
remote sensing  

Article

Evapotranspiration Changes over the European Alps:
Consistency of Trends and Their Drivers between the
MOD16 and SSEBop Algorithms

Mariapina Castelli

����������
�������

Citation: Castelli, M.

Evapotranspiration Changes over the

European Alps: Consistency of

Trends and Their Drivers between the

MOD16 and SSEBop Algorithms.

Remote Sens. 2021, 13, 4316. https://

doi.org/10.3390/rs13214316

Academic Editors: Shaktiman Singh,

Anshuman Bhardwaj and Lydia Sam

Received: 22 September 2021

Accepted: 25 October 2021

Published: 27 October 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the author.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

Eurac Research, Institute for Earth Observation, 39100 Bolzano, Italy; mariapina.castelli@eurac.edu;
Tel.: +39-0-471-055-381

Abstract: In the Alps, understanding how climate change is affecting evapotranspiration (ET) is
relevant due to possible implications on water availability for large lowland areas of Europe. Here,
changes in ET were studied based on 20 years of MODIS data. MOD16 and operational Simplified
Surface Energy Balance (SSEBop) products were compared with eddy-covariance data and analyzed
for trend detection. The two products showed a similar relationship with ground observations,
with RMSE between 0.69 and 2 mm day−1, and a correlation coefficient between 0.6 and 0.83. A
regression with the potential drivers of ET showed that, for climate variables, ground data were
coherent with MOD16 at grassland sites, where r2 was 0.12 for potential ET, 0.17 for precipitation,
and 0.57 for air temperature, whereas ground data agreed with SSEBop at forest sites, with an r2 of
0.46 for precipitation, no correlation with temperature, and negative correlation with potential ET.
Interestingly, ground-based correlation corresponded to SSEBop for leaf area index (LAI), while it
matched with MOD16 for land surface temperature (LST). Through the trend analysis, both MOD16
and SSEBop revealed positive trends in the south-west, and negative trends in the south and north-
east. Moreover, in summer, positive trends prevailed at high elevations for grasslands and forests,
while negative trends dominated at low elevations for croplands and grasslands. However, the
Alpine area share with positive ET trends was 16.6% for MOD16 and 3.9% for SSEBop, while the share
with negative trends was 1.2% for MOD16 and 15.3% for SSEBop. A regression between trends in ET
and in climate variables, LST, and LAI indicated consistency, especially between ET, temperature,
and LAI increase, but low correlation. Overall, the discrepancies in the trends, and the fact that none
of the two products outperformed the other when compared to ground data, suggest that, in the
Alps, SSEBop and MOD16 might not be accurate enough to be a robust basis to study ET changes.

Keywords: climate change; drought; satellite data; MODIS; hydrology; mountain

1. Introduction

Evapotranspiration (ET) is a key component of the water cycle because it feeds 60–80%
of precipitation back to the atmosphere [1]. Estimating the spatio-temporal variability of
ET is important because changes in ET can have impacts on the many sectors that are
connected to the process of evaporation, such as regional energy balance and climate [2–4],
hydrology [5], human activities such as agriculture [6], and hydropower production [7], as
well as plant health [8,9]. This is particularly relevant in the Alps, which are a source of
fresh water for many large lowland areas of Europe [10], and are particularly vulnerable
to climate change [11–14]. The spatial distribution and the long-term changes of ET are
difficult to retrieve from ground measurements, which can only represent small patches
(lysimeters) or limited areas (eddy covariance towers) and are sparse and discontinuous. In
addition, eddy covariance data in mountainous regions, such as the Alps, present several
gaps due, not only to instrumental malfunctions, but also to unfavorable micrometeoro-
logical conditions, which cause the rejection of large portions of data that do not satisfy
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theoretical requirements for eddy covariance measurements [15]. This hinders the calcula-
tion of monthly and yearly ET from ground data and the robust estimation of changes over
time. Consequently, the present study assessed seasonal and interannual changes in the
Alps based on modelled ET.

Several modelling approaches have been developed to understand the spatial and
temporal dynamics of ET. In this regard, remote sensing has been extensively exploited,
based on many different methods, from single/multi-source energy balance models [16–19]
to simplified water balance [20], to models based on data assimilation of land surface
temperature in the energy balance equation [21]. Additionally, machine learning has been
explored to combine different approaches [22]. Among these and other methods, the
present study selected two ET datasets that are readily available as continuous timeseries at
the global scale, i.e., MOD16 [23] and SSEBop [24]. The MOD16 product is an operational
implementation of the Penman-Monteith equation driven by Moderate Resolution Imaging
Spectroradiometer (MODIS) satellite data. The SSEBop product, in contrast, is based
on a simplified energy balance model, parameterized for global applications. Both ET
products seem to be a good compromise in terms of physical robustness of the retrieval
algorithm, applicability to large areas, spatial resolution (500 m × 500 m for MOD16
and 1 km × 1 km for SSEBop), length of the timeseries (almost 20 years), and temporal
resolution (8 days for MOD16 and 10 days for SSEBop). The literature shows that MOD16
and SSEBop ET have comparable accuracy, with different performances according to
climatic region [25,26]. MOD16 has been validated against several AmeriFlux (https:
//ameriflux.lbl.gov/, last accessed on 29 April 2021) eddy flux tower sites, spanning
different land cover types and climatic conditions, with a mean absolute error of daily
ET between 0.01 and 0.66 (mm day−1) and root mean square error between 0.58 and
1.49 (mm day−1) [27]. Moreover, it has been validated in several regions of the World
(e.g., [28,29]). SSEBop has been validated against selected flux towers all around the World,
with RMSE ranging between 13.6 and 43.7 mm and mean bias ranging from −25.6 to
26.5 mm for monthly retrievals [24]. However, to the author’s knowledge, these datasets
have never been evaluated nor compared specifically over the Alpine region.

In addition to identifying ET trends, it is important to understand the factors behind
them. Several studies have been carried out, either at the global scale [30,31], showing
multidecadal positive ET trends mainly driven by changes in LAI [32,33], or over a few
catchments [34], based on land surface or hydrological modelling. The latter work has
identified changes in precipitation, global radiation, and NDVI as the main drivers of ET
changes. Because this work has made limited use of remote sensing data, which were
spatially aggregated at catchment level, how such results might be affected by the spatial
variability of vegetation conditions over heterogeneous regions is still an open question. It
would also be interesting to understand whether the same results would hold on a regional
scale in the Alps.

ET depends on water availability in the root zone, energy availability, i.e., net radiation
at the evaporating surface, and on the ecophysiology of the transpiring canopy. Despite the
fact that most of the Alpine region is energy limited, droughts are more and more frequent
in Central Europe [35–37], thus, the reduced availability of water might also start to affect
ET rates in some areas, at least during summer [38]. For this reason, precipitation was
selected as one potential driver of ET changes. In addition, the increase in air temperature
that has been observed in the Alps [39] alters, not only the evaporative demand of the
atmosphere [40], but also the phenological cycle and greenness of vegetation [41–44],
and could play an important role in ET changes. Consequently, air temperature and
potential evapotranspiration (PET) were considered as further potential drivers. Finally,
ongoing changes in land use and climate, in addition to CO2 fertilization effects and
nitrogen deposition, have an impact on ecosystem structural variables [45–47] such as
LAI [2,48,49]. Since LAI controls ET rates and the surface energy budget [48], it was also
included in the sensitivity analysis. In addition to precipitation, air temperature, PET,
and LAI, LST was also investigated, not only as a proxy for water availability in the root
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zone [49,50], but also as a surrogate for air temperature. In fact, given that LST has a strong
statistical relationship with air temperature over orographically complex regions [51], it
could compensate the limitations of climate re-analyses in representing local patterns of
changes of air temperature in mountain regions [52].

The response of ET to changes in temperature, precipitation, and LAI depends on
land cover and elevation. Here these dependencies were accounted for by performing the
sensitivity analysis by elevation and landcover classes.

Despite eddy covariance measurements of ET being sparse and incomplete in the
Alps, it is worth exploiting these data as the sole ground truth to verify to which extent
MODIS-based estimates of ET can reproduce the relationships between measured ET and
the potential drivers of its change. This was assessed by comparing a ground-based and a
satellite-based regression analysis between ET, climate variables, LST, and LAI.

