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Abstract
An important challenge is getting to know the condition of vegetation in dry woodlands, fragile ecosystems with high

ecological value, to propose conservation strategies. Our objectives were: (1) to quantify on-the-ground vegetation

composition and structure in dry Ramorinoa girolae-dominated woodlands on three study sites, using (A) field-based

methods and (B) passive and active remotely sensed data at multi-scale and (2) to assess whether the integration of

different remote sensors allows for a better estimation. We recorded field-based data on 36 plots of 50 9 30 m distributed

in three sites (Ischigualasto n = 16; Valle Fértil n = 10; Private land n = 10). On each plot, we estimated the standard

deviation (SD) of passive (EVI—Enhanced Vegetation Index—and SATVI—Soil Adjusted Total Vegetation Index) and

active imagery data (SD of VV and VH polarisation) at multi-scale. The results of this approach show that passive and

active remote sensing data were good indicators of almost all field-based data recorded at stand scale, except for richness,

which was not related to remote sensing data. Shrub biomass, tree biomass and abundance of R. girolae were better

explained by multi than single-sensor models. Only the variance in canopy cover of R. girolae was explained by single-

sensor models. This work expands our understanding of the relationship of field-based data with both passive and active

remotely sensed data, providing evidence that they could be used as a proxy for vegetation structure in dry R. girolae-

dominated woodlands.

Keywords Optical remote sensing data � Synthetic-aperture radar imagery data � Vegetation composition �
Vegetation structure � Dry Ramorinoa girolae-dominated woodlands

Introduction

Woodland conservation has been for many years, and

continues to be today, the top agenda for many world

conservation organisations, authorities and interest groups

(Lawley et al., 2015). This is because woodlands are vitally

important as habitats for a large part of the world’s bio-

diversity, and for carbon storage, climate regulation and

water supply (Thompson, 2011; Hansen et al., 2013). Their

ongoing loss, fragmentation and degradation are cause of

great concern, especially because of the far-reaching con-

sequences involved (see review by Brockerhoff et al.,

2013). Particularly, dry woodlands are fragile ecosystems,

with plants and animals especially adapted to thriving

under harsh and inhospitable conditions; therefore, dry

woodlands and their services have high ecological value

(MEA, 2005). Given the many threats dry woodlands face,

from both human activity and climate change (Bastin et al.,

2017), strategies for their conservation require information

on the status of their vegetation. If the challenge is main-

taining woodland ecological biodiversity and integrity, it is

necessary to assess the condition of this ecosystem through

quantifying spatial and temporal changes in vegetation

(Lawley et al., 2015). Such assessment should include
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compositional indicators of vegetation, such as species

richness, relative abundance, frequency, and proportions of

different species. Moreover, structural indicators are mea-

sures of the three-dimensional arrangement of vegetation,

such as density of the different plant forms, canopy cover,

vegetation biomass and foliage density and layering (Noss,

1990). Biomass, directly linked to carbon stocks, is con-

sidered a useful indicator of the structural and functional

attributes of woodland ecosystems across a wide range of

environmental conditions (Brown et al., 1999; Flores-

Anderson et al., 2019; Hall et al., 2006). Assessing the

performance and accuracy of indicators as a tool for

monitoring the condition of vegetation is a key aspect of

management and conservation programs (Gaitán et al.,

2013; Pyke et al., 2002) and is crucial for establishing

future mitigation scenarios under climate change (Latifi

et al., 2015).

Two different methods allow monitoring woodland

status, field-based and remote sensing data. Field-based

data provide indispensable information which can be dif-

ficult to acquire across broad spatial extents. The short-

comings of this method lie in inconsistencies between

different plot sizes, lack of replication and lack of multiple

spatial scales, in its being a costly and time-consuming

approach, and difficult to implement in remote areas

(Lawley et al., 2015). Remote sensing techniques are

considered the most promising approach providing up-to-

date information on the status of woodland cover and

carbon stocks at different scales (Hall et al., 2006; Smith

et al., 2019). This is because remote sensing imagery

affords systematic, spatial and temporal data on vegetation

attributes (Lawley et al., 2015; Nagendra, 2001) and is

increasingly recognised for its applicability to ecological

research and to land cover change mapping, and as a proxy

for species richness and biodiversity across multiple spatial

scales (see review by Bradley et al., 2012; Irisarri et al.,

2012). The ability of researchers to accurately measure

vegetation characteristics using remotely sensed data varies

with the sensor (i.e. spatial, spectral and temporal resolu-

tions, passive or active sensor), background characteristics

and vegetation attributes of individual species such as size,

shape, aggregation, phenology and physical structure such

as canopy cover (Lawley et al., 2015). Particularly, moni-

toring the spatial and temporal dynamics of dryland

ecosystems with remote sensing techniques is defined by

unique challenges, such as low vegetation cover, mainly

senescent vegetation, high soil background reflectance,

high spatial heterogeneity, unpredictable rainfall and fre-

quent periods of drought. Moreover, dryland ecosystems

are underrepresented by long-term, continuous field mea-

surements which make it difficult to achieve a robust cal-

ibration and proper evaluation of remote sensing data (see

review by Smith et al., 2019). Therefore, a high research

priority is to define good remote sensing indicators of dry

woodland structure and function in order to monitor spatial

and temporal vegetation dynamics. These indicators could

be a valuable tool for management and conservation of dry

woodlands in different regions.

Relationships have been developed between woodland

biomass and remote sensing data obtained from Landsat

series satellites and backscatter data from Synthetic Aper-

ture Radar (SAR; see review by Hall et al., 2006; Smith

et al., 2019). Because Landsat has a large archive of free

available data, it has become the primary data source for

biomass estimation. For example, the potential variables

from Landsat images include individual spectral bands,

vegetation indices, transformed images, textural images

and fractional images (Lu et al., 2014). Although many

vegetation indices have been proposed in previous

research, depending on the complexity of woodland stand

structure, indices vary in their relationships with biomass

(Lu et al., 2014). Nearly all vegetation indices, such as

NDVI (Normalised Difference Vegetation Index), are

estimators of green and vigorous vegetation, so several

studies have used them to map aboveground biomass in

boreal, temperate and tropical woodlands (see review by

Hall et al., 2006). However, the challenge is capturing

information about dry woodland vegetation, which is

senescent, with non-photosynthetic tissues for extended

periods, and with small leaf areas or leafless (Goirán et al.,

2012). Moreover, other challenges posed by these ecosys-

tems are high soil background reflectance, high spatial

heterogeneity from plot to ecosystem and regional scales,

irregular growing seasons due to unpredictable seasonal

rainfall and frequent periods of drought (see review by

Smith et al., 2019). The gap in the knowledge of dryland

remote sensing should be a top research priority, especially

given that drylands cover * 41.5% of the Earth’s land

surface (Bastin et al., 2017) and more than 2 billion people

depend on their provision of services (Smith et al., 2019).

