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Highlights

What are the main findings?

e  The four remote sensing-based evapotranspiration models (SSEBop, geeSEBAL, PT-
JPL and T-SEB) showed good agreement with in situ flux tower data over global
tropical forests.

e  Models’ performance varied regionally and depended on the meteorological forcing used.

What are the implications of the main findings?

e  This study demonstrates that current high-resolution remote sensing models are
effective and viable tools for monitoring evapotranspiration in complex tropical forests,
helping to overcome challenges like data scarcity.

e  These models are particularly valuable for quantifying the hydrological impacts of
deforestation and climate change.

Abstract

Tropical forests are critical regulators of global water and energy cycles, with evapotranspi-
ration (ET) being a key ecohydrological process. However, monitoring ET over tropical
forests is a challenge due to their complex structure, and the logistical difficulties in obtain-
ing observations that are both spatially representative and have wide coverage. Remote
sensing data offer an alternative to these limitations, although the effectiveness of ET re-
mote sensing-based models over these areas is not well-known. Thus, this study evaluates
the performance of four remote sensing-based ET models (SSEBop, geeSEBAL, PT-JPL and
T-SEB) in tropical forests. We compared models’ estimations against flux tower observations
and assessed the uncertainty in models” outputs driven by different meteorological input
forcings. Additionally, we conducted a spatial-temporal analysis of models” response to
the impact of deforestation on ET patterns. Our results showed a good agreement between
modeled and observed ET using the most accurate meteorological input dataset (RMSEs
ranging from 1.1 to 1.3 mm.day ! for ERA5-Land). The deforestation analysis for sites
in Africa, America and Asia revealed an agreement of the models in demonstrating the
impact of deforestation on ET, though performance varied due to different deforestation
patterns. For the long-term results, models showed different responses to forest removal,
highlighting the uncertainties of the individual models and underscoring the necessity of
multi-model approaches in providing more accurate information. These findings demon-
strate that current high-resolution remote sensing models can effectively monitor ET in
tropical forests on a global scale, especially for assessing the impacts of deforestation in
data-scarce regions.
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1. Introduction

Tropical forests are fundamental for regulating Earth’s hydrological and energy cycles
through the process of evapotranspiration (ET) by transporting large volumes of water
vapor into the atmosphere [1,2]. This process regulates energy transfer, cooling the surface,
modulating regional climate and rainfall patterns [3-5]. Despite comprising just 7% of
the Earth’s land surface [6], tropical forests generate nearly 33% of terrestrial ET [7]. In
terms of precipitation recycling, around 50% of the Amazon’s tropical forest precipitation
is a consequence of local ET [8], while 24% to 39% of ET from the Congo tropical forest is
recycled as local rainfall [3,9].

Anthropogenic influences have induced changes in spatial-temporal patterns of ET
over the last decades. Global warming is known to exacerbate heat stress [10,11], which
in turn intensifies the frequency and severity of major disturbances, degrading ecosystem
resilience [12,13]. While climate change alters the function of primary forests, deforestation
impacts the global climate through the removal of forests for activities such as agriculture,
cattle ranching and mining [14-17]. For instance, forest loss in Asia has been shown to alter
monsoon circulation and precipitation [18,19], while numerous studies link deforestation
in the Amazon to shifting regional rainfall patterns [20-23]. These changes are linked
to a reduction in ET [4,17,24,25], increasing the vulnerability of these ecosystems [26].
Studies suggest that if current loss rates persist, tropical forests in the Amazon could
overpass a critical threshold, triggering significant shifts in global climate circulation [27,28],
interrupting precipitation recycling [4,5], and potentially pushing tropical areas into drier
conditions [29,30].