In summary, this study is aimed at: (1) comparing the MOD16 and SSEBop ET
products with ground observations in the Alps, and the ground-based and satellite-based
correlations between ET and its main potential drivers; (2) estimating ET trends over the
past two decades in the Alps from the MOD16 and SSEBop products; (3) analyzing how
ET trends vary spatially with elevation and land cover, and temporally with seasonality;
(4) investigating the relationships between satellite based ET trends and the trends of
atmospheric evaporative demand, water supply, air temperature, land surface temperature,
and leaf area index.

2. Study Area: The Alps

The Alps are one of the highest mountain chains in Europe, located in the center of the
continent. Considering their boundary as defined by the EUSALP strategy [53], which was
adopted in the present study, the Alps cover about 450,000 km2 and cross several countries,
including Austria, France, Germany, Italy, Slovenia, Liechtenstein, and Switzerland.

The Alps are characterized by a strong topographic variability, with wide lowlands
and deep valleys, with maximum elevation exceeding 4800 m. Being the source of the
most important European rivers, including the Po, Rhone, Rhine, and Inn, and as they
provide drinking water to households and water resources for human activities such as
hydroelectric power and irrigation [10], the Alps are called the “water towers of Europe”.

The peculiar conformation and geographic position of the Alps influence their climate
to a large extent. Specifically, due to the curved shape and west-east orientation, the Alps
have an extremely heterogeneous climate. Furthermore, according to climate data collected
in the numerous sites spread all over the region, in the 20th century the Alpine climate
has shown a strong variability. The increase in annual mean air temperature between 1.0
and 1.4 ◦C was exceptional, and was observed in all the subregions of the Alps [11,12,39],
at low as well as at high elevation sites, corresponding to double the average warming
observed in the northern hemisphere. Moreover, regional climate projections [54] predict
an intensification of the increase in air temperature until the end of the 21st century.
Precipitation, in contrast, exhibited a strong spatial and seasonal variability during the
19th century [39], and is predicted to decrease in summer, especially in the southern Alps,
and increase in winter during the 21st century.

The ongoing and predicted warming in the Alps impacts the hydrological cycle, not
only by causing a decrease in snow and glacier cover [13], but also by altering evapotran-
spiration (ET) [55]. Changes in ET regimes are relevant as they alter water availability and
can affect the frequency and intensity of drought [5,14,56,57]. However, while changes in
the cryosphere have been widely studied (e.g., [58–60]), a comprehensive analysis of ET
changes over the entire Alpine region is still missing. The present study aims to contribute
to this knowledge gap by assessing ET changes in the Alps from the perspective of almost
twenty years of MODIS-based ET products.
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3. Data
3.1. MOD16 and SSEBop ET

MOD16 ET [23,27,61], which also includes PET based on the Priestly-Taylor param-
eterization [62], was downloaded from https://search.earthdata.nasa.gov/search, (last
accessed on 29 April 2021). The three MOD16 tiles that cover the entire Alpine region,
h18v04, h18v03, and h19v04, were mosaicked and clipped to the boundary of the Alps.
MOD16 Collection 6 was used here, because it has a finer spatial resolution (500 m × 500 m)
with respect to Collection 5 and uses better quality FPAR/LAI/Albedo (MOD15 8-day
composite and MCD43A2A3 16-day composite products, respectively) input data.

SSEBop ET [18,24] was downloaded from the USGS “Famine Early Warning Systems
Network” website (https://earlywarning.usgs.gov/fews/, last accessed on 29 April 2021)
on a regular latitude/longitude grid of 0.009652◦ × 0.009652◦ and bilinearly resampled to
the MOD16 grid.

3.2. MOD15 LAI

Daily LAI timeseries were derived from the MOD15A2H 8-day composite product [63,64].
MOD15A2H data were downloaded from https://search.earthdata.nasa.gov/search (last
accessed on 29 April 2021) and subset to the study domain. Here, noise reduction was per-
formed on 8-day composites with the Whittaker smoother, as modified by [65], to iteratively
fit the upper envelope of the data. This algorithm has been indicated by [66] as having good
performances in terms of RMSE with respect to a reference dataset, for different lengths of the
periods with data gaps. Missing data were interpolated by the smoother itself.

Daily LAI was integrated over the growing season, approximately defined here as
the period from March to October, in order to consider the maximum extension of the
phenological cycle in the Alpine region [67], which decreases with increasing elevation.

3.3. MOD11 LST

MODIS Terra Land Surface Temperature [68] provides daily LST and emissivity
at a spatial resolution of 1 km × 1 km. The MOD11 LST product was downloaded
from https://search.earthdata.nasa.gov/search (last accessed on 24 August 2021) and
aggregated to yearly timeseries with a simple averaging.

3.4. ERA5-Land 2-m Air Temperature

Despite the limitations of reanalysis data [52] and the documented strong relationship
between LST and air temperature [51] over mountainous regions, the comparison with
measured air temperature was more favorable for ERA5-Land air temperature than for
LST (Supplementary Figures S1 and S2), with higher correlation and lower RMSE and
MBD. Consequently, monthly average air temperature at 2 m above the surface of land, Ta,
from ERA5-Land [69] was also included in the sensitivity analysis. This dataset has been
produced from the ECMWF ERA5 reanalysis and has a spatial resolution of 9 km.

Ta was downloaded from the ECMWF “Copernicus Climate Change Service” (https://
cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels-monthly-means?
tab=form, last accessed on 29 April 2021) on a regular latitude/longitude grid of 0.1◦ × 0.1◦.

3.5. MSWEP Precipitation

Precipitation was derived from the Multi-Source Weighted-Ensemble Precipitation
(MSWEP) dataset. MSWEP, by combining ground measurements, satellite, and reanalysis
data, provides reliable precipitation estimates globally. The present study used version
V2.2 of this product, which covers the time period from 1979 to 2020 and is available at 0.1◦

spatial resolution and at three-hourly, daily, and monthly temporal resolutions [70]. Being
able to account for the effect of relief on precipitation, MSWEP has shown the highest agree-
ment with ground observations over regions characterized by complex topography [71]
compared to other gridded precipitation products such as ERA5, SM2RAIN-ASCAT [72],
IMERG-V5B, IMERG-V6, and IMERG-V5-RT [73].

https://search.earthdata.nasa.gov/search
https://earlywarning.usgs.gov/fews/
https://search.earthdata.nasa.gov/search
https://search.earthdata.nasa.gov/search
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels-monthly-means?tab=form
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels-monthly-means?tab=form
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels-monthly-means?tab=form
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MSWEP data were downloaded from http://www.gloh2o.org/mswep/ (last accessed
on 24 August 2021).

4. Methods
4.1. Comparison between MODIS-Based ET Products and Eddy Covariance Data

Here, MOD16 and SSEBop ET were evaluated by comparison with data collected at
eight eddy flux tower stations in the Alps (Table 1, Stations.html).

Table 1. FLUXNET stations used in this study, including site code, coordinates, elevation, years of
measurement used for the analysis, and vegetation type (from https://fluxnet.fluxdata.org/data/
fluxnet2015-dataset/, accessed on 29 April 2021).

Site Code Lat Long Elevation (m a.s.l.) Years Vegetation Type

AT-Neu 47.1167 11.3175 970 2002–2012 GRA
CH-Cha 47.2102 8.4104 393 2005–2014 GRA
CH-Dav 46.8153 9.8559 1639 2005–2014 ENF
CH-Fru 47.1158 8.5378 982 2005–2014 GRA
IT-Lav 45.9562 11.2813 1353 2003–2014 ENF
IT-MBo 46.0147 11.0458 1550 2003–2013 GRA
IT-Ren 46.5869 11.4337 1730 2002–2013 ENF
IT-Tor 45.8444 7.5781 2160 2008–2014 GRA

The sites of investigation were selected based on the length of the timeseries and on the
quality of the data. Half-hourly gap-filled fluxes were downloaded from the FLUXNET15
database (“FLUXNET2015 Dataset”, https://fluxnet.org/data/fluxnet2015-dataset/, last
accessed on 29 April 2021) [74]. Data with a poor quality of gap-filling (LE_F_MSD = 3)
were excluded from the analysis. Fluxes were corrected by an energy balance closure
correction factor, derived from net radiation, soil heat flux, and sensible and latent heat
flux. Latent heat flux, LE, (W m−2) was converted to ET (mm (30 min)−1) by:

ET
[
mm (30 min)−1

]
=

LE
[
W m−2

]
× 60[sec min−1]× 30

λ
[
MJ kg−1

]
× 106 × ρ

[
kg m−3

] (1)

with ρ being the density of water and λ being the latent heat of evaporation, calculated as
in [75]:

λ = 2.501− 0.002361× Ta (2)

where Ta is air temperature measured at the eddy covariance station.
Positive values of LE were used, which were collected during the growing season.