Studies focused on different remote sensing data and at

multi-scale have the potential to significantly advance our

current understanding of dryland ecosystems (Smith et al.,

2019).

SAR sensors have the advantage to penetrate the

canopy; so they are considered the most useful tools for

providing measures of woodland vertical structure or stand

volume measures. They provide information on the

backscattered energy from the illuminated target and can

have different wavelengths, and thus different abilities to

penetrate woodlands. Depending on the structural and

dielectric characteristics of woodland canopies, the relative

contribution of volume, surface–volume interactions and

surface scattering from forest in the total backscatter signal

of an imaging radar can vary (see review by Laurin et al.,

2018). SAR imagery can be acquired day and night, in any
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weather conditions, so it is particularly useful for moni-

toring areas where cloud cover is almost permanent and

optical images are unusable (Flores-Anderson et al., 2019;

Zhu et al., 2012). Therefore, radar data with the capability

to penetrate woodland stand structure may provide differ-

ent performances compared to optical sensor images (see

review by Zhao et al., 2016).

Ramorinoa girolae is a woody leguminous tree (Faba-

ceae) that can reach 10 m tall (Hadad et al., 2014), leafless,

though with green stems. It is endemic to central-western

Argentina and forms woodland patches whose distribution

is fragmented and restricted to mountain slopes and tem-

porary watercourses (Zapata, 2017). This restricted geo-

graphical distribution plus its slow growth and low

resistance to fire make it a fragile species. Morphologi-

cally, this species is characteristic for its reptant stems that

could be playing an important role as soil stabilisers, thus

reducing wind and water erosion, both these processes

being frequent in arid ecosystems. Moreover, its morpho-

logical features enable it to maintain different biological

interactions with mammals, birds (Campos et al., 2017) and

insects (Papú et al., 2015). Therefore, it is of high con-

servation value due to its provision of biodiversity-related

ecosystem services. In our research, we assess whether

passive and active remote sensing data are good indicators

of vegetation composition and structure in dry R. girolae-

dominated woodlands on sites with different climate and

terrain characteristics. Moreover, because previous studies

showed that the relationship between dry woodland com-

position and structure and different predictors is scale-de-

pendent (Campos et al., 2018, 2020), we assess remote

sensing data at multi-scale. Therefore, our objectives were:

(1) to quantify on-the-ground vegetation composition and

structure in dry R. girolae-dominated woodlands on three

study sites, using (A) field-based methods and (B) passive

and active remotely sensed data at multi-scale and (2) to

assess whether the integration of data from different remote

sensors allows for a better estimation of field-based mea-

sures in dry R. girolae-dominated woodlands.

Methods

Study Area

Ramorinoa girolae (Fig. 1) occurs in San Juan, La Rioja

and San Luis provinces, mainly in Monte Desert and a

portion of Chaco Seco. Our study sites are in the Monte

Desert, which occupies 460,000 km2 of the arid west of

Argentina. Thus, the Monte Desert is a region with dif-

ferent climate and edaphic conditions throughout its

expanse (Bisigato et al., 2009; Brown et al., 2006). The

main communities in the Monte Desert are creosote bush

scrub and mesquite woodland. The dry woodlands of R.

girolae have a fragmented distribution and are restricted to

mountain slopes and temporary watercourses (Campos

et al., 2016; Hadad et al., 2014; Zapata, 2017). To take into

account the high spatial heterogeneity in climatic condi-

tions and terrain features of dry R. girolae-dominated

woodlands (Table 1), a great challenge in these drylands,

we considered three study sites throughout the distribution

of the study species. The study sites were (Fig. 2): A

Ischigualasto Provincial Park (29� 550 S, 68� 050 W)

(henceforth Ischigualasto) and its zone of influence, with

an area of 62,916 ha. B Valle Fértil Multiple Use Reserve

(31� 070 S, 67� 400 W) (henceforth Valle Fértil) covering

800,000 ha. C- Private land (31� 440 S, 67� 590 W) occu-

pies 4,153 ha.

Field Survey

Fieldwork was conducted in wet seasons, from December

to March of 2015–2016 and from December to March of

2016–2017, because is the season of the highest produc-

tivity (Bisigato et al., 2009). We used three L8 OLI Level-2

Processing Level images (30-m spatial resolution) of the

study areas (path/row: 232/81; 231/81 and 232/82) to

defined sampling plots. These images, dated February and

March (wet season) of 2016 and 2017, were obtained from

Earth Explorer USGS (https://earthexplorer.usgs.gov/). We

stored these images in the Quantum GIS (Version 3.4.8

‘‘Madeira’’, 2018), and for each site, we delimited poly-

gons (in logistically accessible areas) of dry R. girolae-

dominated woodland. The number of plots at each site

depended on R. girolae-dominated woodland area and its

accessibility. Then, using random point tools, we randomly

selected field plots within each polygon (Ischigualasto

n = 16; Valle Fértil n = 10; Private land n = 10) spaced at

Fig. 1 Individual of Ramorinoa girolae in Ischigualasto Provincial

Park
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least 100 m apart. In the field, each plot was 50 9 30 m

(0.15 ha stand scale). Inside each plot, we ran four 30-m-

long transects separated by 15 m and used the Modified

Point Quadrat method (Passera et al., 1983) to determine

compositional and structural indicators. Following the

Modified Point Quadrat method, we recorded each species

that touched the needle every 1 m along each transect,

from 0 to 30 m (31 records per transect). Based on this

information, we estimated richness (compositional indica-

tor) as number of species touching the needle, and abun-

dance of each species (structural indicator) as number of

touches on the needle. To obtain a measure of richness at

stand scale, we recorded the tally of species across all

subplots. To obtain a measure of abundance of shrubs and

trees at stand scale, as a proxy for biomass, we summed up

the total number of touches from each shrub/tree species

across all subplots (Passera et al., 1983). Also, in each plot

we recorded abundance of R. girolae and structural mea-

sures for each individual: basal diameter of each shaft, tree

height and canopy dimensions (largest and smallest diam-

eters). The equivalent basal diameter for each R. girolae

tree was estimated using the formula employed by Alvarez

Table 1 Climate and terrain

characteristics of the study sites:

Ischigualasto, Valle Fértil and

private land. Climate data

include: maximum temperature,

minimum temperature and

precipitation accumulation.

Terrain data include: altitude,

slope and main aspect

Characteristics Ischigualasto Valle Fértil Private land

Maximum temperature (�C) 26.9 26.2 30.0

Minimum temperature (�C) 11.00 10.5 14.1

Precipitation accumulation (mm) 10.00 20.00 27.00

Altitude (m) 1381.06 1709.00 891.00

Slope (degrees) 5.54 10.43 7.51

Main aspect South East Southwest

Fig. 2 Map of study sites: Ischigualasto Provincial Park (Ischigualasto), Valle Fértil Multiple Use Reserve (Valle Fértil) and private land, in San

Juan province (Argentina)
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et al. (2006), which considers the diameter of each shaft.