Understanding the hydroclimate consequences of tropical deforestation and climate
change remains a challenge. Deforestation occurs in complex, fragmented patches, yet
most analyses rely on global climate models whose coarse spatial resolution cannot ac-
curately capture these fine-scale impacts on ET [2,17,31-33], highlighting the need for
high-resolution approaches to monitor water cycling. Moreover, while eddy covariance
(EC) in situ observations have significantly improved our understanding of deforestation
consequences [34,35], the low density of the networks over tropical areas and logistical
difficulties limit their application. Thus, remote sensing offers a powerful tool to over-
come both the coarse resolution of these models and the scarcity of in situ observations.
Remote sensing-based ET models are widely used for ET monitoring [36—40], particularly
in agriculture for efficient water use management [41]. State-of-the-art models estimate
ET by applying principles of surface energy conservation and aerodynamic heat, using
satellite-delivered proxies like land surface temperature (7T),;) and vegetation indices
(e.g., NDVI). However, most of these models were originally developed for agriculture
applications [42,43], with empirical parameters often calibrated for the specific structure
and phenology of crops. Therefore, their performance and uncertainty over complex ar-
eas such as tropical forests are not yet well understood, highlighting a critical need for
further investigation.

The main goal of this study is to evaluate the capabilities and limitations of high-
resolution, remote sensing-based ET models for monitoring tropical forests. Specifically, we
aim to (1) assess the performance of four distinct models (SSEBop, geeSEBAL, PT-JPL and T-
SEB) by comparing their estimates against in situ data from a global network of flux towers;
(2) quantify model uncertainty through a sensitivity analysis of meteorological inputs; and
(3) evaluate the capability of each model to capture ET changes due to deforestation.
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2. Materials and Methods
2.1. Flux Towers Sites

We evaluated models’ accuracy by comparing ET estimates against in situ observations
from EC flux towers located in natural tropical forests (between 23° S and 23° N). These
towers obtain observations of sensible (H) and latent heat flux (LE), which are used to
estimate daily ET. A common issue with EC data is the lack of energy balance closure [44].
Therefore, we corrected the fluxes by partitioning the residual energy based on the Bowen
ratio method [45]. The complete post-processing and quality control algorithm applied to
the flux data is publicly available on GitHub (https://github.com/Open-ET/flux-data-
qaqc, version 0.2.2, accessed on 10 July 2025).

A total of 14 sites from the AmeriFlux (https://ameriflux.lbl.gov/, accessed on 28
October 2025) and FLUXNET (https:/ /fluxnet.org/, accessed on 28 October 2025) networks
were used for this validation. Figure 1 shows the geographical locations of these sites,
while Table 1 provides more detailed characteristics. Five towers are located in Brazil, two
in Peru and one tower in each of the following countries: Congo Republic, China, Costa
Rica, French Guiana, Ghana, Malaysia and Zimbabwe.
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Figure 1. Geographic distribution of the 14 eddy covariance (EC) flux tower sites used in this study.
Black stars show the sites” location, and the green shaded area indicates the global extent of the
tropical forests (based on Ecoregions dataset [46]).

Table 1. Description of the 14 flux towers used in this study.

Site Country Start Date End Date Lon. Lat. Reference

BR-BAN Brazil 1 October 2003 1 December 2006 —50.161 —9.824 Borma et al. [47]
BR-K34 Brazil 6 January 1999 1 October 2006 —60.209 —2.609 Aratjo et al. [48]
BR-K67 Brazil 1 January 2002 1 January 2012 —54.958 —2.856 Saleska et al. [49]
BR-K83 Brazil 1 January 2000 1 March 2004 —54.970 —-3.017 da Rocha et al. [50]
BR-RJA Brazil 23 March 1999 31 December 2002 —61.933 —10.078 Von Randow et al. [51]
CG-Tch Congo Republic 1 February 2006 1 February 2010 11.656 —4.289 Merbold et al. [52]
CN-Din China 1 February 2003 1 February 2006 112.536 23.173 Yu et al. [53]
CR-S0C Costa Rica 1 January 2014 31 December 2014 —84.621 10.3827 Aparecido et al. [54]
FG-GUY French Guiana 1 January 2004 31 December 2014 —52.924 5.278 Bonal et al. [55]
GH-Ank Ghana 1 February 2011 1 February 2015 —2.694 5.268 Chiti et al. [56]
MY-PSO Malaysia 1 February 2003 1 February 2010 102.306 2.973 Kosugi et al. [57]
PE-QFR Peru 1 January 2018 31 December 2019 —73.318 —3.834 Griffis et al. [58]
PE-TNR Peru 1 April 2019 31 December 2024 —69.283 —12.831 Vihermaa et al. [59]
ZM-Mon Zimbabwe 1 August 2000 1 February 2010 23.252 —15.439 Merbold et al. [52]