The comparison against the 8 day MOD16A2 product and the 10 day SSEBop product
was performed by cumulating measured ET over the corresponding days. The evaluation
was performed in terms of correlation coefficient, and MBD, RMSE, MAE, MAE % were
calculated by Equations (3)–(6), adapted from [76,77]:

MBD =
1
N

N

∑
i=1

Yi − Xi (3)

RMSE =

√
∑N

i=1(Yi − Xi)
2

N
(4)

MAE =
1
N

N

∑
i=1
|Yi − Xi| (5)

MAE% =
1
N

N

∑
i=1

|Yi − Xi|
Xi

× 100 (6)

http://www.gloh2o.org/mswep/
https://fluxnet.fluxdata.org/data/fluxnet2015-dataset/
https://fluxnet.fluxdata.org/data/fluxnet2015-dataset/
https://fluxnet.org/data/fluxnet2015-dataset/


Remote Sens. 2021, 13, 4316 6 of 34

where X and Y are the mean observed and estimated ET, and Xi and Yi are the observed
and estimated ET at the ith time step. In addition, the error of the retrieval of daily
evaporation (mm day−1) was estimated by dividing RMSE and MDB by the number of the
compositing days.

For flux towers located on the border of a MODIS pixel, satellite data extracted exactly
at that location might not cover the eddy covariance footprint, which can extend over
multiple MODIS pixels depending on wind speed and direction. For this reason, 3 by
3 pixels windows surrounding the tower were cut out, and corresponding ET values were
averaged to be compared with FLUXNET data.

4.2. Correlation Analysis on ET Based on Flux Tower and Satellite Data

ET was correlated at the site level and based on satellite data with growing season
averages of Ta and LST, and a growing season cumulative of ET, PET, LAI, and tp.

At the flux tower sites, Ta was available from the meteorological stations, while for
the other covariates the datasets described in Section 3 were exploited. High quality eddy
covariance records (LE_F_MDS_QC > 0.9) were selected, and monthly average fluxes were
aggregated to yearly total ET during the growing season, only considering years with a
full set of high-quality monthly data. The correlation analysis was first performed for each
site separately, and then on data aggregated in grassland and forest sites.

A pixel-wise correlation analysis was performed on MODIS-based ET products, and
the results were also aggregated by land cover and altitude, considering the classes defined
in Section 4.3.

4.3. Trend Test and Slope Estimation

The existence of a statistically significant trend in the timeseries of yearly and monthly
total ET and potential drivers was verified by the non-parametric test of Mann–Kendall [78].
In case of the presence of trend at a significance level of 5%, the corresponding Sen’s
slope [79] was calculated.

The Mann–Kendall trend is commonly used for trend analysis of non-normally dis-
tributed hydro-meteorological variables because it does not assume any statistical dis-
tribution of the sample. However, sample autocorrelation, which hydro-meteorological
variables do often exhibit, alters the estimate of the variance of the Mann–Kendall statistic.
Consequently, trend free pre-whitening [80] was used to eliminate the effect of lag-one
serial-correlation from all the variables of interest.

Regarding remote sensing data, the trend test on ET and PET was performed on
yearly and monthly sums. For MOD16, the monthly analysis was based on the gap-filled
MOD16A2GF product, which was aggregated to obtain monthly cumulated ET and PET.
The yearly analysis was based on the gap-filled MOD16A3GF product. For SSEBop, monthly
and yearly aggregated data were directly downloaded from https://edcintl.cr.usgs.gov/
downloads/sciweb1/shared/fews/web/global/, (last accessed on 29 April 2021).

ET was analyzed based on all the vegetated pixels and considering elevation ranges
and land cover classes. Regarding elevation, three classes were adopted, i.e., 0–1000,
1000–2000, and >2000 m a.m.s.l., based on the EU-DEM digital elevation model [81]. Con-
cerning land cover, pixels were aggregated in three main classes, namely forests, grasslands,
and cropland. From a comparison with high resolution satellite imagery, it was found
that pixels classified as savannas or shrublands often corresponded to agricultural areas,
grasslands, and mixed pixels. Consequently, these pixels were excluded from the analysis
to avoid gross errors in the interpretation of the results. The forest and the cropland classes
were obtained by aggregating, respectively, classes from 1 to 5, and classes 12 and 14 of
the MODIS-based MCD12 classification of type 2 [82]. The grassland class corresponded
to class 10 of MCD12. The sum of the areas classified as forests, grasslands, or croplands
covered 92% of the vegetated area of the Alps.

https://edcintl.cr.usgs.gov/downloads/sciweb1/shared/fews/web/global/
https://edcintl.cr.usgs.gov/downloads/sciweb1/shared/fews/web/global/


Remote Sens. 2021, 13, 4316 7 of 34

The trend test on LAI was based on MOD15A2H, interpolated to daily values as
described in Section 3.2, and cumulated from March to October. The trend test on LST was
based on yearly average LST during the growing season (March–October).

Regarding meteorological data, the trend test on precipitation, tp, was performed on
monthly and yearly cumulated values, while the trend test on air temperature, Ta, was
performed on yearly average values, aggregated over the growing season (March–October).

4.4. Contribution to the Trend

The contribution of PET, LAI, tp, Ta, and LST to ET trends was quantified by comparing
the sensitivity of ET trends to the trends of each driver separately. An analysis of the
relative importance of the predictors was not performed, because the trends of ET and of
the predictors showed different spatial patterns, due also to the different spatial resolution;
therefore, it was impossible to combine them in a multivariate model.

The sensitivity of ET trends to the trends of each potential driver, Vari, was approxi-
mated by the slope of the linear regression between the two trends, sET,Vari . The average
impact of the trend of a predictor on the trend of ET was calculated as in [34]:

φET,Vari
= sET,Vari

τVari

τET
(7)

where τVari is the average trend of the variable Vari, and τET is the average trend of ET.
The correlation analysis was performed on a yearly basis for all the considered drivers,

and on monthly basis only for tp and PET to understand if water and energy availability
have an influence on the seasonality of ET trends.

All analyses were performed by the R Statistical Software, version 3.6.1 [83].

4.5. Analysis of the Effect of Land Cover

The analysis of sensitivity was performed separately for different land cover and
altitude classes. For this, first, to exclude the influence of land cover changes on the
sensitivity analysis, only pixels with a constant land cover type, according to the MCD12
classification of type 2 [82], were considered, corresponding to 75% of the area of the Alps.
Second, pixels were aggregated in classes, as described in Section 4.2. Third, the correlation
and sensitivity analyses were performed separately within each combined class of land
cover and altitude.

In the following sections, all the areas that are expressed as percentage of the area of
the Alps refer to the vegetated area where no changes in the land cover were found from
2003 to 2019.

5. Results
5.1. MODIS-Based ET vs. Site Measurements

For MOD16, daily RMSE was below 1.5 (mm day−1), and the r coefficient ranged
between 0.71 and 0.83. MOD16 tended to underestimate ET, with daily MBD values
between −0.3 and −1 (mm day−1) (Table 2, Supplementary Figures S3–S10).

For SSEBop, daily mean RMSE ranged between 0.69 and 2.04 (mm day−1), and the
correlation of the 10-day values was between 0.68 and 0.83. Similar to MOD16, there
was a tendency to underestimate ET, with daily MBD up to −1.8 (mm day−1) (Table 2,
Supplementary Figures S11–S18).

