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S1.0 Study area – Biomes

The tropical & subtropical moist broadleaf forests, i.e. TSMBF, cover approximately

50% of the South American territory. This biome is mainly characterized by a warm climate

and high rainfall rates. ET in this region is responsible for generating ∼30% of the atmo-

spheric moisture that precipitates in the Amazon basin [Eltahir and Bras, 1994]. The dry

seasonal forests, i.e. TSDBF, are located mostly in the center (Bolivia) and east (Brazilian

semi-arid region) of South America; here mean rainfall variability is temporally and spatially

high, with pronounced dry seasons that can extend up to 10 months. The biome that encom-

passes grasslands, savannas, and shrublands, i.e. TSGSS is the second largest biome in South

America. This biome has a high concentration of endemic species whose habitats have expe-

rienced exceptional losses, therefore many areas of this biome are part of the global biodiver-

sity hotspots for conservation [Myers et al., 2000]. The wetlands, i.e. FBS, host a vast diver-

sity of aquatic and palustrine vegetation [Junk et al., 2006a,b] and provide crucial ecosystem

services to the Pantanal (the largest FGS’s ecoregion) [Costanza et al., 1997]. FBS are com-

pletely surrounded by grasslands, savannas & shrublands, and dry forests. The temperate

forests, i.e. TMBF, are located in southern Chile and Argentina. This region contains the

Central Chile biodiversity hotspot [Myers et al., 2000]. Mean annual temperature decreases

from north to south and from low to high altitudes in the Andes. Within this biome, peatland

ecosystems cover most of the area (440,000 km2, Arroyo et al. [2005]) in the southernmost

part of South America and along the Pacific coast of Chile.

S2.0 Gap filling of meteorological data

Relative humidity ('�) and vapor pressure (40) records are the most common missing

variables among the tower data. Missing 40 values were filled using '� and saturated air

vapor pressure (4B0C ) calculated from Tetens’ equation [Tetens, 1930]. Missing '� values
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were filled accordingly, given that 40 and temperature ()) are available at that day or 30-

min interval. Days without ) records were discarded. Missing atmospheric pressure (%0C<)

values were estimated from ground elevation at the tower sites using equation 7 from the

FAO-56 manual [Allen et al., 1998].

S3.0 Results and Discussion

KZ partitioning

Greater insight into model-based �) partitioning can be gained by comparing our re-

sults with other estimates from the literature. Previous model-based estimates using the Gash

model [Gash et al., 1995; Valente et al., 1997] for USR (sugar cane) and PDG (woodland

savanna) showed that �8=C accounts for ∼10% of �) [Cabral et al., 2012, 2015]. For USR,

all three models limited �8=C/�) < 10%; with PM-MOD offering a mean estimate (∼9%)

closest to the estimates cited above, and GLEAM presenting the lowest value of �8=C/�)

(<2%). While GLEAM estimated �B>8;/�) ≈ 5%, PM-MOD and PT-JPL estimates (20

and 30%, respectively) agreed better with the 20–40% reported by [Denmead et al., 1997]

for two sugar cane fields in Australia. For the EUC site, interception estimates from GLEAM

(∼10%) are much closer to the �8=C/�) ≈ 13% reported by Cabral et al. [2010], when com-

pared to ∼25% estimated by PT-JPL and PM-MOD. For PDG, PT-JPL produced an intercep-

tion ratio (7% of �)) closest to the �8=C/�) = 8% reported by Cabral et al. [2015] when

compared to GLEAM (�8=C/�) = 13%) and PM-MOD (�8=C/�) = 17%). The transpiration

fractions (�CA0=B/�)) simulated in this study for the sites in dry regions were mostly higher

(>75%) than the range (50–80%) found in several studies by Jasechko et al. [2013] (Table 1

in the main text). However, �CA0=B/�) > 75% for the Brazilian semi-arid areas are reason-

able during the rainy season, when about 70% of the annual �) occurs [Mutti et al., 2019;

Marques et al., 2020].