Because basal diameter, tree height and canopy area (lar-

gest * smallest diameters) were strongly correlated

(|q|[ 0.8), we considered only the canopy area of R.

girolae. Also, because we were interested in knowing

whether dry R. girolae woodland was renewed, we esti-

mated variance in canopy cover in each plot (stand-scale)

for the analysis.

Remote Sensing Variables

Climate data for each site (Table 1) were obtained from

TerraClimate with monthly temporal resolution and

a * 4-km spatial resolution. We considered a period from

1990 to 2020 (Abatzoglou et al., 2018). Terrain data, i.e.

altitude, slope and aspect, for each site (Table 1) were

obtained from Shuttle Radar Topography Mission (SRTM

30 m resolution, from Earth Explorer USGS). We calcu-

lated the mean of each variable from the values of the plots

(Table 1).

Passive Remote Sensing Data

In drylands with generally low and senescent vegetation

cover, the soil background tends to significantly influence

green indexes, such as NDVI (Normalised Difference

Vegetation Index) which is a good estimator of green and

vigorous vegetation but shows limited success in measur-

ing senescent and leafless vegetation (see review by Smith

et al., 2019). Therefore, from the three L8 OLIs of the

study sites, we estimated two vegetation indices EVI

(Enhanced Vegetation Index, Huete et al., 2002) and

SATVI (Soil Adjusted Total Vegetation Index, Marsett

et al., 2006). EVI is responsive to canopy structural vari-

ations, including leaf area index (LAI), canopy type, plant

physiognomy and canopy architecture (Gao et al., 2000).

This index improves upon the detection of canopy bio-

physical parameters and can be supplemented with a green

vegetation index such as SATVI, which is sensitive to both

green and senescent vegetation, and includes a parameter

(L) that minimises the effects of soil background on the

vegetation signal. Therefore, this is a good proxy for

vegetation cover in desert areas (Campos et al.,

2015, 2018; Goirán et al., 2012). Huete (1988) recom-

mended L = 0.5 for intermediate vegetation densities, so

we considered this value for dry R. girolae-dominated

woodlands. We used Quantum GIS for optical image

processing.

Active Remote Sensing Data

Sentinel-1A (band C) interferometric wide swath data

(ground range detected—GRD—products) with an

observation date (February 2016—wet season) coincidental

with field measurement were downloaded from Alaska

Satellite Facility (https://www.asf.alaska.edu/). We con-

sidered the C-band because shrubs are the predominant

vegetation; moreover, our target species has a semi-de-

cumbent growth habit since secondary branches grow

horizontally or downwards, and sometimes, as decumbent

because of reaching to the ground (Pasiecznik et al., 2001).

This growth habit is probably due to the high density of the

wood (Kiesling, 1994) that pulls the heavy branches down.

SAR systems are characterised by the direction (with

respect to the electrical field vector) of transmitted and

return signals. Sentinel-1A data were in the dual-polarisa-

tion of VV (co-polarisation) and VH (cross-polarisation).

The radiometric calibration was expressed in Sigma-

nought (r0VV r0VH) backscatter coefficient intensity

(original scale). These products were terrain corrected

using one-arc second SRTM data (30 m) from Earth

Explorer USGS. The Sentinel data were resampled from

10 m 9 10 m cell size to 30 m 9 30 m, so all the data had

the same cell size. We did not perform filtering for speckle

noise reduction. We processed all images with SNAP 6.0

(http://step.esa.int/main/download/).

For all remote sensing data obtained from optical (i.e.

EVI and SATVI) and SAR backscatter values (i.e. for VV

and VH), we estimated standard deviation (SD) using

3 9 3, 5 9 5 and 7 9 7 moving windows, i.e. the pixel

values within a moving window were used to calculate a

statistic that was assigned to the central pixel. All remote

sensing data were finally stored as separate layers in the

GIS and were extracted for each sampling field plot using

Quantum GIS.

Statistical Analysis

Considering the variables shown in Table 2, we employed

generalised linear models (GLMs) for each study site. For

each response variable: richness, biomass of shrubs and

trees and abundance of R. girolae, we employed GLMs

with Poisson error distribution. Because some models

exhibited overdispersion, we adjusted a negative binomial

distribution (Zuur et al., 2009). We applied logarithmic

transformations to variance in canopy cover of R. girolae

because model residuals were not normally distributed

(Zar, 1999). We fitted models with optical remote sensing

data (i.e. EVI and SATVI) at each scale (i.e. 3 9 3, 5 9 5

and 7 9 7 moving windows) for each response variable

separately (single-sensor models). In the same way, we

fitted models with SAR backscatter data (i.e. for VV co-

polarisation and VH cross-polarisation) at each scale (i.e.

3 9 3, 5 9 5 and 7 9 7 moving windows) for each

response variable separately (single-sensor models). All

fixed variables were standardised by z-scores prior to
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analysis. For the last objective, we considered the signifi-

cant variables from single-sensor models to fit a multi-

sensor model at each study site and moving window. We

only inform the multi-sensor models when these have

variables from different remote sensing data. For each full

model, a backward elimination procedure was used to

remove insignificant variables without losing important

information (significance level p\ 0.05) and to obtain the

minimal adequate model (Crawley, 2007). We estimated a

pseudo-R2 from deviance values of the best models (Zuur

et al., 2009). To check for spatial autocorrelation among

sampling points, we fitted semivariograms with the Pearson

residuals of the regression models (Zuur et al., 2009). We

found no evidence of spatial dependence affecting the

models. All statistical analyses and figures were conducted

using R (R Core Team, 2019) using the following pack-

ages: ‘‘geoR’’ (Ribeiro and Diggle, 2016), ‘‘MASS’’

(Venables & Ripley, 2002), ‘‘GGally’’ (Schloerke et al.,

2020).

Results

The sampling of plants recorded at stand scale in dry R.

girolae-dominated woodlands showed the highest species

richness, shrub and tree biomass in private land, whereas

the highest abundance of R. girolae was found in Valle

Fértil, and the highest variance in canopy cover of R.

girolae in Ischigualasto (Table 3). The lowest records for

shrub biomass and variance in canopy cover of R. girolae

were found in Valle Fértil, and the lowest records for

species richness, tree biomass and abundance of R. girolae

were found in Ischigualasto (Table 3). The height of R.

girolae at stand scale was 2.70 ± 0.17 m (mean ± SE;

min = 0.07, max = 8.50 m) for Ischigualasto;

1.81 ± 0.08 m (min = 0.20, max = 5.10 m) for Valle

Fértil, and 3.88 ± 0.19 m (min = 0.82 and max = 8.00 m)

for private land. The proportion of adult R. girolae trees

(with equivalent basal diameter larger than 7.5 cm, Alvarez

et al., 2006) was 87% for Ischigualasto, 50% for Valle

Fértil and 86% for private land. Appendices 1 and 2 show

SD of EVI, SATVI and backscatter values in VH and VV

polarisations. The highest and lowest range values of SD

for EVI were found in Valle Fértil and private land,

respectively. Conversely, the highest and lowest range

values of SD for SATVI were found in private land and

Valle Fértil, respectively. Regarding backscatter values in

VH and VV polarisations, we found the highest and lowest

range values of SD in Ischigualasto and private land,

respectively.