Only at the ENF site CH-Dav were significant discrepancies between models and
observations found, with daily RMSE of 2.64 (mm day−1), daily MBD of−2.36 (mm day−1),
and r coefficient of 0.51 for MOD16, and daily RMSE of 2.69 (mm day−1), daily MBD of
–2.52 (mm day−1), and r coefficient of 0.6 for SSEBop. Possibly, the replacement of the
instruments in 2005 and their re-calibration (personal communication of the site principal
investigator) might have influenced these results.
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Table 2. Metrics of the comparison between the MOD16A2 and SSEBop products, and latent heat flux
measured at selected Fluxnet stations in the Alps. The validation results are summarized in terms of
average daily mean bias deviation (MBD 1d), average daily root mean square error (RMSE 1d), mean
absolute error as percentage of the observed value cumulated over 8 (for MOD16) or 10 (for SSEBop)
days (MAE %), and correlation coefficient of the linear regression (r).

Site Code MBD 1d (mm day−1)
MOD16/SSEBop

RMSE 1d (mm day−1)
MOD16/SSEBop

MAE % (-)
MOD16/SSEBop

r (-)
MOD16/SSEBop

AT-Neu −1.04/−1.01 1.38/1.29 32.66/39.85 0.74/0.76
CH-Cha −1.07/−1.80 1.56/2.04 26.16/54.48 0.72/0.76
CH-Dav −2.36/−2.52 2.64/2.69 54.28/63.12 0.51/0.60
CH-Fru −0.78/−1.46 1.25/1.74 25.58/46.31 0.71/0.68
IT-Lav −0.62/−0.73 0.90/0.96 26.36/31.64 0.71/0.72
IT-MBo −0.31/−1.05 0.84/1.30 24.04/46.17 0.78/0.74
IT-Ren −0.89/0.07 1.2/0.69 33.04/26.63 0.76/0.83
IT-Tor −0.87/−0.54 1.16/0.99 31.32/60.09 0.83/0.79

5.2. Correlation Analysis
5.2.1. Correlation Analysis at the Flux Tower Sites

The significance of the correlation between ET and the covariates performed separately
for each flux tower site was low, with p-value < 0.1 only for LST (Table 3).

Table 3. r2 of the linear regression between yearly cumulated ET from eddy flux towers, and yearly aggregated covariates,
including (i) MODIS-based LAI, LST, and PET; (ii) MSWEP precipitation (tp); and (iii) ground-based air temperature (Ta). Ta
and LST were averaged during the growing season, whereas the other covariates were cumulated.

Site Code Elevation Years Vegetation r2 LAI r2 LST r2 PET r2 tp r2 Ta

CH-Cha 393 2005–2014 GRA 0.34 0.38 - - -
AT-Neu 970 2002–2012 GRA - - 0.1 0.11 -
CH-Fru 982 2005–2014 GRA 0.24 - 0.1 - 0.3
IT-MBo 1550 2003–2013 GRA 0.21 0.37 0.23 - -
IT-Tor 2160 2008–2014 GRA - 0.46 0.29 - 0.33
IT-Lav 1353 2003–2014 ENF 0.15 (r < 0) - - - -

CH-Dav 1639 2005–2014 ENF - - 0.13 (r < 0) 0.21 (r < 0) -
IT-Ren 1730 2002–2013 ENF - - - - -

When aggregated per land cover, yearly measured ET at the grassland sites showed a
low correlation with PET and LAI, and a moderate to high correlation with Ta and LST. In
contrast, ET at the forest sites presented a moderate correlation with tp and a low negative
correlation with PET and LAI (Table 4).

Table 4. Correlation between ET from flux tower observations and the covariates specified in the
column “Covariate”. The correlation analysis was performed separately for grassland (AT-Neu,
CH-Cha, CH-Fru, IT-MBo, IT-Tor) and forest (CH-Dav, IT-Lav, IT_Ren) sites. All the variables were
aggregated during the growing season.

Covariate r2 Grassland r2 Forest

Ta 0.57 *** 0.07
tp 0.17 ** 0.46 ***

LAI 0.21 ** 0.19 * (r < 0)
LST 0.72 *** -
PET 0.12 * 0.28 ** (r < 0)

* p-value < 0.05, ** p-value < 0.01, *** p-value < 0.001.
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5.2.2. Satellite-Based Correlation Analysis and Comparison with Ground Data

MOD16 showed positive correlation with LAI, especially at lower elevations. The
correlation with tp, LST, PET, and Ta was closely dependent on elevation, being positive at
the lower elevations and negative at the higher elevations for tp, and the other way round
for the other variables (Supplementary Figure S19).

For SSEBop the dependence of the correlation on elevation was not so clear as for
MOD16. A similarity with MOD16 in terms of spatial patterns of the correlation could be
found only for tp (Supplementary Figure S20).

Analyzing the distribution of the correlation by elevation and land cover (Supplemen-
tary Figures S21–S25) allowed comparison of the results of regression based on ground and
on satellite data:

• The correlation between ground-based ET and LAI at flux tower sites (Table 3) fell
within the 1st and 3rd quartile of the correlation derived from SSEBop ET in the
corresponding land cover and elevation classes (Supplementary Figure S21).

• For LST, the correlation at the measurement sites did not correspond to the negative
correlation estimated from SSEBop, whereas it was in line with MOD16 (Table 3,
Supplementary Figure S22).

• For PET, the positive correlation obtained at the grassland sites corresponded to
MOD16, while the negative correlation observed at the forest site CH-Dav corre-
sponded to SSEBop (Table 3, Supplementary Figure S23).

For tp and Ta, the correlation derived from ground data was congruent with MOD16
(Table 3, Supplementary Figures S24 and S25), but not with SSEBop. For Ta, tp, and PET,
ground data aggregated by land cover (Table 4) were in general more coherent with MOD16
at grassland sites, and with SSEBop at forest sites. For LAI, ground-based correlations
were of the same order as SSEBop-based correlations. In contrast, for LST, ground-based
correlations were of the same order as MOD16-based correlations.

5.3. Trend Test for ET
5.3.1. Yearly Analysis

Data from the year 2003 to the year 2019 were considered for the trend detection
analysis on yearly ET because, while MOD16 has been available since 2000, SSEBop has
only been available since 2003.

For MOD16, the yearly analysis at pixel level showed extensive significant positive
trends all over the Alps, especially pronounced in the south-west, specifically in the
catchments of the Durance, Tanaro, Rhone, and Rhine; in the center, in the catchment of
the Isar, Inn, and Adige; and in the east, in the catchments of the Donau, Mur, Drau, and
Sava (Figure 1). Considering the area of the Alps, 16.6% of it showed an increase in ET,
while 1.2% of it showed a decrease. Negative trends were detected in the south, in the
Po catchment, and in the north-east, in the Danube catchment. The slope of the trend,
on average, decreased with elevation. Most of the areas with a significant positive or
negative trend were concentrated at low elevations, especially for grasslands and croplands
(Figure 2).

For SSEBop, the results of the trend analysis were different from those obtained from
MOD16, with negative trends over most of the Alps, especially in the northern and eastern
regions, and there was a positive trend only in the south-west, in the catchments of the
Durance, Isere, and Tanaro, as well as in the southern-central Alps, in the catchments of
the Adda and Adige (Figure 3). Overall, ET presented a positive trend of over 3.9% of
the area of the Alps, and a negative trend over 15.3% of it. The slope of the ET trend was
predominantly negative at elevations below 1000 m for all the land cover classes, while it
showed a high variability at higher elevations (Figure 4).
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Figure 4. Histograms representing the distribution, within the land cover and elevation classes indicated in the titles, of the
Sen’s slope of the trend of SSEBop yearly ET at 5% significance level. On the y axis there are 500 m × 500 m pixels.

5.3.2. Monthly Analysis

For MOD16, trends in spatially distributed monthly ET were mostly positive for the
entire growing season, except for April, while for SSEBop they were mostly negative from
July to October, and equally distributed between positive and negative from April to June
(Table 5).

When data were aggregated in elevation ranges (<1000 m, 1000–2000 m, >2000 m),
MOD16 trends were mainly positive from May to September, at any elevation, while for
SSEBop they showed a high variability, being mostly negative in summer below 1000 m,
positive in August above 1000 m, and negative in April and September between 1000 and
2000 m (Figure 5).
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Table 5. Percentage of the area of the Alps with positive and negative slope of the trend (at 5%
significance level) in monthly ET for MOD16 and SSEBop, in monthly PET, and in monthly tp.

