (4/5) and internal validation (1/5) part. Each dot
represents a model-member.

4 Discussion
4.1 Spatial patterns of soil salinity over the Dry Chaco

The observed soil salinity pattern is the result of primary and secondary salinization
processes (Figure 7). The spatial regression revealed four environmental variables that are
associated with the subsurface soil salinity: the annual mean precipitation and potential
evapotranspiration (combined in P-Pet), the geomorphological setting, and temporal standard
deviation in GVF (as proxy for vegetation phenology). Below, we discuss the results in the
framework of the theoretical concepts of arrested drainage and landscape stagnation (Jobbagy
et al., 2020). In appendix A.3, high resolution imagery illustrate the expression of these

processes.

4.1.1 Primary salinity: arrested drainage and landscape stagnation

The importance of water deficits (P-Pet, R=-0.41) in explaining soil salinity patterns is congruent
with the concept of arrested drainage (Jobbagy et al., 2020). In regions with dry to semi-arid
climates, there is a restriction of deep drainage as vegetation has the ability to use precipitation
inputs exhaustively, either in near-real time or with seasonal or inter-annual deferrals. This
mechanism called “arrested drainage” limits water percolation beyond the front of the root zone
and favors accumulation of solutes in the upper horizons of the soil mantle. The modeled soil
water balances showed the highest water deficits in the central part of the study area (-1115
mm/year), whereas much lower water deficits occur in the eastern part (-825 mm/year). The
western part has a strong north-south gradient in water deficit with mean value of -1107

mm/year. These large-scale patterns in soil water balance are also reflected in the subsurface
17



salinity map with mean EC values ranging from 7.42, 2.30 and 4.46 dS/m for the central, eastern
and western part respectively. The high water deficits that we report for the central part of
the Dry Chaco are likely impeding deep drainage and salt leaching as rainfall inputs (500 to
1000 mm/year) are largely lost through evapotranspiration. Compared to the central part, the
higher rainfall inputs in the eastern part result in lower water deficit and higher water excess
during the wet season.

The strong association between EC of the subsurface soil horizons and local topography
(R=-0.50) is congruent with the concept of landscape stagnation (Jobbagy et al., 2020): flat
sedimentary plains such as the Dry Chaco are characterized by low hydraulic gradients and slow
subsurface lateral transport of solutes. Even if the arrested drainage condition is not met, the
lack of horizontal (ground)water flow in stagnated landscapes efficiently limits the export of
salts. The flat topography of the central part is an ideal setting for primary salinity due to
landscape stagnation (Figure 7 (1-3), Appendix A.3), where salts accumulate in three large
topographic depressions. The Salinas de Ambargasta stand out as the most saline area in the
region (Figure 5a). The lake is formed in an endorheic basin: the water inflow mainly consists of
saline groundwater that seeps out along tectonic structures (Figueroa et al., 2020). The
Saladillos de Huyamampa are likely related to groundwater seepage and blocked drainage in the
neighborhood of the Huyamampa Fault. The Rio Dulce’s alluvial plain is considered as one of the
few remaining saline wetlands (Bucher, 2019). The area is flooded occasionally, and the
groundwater table is very close to the surface (Bucher, 2019). The saline open water that
accumulates in these topographic depressions is affected by high evaporation rates (caused by
the high water deficit) leading to the formation of evaporites.

The eastern part is characterized by high annual mean precipitation (between 1180 and 1684
mm) and flat topography (slopes are generally less than 0.1%) that prevents the effective
removal of salts. Groundwater depths in this part of the Chaco are relatively shallow and
between 2 and 3 m depth (Giménez et al., 2020a, 2021). The rainfall seasonality is expected to
result in seasonally fluctuating groundwater tables. At the end of the rainy season, groundwater
tables are highest and salts are mobilized to the upper soil horizons. Soil salinization is expected
to occur at the beginning of the dry season when shallow groundwater levels result in capillary
rise and direct evaporation of saline groundwater. As long as the dry period lasts, the
accumulated salts will be stored in the soil mantle. The majority of subsurface EC measurements
taken in the dry season of 2019 were consistently low (0.8 dS/cm), which is attributed to the

very wet conditions prior to the field campaign that likely resulted in the dilution of salts.
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In contrast to the flat topography of the central Dry Chaco, the western part is located at the
margin of the Subandean Ranges: the elevation ranges between 180 and 450 m, and slope
gradients are up to 6%. The groundwater is estimated to be at 10 to 40 m depth according to
Nicolli et al. (2008), and the main subsurface flow direction is towards the southeast (Garcia et
al., 2001). Deforestation is exhaustive (Vallejos et al., 2015, Baumann et al., 2018)) and resulted
in effective salt leaching and removal through regional groundwater transport. Locally, higher-
than-average EC values and salt crusts are observed corresponding to local topographic
depressions with flow convergence and shallow groundwater conditions (Puchulu and

Fernandez, 2014).