Neither passive nor active remote sensing data explained

the richness found on the different study sites (Tables 4, 5

and 6). Shrub biomass in the single-sensor models of

Ischigualasto was explained by a positive relationship with

SD of EVI (7 9 7 moving window, Table 4), negative with

SD of VV co-polarisation and positive with SD of VH

cross-polarisation at all moving windows (Table 4). Tree

biomass, in the single-sensor models, was explained by a

positive relationship with SD of VV co-polarisation at all

scales (Table 4). Abundance of R. girolae, in the single-

sensor models, was negatively related to SD of SATVI

(3 9 3 moving window) and SD of EVI (5 9 5 moving

window), and positively to SD of VV co-polarisation (at all

scales, Table 4). The multi-sensor models that included SD

of SATVI and SD of VV co-polarisation (3 9 3 moving

window) showed a higher explained variance than single-

sensor models (Fig. 3, Appendix 3). Regarding variance in

canopy cover of R. girolae in the single-sensor models, it

had a positive relationship with SD of EVI (3 9 3 and

5 9 5 moving windows) and SD of SATVI (7 9 7 moving

Table 2 Description of response and predictor variables considered in models to determine vegetation composition and structure in R. girolae-
dominated woodlands at different scales

Variable Description In models Variable type

Species richness Total number of species per plot Response Discrete

Shrubs biomass Sum of total touches of shrubs per plot Response Discrete

Trees biomass Sum of total touches of trees per plot Response Discrete

Abundance of R. girolae Total number of R. girolae per plot Response Discrete

Canopy variance of R. girolae Variance of canopy area for all

R. girolae recorded per plot

Response Continuous

EVI (Enhanced vegetation index) Standard deviation

at 3 9 3, 5 9 5 and 7 9 7

Moving windows

Predictor Continuous

SATVI (Soil adjusted total vegetation index) Predictor Continuous

VV co-polarisation Predictor Continuous

VH cross-polarisation Predictor Continuous
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window, Table 4). Active remote sensing data (i.e. SD of

VV and VH) explained up to 55% of the variability in

variance of shrubs biomass, these being the best remote

sensing data explaining field-based data for this study site.

In Valle Fértil, the biomass of shrubs in single-sensor

models had a negative relationship with SD of SATVI

(3 9 3 and 5 9 5 moving windows) and SD of VH cross-

polarisation (3 9 3 moving window), while tree biomass

was explained by a negative relationship with SD of VV

co-polarisation (3 9 3 and 7 9 7 moving windows,

Table 5) and positive with SD of VH cross-polarisation

(3 9 3 moving window). Regarding abundance of R.

girolae, it was negatively related to SD of VH cross-po-

larisation (3 9 3 and 7 9 7 moving windows), and canopy

variance had a positive relationship with SD of

SATVI (7 9 7 moving window, Table 5). In the single-

sensor models from Valle Fértil (5 9 5 moving window),

active remote sensing data (i.e. SD of VV and VH polar-

isation) explained up to 64% of the variability in tree

biomass in dry R. girolae-dominated woodlands, these

being the best models explaining field-based data. In the

multi-sensor models (3 9 3 moving window) that included

SD of SATVI and VH cross-polarisation, the explained

variability for shrubs biomass was up to 46% (Fig. 4,

Appendix 3).

In the private land, the biomass of shrubs was explained

by a negative relationship with SD of EVI at all scales, SD

of VH cross-polarisation (3 9 3 moving window) and a

positive relationship with SD of SATVI at the 7 9 7

moving window (Table 6). In the multi-sensor models

(3 9 3 moving window) that included SD of EVI and VH

cross-polarisation, the explained variability was up to 59%

(Fig. 5, Appendix 3). Tree biomass was explained by a

positive relationship with SD of SATVI (5 9 5 and 7 9 7

moving windows) and negative with SD of EVI (5 9 5 and

7 9 7 moving windows, Table 6). Moreover, it was

explained by a negative relationship with SD of VV co-

polarisation at all scales and positive with SD of VH at

7 9 7 moving window (Table 6). Neither abundance nor

variance in canopy cover of R. girolae was explained by

passive or active remote sensing data (Table 6). At this

study site, single-sensor model with active remote sensing

data (i.e. SD of VV co-polarisation and VH cross-polari-

sation) explained up to 83% of the variability in tree bio-

mass in dry R. girolae-dominated woodlands.

Nevertheless, in multi-sensor models (7 9 7 scale), the

variables SD of EVI and SATVI and SD of VV and VH

polarisation explained 90% of the variability in tree bio-

mass (Fig. 6, Appendix 3).

Discussion

The results of this approach to assessing compositional and

structural indicators of vegetation condition at different

scales show that passive and active remote sensing data

were good indicators of almost all field-based data (i.e.

shrub biomass, tree biomass, abundance and variance in

canopy cover of R. girolae) recorded at stand scale. The

multi-sensor models were better than single-sensor models

to explain the attributes of these woodlands, except for the

canopy variance of R. girolae (single-sensor model that

included EVI). Considering the best models, we found that

EVI and VH cross-polarisation explained shrubs biomass,

and the SATVI with VV co-polarisation explained the

abundance of R. girolae. Moreover, both green indexes (i.e.

EVI and SATVI) and polarisations (i.e. VV and VH)

explained the biomass of the trees. Richness was the only

field-based data not related to remote sensing data, either

passive or active, at any study site. These results disagree

with Rocchini et al. (2004) and Campos et al. (2018), who

found a scale-dependent relationship between data

obtained from remote sensors and species richness. Prob-

ably, richness in R. girolae-dominated woodland could be

Table 3 Summary statistic for field-based data at stand scale. Shown here are mean (± SE), minimum and maximum values of variables

Field-based data Statistics value Ischigualasto Provincial Park Valle Fértil Multiple Use Reserve private land

Richness Mean ± SE 11.00 ± 0.76 12.60 ± 0.81 14.60 ± 0.87

Min–Max 7.00–19.00 9.00–15.00 10.00–19.00

Shrubs biomass Mean ± SE 147.56 ± 20.16 39.30 ± 4.31 241.70 ± 25.86

Min–Max 36.00–309.00 17.00–56.00 143–351.00

Trees biomass mean ± SE 39.88 ± 6.74 48.80 ± 16.86 61.40 ± 11.94

Min–Max 7.00–113.00 0.00–140.00 0.00–137.00

Abundance of R. girolae Mean ± SE 5.38 ± 0.75 24.00 ± 7.16 6.80 ± 1.31

Min–Max 2.00–12.00 6.00–86.00 1.00–14.00

Canopy variance of R. girolae Mean ± SE 8608.36 ± 4656.35 853.11 ± 285.43 3637.55 ± 2135.43