Slope Apr May Jun Jul Aug Sep Oct

Ss MOD16 > 0 0.2 5.0 11.3 9.1 5.7 4.7 0.5
Ss MOD16 < 0 0.6 0.1 1.3 2.7 1.2 2.4 0.3
Ss SSEBop > 0 2.8 2.5 3.3 2.1 2.9 1.1 1.4
Ss SSEBop < 0 4.1 4.3 4.0 7.6 6.6 12.9 5.5

Ss PET > 0 0.1 0.0 7.4 0.4 0.6 0.2 0.1
Ss PET < 0 0.0 0.1 0.0 0.1 0.0 0.0 0.0
Ss tp > 0 0.1 2.8 1.2 4.2 0.1 0.6 5.4
Ss tp < 0 0.0 0.0 0.5 0.4 15.7 3.1 0.0
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Figure 5. Percentage of area (blue numbers) in each elevation range with a positive (a,b) or negative
(c,d) slope of the trend (Ss) of monthly ET from MOD16 and SSEBop, at 5% significance level. Black,
blue, and red lines represent the three elevation classes.

The aggregation by land cover and altitude showed that, for MOD16, trends were
positive in May (Supplementary Figure S26) and mainly positive in June, but partially
negative for croplands at low elevations (Supplementary Figure S27), mainly positive for
forests at any elevation and for grasslands above 1000 m, partially positive and partially
negative for low elevation grasslands, mostly negative for croplands below 1000 m from
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July to September (Supplementary Figures S28–S30), and very low in October (Supplemen-
tary Figure S31). For SSEBop, trends in ET were partially positive and partially negative
at any elevation and for any land cover in April (Supplementary Figure S32), mostly
negative at low elevation for any land cover but partially positive above 1000 m in May
(Supplementary Figure S33), partially positive and partially negative for forests, mostly
negative for grasslands and croplands at low elevation, mostly positive for high altitude
grasslands in June (Supplementary Figure S34), mostly negative at low elevation for any
land cover, partially positive and partially negative above 1000 m from July to September
(Supplementary Figures S35–S37), and very low and mostly negative for any land cover
and elevation in October (Supplementary Figure S38).

5.4. Trend Test and Analysis of Sensitivity for PET
5.4.1. Yearly Analysis

Trends of yearly total PET presented different spatial patterns from the ones of ET,
with positive trends observed over 5.4% of the area of the Alps, mainly along the eastern
border of the Alpine region, in Austria and Slovenia. Negative trends were found over
small areas all over the domain (less than 0.1% of the area of the Alps) (Figure 6).
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is 2003–2019.

For both MOD16 and SSEBop, the intersection between ET and PET trends exhibited
a grouping of data in two clusters, the first with ET and PET trends being both positive, the
second with positive PET trends and negative ET trends. To calculate the sensitivity of ET
trends compared to PET tends by Equation (7), a linear regression analysis was performed
separately within each cluster.

For MOD16, the correlation in the first cluster was moderate (r2 = 0.26, p < 0.001,
Supplementary Figure S39), and the sensitivity analysis suggested that, on average, PET
trends could be accountable for 1.38 (mm year−1) of the average positive ET trend. In the
second cluster, there was no correlation (Supplementary Figure S40). Table 6 also indicates
the uncertainties of the estimated sensitivity (s) and impact (φ).
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Table 6. Correlation and sensitivity analysis between ET trend and the trend of the predictors Vari,
including PET, LAI, tp, Ta, and LST. The spatial extent of the area that originated these results is
expressed as percentage of the area with a positive or negative ET trend (% area), and of the total
area of the Alps (% Alps). s and φ are the slope of the linear regression and the average impact of the
trend of a predictor on the trend of ET, with their respective uncertainties. tET_M and tET_S indicate
the trend in ET from MOD16 (tET_M) and SSEBop (tET_S). tTa_GS indicates the trend in air temperature
cumulated over the growing season. p-value < 0.001 for all the estimated correlation coefficients.
Results were omitted if r2 < 0.01.

Trend, t r2 % Area % Alps sET,Vari φET,Vari

tET_M > 0, tPET > 0 0.26 4.5 0.7 1.55 ± 0.02 1.38 ± 1.4
tET_S < 0, tPET > 0 0.02 4.0 0.6 −0.15 ± 0.01 0.19 ± 0.17
tET_M > 0, tLAI > 0 0.06 50.9 8.4 0.10 ± 0.00 0.15 ± 0.15
tET_M < 0, tLAI < 0 0.14 17.3 0.2 0.16 ± 0.01 0.19 ± 0.20
tET_S > 0, tLAI > 0 0.01 51.1 2.1 –0.05 ± 0.00 −0.06 ± 0.06
tET_S < 0, tLAI < 0 0.05 1.2 0.2 −0.07 ± 0.01 −0.09 ± 0.08
tET_M > 0, ttp > 0 0.09 6.3 1.0 0.10 ± 0.00 0.54 ± 0.55
tET_M < 0, ttp < 0 0.02 3.6 0.0 0.09 ± 0.02 0.24 ± 0.30
tET_S < 0, ttp < 0 0.10 4.7 0.7 −0.21 ± 0.01 −0.45 ± 0.46
tET_M > 0, tTa > 0 0.02 76.9 12.8 −23.7 ± 0.39 −0.38 ± 0.39
tET_S > 0, tTa > 0 0.16 76.3 3.3 −95.28 ± 1.09 1.35 ± 1.36

tET_S < 0, tLST > 0 0.15 83.2 12.8 −15.89 ± 0.08 0.49 ± 0.48

For SSEBop, there was no correlation between positive ET trends and positive PET
(Supplementary Figure S39). In addition, the correlation between negative ET trends and
positive PET trends was very low (r2 = 0.02, p < 0.001) (Supplementary Figure S40, Table 6).

5.4.2. Monthly Analysis

Positive trends in monthly PET were observed mainly from June to August. Negative
trends were detected only over very small areas (Table 5). Consequently, the correlation
analysis with trends in monthly ET was performed only considering positive PET trends in
summer (Table 7).

Table 7. Monthly correlation and sensitivity analysis between PET and ET trends. The spatial extent
of the area that originated these results is expressed as a percentage of the area with positive or
negative ET trends (% area). s and φ are the slope of the linear regression and the average impact of
the trend of PET on the trend of ET, with their respective uncertainties. p-value < 0.001 for all the
estimated correlation coefficients.

Dataset Trend, t r2 % Area sET,PET φET,PET

MOD16 June tET < 0, tPET > 0 0.07 18.8 0.69 ± 0.04 −0.64 ± 0.04
SSEBop June tET < 0, tPET > 0 0.03 17.0 −0.33 ± 0.02 0.34 ± 0.02
MOD16 July tET > 0, tPET > 0 0.27 1.5 1.51 ± 0.05 0.67 ± 0.02
SSEBop July tET < 0, tPET > 0 0.15 0.4 −0.45 ± 0.05 0.39 ± 0.04

MOD16 August tET > 0, tPET > 0 0.14 1.0 1.01 ± 0.07 0.53 ± 0.04
MOD16 August tET < 0, tPET > 0 0.10 2.8 −0.77 ± 0.09 0.72 ± 0.08

For both MOD16 and SSEBop, ET and PET trends turned out to be aggregated in two
clusters, the first with positive ET and PET trends, the second with positive PET trends
and negative ET trends. In June, there was correlation only for the second cluster, for both
MOD16 and SSEBop, but the coefficient of determination was very low. In July, for MOD16
there was correlation in the first cluster with a positive impact. In contrast, for SSEBop
there was correlation in the second cluster, with an estimated positive impact. In August
there was correlation only for MOD16, with a positive impact, in both clusters.
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5.5. Trend Test and Analysis of Sensitivity for LAI

LAI cumulated over the growing season showed positive trends over 19.5% of the
area of the Alps, and negative trends over 0.7% of this area. Positive trends were observed
all over the Alps, especially in the southern regions, in France and Italy (Figure 7).
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The intersection between ET and LAI trends revealed two main clusters of data, the
first with both positive and the second with both negative ET and LAI trends (Table 6).