4.1.2 Secondary salinity: land cover changes

Land cover conversions result in deviations from the primary salinity conditions as reported
by Amdan et al. (2013); Giménez et al (2016); Marchesini et al. (2017). The impact of
anthropogenic change will depend on local hydroclimatic and geomorphological settings
conditioning the soil water balance and salt mobilization. Regardless of the original salt
concentration in the soil mantle, it is plausible that deforestation in the western part increased
deep percolation and salt leaching from the vadose zone to the water table. The risk of severe
soil salinization in the near future is likely to be low for the western part: the water table is at
depths of 10 to 40 m which does not pose a direct threat for remobilization of salts. According
to Amdan et al. (2013), it may take between 30 and 120 years before the rise in the water table
affects the upper soil horizons in this part of the Chaco. In addition, it is still unclear whether
increased deep percolation will cause groundwater levels to rise as the excess of infiltration
water can also be evacuated via regional groundwater flow. Locally, seepage of groundwater
along e.g. fault traces or incised valleys can enhance soil salinization (Figure 7 (4a, 6); Appendix
A.3). In the central part, where landscape stagnation is likely to occur, the flat topography
inhibits salt removal by lateral groundwater flow. It is expected that the hazard of secondary soil
salinity will increase with deforestation in the areas that are prone to primary salinity. The
shorter the distance to these areas, the shallower the groundwater table, and the higher the risk
for capillary rise and mobilization of salts to the soil surface. The eastern part is also
characterized by flat topography but is more humid compared to the central part. Flooding
events leave visible traces in the form of salt crusts and reduced vegetation growth (Figure 7 (7),
Appendix A.3). A study conducted near the village of Bandera, located at the transition between

the central and eastern part, indicated that deforested areas show clear signs of groundwater
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recharge and salt leaching (Giménez et al., 2016). Given the shallow water tables, there is an
elevated hazard for severe soil salinization as small increases in deep percolation can result in
rapid rise of the water table. The observations from Google Earth imagery support this
statement (Figure 7 (4b); Appendix A.2).

Besides deforestation, irrigation schemes artificially change the soil water balance and can
enhance secondary salinization (Figure 7 (5); Appendix A.3). The alluvial fan of the Rio Dulce is
occupied by numerous small-sized farms for irrigation-fed agriculture. The satellite-based
assessment (Figure 3) shows the occurrence of salt patches in numerous agricultural plots,
confirming earlier statements by Prieto et al. (2005) about the unsatisfactory performance of

the irrigation project.
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Figure 7: Schematic overview of main processes of soil salinization over the Dry Chaco. High
resolution satellite images with visual imprints of the described processes are shown in
Appendix A.3.

4.2 Vegetation phenology in relation to soil salinity

In addition to the geomorphological and hydrometeorological controls on soil salinity, we also
explored the relation between the EC values and the density of green vegetation (and its
seasonal variation represented by og.f). The results from the MARS regression show a negative

relation between the subsurface EC and the seasonal cycle in GVF (represented by ogyr ). This
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indicates that vegetation can grow to its full potential, when it is not affected by any form of
(salt) stress. In contrast, areas with low temporal standard deviations in GVF, are characterized
by high EC values. Figure 8b shows a scatter density cloud of the os, and the modelled
subsurface EC values, classified according to the three major land cover types: forest (n=21588),
herbaceous plants (n=4405), and agricultural lands (n=31358) as derived from the ESA-CCI
landcover map. The field measurements are plotted with their corresponding ogy . Figure 8b
illustrates that dry forests have intermediate og, and EC values. They have relatively high
annual means of GVF, but without much variability throughout the year and tend to present
high subsurface EC values from arrested drainage conditions. Herbaceous vegetation with lower
Ogvr Values is predominant on soils with EC values above 15 dS/m. These areas with halophytic
vegetation have low variability in GVF over the year. The scatter density cloud illustrates the
interaction between plant functional types and soil salinity, where plant types and phenological
activity differ with soil salinity.