2.2. Landsat Data

This study used Landsat Collection 2 Level-2 data to provide the necessary multispec-
tral and thermal inputs for the ET models. The dataset combines imagery from Landsat
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5 (TM), Landsat 7 (ETM+), Landsat 8 (OLI/TIRS) and Landsat 9 (OLI-2/TIRS-2), all pro-
vided at 30 m spatial resolution with a 16-day revisit time. To mitigate the impact of cloud
contamination [60], we only used images with less than 50% cloud cover. Remaining clouds
and cloud shadows were then masked out using the accompanying quality assessment

(QA) band.

2.3. Evapotranspiration Models

We evaluated the accuracy of four state-of-the-art, remote sensing-based ET mod-
els. While all the ET models are widely used globally, they differ significantly in their
assumptions and parameterization schemes.

The SSEBop model [61-63] advantage is that it avoids the complex parameterization
common to other energy balance ET models. The model assumes that the evaporative
fraction (ETf) can be calculated for each pixel by linearly scaling its surface temperature
between hot (dry bulb) and cold (wet bulb) reference conditions through a psychrometric
approach (Equation (1)). This process allows daily ET to be estimated by multiplying the
ET; by the alfafa reference ET (ET,). For this study, we used the SSEBop version that
employs the Forcing and Normalizing Operation (FANO) approach to estimate the cold
surface temperature (T,,;4; K units), which is delivered from air temperature [63].

ETf=1—9"%(Tyaa — Teota), 1)

where 7 is the surface psychrometric constant [kPa.°C~ 1] based on a dry condition surface.

A detailed derivation of the SSEBop equations is provided by Senay et al. [61-63].

The Priestley Taylor Jet Propulsor Laboratory (PT-JPL) [64] model is a process-based
model that estimates daily ET by partitioning it into canopy transpiration (E/ i Pl), soil
evaporation (EF tp l) and interception loss (E lp P l). The total daily ET is the sum of these
terms. The model uses the Priestley—Taylor equation [65] to establish a potential ET rate,
which is then converted to actual daily ET by applying biophysical constraints derived
from satellite and meteorological data. The formula for canopy transpiration (E! by ’) can be
calculated as follows (Equation (2)):

- A
Eft]p = (1—fwet)*fg*fT*fsm*“PT*mRnc/ (2)

where fut is the fraction of the canopy surface that is wet, f is the green canopy fraction,
fr is the plant temperature constraint, f, is the soil moisture constraint, apr is the Pristley—
Taylor coefficient (1.26), A is the slope of the saturation vapor pressure-temperature curve
[kPa.°C~1], and Ry, is the net radiation intercepted by the canopy [W.m~2].

The Ef P! is calculated using Equation (3):

Egt]p = [fwet +fsm (1 - fwet)} * “PTm(Rns - G)/ 3)
where R, is the radiation that reaches the soil [W.m 2] and G is the instantaneous soil
heat flux [W.m’zb].

And the Elp tp! (Equation (4))
Ef’t]p = fwet * ApT mRnc/ 4)
A comprehensive description of the equations and formulation of PT-JPL is presented
in Fisher et al. [64].

The Google Earth Engine Surface Energy Balance algorithm (geeSEBAL) model [66]
solves each component of the energy balance equation, calculating the LE as a resid-
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ual. Instantaneous net radiation (Rn), soil heat (G) and H fluxes can be estimate
using Equations (5)—(7), respectively.