Min–Max 62.49–72,200.00 96.00–2761.67 0.00–22,408.39
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related to texture measures of SATVI, proxies for net pri-

mary productivity, as was reported by Campos et al. (2018)

for Prosopis flexuosa-dominated woodland or to another

green index not considered in this research. Different

mechanisms have been proposed to explain how species

richness responds to variation in productivity, particularly,

in Prosopis flexuosa-dominated woodland which was

explained, in less, by productivity and mainly by the

abundance of trees (Campos et al., 2020). The positive

effect of facilitation provided by woody species is crucial

in dry ecosystems (Cesca et al., 2012).

Climate, soil, topography and disturbance are recog-

nised as the most important factors influencing the organ-

isation and distribution of plant communities, the

abundance and growth of tree species and the regulation of

various ecosystem processes, at both temporal and spatial

scales (see review by Piraino et al., 2015). We found high

heterogeneity among our study sites regarding climatic and

Table 4 Results of single-sensor models for Ischigualasto Provincial Park, after backward elimination procedures, for field-based data (richness,

shrub and tree biomass, abundance and variance in canopy cover of R. girolae)

Field-based data Moving window Source image Predictor/s Estimate ± SE p-Value pseudo-R2

Richness 3 9 3 L8 OLI SATVI 0.04 ± 0.08 0.61 –

Sentinel-1A VV 0.07 ± 0.07 0.35 –

5 9 5 L8 OLI EVI - 0.02 ± 0.08 0.80 –

Sentinel-1A VV 0.08 ± 0.07 0.29 –

7 9 7 L8 OLI EVI - 0.08 ± 0.08 0.34 –

Sentinel-1A VV 0.09 ± 0.07 0.23 –

Shrubs biomass 3 9 3 L8 OLI EVI 0.19 ± 0.13 0.14 –

Sentinel-1A VV - 0.57 ± 0.18 ** 47.68

Sentinel-1A VH 0.69 ± 0.18 ***

5 9 5 L8 OLI EVI 0.19 ± 0.13 0.14 –

Sentinel-1A VV - 0.40 ± 0.13 ** 51.88

Sentinel-1A VH 0.51 ± 0.13 ***

7 9 7 L8 OLI EVI 0.25 ± 0.12 * 23.11

Sentinel-1A VV - 0.49 ± 0.13 *** 55.07

Sentinel-1A VH 0.57 ± 0.13 ***

Trees biomass 3 9 3 L8 OLI SATVI - 0.18 ± 0.17 0.31 –

Sentinel-1A VV 0.31 ± 0.15 * 24.57

5 9 5 L8 OLI SATVI - 0.19 ± 0.17 0.25 –

Sentinel-1A VV 0.30 ± 0.15 * 22.92

7 9 7 L8 OLI SATVI - 0.18 ± 0.17 0.30 –

Sentinel-1A VV 0.33 ± 0.15 * 26.52

Abundance of R. girolae 3 9 3 L8 OLI SATVI - 0.34 ± 0.14 * 30.99

Sentinel-1A VV 0.28 ± 0.09 ** 37.15

5 9 5 L8 OLI EVI - 0.34 ± 0.15 * 29.91

Sentinel-1A VV 0.28 ± 0.09 ** 35.87

7 9 7 L8 OLI EVI - 0.24 ± 0.15 0.11 –

Sentinel-1A VV 0.26 ± 0.10 * 27.52

Canopy variance of R. girolae 3 9 3 L8 OLI EVI 0.19 ± 0.06 ** 42.37

Sentinel-1A VV - 0.33 ± 0.53 0.54 –

5 9 5 L8 OLI EVI 1.42 ± 0.38 ** 49.59

Sentinel-1A VH 0.52 ± 0.52 0.34 –

7 9 7 L8 OLI SATVI 1.32 ± 0.41 ** 42.69

Sentinel-1A VV - 0.40 ± 0.53 0.46 –

on R. girolae-dominated woodlands, considering standard deviation (SD) of remote sensing data (i.e. SATVI, EVI, VV co-polarisation and VH

cross-polarisation) as different predictor variables. Shown here are parameter estimates (± SE), p-values for significance (* = p B 0.05;

** = p\ 0.01, *** = p\ 0.001) and pseudo-R2 for models
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topographic features. There is a N-S precipitation gradient,

Ischigualasto being the site with the lowest values for

precipitation, and regarding topographic features, Valle

Fértil is the site with the highest mean values for altitude

and slope. The aridity conditions and topographic features

of these environments are limiting for the growth and

development of vegetation, and the cause of development

of morpho-functional adaptations in the species inhabiting

these dry woodlands (Zapata, 2017). In addition, local and

temporal variations can result in differential dynamics of

vegetation communities for each woodland site (Hadad

et al., 2014; Zapata, 2017).

Shrub biomass was explained by passive (57% in private

land) and active (55% in Ischigualasto) remote sensing

data. Increases in shrub biomass were related to a decrease

in SD of EVI (at all scales) and an increase in SD of

SATVI (7 9 7 moving window); moreover, they were

related to a decrease in SD of VV and an increase in SD of

VH polarisation (at all scales). In Valle Fértil, shrubs

biomass was better explained by the multi-sensor model at

the 3 9 3 moving window (46%) than by single-sensor

models (26% passive and 27% active). When comparing

our study sites, private land was the site with the highest

shrub biomass; probably EVI, which is responsive to

Table 5 Results of single-sensor models for Valle Fértil Multiple Use Reserve, after backward elimination procedures, for field-based data

(richness, shrub and tree biomass, abundance and variance in canopy cover of R. girolae)

Field-based data Moving window Source image Predictor/s Estimate ± SE p-value pseudo-R2