Anthropogenic activities can create secondary salinization (Figure 8). Deforestation can lead
to an increase in the ogy as croplands are characterized by a higher seasonality in GVF
compared to forests and herbaceous plants. Croplands with above-average og,r values have
modelled EC values below 5 dS/m, illustrating that conversion from forest to agriculture induces
salt leaching. The results also show that croplands with higher soil EC values are associated with
lower ogyr . Although this could be interpreted as the first effects of secondary salinization on
crop growth as low ogyr values can be the result of poor crop performance, the results need to
be interpreted with caution as intensified cropping systems (with e.g. highly productive double-
crop systems) could also result in constantly high GVF (Giménez et al., 2020b). It must be
mentioned that the use of osyr as an explanatory variable in the regression model, introduces a
certain degree of endogeneity, since ogf is affected by soil salinity conditions and not the other
way around. However, it is considered that the approach and setup used adds value in providing

a complete picture of soil salinity processes in the region.
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Figure 8: (a) The association between soil salinity and vegetation density as observed in Google
Earth imagery. The black arrow shows spatial gradients in vegetation density and soil salt crusts
as they occur in natural vegetation, while the green and blue arrows illustrate the effect of
deforestation on secondary salinization. (b) Relation between the modelled subsurface EC
values and the seasonal variation in the density of green vegetation, g\ . The data are classified
according to land cover type. In soils with higher salinity, salt-tolerant herbaceous plants become
dominant showing low ogyr. Agricultural plots typically show lower EC values than forests (green
arrow), although there exists large variability in the EC values which could be indicative of
dryland salinization, EC increase and og,r decrease (blue arrow).

4.3 Uncertainties and scope for further research

The regional assessment provides insights into the spatial pattern of soil salinity and the
salinization processes across the Dry Chaco. The regional assessment of soil salinity can be
further improved by resolving the following data and model uncertainties. First, there is a spatial
mismatch between our point-measurements and the 1 km resolution of the final salinity-map,
whereby the point measurements are not fully representative for the ‘real’ EC value of the
entire pixel. The representativeness of the in-situ salinity measurements can be addressed by
studying the spatial variability of soil salinity measurements at the 1-km scale. Second, time
series analyses of soil salinity, groundwater level and water quality data can contribute to
unravel the intra- and inter-annual variations in soil salinity. In this study, the EC measurements
were taken during the 2019 dry season and contain imprints of first, second and third order
temporal variability. The intra- and inter-annual variations due to e.g. precipitation events were
not fully accounted for in the hydrometeorological and vegetation data. Continuous monitoring
of soil salinity, groundwater level and water quality across the Dry Chaco will remain important.
Given the extensiveness of this data-scarce region, land surface models combined with satellite

retrievals and field data from monitoring networks may provide complementary information.
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Recent advances in the detection of shallow groundwater tables based on space-borne soil
moisture observations can be promising for future regional salinity assessments (Soylu and Bras,
2021). Third, a comprehensive analysis of salinity variations with depth is needed to evaluate
the soil salinity hazard over the Dry Chaco. Recent work by Jobbagy et al. (2020) stated that soil
profiles under natural vegetation can display a strong increase in salt content below the first or
second meter. Therefore, a regional salinity map based on samples taken in the upper 1 m of
soil material might underestimate the overall salinity hazard. Besides, Jobbagy et al. (2011)
found that soil texture also plays an important role in determining the salinization hazard as soil
chloride accumulation was not observed in much drier but extremely sandy environments.
Future work is needed to quantify soil salinity variations with depth and how it relates to soil

texture, as this will be informative for understanding the salinization processes.

5 Conclusions

This study on the geographic distribution of soil salinity over the central Dry Chaco is based on
492 surface and 142 subsurface soil electrical conductivity (EC) measurements taken along
multiple east-west transects covering the existing topographic and climatic gradients across the
region. The subsurface EC values were systematically higher than the surface values and showed
clear regional patterns. The study provides answers to the research questions raised in the
introduction section. First, subsurface salinity is closely related to the annual water budget
(represented as P-Pet), topography and vegetation phenology. Second, remotely-sensed
vegetation indices such as the seasonal variation in the density of green vegetation, ogr, were
shown to be particularly suitable for identifying primary soil salinity at regional scale. Third, the
geographic distribution of soil salinity can be explained by the concepts of arrested drainage and
landscape stagnation. In flat areas with high water deficit, corresponding with the central part of
the Chaco, salts are retained in the soil profile and prevented from leaching. Severe natural soil
salinization occurs when groundwater accumulates near the surface and high
evapotranspiration leads to the formation of evaporites. This is the case in topographic
depressions due to tectonic activity or alluvial plains. Low natural salinity is observed in regions
with higher slope gradients (western Chaco), as salts are effectively removed from the landscape
by regional groundwater transport. Low salinity is also observed in areas with higher
precipitation due to salt leaching (eastern Chaco). However, our data also showed how these
wetter parts are susceptible for secondary salinization following deforestation due to their
shallow groundwater tables.
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A critical issue in the analysis of dryland salinization remains the time lag between land use
change and the actual or perceived onset of environmental degradation, as shifts in soil water
balance and soil salinization are the consequences of land use changes that occurred years to
decades earlier. Because of this time lag and the uncertainty on future deforestation in the
Chaco, it is difficult to predict how fast dryland salinization will evolve in the future. Our results
indicate that the extent of future dryland salinization in the Dry Chaco will mainly depend on
whether areas prone to natural soil salinity are further protected from deforestation (the wide
surroundings of topographic depressions where shallow groundwater tables occur in combination
with high water deficits), and on the magnitude and rate of groundwater rise after deforestation. Our
findings show that this will be dependent on the local climate and geomorphology that determine
the depth of the groundwater table. These results can provide a basis for further research on the
spatial variations of natural and secondary salinity in dryland ecosystems and the development