Rn = (1 - “)deawn + Rlgown — Rlup - (1 —€0) RSgown )

where RSy, and Rl 3oy, are the short- and longwave incident radiation [W.m~2], RI up the
outgoing long radiation [W.m~2], a the albedo and ¢ the surface emissivity.

Gseesebal — R, (T, — 273.15)(0.0038 + (0.0074 «))(1 — 0.98 (NDVI)*), (6)

where NDV I is the Normalized Difference Vegetation Index.

H = PPaL, )
ah

where 1, is the aerodynamic resistance [sm™1], p is the atmospheric air density [kg.m_3]
and Cp is the specific heat of air at constant pressure [J.kg~'.K~!]. Since in Equation (7) dT
(the temperature difference between two heights above the surface) and r,; are unknown
for every pixel, the equation is typically solved by assuming two extreme anchor pixels
within the image, where the hot pixel represents a dry bare soil where all the energy
available is converted in H (LE = 0), whereas the cold pixels represents a well-watered and
full vegetated surface, which all the energy is converted into LE (H = 0).

By establishing a linear relationship between T,,; and the H using two anchor pixels,
the model estimates H for every pixel. The geeSEBAL model automates this anchor pixel
selection based on the CIMEC algorithm [67], which identifies hot and cold conditions
based on NDVI and T,,; percentiles within each scene.

Once the instantaneous LE is determined (LE = Rn — G — H) the evaporative
fraction is calculated (EF ="/&:-0)), and daily ET is then computed under the assumption
that the EF is constant over a 24 h period (Equation (8)):

ET8eebal — 0,0864 EFL”LZ‘”‘, 8)

where R, 54y, is the daily net radiation [W.m 2] and A is the latent heat of vaporization [k] kg’l].

Further explanation of the equations underlying geeSEBAL is provided in Laipelt et al. [66].

The Two-Source Energy Balance (T-SEB) model [68] estimates daily ET by partitioning
energy fluxes between the soil and vegetation canopy. Unlike models that treat the land
surface as a single flux, the T-SEB model acknowledges that soil evaporation (E*??) and
canopy transpiration (Eéseb) are distinct processes driven by different temperatures and
resistances. The model assumes that the T;,; obtained by the satellite is a composite of
the soil temperature (Ts) and the canopy temperature (1), which can be weighted by the
fraction of vegetation cover (f;), derived from the NDV'I.

0.25
ool = (for T+ (=) T) ©)

Norman et al. [68] developed a procedure to obtain daily ET by using the Priestley—
Taylor formulation to first estimate canopy latent heat flux (LE.), assuming that in the
first step the vegetation is not stressed and well-watered (Equation (10)). Then, canopy
sensible heat (H;) can be estimate as a residual of the canopy balance energy equation
(He = Ry — LE.), while Equation (11) is use to estimate T., and T; is estimated
using Equation (9). Finally, LE; is calculated as a residual of the soil energy balance
equation (LE; = Rys — GPet — Hy), with G and H using Equation (12) and
Equation (13), respectively.

A
LE.=a—R 1
c aA+')’ nes (10)
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H, = pepLe = Tair) (11)
Yan

G5 = 0.35 % Ry (12)

H, = pcp7<Ts — Tair) (13)
Yan

After this first step, if LE; is positive, then a solution for both LEs and LE. is obtained.
On the other hand, if LE, is overestimated, this may lead to negative LE; values. As this
condition is unlikely, an iterative process is performed by reducing the Priestley-Taylor
coefficient («) each step (—0.1) until each pixel LE; is equal or above zero.

Finally, daily ET*® is estimated by summing the contribution of Ef*® and Ef¢ for
each pixel.

Additional details on the equations used in T-SEB can be found in Norman et al. [68].