All models found practically negligible values of �8=C (<2% of �)) in three Brazilian

semi-arid sites (CAA, CST, and ESEC), despite the fact that previous studies showed that

interception loss for native seasonally dry forests (as CAA and CST) accounts for ∼10% of

�) [de Queiroz et al., 2020]. Regarding �) partitioning from croplands (K77, USR, EUC,

GRO, BAL), we found �CA0=B/�) ranging from 85-93% (GLEAM), 46-63% (PT-JPL), and

22-76% (PM-MOD). Hence, the partitioning simulated by GLEAM agrees with previous

studies showing that �CA0=B tends to be high in croplands (70–90% of ET), even under low
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!�� conditions [Zhou et al., 2016; Wei et al., 2017; Stoy et al., 2019]. Despite the wide vari-

ability of �CA0=B/�) among models, the overall predictive skill was satisfactory, thus not

associated with their capability to correctly estimate each �) component individually.

Impact of correcting M

The impact of the correction of � in the energy balance, thus in the estimation of the

observed �) (= '= − � − �), is addressed here. Most Fluxnet-type datasets do not offer soil

moisture and soil temperature data, hence correction of G is possible only for a reduced num-

ber of validation tower sites. At daily scales, in particular under densely vegetated areas, G

is often negligible. The grass sites included in this study lack the data required for correcting

�. Therefore, we select the GRO tower (soybean) to assess the role of � in the model met-

rics. In Figure S8, we show the metrics when tower ET is calculated using G directly mea-

sured by soil heat flux plates below the surface (raw G, black dots) and when the corrected G

is used (G surface , red dots), i.e. when heat storage above the plate has been taken into ac-

count. As shown in Fig S9, no significant change was noted in '2, %���( or '"(� ; and in

most cases the correction caused a deterioration in the metrics. The largest changes were:

• GLEAM: '2 decreased from 0.79 to 0.74;

• PM-MOD: PBIAS increased from -4.59 to 2.07%

• PT-JPL: RMSE increased from 0.83 to 0.9mmd−1

Diagnosis

Some factors, e.g. those relating to tower location and the surrounding environment,

can also affect model performances. A likely cause for model-observation mismatch, for

instance at site K77, could be the heterogeneity of the fluxes measured by the towers [Bai

et al., 2015]. Previous studies have shown that land cover heterogeneity may induce some

variations in the footprint [Chen et al., 2009]. In the case of the K77 site, the footprint is es-

timated to extend up to 200 m away from the mast, based on crop and flux sensor heights;

however, high resolution images of the K77 surroundings reveal a certain heterogeneity

(remnant of forest and shrubs) within a 130-m radius around the tower. Depending on wind

speed and direction, tower measurements for this site could therefore be affected by non-crop

fluxes.
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Aside from patch-scale heterogeneities, there is also the possibility that the 250-m

MODIS pixel is returning a mixed response of different types of vegetation within it (sub-

pixel spatial heterogeneity), which has been shown to compromise model performance [Fisher

et al., 2008; Mu et al., 2011; Nagler et al., 2005; McCabe et al., 2016; Fisher et al., 2020].

“Mixed” pixels of croplands have been shown to be problematic, especially when the VI

adopted is �+� [e.g., Wardlow et al., 2007]. In this regard, #�+� might present a certain

advantage as it has been shown to better capture the changes in the green biomass level, mak-

ing it more sensitive to sudden changes among crops in the senescence phase, whereas �+�

would be more suitable for mapping crops at the peak phase [Embry and Nothnagel, 1994;

Wardlow et al., 2007].