of adequate land use planning and groundwater/salinity monitoring network
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A Appendices

A.1 Identification of saline topsoils on Google Earth imagery
As mentioned in section 2.2, the identification of salt-crusts on agriculture plots was hindered
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to their small irregular shape and the wet period prior to the field campaign. To gain more
insights into their spatial distribution, Google Earth imagery was consulted to localize salt crusts
across the study area. Based on the differences in surface reflectance between salt and non-salt
affected areas, salt crusts at the soil’s surface were detected. Note that their identification can
be complicated and may yield unreliable results when soil moisture is high or the crusts contain
other soil constituents. Therefore, the ‘historical imagery’ function in Google Earth was used,
allowing to monitor soil conditions over multiple years. We mainly focused on images of the
period 2013-2019. The criteria to separate salt and non-salt affected areas on high resolution

satellite-imagery is shown in Figure A.1.

(a) March 2013 (c) August 2018

(b) June 2018

(e} July 2019

(f) November 2019

Figure A.1: lllustration of differences in surface reflectance for salt (a-c) and non-salt affected
cropland (d-f) as observed on Google Earth Imagery over multiple years.

Figures a-c show an agriculture plot that was considered as saline based on the appearance
of white irregular patches across the field. The color of the spots evolves over time (ranging
from white to brown) but their location is relatively fixed. For comparison, Figures d-f
show an agriculture plot without any signs of soil salinity. It is important to mention that
most of the spots identified on Google Earth were not validated in the field. Consequently,
the used approach only identified areas that are ‘'most likely’ saline topsoils.
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A.2 Soil salinity and its relation with environmental variables

The relation between EC and the selected environmental variables is shown in Figure A.2.1.
Note that the relation between EC, LA/ and o, is not shown due to the high multicollinearity
between LAl and GVF (VIF > 3). In each scatterplot, the Spearman correlation coefficient and P
value are also shown. The P-Pet, ogyr and DEMg.ieng have an absolute Rsp > 0.40 and P value <
0.05, and were used in the regression analysis (variables are indicated in red). The DEMetens has
the highest absolute correlation with EC (-0.50) followed by ogyr (-0.43) and P-Pet (-0.41). The

other variables show low correlations with EC and were omitted in further analysis.
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Figure A.2.1: Scatterplots between the EC values of the subsurface soil samples and
environmental variables with indication of the Spearman correlation coefficient (Rsp) and P
value. Variablesin red are used in the spatial interpolation (regression) analysis.

It was also verified if the spatial coverage of visited areas during the field campaign were
representative for the entire study area. The spatial distribution of the environmental variables
over the entire study area was compared with the one of the sampling points (Figure A.2.2a-c).
The bars in Figure A.2.2 a-c represent the distribution of the environmental variables for the
sampling points (green bars) and the entire study area (gray bars). The histograms illustrate
that theEC dataset covers most of the study area’s variability for the three selected variables.
This is confirmed by the student’s t-values indicating that the null-hypothesis of the t-test

cannot be rejected and that the mean differences in the distributions are not significant.
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Figure A.2.2: Histograms representing the distribution of the 1-km environmental variables for

the sampling points (green bars) and the entire study area (gray) for (a) P-Pet, (b) osyr and
(c) DEMyetrens respectively.

A.3 Different salinity processes as observed on satellite imagery
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Figure A.3: Overview of different processes leading to surface soil salinity (part 1).
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Figure A.3: Overview of different processes leading to surface soil salinity (part 2).
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