2.4. Evaluation of Meteorological Forcing Data

Since the ET models depend on meteorological forcing data to represent atmospheric
conditions and calculate reference ET (ET,), we conducted a sensitivity analysis of the me-
teorological inputs for each model. The purpose of this analysis was to identify whether the
models have low or high sensitivity to different meteorological forcings over tropical areas,
given that reanalysis data are well known to have systematic biases in these regions [69,70].
We evaluated the models using widely used global meteorological datasets: ERA5-Land,
CFSV2, GLDAS 2.1 and MERRA-2.

e ERA5-Land: produced by the European Centre for Medium-Range Weather Forecasts
(ECMWEF) [71], provides hourly data on 0.1° grid from 1950 to the present. It is
an enhanced version of the ERA5 climate reanalysis, specifically designed for land
surface applications.

e  CFSV2 (Climate Forecast System Version 2): reanalysis dataset from the National Cen-
ters for Environmental Prediction (NCEP) [72], provides data at a 6-hourly frequency
with a spatial resolution of 0.5°.

e GLDAS 2.1 (Global Land Data Assimilation System Version 2.1): jointly developed
by NASA and NOAA agencies, provides land surface states and fluxes [73]. The
2.1 version provides data from 2000 to the present, with a 3-hourly temporal and 0.25°
spatial resolution.

e  MERRA-2 (Modern-Era Retrospective analysis for Research and Applications v2): pro-
duced by NASA’s Global Modeling and Assimilation Office (GMAO) [74], its data span
from 1980 to the present at hourly scale, with a resolution of 0.5° latitude x 0.625° longitude.

The meteorological variables used by the models include the T,;, [K], the instantaneous
downward shortwave radiation (Sw,y, ) [W.m~2], and daily (Sw%Z}n) [W.m™2], surface
pressure (P) [Pa] and the wind speed (ws) [m.s~']. When not directly available, the
relative humidity is computed (RH = e/e:) by calculating the saturated vapor pressure
(esat) [kPa] from Tp;, (e = 0.6108exp (17-27 * Tuir/237.3 + T,;,). To calculate actual vapor pressure
(es), we used dew point temperature (T},,,) in the previous equation in the absence of direct
specific humidity (7 = 0.622 x (es/P) [kPa] data, as described by [75]. Table 2 shows the
meteorological variables required by each model.
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Table 2. Meteorological input variables required by each ET model.
Model Meteorological Inputs
SSEBop T,;, ws and Sw%ﬁm
PT-JPL Tair, RH, SWagyn, P and ws
geeSEBAL Tair, RH, ws, Swgqq, and Sw%?yn
T-SEB Tyir, ws and SW o4y

2.5. Performance Evaluation

The performance of each model was evaluated using three statistical metrics: the root
means square error (RMSE) (Equation (14)), the mean bias error (BIAS) (Equation (15))
and the SLOPE (Equation (16)).

2
RMSE — \/Z?—l(ETobsn_ ETmodel) , (14)
BIAS — Z?:](ETobsn* ETmodel>’ (15)

Z?:1 E Tobs i ETmodeli
Z?:1 E Tohs;i2

where 7 is the total number of daily (i) observations, ET; is the ET observed at the sites,

SLOPE = ) (16)

and ET ;4 is the ET simulated by the model. Models” average results were computed by
considering a 3 x 3 pixel footprint centered on the flux tower coordinates.

3. Results
3.1. Performance of the ET Models

Overall, the results indicate a good agreement between the modeled and observed
daily ET, considering the four remote sensing-based models and flux tower observations
across global tropical forests (Figure 2). The ERA5-Land dataset was used as the meteoro-
logical forcing for this analysis due to its high accuracy (as discussed in Section 3.2). The
SSEBop model yielded the highest accuracy, with an RMSE of 1.1 mm.day !, a BIAS of
0.2 mm.day ! and a regression SLOPE of 1.0. Following in performance was geeSEBAL,
with an RMSE of 1.2 mm.day ! and a BIAS of 0.4 mm.day ! (SLOPE = 1.0). The PT-JPL and
T-SEB models also performed well, with RMSE values of 1.2 mm.day ! and 1.3 mm.day !,
respectively. Notably, T-SEB showed a slight tendency for underestimation, as indicated by
a negative BIAS (—0.2 mm.day’l) and a SLOPE of 0.9.