For MOD16, in the first cluster, covering 50.9% of the area with positive ET trends,
the correlation was very low (r2 = 0.06, p < 0.001) (Figure S39), while in the second cluster,
covering 17.3% of the area with negative ET trends, it was slightly higher (r2 = 0.14,
p < 0.001) (Supplementary Figure S40). The analysis of contribution indicated that, on
average, (i) LAI increase could be responsible for 0.15 (mm year−1) of the positive ET trend,
and (ii) LAI decrease could be responsible for 0.19 (mm year−1) of the negative ET trend.

For SSEBop, in the first cluster, covering 51.1% of the area with positive ET trends,
there was no correlation (r2 = 0.01) (Supplementary Figure S39), and in the second cluster,
covering 1.2% of the area with negative ET trends, there was a very low correlation
(r2 = 0.05) (Supplementary Figure S40). The estimated sensitivity of ET trends to LAI trends
was also very low, and not very meaningful given the low correlation (Table 6).

5.6. Trend Test and Analysis of Sensitivity for Precipitation, tp
5.6.1. Yearly Analysis

Significant trends in yearly precipitation, tp, were found over 7% of the Alpine area,
of which 34% had a negative trend and 66% had a positive trend (Figure 8).

The intersection between tp and ET trends allowed identification of two main clusters,
the first with positive trends of tp and ET, and the second with negative trends.

For MOD16, the first cluster covered 6.3% of the area with positive ET trends and
showed a low correlation (r2 = 0.09) (Supplementary Figure S39). In the second cluster,
covering 3.6% of the area with negative ET trends, there was no correlation (Supplementary
Figure S40).

For SSEBop, in the first cluster, covering 10.9% of the area with positive ET trends,
there was no correlation (Supplementary Figure S39). In the second, with over 4.7% of
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the area with negative ET trends, there was a low correlation (r2 = 0.10) (Supplementary
Figure S40).
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5.6.2. Monthly Analysis

On a monthly basis, significant positive trends were found in May, June, July, and Oc-
tober, respectively over 2.8%, 1.2%, 4.2%, and 5.4% of the Alpine area. Negative trends were
found in August and September over 15.7% and 3.1% of the Alpine area (Table 5). These
trends were correlated with monthly ET trends on which they could have an influence, i.e.,
in the same and in the following two months.

For both MOD16 and SSEBop, there was overlapping between positive tp and ET
trends, as well as between negative tp and ET trends (Figure 9). However, the correlation
was always extremely low.

5.7. Trend Test and Analysis of Sensitivity for Air Temperature, Ta

Positive trends were observed in the growing season average air temperature, Ta, all
over the Alps, which was up to 0.14 (◦C year−1) for the growing season (Figure 10).

For both MOD16 and SSEBop, there was widespread spatial overlapping between Ta
and ET trends, and data were clustered in two sets, one with positive trends, over most of
the areas with positive ET trends (>70%), the other with positive Ta trends and negative
ET trends, over most of the area with negative ET trends (>84%) (Table 6). However, the
correlation was very low (Supplementary Figures S39 and S40).
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5.8. Trend Test and Analysis of Sensitivity for Land Surface Temperature, LST

Positive trends were observed for growing season average LST over 48% of the Alpine
area, up to 0.34 (◦C year−1) (Figure 11). Two main data clusters emerged, one with positive
LST and ET trends, the other with positive LST and negative ET trends.
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For MOD16, the first cluster extended over 30% of the area with positive ET trends,
and the second covered 77.8% of the area with negative ET trends. No correlation was
found (r2 < 0.01) (Supplementary Figures S39 and S40).

For SSEBop, the first cluster covered 70.6% of the area with positive ET trends, while
the second extended over 98.5% of the area with negative ET trends. There was correlation
only in the second cluster (Supplementary Figure S40), with r2 = 0.15, and the sensitivity
analysis indicated that the observed average increase in LST can be related to a decrease in
ET of 0.49 (mm year−1).

5.9. Analysis of the Impact of Land Cover and Altitude

The analysis of sensitivity of ET trends to trends in LAI, tp, Ta, and LST was performed
separately in combined classes of land cover and altitude.

For MOD16, there was a high correlation over a wide area between positive LAI
and ET trends for cropland below 1000 m (Figure 12). Grasslands at any altitude also
showed significant overlapping between LAI and ET trends, and a moderate correlation.
For croplands, there was more overlapping and higher correlation with respect to the other
classes for both positive and negative ET and LAI trends. Positive tp trends corresponded
to positive ET trends, mainly for forests and grasslands. However, r2 exceeded 0.1 only
for forests between 1000 and 2000 m of elevation (Figure 13). All the classes showed
an intersection between positive Ta and ET trends, but the correlation was very low
(Figure 14). For LST, all the land cover classes at any elevation presented a correspondence
between positive LST and ET trends, but low correlations (Figure 15). Negative ET trends
corresponded to an increase in LST, mainly over croplands, but with no correlation between
the trends.
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elevation (a,c) and corresponding r2 (b,d). The combination of positive or negative ET and LAI trends
is indicated in the title of each plot. “Area” on the y axis is the percentage of the total area within a
specific land cover class. Ss is the Sen’s slope of the trend at 5% significance from 2003 to 2019.
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elevation (a) and corresponding r2 (b). The combination of positive or negative ET and tp trends is
indicated in the title of each plot. “Area” on the y axis is the percentage of the total area within each
land cover class. Ss is the Sen’s slope of the trend at 5% significance from 2003 to 2019.
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land cover class. Ss is the Sen’s slope of the trend at 5% significance from 2003 to 2019.
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Figure 15. Percentage of area in each land cover class where LST and MOD16 ET trends overlap,
per elevation (a,c) and corresponding r2 (b,d). The combination of positive or negative ET and LST
trends is indicated in the title of each plot. “Area” on the y axis is the percentage of the total area
within each land cover class. Ss is the Sen’s slope of the trend at 5% significance from 2003 to 2019.

For SSEBop, small areas showed correspondence between positive LAI and ET trends
in all the land cover-altitude classes, with very low correlation (Figure 16). Areas with
negative LAI and ET trends were found only for croplands and grasslands at low elevations
and showed very low correlation. Positive tp trends corresponded to positive ET trends
over small regions, especially for grassland and forests, with moderate-low correlations
(Figure 17). Negative tp and ET trends overlapped at low elevation, especially for croplands,
with very low correlation. Increasing Ta corresponded to increasing ET for all three land
cover classes, especially for forest, with low-moderate correlations (Figure 18). Increasing
LST corresponded to a decrease in ET for large areas, mainly at low elevations, with
moderate-low correlation (Figure 19).
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6. Discussion

The comparison with latent heat flux measured at eddy flux towers suggested that
the two globally available ET products, MOD16 and SSEBop, both based on MODIS
satellite data, perform similarly in the Alps. In contrast to studies indicating that SSEBop is
generally more reliable than MOD16 [25], MOD16 exhibited a slightly better agreement
with observed data in terms of mean daily RMSE and MBD, probably because the spatial
resolution plays a crucial role in heterogenous mountain regions. It is reasonable to assume
that a MOD16 spatial resolution of 500 m captures the heterogeneity of Alpine vegetation
better than the SSEBop spatial resolution of 1 km. However, for both ET products, RMSE
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values at Alpine eddy flux towers were always close to the upper limit of those found by
comparable validation studies over other regions of the world [29,84].

Notably, the correlation analysis at site level did not show major conformity with one
of the two satellite-based ET products. On the contrary, the correlation with climate data (Ta,
tp, and PET) was more coherent with MOD16 for grasslands, and with SSEBop for forests.
In addition, the correlation with LST was consistent with MOD16, while the correlation
with LAI was consistent with SSEBop. Because LST is a main input for SSEBop and LAI is
a main input for MOD16, the latter result suggests that, in the Alps, both algorithms fail to
represent the actual dependence of ET on LAI and LST.