Richness 3 9 3 L8 OLI SATVI - 0.09 ± 0.09 0.38 –

Sentinel-1A VH - 0.15 ± 0.11 0.16 –

5 9 5 L8 OLI SATVI - 0.07 ± 0.10 0.48 –

Sentinel-1A VH - 0.12 ± 0.11 0.25 –

7 9 7 L8 OLI EVI 0.06 ± 0.09 0.54 –

Sentinel-1A VH - 0.12 ± 0.10 0.26 –

Shrubs biomass 3 9 3 L8 OLI SATVI - 0.21 ± 0.10 * 26.04

Sentinel-1A VH - 0.21 ± 0.1 * 27.43

5 9 5 L8 OLI SATVI - 0.23 ± 0.10 * 31.39

Sentinel-1A VV - 0.20 ± 0.11 0.07 24.22

7 9 7 L8 OLI SATVI - 0.09 ± 0.11 0.41 –

Sentinel-1A VV - 0.18 ± 0.11 0.09 –

Trees biomass 3 9 3 L8 OLI EVI - 0.15 ± 0.49 0.76 –

Sentinel-1A VV - 3.82 ± 1.35 * 63.61

Sentinel-1A VH 1.45 ± 0.63 **

5 9 5 L8 OLI EVI 0.29 ± 0.48 0.55 –

Sentinel-1A VV - 2.33 ± 1.38 0.09 –

7 9 7 L8 OLI SATVI 0.60 ± 0.47 0.20 –

Sentinel-1A VV - 1.58 ± 0.62 * 19.38

Abundance of R. girolae 3 9 3 L8 OLI SATVI - 0.17 ± 0.23 0.46 –

Sentinel-1A VH - 0.44 ± 0.23 * 22.52

5 9 5 L8 OLI EVI - 0.27 ± 0.22 0.22 –

Sentinel-1A VV - 0.45 ± 0.25 0.06 –

7 9 7 L8 OLI SATVI - 0.12 ± 0.23 0.61 –

Sentinel-1A VH - 0.45 ± 0.22 * 27.62

Canopy variance of R. girolae 3 9 3 L8 OLI EVI - 0.26 ± 0.41 0.55 –

Sentinel-1A VV - 0.39 ± 0.40 0.35 –

5 9 5 L8 OLI EVI 0.45 ± 0.39 0.28 –

Sentinel-1A VV - 0.05 ± 0.07 0.47 –

7 9 7 L8 OLI SATVI 0.75 ± 0.33 * 39.92

Sentinel-1A VV - 0.31 ± 0.41 0.46 –

on R. girolae -dominated woodlands, considering standard deviation (SD) of remote sensing data (i.e. SATVI, EVI, VV co-polarisation and VH

cross-polarisation) as different predictor variables. Shown here are parameter estimates (± SE), p-values for significance (* = p B 0.05;

** = p\ 0.01, *** = p\ 0.001) and pseudo-R2 for models
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structural variations and plant physiognomy, captured this

woodland as homogeneous patches of vegetation. Instead,

the green index SATVI, which is mainly sensitive to both

green and senescent vegetation, showed an increase in its

variation probably due to the occurrence of islands of

vegetation captured at our largest study scale. Our results

are in accord with the revision by Bisigato et al. (2009),

who reported that plant patches dominated by shrubs and/

or trees are key structures throughout the Monte Desert.

However, contrary results were reported by other authors,

who found an inverse relationship between shrub abun-

dance and texture measures of heterogeneity (range and

entropy) at 3 9 3 and 5 9 5 scales in P. flexuosa-domi-

nated woodlands (Campos et al., 2018). Probably, the

relationship between shrubs biomass and remote sensing

data is scale-dependent. The C-band of SAR data is

Table 6 Results of single-sensor models for private land, after backward elimination procedures, for field-based data (richness, shrub and tree

biomass, abundance and variance in canopy cover of R. girolae) on

Field-based data Moving window Source image Predictor/s Estimate ± SE p-value pseudo-R2

Richness 3 9 3 L8 OLI SATVI - 0.02 ± 0.09 0.74 –

Sentinel-1A VV 0.12 ± 0.10 0.24 –

5 9 5 L8 OLI EVI - 0.03 ± 0.09 0.77 –

Sentinel-1A VV - 0.12 ± 0.10 0.22 –

7 9 7 L8 OLI SATVI - 0.03 ± 0.09 0.72 –

Sentinel-1A VV - 0.12 ± 0.10 0.24 –

Shrubs biomass 3 9 3 L8 OLI EVI - 0.19 ± 0.09 * 28.76

Sentinel-1A VH - 0.20 ± 0.09 * 32.16

5 9 5 L8 OLI EVI - 0.19 ± 0.09 * 32.87

Sentinel-1A VH - 0.03 ± 0.11 0.79 –

7 9 7 L8 OLI EVI - 0.46 ± 0.13 *** 56.64

L8 OLI SATVI 0.34 ± 0.13 **

Sentinel-1A VH - 0.09 ± 0.10 0.40 –

Trees biomass 3 9 3 L8 OLI SATVI - 0.12 ± 0.29 0.69 –

Sentinel-1A VV - 1.30 ± 0.31 *** 51.86

5 9 5 L8 OLI EVI - 0.36 ± 0.06 *** 18.92

L8 OLI SATVI 0.13 ± 0.06 *

Sentinel-1A VV - 1.89 ± 0.61 ** 77.53

7 9 7 L8 OLI EVI - 0.79 ± 0.09 *** 38.70

L8 OLI SATVI 0.60 ± 0.09 ***

Sentinel-1A VV - 2.16 ± 0.61 *** 82.99

Sentinel-1A VH 0.47 ± 0.16 **

Abundance of R. girolae 3 9 3 L8 OLI EVI - 0.31 ± 0.19 0.09 –

Sentinel-1A VV - 0.47 ± 0.24 0.06 –

5 9 5 L8 OLI SATVI - 0.21 ± 0.19 0.29 –

Sentinel-1A VV - 0.33 ± 0.23 0.16 –

7 9 7 L8 OLI SATVI - 0.22 ± 0.19 0.25 –

Sentinel-1A VV - 0.34 ± 0.23 0.15 –

Canopy variance of R. girolae 3 9 3 L8 OLI EVI 0.33 ± 0.69 0.65 –

Sentinel-1A VH - 0.15 ± 0.52 0.78 –

5 9 5 L8 OLI SATVI 0.45 ± 0.53 0.42 –

Sentinel-1A VV 0.19 ± 0.52 0.73 –

7 9 7 L8 OLI EVI 0.37 ± 0.54 0.52 –

Sentinel-1A VV 0.14 ± 0.53 0.79 –

R. girolae -dominated woodlands, considering standard deviation (SD) of remote sensing data (i.e. SATVI, EVI, VV co-polarisation and VH

cross-polarisation) as different predictor variables. Shown here are parameter estimates (± SE), p-values for significance (* = p B 0.05;

** = p\ 0.01, *** = p\ 0.001) and pseudo-R2 for models
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typically applied to monitoring areas with low-to-moderate

vegetation (Flores-Anderson et al., 2019). Vegetation

canopies belong to the category of volume scatterers

because the signals bounce multiple times as they propa-

gate through vegetation structure (Flores-Anderson et al.,

2019). This band provides data on backscattering mainly

from leaves and needle leaves (Laurin et al., 2018). An

inverse relationship of shrub biomass with SD of VH

polarisation could be because private land has the highest

shrub biomass, captured by SAR as homogeneous patches

of vegetation at 3 9 3 scale. However, in Ischigualasto the

relationship with SD of VH polarisation was positive at all

scales, probably due to heterogeneous distribution of veg-

etation patches. Because of the sensitivity of the cross-

polarised signature to the multiple scattering that occurs in

vegetated environments, this polarisation is the most often

used for characterising forest structure (Flores-Anderson

et al., 2019).