The analysis conducted by continent is presented in Figure 3. The lowest average
errors between simulated and observed ET were found in the American continent, where
the models showed average error of —0.34 mm.day ! (geeSEBAL), —0.22 mm.day !
(SSEBop), —0.09 mm.day~! (PT-JPL) and 0.18 mm.day ' (T-SEB). Subsequently, Asia
exhibited intermediate errors (PT-JPL: —0.46 mm.day !, geeSEBAL: —0.43 mm.day !, T-
SEB: —0.25 mm.day !, SSEBop: —0.10 mm.day !). In contrast, the greatest deviations were
observed in Africa, with average errors of —1.35 mm.dayf1 (PT-JPL), —0.95 mm.da;fl
(SSEBop), —0.81 mm.day ! (geeSEBAL) and —0.28 mm.day ! (T-SEB).

3.2. Effect of Meteorological Input Data

The sensitivity of the four remote sensing models (SSEBop, geeSEBAL, PT-JPL and
T-SEB) to four distinct meteorological datasets is summarized in Figure 4. The results
revealed significant differences in models” accuracy, highlighting systematic bias, and
overall sensitivity to the input meteorological data. In terms of overall accuracy, the RMSE
values for most model-forcing combinations ranged between 1.1 and 1.9 mm.day .
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Figure 2. Comparison of daily ET estimates from four models against flux tower EC data at tropical
forest sites. The dashed line indicates the 1:1 relationship. (a) The SSEBop model showed the strongest
agreement, followed by (b) geeSEBAL, (c) PT-JPL and (d) T-SEB.
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Figure 3. Relationship between ET observed (x-axis) with the error difference (y-axis) for the
four remote sensing models (SSEBop, PT-JPL, geeSEBAL and T-SEB), with data categorized by
continent (the Americas, Asia and Africa).

The SSEBop and geeSEBAL models demonstrated the lowest sensitivity to the choice
of meteorological input. In particular, SSEBop was the most robust, with RMSE vary-
ing only between 1.1 mm.day ! (ERA5-Land) to 1.4 mm.day ! (CSFV2). Similarly, the
geeSEBAL model also demonstrated a balanced performance, with low dependence of the
meteorological forcing, as observed by previously studies [76,77]. Its RMSE and BIAS,
regardless of the meteorological forcing, yielded RMSEs of 1.2,1.3,1.4 and 1.5 mm.day’l,
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and BIAS of —0.1,0.4, —0.1 and 0.3 mm.day’1 for ERA5-Land, GLDAS 2.1, MERRA-2 and
CFSV2, respectively.

3.0 3 2.0

a) b) c)
25 2
L B 15
2.0 > 1
%’- BT
15 £ o m J[ -H & 1.0
S S 7
- s "
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Il ERA5-Land EEE GLDAS 2.1 Emm MERRA-2 s CFSV2

Figure 4. Boxplots of Root Mean Square Error (RMSE) (a), BIAS (b) and SLOPE (c) for the SSEBop,
geeSEBAL, PT-JPL and T-SEB models using four different meteorological forcings.

Conversely, the PT-JPL and T-SEB models showed greater sensitivity and systematic
errors. PT-JPL persistently overestimated ET, showing a positive BIAS with three of the
four inputs: ERA5-Land (0.82 mm.day~!), GLDAS 2.1 (0.62 mm.day ') and MERRA-2
(0.58 mm.day ). The performance of both PT-JPL and T-SEB was substantially degraded
when using CFSV2, which caused substantial underestimations with an average BIAS of
—1.1 mm.day~! and —1.6 mm.day !, respectively.