In terms of trends, both MOD16 and SSEBop ET indicated that summer as well as
yearly ET increased in the south-west, especially at high-elevation grasslands and forests,
and decreased in the south and in the north-east, especially at low elevation croplands and
grasslands. However, for MOD16 areas with positive ET, trends prevailed at any elevation,
while for SSEBop, areas with negative trends dominated. This divergence might be caused
by several differences between the two considered ET products, i.e.,:

1. The retrieval algorithms. Both algorithms are based on the Penman–Monteith equa-
tion, but MOD16 exploits vapor pressure deficit from climate reanalysis to regulate
surface conductance, whereas SSEBop uses the standardized version of the Penman–
Monteith equation [85] and calibrates model parameters based on land surface prop-
erties derived from satellite data (see point 3 for more details).

2. Climate data. Both algorithms use low resolution climate data. In particular, MOD16
uses the GMAO daily meteorological data [27] (including air temperature, incident
photosynthetically active radiation, and specific humidity), with an original spatial
resolution of 0.5◦ × 0.6◦, spatially smoothed at MODIS pixel level [86]. SSEBop, in
contrast, derives climatological daily maximum air temperature from WorldClim [87]
(https://www.worldclim.org/data/index.html, accessed on 20 September 2021) and
reference evapotranspiration from the daily Global Data Assimilation System (GDAS)
dataset [88] (https://www.ncei.noaa.gov/products/weather-climate-models/global-
data-assimilation, accessed on 20 September 2021) at a resolution of 100 km, down-
scaled at 10 km based on the IWMI climatological PET. For SSEBop, the assumption
of a static cold boundary derived from climatological air temperature could have
an impact on the trends because changes in air temperature are neglected in the
estimation of the evaporative fraction.

3. Land cover. Both algorithms make strong assumptions regarding the influence of land
cover on ET. MOD16 exploits a MODIS-based land cover classification to define biome
specific physiological parameters regulating surface conductance to transpiration.
These parameters are considered constant over space and time [86], independent of
seasonality and geographical region. SSEBop, in contrast, does not explicitly include
any land cover classification, but it does exploit land surface characteristics for model
parameterizations. Specifically, LST is used to calculate the evaporative fraction,
which is regulated by the difference between the observed land surface temperature
and the temperature at the cold/wet boundary [24]. The Normalized Vegetation Index
(NDVI) is used to choose the cold/wet pixels used to define the conversion coefficient
between air temperature and cold boundary temperature. Finally, emissivity and
albedo are used to correct low LST values observed over sparsely vegetated surfaces
in arid and semi-arid areas.

The trend analysis on environmental drivers of ET changes demonstrated that air tempera-
ture and LAI increased all over the Alps, confirming the results of other studies [11,12,39,41,42].
For LAI, few exceptions were found, for example in north-eastern Austria, which is one of the
most drought-prone regions in central Europe [89], where precipitation was probably not able
to compensate the increasing temperature during the growing season, with consequent impacts
on vegetation.

The correlation analysis between ET trends and the trends of the possible drivers
indicated that:

https://www.worldclim.org/data/index.html
https://www.ncei.noaa.gov/products/weather-climate-models/global-data-assimilation
https://www.ncei.noaa.gov/products/weather-climate-models/global-data-assimilation
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• The increase of PET had an impact on the decrease of ET in the eastern Alps, suggesting
that this region was particularly subjected to an increase in the atmospheric demand
of evaporation.

• Trends in LAI were coincident with trends in ET, but there was correlation only for
MOD16. LAI is an input of the MOD16 algorithm. This explains the strong correlation
between changes in ET and changes in LAI.

• Trends in LST were coincident with trends in ET, but there was correlation only for
SSEBop, likely because LST is one main input of the SSEBop algorithm.

• The correlation between trends in tp and Ta and trends in ET was low. Probably, the
correlation analysis on areas aggregated by land cover and elevation could not fully
catch the heterogeneity of climate across the Alps. Further analysis based on climatic
regions could give more insight into the influence of precipitation and temperature on
ET. Regarding Ta, MOD16 and SSEBop are based on global reanalysis with very low
spatial resolution, which, in contrast to ERA5_Land [90], do not consider the effect of
orography on air temperature. This could cause unrealistic spatial patterns in ET and
its trends. For example, at high elevation, temperature is generally the factor limiting
vegetation growth and transpiration [91,92]; thus, it is expected that the increase in Ta
contributed to the increase in ET. However, for both MOD16 and SSEBop, increasing
Ta also matched with increasing ET at low elevation, especially over forests, and only
for MOD16 high elevation areas covered by forests and grasslands showed more
positive than negative ET trends in correspondence with increasing Ta.

The monthly analysis on the possible impacts of PET and tp on the seasonality of ET
trends showed that positive PET trends prevailed in summer, while instead tp increased
in May, June, July, and October and decreased in August and September. The effect of
PET seems negative in June and diverging between the two ET products in the rest of the
summer, while for tp the area of overlapping between positive and negative trends was
similar for the two ET products. It can be noticed that changes in the seasonality of tp were
much more spread than changes in yearly total tp. However, the correlation with changes
in monthly ET was low, and probably, as for the yearly analysis, an aggregation based on
climatic regions could provide additional information.

Some limitations affect the analyses presented in this study, specifically:

• The length of the MODIS timeseries might be insufficient to detect long term trends.
• The low resolution of climate reanalysis data might have affected the attribution

of spatially distributed changes in ET to Ta. Higher resolution datasets have been
developed only for limited regions, e.g., South Tyrol [93] and Switzerland [94–96], and
it would be desirable that similar attempts are extended to the entire Alpine region
in order to support studies regarding feedbacks between changes in climate and in
water availability.

• The two MODIS derived ET products considered in the present work rely on mod-
elling assumptions that can be accepted at large scale but might be too strong for the
heterogeneous and topographically complex Alpine region. Strong topographic gradi-
ents and heterogeneous landcover impact the spatial patterns of ET by influencing
the evaporative demand of the atmosphere and canopy conductance. Consequently,
despite the unique value of products easily accessible and covering the entire globe,
they must be used with care in certain areas, such as mountainous regions, where
underlying hypotheses are likely to be violated. Other available products could be
explored, such as PML-2 [97] and FluxCom [22], which were not considered in the
present study, to not further reduce the length of the timeseries, being available,
respectively, from 2002 to 2017 and from 2001 to 2015.

• The impact of climate and land use changes on LAI was not examined in this study.
However, a land cover-specific analysis of the factors affecting LAI, and consequently
ET, would be important to explain the potential role of biotic and abiotic controls on
the Alpine water balance. Nevertheless, long timeseries of accurate LAI, land cover
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and ET in the Alps, which would be essential for the reliability of such an analysis, are
not yet available.

7. Conclusions

This work assessed the applicability of two globally available satellite ET products
based on MODIS for detecting trends in the Alps. Although these products have been
exploited all around the World (e.g., [98–100] for MOD16 and [101,102] for SSEBop), with
few studies focusing on mountain regions [103], to the author’s knowledge no study has
assessed their accuracy and utility in the Alps, especially with regards to climate change
induced shifts in the water cycle.

The results of the trend analysis of MOD16 and SSEBop largely diverged, but they
also exhibited some common features, including:

• Positive ET trends in the south-western Alps, both yearly and in the summer months;
• Negative ET trends in the Po valley and in the north-eastern Alps, both on yearly basis

and in summer;
• Negative ET trends in the northern Alps in September;
• Predominance of positive trends at high elevations in summer over forests and grasslands;
• Predominance of negative trends at low elevations in summer over grasslands

and croplands;
• Concurrence between increasing atmospheric evaporative demand and decreasing ET

in the north-eastern Alps;
• Concurrence between vegetation greening (increasing LAI) and positive ET trends

over any land cover at any elevation, as well as between browning (decreasing LAI)
and negative ET trends over croplands and grasslands at low elevations;

• Concurrence between air and surface warming and ET trends, both positive and negative.
• Potential negative impact of increasing PET in June;
• Potential impact of changes in precipitation in summer, mostly positive from May to

July and negative in August and September.

The results obtained for both ET datasets, which can thus be considered the most
robust outcome of this study, can have important impacts. In particular, the positive ET
trends that emerged from MODIS in summer could affect the dynamics of drought in
the Alps. In fact, temperature increase and decreasing winter snow fall, in addition to
increasing water use for agriculture and hydropower production, are already causing a
reduction in Alpine rivers discharge during summer [104–107]. Increasing ET can reduce
groundwater availability and amplify discharge deficit in summer, when snow melt is
secondary for runoff production. This is very likely to happen if the drying trend that has
been observed in Central Europe [108], with summer precipitation decrease, will persist, as
foreseen by the EURO-CORDEX seasonal projections [109,110]. In addition, the negative
ET trends that were found from MODIS at low elevations, especially in the Po valley and
in the north-eastern Alps, could indicate a decreasing availability of water with impacts on
vegetation health and growth.