Therefore, the mismatch between �)B8< and �)>1B for K77 site are probably linked

to the VI adopted here. An alternative for future work would be to use even higher spatial

resolution VNIR/NDVI data than the 250m MODIS data. Examples include 10-m Sentinel-

2 #�+� or 3-m Planet #�+�. For instance, Aragon et al. [2018] used 3-m Planet NDVI

to produce ultra high resolution �) using PT-JPL. Another promising way forward is the

70-m ECOSTRESS �) data (e.g., Figure S11), which enables a closer alignment to eddy co-

variance footprints [Fisher et al., 2020]. The land cover representativity issue is even worse

in the case of GLEAM that uses microwave +$� data for vegetation phenology, a much

coarser product. As for the EUC site (∼500-m footprint), the plantation border is at a suffi-

cient distance from the tower (∼2 km), compared to the surface heterogeneities encountered

for the other sites, and occupies multiple MODIS pixels. Hence none of the problems men-

tioned above are reasonable explanations for the model overprediction at that site in the dry

period. Moreover, �+� data from MODIS captured the vegetation variability during tran-

sition in terms of amplitude but we noticed a lag between �)>1B and �+� (Figure S9). A

similar pattern was reported by [Fisher et al., 2008] while validating PT-JPL against �)>1B

for a savanna tower.

In the case of PT-JPL model estimates at the EUC site, the model’s higher sensitivity

to '= than to '� seems to be a plausible explanation for the model performance (Figure 5;

Figure S9). In the PT-JPL model, '� affects �) indirectly, through the soil moisture con-

straint and interception loss. Conversely, influence of '= is indirect: a fraction of it is used

to compute all three �) components and it affects the temperature which, in turn, is used to

calculate the plant temperature constraint [Fisher et al., 2008]. Moreover, '= has a direct

effect on �) as it controls the potential �) in the PT equation. Both the soil moisture and
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the plant temperature constraints are positively correlated with modelled �) and they have

been shown to be the most sensitive parameters in the PT-JPL model, potentially resulting

in ∼20% of model uncertainty [García et al., 2013]. Although the '�-dependent constraint

presented a larger variability at the EUC site, it tended to follow �)>1B variability whereas

the '=-indirectly-dependent constraint remained constant at its maximum value (one) during

the months during which overprediction occurred.

The performance of the PM-based models observed here might have been affected by

the uncertainties in the estimation of site-specific properties, as we used the leaf conduc-

tances (as well as other parameters) from the Biome Properties Look-Up Table in [Mu et al.,

2011], instead of calibrating them for the selected sites. As noted by Ershadi et al. [2015],

the parameterisation seems to be crucial for PM modes. Therefore, a clear path for improv-

ing PM-based models over South America is to include its towers for calibrating the biome

specific parameters (e.g., potential stomatal conductance, surface conductance etc) in order

to make them more representative and account for their inter-continental variability. More-

over, Mu et al. [2011] also acknowledged that values of !��/ 5%�' from MODIS may in-

troduce a bias in �) estimates, which may explain the systematic errors at some sites (e.g.,

CAA, FM, K83).

Regarding the PM-VI model, we found it to be the model with the largest variability

(0 < '2 < 0.85, 0.15 < < < 1.25, 0 < d < 0.98) in performance among the selected towers.

Because this model consists of a combination of �)> and an �+�-based crop coefficient, we

would expect it to perform best at crop sites. Although that was true for some sites (EUC and

USR), PM-VI had the poorest performances at most sites with an aridity index > 1.2. More-

over, the model was capable of estimating �) for non-crop areas, with good predictive skills

found at sites with moist forest (K34), mixed forest (FM), woodland savanna (PDG), and two

permanent wetland sites (TF1 and TF2). It is interesting to note the contrasting behaviour of

the PM-based models. While the PM-MOD is much more complex than PM-VI, the latter

outperforms the former at some sites (e.g., TF1 and TF2). This is most likely caused by the

fact that PM-MOD has not been calibrated for the flux towers considered here, unlike PM-VI.
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Figures S1-10
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Figure 1. Latent heat flux data availability at individual flux towers.
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Figure 4. Comparison between observed and simulated ET from GLEAM. N = sample size; '2= deter-

mination coefficient, m = slope of the least squares regression line, d = concordance correlation coefficient,