3.3. Spatial-Temporal Response of ET to Tropical Deforestation

Figure 5 illustrates the spatial-temporal impacts of deforestation on daily ET in three
distinct tropical forest regions: the Amazon in Brazil (Figure 5a), the Congo forest in
Zambia (Figure 5b) and Southeast Asian forest in Cambodia (Figure 5c). For each region,
we performed a direct comparison between two specific Landsat scenes: an ‘intact’ scene
from a period of extensive forest cover (before 1990) and a ‘deforested” scene from a recent
period (2024). To ensure the comparison primarily captured the effects of land-use change,
the scenes were selected under similar climatic and seasonal conditions (dry season). The
initial scenes are characterized by relatively homogeneous forests, with models generally
exhibiting high ET values and relative agreement with one another. However, in some
scenarios, models diverged when assessing the impact of deforestation on ET.

In the Amazon site (Figure 5a), the assessed area (nearly 1000 km?) experienced a 79%
increase in large, contiguous deforestation, with land converted into pasture and croplands.
In this region, all models showed high agreement on the resulting impact. The distribution
of percentage ET change between the scenes was toward negative values for all four
models, peaking between —25% and —50%. The mean reductions were larger for SSEBop
and geeSEBAL models (approx. —44%) than PT-JPL (—40%) and T-SEB (—39%).

In contrast, the deforestation patterns in the African and Southeast Asian examples
consist of smaller, fragmented forests. This fragmentation results in a more diffuse and
generalized decrease in ET, which consequently appears to hinder the models’ consensus.
For instance, results from the Congo site (Figure 5b) exhibited a less pronounced effect of
deforestation on ET, despite deforested areas representing 42% of the site. The comparison
between scenes showed that SSEBop demonstrated the highest sensitivity to the land-use
change, with an average ET reduction of —21%. This was followed by geeSEBAL (—13%),
T-SEB (—10%) and PT-JPL (—8%). This particular result may be attributed to the diffuse,
fragmented deforestation and a greater presence of forests, which all models showed
having a positive ET increase between scenes.
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Figure 5. Impact of deforestation on daily ET across three distinct tropical forest regions: (a) the
Amazon (Brazil); (b) the Congo forest (Zambia); and (c) Southeast Asia (Cambodia). Landsat scenes
from a period with homogeneous and intact forest cover were compared with more recent land-use
conditions. Results were estimated by the four models (geeSEBAL, SSEBop, PT-JPL and T-SEB). The
frequency plots illustrate the distribution of percentage change in ET for all the models, calculated
for each pixel.

The most pronounced divergence between the models was observed in the Southeast
Asian example (Figure 5c), where deforested areas increased by 46%. Here, the T-SEB,
geeSEBAL and SSEBop models demonstrated a decrease in average ET between the scenes.
T-SEB showed a 58% reduction, followed by geeSEBAL (—21%) and SSEBop (—33%), while
PT-JPL showed mixed results. These disagreements are a clear example of how differ-
ent models” assumptions and parametrizations within the model can produce divergent
scenarios for impacts of deforestation using the same input data, particularly in regions
characterized by fragmented land cover change.

3.4. Long-Term Impacts of Deforestation on ET

To illustrate the long-term impact of deforestation, we conducted a detailed times-
series analysis (1985-2024) focused specifically on an Amazon site (Figure 6). This site was
selected for the long-term analysis due to the availability of clear-sky images and annual
land-use and cover classification data from the MapBiomas project [78], which is specific
to Brazil.

The analysis compared the ET results for each of the four models. The MapBiomas
data confirms that a major land cover change from forest to pasture and croplands occurred
in this location, primarily after 2004. A gaussian filter was used to highlight the change
between a forested state (1985) and a deforested state (post-2004).