A follow up of this work could envisage a combined analysis between ET and the other
relevant components of the water cycle of the Alps, i.e., precipitation, soil moisture, snow
cover, and runoff, in order to extend the findings of short-term hydrological simulations
of the indirect feedbacks of climate change on land surface processes, such as the “the
drought paradox”, which has been recently studied by ecohydrological simulations in the
Alpine region [5].

As stated in Section 6, this study is affected by some limitations, among which are the
spatial resolution of satellite and climate data that drive the two considered algorithms.
However, as to the MOD16 algorithm, the recent availability of high resolution climate
reanalysis [111] and the possibility to retrieve vegetation biophysical properties from
Sentinel-2 satellite data [112] open novel possibilities for new implementations of the
Penman–Monteith equation, which is less affected by the low resolution of input data. As
to the SSEBop algorithm, and in general algorithms that solve the earth’s surface energy
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budget with different levels of complexity [113,114], they are still limited by the lack of
thermal infrared (TIR) data with a proper spatial-temporal resolution. In addition to
ongoing efforts in downscaling TIR data by exploiting its dependence on high resolution
optical data [115,116], new missions, such as ECOSTRESS [117] and the ESA candidate
mission LSTM [118], could help overcoming these limitations and provide more suitable
data for future investigations on ET changes in the Alps.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/
10.3390/rs13214316/s1. Figure S1: Correlation between growing season average air temperature
measured at eddy flux towers sites and extracted from ERA5 Land reanalysis at the location of the
tower sites, Figure S2: Correlation between growing season average air temperature measured at
eddy flux towers sites and growing season average LST extracted from the MOD11 product at the
location of the tower sites, Figure S3: Timeseries of ET from eddy covariance measurements and from
the MOD16 product at the Fluxnet site IT-Ren, Figure S4: Timeseries of ET from eddy covariance
measurements and from the MOD16 product at the Fluxnet site IT-MBo, Figure S5: Timeseries of
ET from eddy covariance measurements and from the MOD16 product at the Fluxnet site IT-LAV,
Figure S6: Timeseries of ET from eddy covariance measurements and from the MOD16 product at
the Fluxnet site CH-Fru, Figure S7: Timeseries of ET from eddy covariance measurements and from
the MOD16 product at the Fluxnet site CH_Dav, Figure S8: Timeseries of ET from eddy covariance
measurements and from the MOD16 product at the Fluxnet site CH_Cha, Figure S9: Timeseries of
ET from eddy covariance measurements and from the MOD16 product at the Fluxnet site AT_Neu,
Figure S10: Timeseries of ET from eddy covariance measurements and from the MOD16 product at
the Fluxnet site IT-Tor, Figure S11: Timeseries of ET from eddy covariance measurements and from
the SSEBop product at the Fluxnet site IT-Ren, Figure S12: Timeseries of ET from eddy covariance
measurements and from the SSEBop product at the Fluxnet site IT-MBo, Figure S13: Timeseries of
ET from eddy covariance measurements and from the SSEBop product at the Fluxnet site IT-Lav,
Figure S14: Timeseries of ET from eddy covariance measurements and from the SSEBop product
at the Fluxnet site CH_Fru, Figure S15: Timeseries of ET from eddy covariance measurements and
from the SSEBop product at the Fluxnet site CH_Dav, Figure S16: Timeseries of ET from eddy
covariance measurements and from the SSEBop product at the Fluxnet site CH-Cha, Figure S17:
Timeseries of ET from eddy covariance measurements and from the SSEBop product at the Fluxnet
site AT_Neu, Figure S18: Timeseries of ET from eddy covariance measurements and from the SSEBop
product at the Fluxnet site IT-Tor, Figure S19: Pixel-wise correlation and p-value between MOD16
yearly total ET and LAI, LST, PET, tp and Ta. LAI (MODIS), PET (MODIS) and tp (MSWEP) were
cumulated over the growing season, while Ta (ERA5-Land) and LST (MODIS) were averaged over
the growing season, Figure S20: Pixel-wise correlation and p-value between SSEBop yearly total
ET and LAI, LST, PET, tp and Ta. LAI (MODIS), PET (MODIS) and tp (MSWEP) were cumulated
over the growing season, while Ta (ERA5-Land) and LST (MODIS) were averaged over the growing
season, Figure S21: Distribution of the correlation and p-value between MOD16 and SSEBop ET
and MODIS LAI. All the data were aggregated over the growing season and divided in combined
classes of land cover and altitude, Figure S22: Distribution of the correlation and p-value between
MOD16 and SSEBop ET and MODIS LST. All the data were aggregated over the growing season and
divided in combined classes of land cover and altitude, Figure S23: Distribution of the correlation
and p-value between MOD16 and SSEBop ET and MODIS PET. All the data were aggregated over the
growing season and divided in combined classes of land cover and altitude, Figure S24: Distribution
of the correlation and p-value between MOD16 and SSEBop ET and MSWEP precipitation All the
data were aggregated over the growing season and divided in combined classes of land cover
and altitude, Figure S25: Distribution of the correlation and p-value between MOD16 and SSEBop
ET and ERA5-Land air temperature. All the data were aggregated over the growing season and
divided in combined classes of land cover and altitude, Figure S26: Distribution with elevation
and land cover, in number of 500 m × 500 m pixels, of the Sen’s slope of the trend of MOD16
monthly ET in May, at 5% significance level, Figure S27: Distribution with elevation and land cover,
in number of 500 m × 500 m pixels, of the Sen’s slope of the trend of MOD16 monthly ET in June,
at 5% significance level, Figure S28: Distribution with elevation and land cover, in number of
500 m × 500 m pixels, of the Sen’s slope of the trend of MOD16 monthly ET in July, at 5% significance
level, Figure S29: Distribution with elevation and land cover, in number of 500 m × 500 m pixels, of
the Sen’s slope of the trend of MOD16 monthly ET in August, at 5% significance level, Figure S30:
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Distribution with elevation and land cover, in number of 500 m × 500 m pixels, of the Sen’s slope
of the trend of MOD16 monthly ET in September, at 5% significance level, Figure S31: Distribution
with elevation and land cover, in number of 500 m × 500 m pixels, of the Sen’s slope of the trend of
MOD16 monthly ET in October, at 5% significance level, Figure S32: Distribution with elevation and
land cover, in number of 500 m × 500 m pixels, of the Sen’s slope of the trend of SSEBop monthly ET
in April, at 5% significance level, Figure S33: Distribution with elevation and land cover, in number of
500 m × 500 m pixels, of the Sen’s slope of the trend of SSEBop monthly ET in May, at 5% significance
level, Figure S34: Distribution with elevation and land cover, in number of 500 m × 500 m pixels,
of the Sen’s slope of the trend of SSEBop monthly ET in June, at 5% significance level, Figure S35:
Distribution with elevation and land cover, in number of 500 m × 500 m pixels, of the Sen’s slope
of the trend of SSEBop monthly ET in July, at 5% significance level, Figure S36: Distribution with
elevation and land cover, in number of 500 m × 500 m pixels, of the Sen’s slope of the trend of
SSEBop monthly ET in August, at 5% significance level, Figure S37: Distribution with elevation
and land cover, in number of 500 m × 500 m pixels, of the Sen’s slope of the trend of SSEBop
monthly ET in September, at 5% significance level, Figure S38: Distribution with elevation and land
cover, in number of 500 m × 500 m pixels, of the Sen’s slope of the trend of SSEBop monthly ET
in October, at 5% significance level, Figure S39: Correlation between positive yearly ET trends and
trends in PET, LAI, tp, Ta and LST, Figure S40: Correlation between negative yearly ET trends and
trends in PET, LAI, tp, Ta and LST, Flowchart.pptx: schematic representation of the Methods section,
Stations.html: interactive map indicating the study area and the position and characteristics of eddy
covariance stations.
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