PBIAS = percent bias.
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Figure 5. Comparison between observed and simulated ET from the PT-JPL model. N = sample size;

'2= determination coefficient, m = slope of the least squares regression line, d = concordance correlation

coefficient, PBIAS = percent bias.
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Figure 6. Comparison between observed and simulated ET from the PM-MOD model. N = sample size;

'2= determination coefficient, m = slope of the least squares regression line, d = concordance correlation

coefficient, PBIAS = percent bias.
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Figure 7. Comparison between observed and simulated ET from the PM-VI model. N = sample size;

'2= determination coefficient, m = slope of the least squares regression line, d = concordance correlation

coefficient, PBIAS = percent bias.
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Figure 9. Relationship between observed ET (EC), simulated ET from PT-JPL and key meteorological

variables at EUC site.
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Figure 10. Relationship between observed ET (EC), simulated ET from PT-JPL and key meteorological

variables at K77 site.

Figure 11. ECOSTRESS image (70-m resolution) for the EUC tower site
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Tables S1-S3

Table 1. Description and characteristics of the biomes covered in this study.

Biome Major ecoregion Approximate

area

(×103 km2)

Dominant climates

Tropical & Subtropical Moist

Broadleaf Forests (TSMBF)

Amazon and Atlantic rain-

forests

8,750 Tropical Rainforest

and Monsoon (Af

and Am)

Tropical & Subtropical Dry

Broadleaf Forests (TSDBF)

Caatinga and Chiquitano dry

forests

1,000 Arid Steppe Hot

(BSh)

Tropical & Subtropical

Grasslands, Savannas &

Shrublands (TSGSS)

Cerrado, Dry and Humid

chaco, and Uruguayan sa-

vanna

4,250 Tropical Savanna

(Aw)

Flooded Grasslands & Savan-

nas (FGS)

Pantanal, Paraná flooded

savanna, and Southern Cone

Mesopotamian savanna

265 Tropical Savanna

(Aw)

Temperate Broadleaf &

Mixed Forests biome

(TBMF)

Valdivian temperate forests

and Magellanic subpolar

forests

550 Temperate without

dry season and

warm summer

(Cfb) and Polar

Tundra (Td)

Temperate Grasslands, Sa-

vannas & Shrublands (TGSS)

Humid Pampas and Low

Monte

576 Cold semi-arid

(BSk) and Humid

subtropical (Cfa)
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Table 2. Flux towers used to validate remote sensing-based ET. Biome types: Tropical & Subtropical Moist

Broadleaf Forests (TSMBF); Tropical & Subtropical Dry Broadleaf Forests (TSDBF); Temperate Broadleaf

& Mixed Forests (TBMF); Tropical & Subtropical Grasslands, Savannas & Shrublands (TSGSS); Temperate

Grasslands, Savannas & Shrublands (TGSS); Flooded Grasslands & Savannas (FGS). Land use classes: Ev-

ergreen Broadleaf Forest (EBF); Deciduous Broadleaf Forest (DBF); Grassland (GRA); Cropland (CROP);

Woodland Savanna (WS), Mixed Forest (MF); Deciduous Needleleaf Forest (DNF); Permanent Wetland

(PW). LULC = Land use/Land Cover. EBR = Energy Balance Ratio ((!� + �)/('= − �)). NA = not

available

Name Lat Lon Biome/LULC Elevation (m) EBR Ref.