Fig. 4 Multi-sensor model for the Valle Fértil Multiple Use Reserve,

for shrubs biomass of R. girolae-dominated woodlands, considering

standard deviation (SD) of remote sensing data from SATVI and VH

cross-polarisation as predictor variables at 3 9 3 moving window.

The black line represents the predicted values and the grey area the

confidence intervals

Fig. 5 Multi-sensor model for the private land, for shrubs biomass of

R. girolae-dominated woodlands, considering standard deviation (SD)

of remote sensing data from EVI and VH cross-polarisation as

predictor variables at 3 9 3 moving window. The black line

represents the predicted values and the grey area the confidence

intervals

Fig. 6 Multi-sensor model for the private land, for trees biomass of R.
girolae-dominated woodlands, considering standard deviation (SD) of

remote sensing data from EVI, SATVI, VV and VH polarisations as

predictor variables at 7 9 7 moving window. The black line

represents the predicted values and the grey area the confidence

intervals

Fig. 3 Multi-sensor model for Ischigualasto Provincial Park, for

abundance of R. girolae, considering standard deviation (SD) of

remote sensing data from SATVI and VV co-polarisation as predictor

variables at 3 9 3 moving window. The black line represents the

predicted values and the grey area the confidence intervals
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Tree biomass was mainly explained by active remote

sensing data. The SD of VV and VH polarisation explained

up to 83% of the variability in tree biomass in private land

and up to 64% in Valle Fértil. In private land, however, tree

biomass was better explained by the multi-sensor model at

the 7 9 7 moving window (90% of the variability), which

includes SD of VV and VH polarisation and SD of EVI and

SATVI. The private land has the highest tree biomass;

therefore, the variation in co-polarisation and cross-polar-

isation could be due to variation in the signal produced by

multiple bounces on trees of different species. This is

consistent with previous studies where, at higher above-

ground biomass, the contribution of volume or multiple

scattering from vegetation canopy to the backscattering

coefficient dominates (Crabbe et al., 2019). Moreover,

passive remote sensing data were included in the best

multi-sensor model, capturing this woodland as homoge-

nous structurally patches of vegetation. Plant patches

dominated by shrubs and/or trees are associated with fer-

tility islands, which are formed as a result of abiotic and

biotic processes (see review by Bisigato et al., 2009).

Identifying good indicators of structural attributes of veg-

etation patches in dry woodland is a useful tool for

assessing and monitoring the condition of vegetation in this

dry ecosystem, which will contribute to its management

and conservation.

Important to highlight is the great heterogeneity and

spatial irregularity in the distribution of R. girolae (Zapata,

2017). R. girolae abundance showed dissimilar values in

the different woodlands studied. Ischigualasto, which has

the lowest abundance of R. girolae but the highest per-

centage of R. girolae adult trees (87%), showed a negative

relationship with SD of EVI and SATVI (31% of explained

variability), probably because these woodlands were cap-

tured by passive remote sensors as homogeneous mature

woodland. Moreover, the variation in VV polarisation

explained up to 37% of the variability in R. girolae

abundance. The backscatter from co-polarisation (VV, HH)

is typically stronger for surface scattering components,

whereas cross-polarisation (VH or HV) is associated with

measuring volume scattering. For this reason, VH or the

VV/VH ratio is used for biomass applications, forest

degradation tracking and identifying changes from vol-

umes to surfaces (Flores-Anderson et al., 2019). However,

probably the relationship between SD of VV polarisation

with the abundance of R. girolae is due to its particular

morphology, a species without leaves and with upright

stems or with secondary stems that grew up down or lie

near the ground. When significant variables of single-sen-

sor models (i.e. SD of EVI, SATVI and VV co-polarisa-

tion) were included in multi-sensor models, there was an

increase in the explained variance (up to 54%), at the

3 9 3 moving window. According to Zapata (2017), if we

consider the spatial heterogeneity of dry R. girolae-domi-

nated woodlands, we can find stands with isolated indi-

viduals scattered over the space, stands with uniformly

distributed individuals or stands with individuals associated

with temporary watercourses. The penetration depth of a

SAR signal into a vegetation canopy is influenced by the

density of this canopy (Flores-Anderson et al., 2019);

therefore, probably the woodland stands in Ischigualasto

have isolated adult individuals scattered over the space,

which allows for high variation in VV polarisation. The

highest abundance of R. girolae was for Valle Fértil,

probably with uniformly distributed individuals that were

captured by active remote sensing data (28% of explained

variability), showing an inverse relationship with SD of

VH polarisation. In previous studies, backscatter values for

cross-polarisation were observed to be more responsive to

variation in aboveground biomass than values for co-po-

larisation (see review by Crabbe et al., 2019).

In Ischigualasto, the data from passive remote sensors

(i.e. SD of EVI and SATVI) explained up to 49% of the

variability in R. girolae canopy, at all scales, while up to

39% of this variability was explained by SD of SATVI in

Valle Fértil. The highest variance in canopy cover of R.

girolae was found in Ischigualasto and was captured as

higher variability by EVI and SATVI. Similar results were

reported by Campos et al. (2018) for P. flexuosa-dominated

woodlands, where canopy area was related to SATVI

measures of texture heterogeneity at the 5 9 5 moving

window. Regarding Valle Fértil, the lowest canopy vari-

ance was recorded at stand scale probably because this

woodland had only 50% of adult trees, and the rest were

seedlings (33%, individuals with DAB\ 7.5 cm) and

saplings (17%, individuals with DAB\ 5 cm). Consider-

ing that the average diameter of R. girolae increases by

2 mm per year (Zapata, 2017), woodlands with a high

number of individuals in lower diameter classes could have

been having higher rates of regeneration over the last

decades. Moreover, Valle Fértil is the site with the lowest

annual mean temperature, which could probably be

favouring the germinative power of seeds, which need a

period of low temperatures before germination (Zapata,

2017). On the other hand, the main aspect of this site is

east, which implies a higher intensity of solar rays com-

pared to the other study sites, where the main aspect is

south. These are the only woodlands reported to have high

percentage of seedlings and saplings, while other sites of

dry R. girolae-dominated woodlands have a high percent-

age of adult individuals (Hadad et al., 2014; Zapata, 2017)

which implies high risk of population decline in the future.