SDF -41.88 -73.68 TBMF/EBF 50 NA NA

K34 -2.61 -60.21 TSMBF/EBF 90 0.86 Hutyra et al. [2007]

RJA -10.08 -61.93 TSMBF/DBF 180 0.74 von Randow et al. [2004]

CAX -1.72 -51.46 TSMBF/EBF 57 NA NA

FNS -10.77 -62.34 TSMBF/GRA 240 0.77 Hasler and Avissar [2007]

K67 -2.86 -54.96 TSMBF/EBF 194 0.97 Paca et al. [2019]

K83 -3.02 -54.97 TSMBF/EBF 181 0.95 Paca et al. [2019]

K77 -3.01 -54.54 TSMBF/CROP 101 1.16 Paca et al. [2019]

SIN -11.41 -55.32 TSMBF/WS 349 0.88 Vourlitis et al. [2008]

BAN -9.82 -50.16 TSGSS/WS 168 0.9 Borma et al. [2009]

TF1 -54.97 -66.73 TBMF/PW 40 NA Kutzbach [2019a]

TF2 -54.83 -68.45 TBMF/PW 60 NA Kutzbach [2019b]

EUC -21.58 -47.6 TSGSS/CROP 710 1.02 Cabral et al. [2011]

PDG -21.62 -47.63 TSGSS/WS 710 0.99 Cabral et al. [2015]

USR -21.64 -47.79 TSGSS/CROP 541 0.97 Cabral et al. [2012]

NPW -16.49 -56.41 FGS/WS 120 NA Dalmagro et al. [2018]

FM -15.72 -56.07 TSGSS/MF 154 0.74 Rodrigues et al. [2014]

MCR -37.55 -57.3 TGSS/PW 1 NA Tonti et al. [2018]

GRO -35.62 -61.32 TGSS/CROP 80 NA NA

BAL -37.75 -58.34 TGSS/CROP 130 NA Curto et al. [2019]

SJO -8.81 -36.41 TSDBF/GRA 702 0.96 Machado et al. [2016]

CST -7.96 -38.38 TSDBF/DNF 468 0.73 Souza et al. [2015]

ESEC -6.58 -37.25 TSDBF/DNF 205 0.87 Campos et al. [2019]

CAA -9.05 -40.32 TSDBF/DNF 391 0.75 Silva et al. [2017]

SLU -33.46 -66.46 TGSS/MF 320 0.86 García et al. [2017]
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Table 3. Flux towers used to validate remote sensing-based ET. Biome types: Tropical & Subtropical Moist

Broadleaf Forests (TSMBF); Tropical & Subtropical Dry Broadleaf Forests (TSDBF); Temperate Broadleaf

& Mixed Forests (TBMF); Tropical & Subtropical Grasslands, Savannas & Shrublands (TSGSS); Temperate

Grasslands, Savannas & Shrublands (TGSS); Flooded Grasslands & Savannas (FGS). Land use classes: Ev-

ergreen Broadleaf Forest (EBF); Deciduous Broadleaf Forest (DBF); Grassland (GRA); Cropland (CROP);

Woodland Savanna (WS), Mixed Forest (MF); Deciduous Needleleaf Forest (DNF); Permanent Wetland

(PW). LULC = Land use/Land Cover. EBR = Energy Balance Ratio ((!� + �)/('= − �)). NA = not

available

Variable Source of Product Spatial resolution Temporal resolution Used by

model

Air temperature ()) Tower data - 30 min All

Downward short-

wave radiation

('6B ↓)

Tower data - 30 min PM-models

Surface outgoing

radiation

Tower data - 30 min GLEAM

Net radiation ('=) Tower data - 30 min PT-models

Air pressure (%0C<) Tower data or

calculated from

ground elevation

- 30 min PM-models

Precipitation (%) Tower data - 30 min GLEAM

Vapor pressure (40) Tower data - 30 min PM-models

and PT-JPL

Air humidty ('�) Tower data - 30 min PM-models

Wind speed Tower data - 30 min PM-VI

Enhanced Vegeta-

tion Index (�+�)

MOD13Q1 250 m 16 days PT-JPL and

PM-VI

Vegetation Optical

Depth (VOD)

TMI, SSM/I and

AMSR-E

0.25° 16 days GLEAM

Leaf area index

(!��)

MCD15A2H 500 m 8 days PM-MOD

5%�' MCD15A2H 500 m 8 days PM-MOD

albedo (U) MCD43A3 500 m daily PM-MOD
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