Native vegetation is widely recognised as an important

resource that provides vital ecosystem services that benefit

man, flora and fauna (Lawley et al., 2015). In the Monte

Desert, the presence of woody species is a fundamental
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determinant of ecosystem processes for they produce

changes in microclimate and soil properties through

nutrient accumulation. These conditions favour establish-

ment of plant species, increasing the system’s total biodi-

versity, and thereby facilitating biological interactions and

reducing the eroding effects of wind and water (Campos

et al., 2017; Cesca et al., 2012; Rossi & Villagra, 2003;

Villagra, 2000). Despite the high ecological value of these

woodlands, there are significant deficiencies in the basic

knowledge of their composition and structure. Remote

sensing techniques are considered the most promising

approach for providing up-to-date information about veg-

etation at different scales. However, due to the previously

summarised challenges, our current understanding of dry

woodland dynamics remains limited, so we have yet to

reach the full potential of dryland remote sensing data

(Smith et al., 2019). The synergy of passive and active

remote sensing data and the combination of different spa-

tial resolutions improve studies of vegetation features

(Mendes et al., 2019), as was found for some compositional

and structural indicators evaluated in this research. How-

ever, there is little information about how the synergy and

combination of different data can contribute to studies of

structure and function of dry woodland vegetation. This

work expands our understanding of the relationship of

field-based data with both passive and active remotely

sensed data, providing evidence that they could be used as

a proxy for vegetation structure. Therefore, our findings

will contribute to identifying sites with high shrub and tree

biomass, and high abundance of R. girolae. Moreover, data

obtained from passive and active remote sensors were

related to variability in the canopy area of R. girolae and

could therefore be a useful tool for ascertaining whether the

woodland is renewed. Measuring the structural hetero-

geneity of woodlands allows assessing their condition and

dynamics, regeneration patterns, microclimate variation,

habitat availability for wildlife and economic aspects (see

review by Zenner & Hibbs, 2000). Our findings would help

identify sites in need of development of conservation

strategies for dry R. girolae-dominated woodlands.

Conclusions

The response of passive and active remote sensors to the

composition and structure of dry R. girolae-dominated

woodlands, including shrub and tree biomass, abundance

and variance in canopy cover of R. girolae, was investi-

gated at sites with high climatic and topographic hetero-

geneity. Based on field-based data from 10 plots

(50 9 30 m stand scale) at each study site (i.e. Ischigual-

asto Provincial Park, Valle Fértil Multiple Use Reserve and

private land), for each plot we recorded richness

(compositional indicator), abundance of shrubs and trees,

abundance and variance in canopy cover of R. girolae

(structural indicators). Passive remote sensing data inclu-

ded two green indices, Enhanced Vegetation Index (EVI)

and Soil Adjusted Total Vegetation Index (SATVI), both

obtained from L8 OLI, whereas active remote sensing data

were backscatter coefficient values of VV co-polarisation

and VH cross-polarisation, both obtained from Sentinel-

1A. For each sampling field plot, we estimated standard

deviation (SD) of passive and active remote sensing data

within moving windows of different sizes (i.e. 3 9 3,

5 9 5 and 7 9 7), and this value was assigned to the

central pixel of the moving window. In our study, richness

was the only field-based data that had no relationship with

remote sensing data, either passive or active, at any study

site. Shrub biomass was explained by passive (57% in

private land) and active (55% in Ischigualasto) remote

sensing data. Increases in shrub biomass were related to a

decrease in SD of EVI (at all scales) and an increase in SD

of SATVI (7 9 7 moving window); moreover, they were

related to a decrease in SD of VV and an increase in SD of

VH polarisation (at all scales). In Valle Fértil, shrubs

biomass was better explained by the multi-sensor model at

the 3 9 3 moving window (46%) than by single-sensor

models (26% passive and 27% active). Tree biomass was

mainly explained by active remote sensing data. SD of VV

polarisation and VH polarisation explained up to 83% of

tree biomass variability in private land and up to 64% in

Valle Fértil. Moreover, SD of VV and VH polarisation and

SD of EVI and SATVI explained 90% of the variability in

a multi-sensor model for private land. These results were

probably due to variation in the signal produced by mul-

tiple bounces on trees of different species. R. girolae

abundance was captured by passive remote sensors as

homogeneous mature woodland, a negative relationship

with SD of EVI and SATVI explained 31% of the vari-

ability in Ischigualasto. Moreover, SD of VV polarisation

explained up to 37% of the variability in abundance of R.

girolae in Ischigualasto, probably due to a different dis-

tribution of individuals. When significant variables of

single-sensor models (i.e. SD of EVI, SATVI, and VV co-

polarisation) were included in multi-sensor models, there

was an increase in the explained variance (up to 54%), at

the 3 9 3 moving window. The variability in R. girolae

canopy was explained by higher variability in passive

remote sensing data (i.e. SD of EVI and SATVI) in

Ischigualasto (50%) and Valle Fértil (40%). The highest

value for canopy variance was found in Ischigualasto (87%

adults) and the lowest in Valle Fértil, where only 50% of

individuals were adult trees, and the rest were seedlings

and saplings. Further work is needed to assess the appli-

cability of remote sensing data obtained from different

passive and active sensors, using high-resolution spectral
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or spatial satellite imagery. Additionally, biomass assess-

ment could be improved by combining optical remote

sensing and SAR imagery data. The multi-sensor models

were better than single-sensor models to explain the attri-

butes of these woodlands, except for the canopy variance of

R. girolae. At any rate, as a first step, this work expands our

understanding of the use of passive and active remotely

sensed data as proxies for vegetation composition and

structure in dry R. girolae-dominated woodlands.

Appendix 1

Passive remote sensing data (y-axis) for each sampling

field plot (x-axis). Passive remote sensing data are repre-

sented by Standard Deviation (SD) of EVI (Enhanced

Vegetation Index) and SATVI (Soil Adjusted Total

Vegetation Index). SD values were estimated considering

3 9 3, 5 9 5 and 7 9 7 moving windows (first, second

and third column, respectively) for Ischigualasto (d), Valle

Fértil (*) and private land (h).

Appendix 2

Active remote sensing data (y-axis) for each sampling field

plot (x-axis). Active remote sensing data are represented by

standard deviation (SD) of radar backscatter coefficient

values (r0 expressed in original scale) in VH (cross-po-

larisation) and VV (co-polarisation). SD values were esti-

mated considering 3 9 3, 5 9 5 and 7 9 7 moving

windows (first, second and third column, respectively) for

Ischigualasto (d), Valle Fértil (*) and private land (h).

Appendix 3

Multi-sensor models for Ischigualasto Provincial Park,

Valle Fértil Multiple Use Reserve and private land, for

field-based data (shrub and tree biomass, abundance of R.

girolae) on R. girolae-dominated woodlands considering

standard deviation (SD) of remote sensing data (i.e.

SATVI, EVI, VV co-polarisation and VH cross-polarisa-

tion) as different predictor variables. Shown here are

parameter estimates (± SE), p-values for significance

(* = p B 0.05; ** = p\ 0.01, *** = p\ 0.001) and

pseudo-R2 for models.
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