Before deforestation, ET rates were relatively stable and high, with the lowest values
obtained by SSEBop (between 3.0 and 3.2 mm.day~!), and the highest values by PT-
JPL (between 3.2 and 4.3 mm.day~!). For T-SEB and geeSEBAL, values ranged between
2.0 mm.day ! and 3.9 mm.day !, and 2.5 mm.day ! and 4.0 mm.day !, respectively.
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Figure 6. Temporal and spatial response of ET to a deforestation timeline. (a) Displays the time series
of average daily ET from 1985 to 2024 using a low-filtering (gaussian filter) to evident the difference
trends between before (1985) and after (2004) deforestation, as identified by the dashed line. The
lines represent daily ET for SSEBop (orange), T-SEB (brown), PT-JPL (green) and geeSEBAL (black),
with corresponding shaded areas showing the standard deviation between models. (b) Time series
of NDVI (green) and T (red). (c) Spatial distribution of daily ET for the years 1985, 2004, and 2024,
highlighting land use and land cover changes. The black marker indicates the specific point area
used for the time series extraction in panels (a,b).

A significant decline was observed after 2004, coinciding with the land cover con-
version. The average ET after deforestation showed lower values and higher variability
due to seasonal variability, varying between 0.5 mm.day~! and 3.4 mm.day !, remain-
ing at this lower level in the subsequent years. The T-SEB model showed the largest
decrease (1.5 mm.day~!), which suggests a high sensitivity to changes in land-use condi-
tions. SSEBop and geeSEBAL showed similar sensitivity to the perturbation, decreasing
substantially ET, and varying between 1.2 mm.day ! and 3.2 mm.day!. For PT-JPL,
ET results showed the least sensitivity to the land-use cover change, with a decrease of
approximately 0.6 mm.day ~!.

4. Discussion
4.1. Models’ Performance and Spatial Patterns

Our assessment demonstrated that current remote sensing-based ET models have
reliable accuracy for tropical forests, which are comparable to that for other ecosystems
when validated against EC data. However, the performance of these models over tropical
forests using high-resolution imagery has rarely been examined, and such studies have
typically concentrated on the Amazon region [79-82]. Studies in these areas commonly use
coarse-resolution data (e.g., MODIS) [82-86], as such data are more widely available than
high resolution ET data [87].
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For example, Moreira et al. [83] evaluated the accuracy of global ET products (GLEAM,
MOD16) against EC data in South America and reported an uncertainty between 18% and
22% for Amazon sites. Similarly, Paca et al. [84], comparing SSEBop results with MODIS
for Amazon, obtained an average RMSE of 0.8 mm.day !, while Alemayehu et al. [85]
reported an error of 9.2% for the model over dense evergreen forest in Africa. Conversely,
Bai [86] found a positive bias (13%) for the PT-JPL model in Chinese forests, while our
study obtained similar results (11%) for a nearby location (CN-Din site).

Compared to results using Landsat data, Ghisi et al. [88] applied the T-SEB model
over forest sites and reported an average RMSE of 1.1 mm.day !, which is similar to our
findings (1.3 mm.day_l). Furthermore, Numata et al. [89], using the METRIC model [67] at
the BR-RJA site, found an RMSE of 0.8 mm.day~'. This is comparable to what we found
here using geeSEBAL (0.9 mm.day 1), as these two models share similar assumptions,
including the automatic endmembers selection [66].

Regarding spatial patterns, Khand et al. [90], using the METRIC model, found that
deforestation resulted in a ET decrease of approximately 1 mm.day ! for pasture sites
compared to forests during the dry season. Similarly, Silva et al. [91], using coarse-resolution
ET data, found a 28% ET reduction between forested and deforested areas from 2000 to 2014
in Rondonia state (Brazil), which is less than we found in Figure 5 between 1988 and 2024.
In a study using geeSEBAL model and Landsat data, Laipelt et al. [76] found a long-term
ET decrease of 0.8 mm.day ! following deforestation near BR-BAN site.

4.2. Uncertainties in Monitoring Tropical Forest ET with Remote Sensing

Monitoring tropical forests at high spatial and temporal resolutions remains a funda-
mental challenge in remote sensing. First, extensive cloud cover in these humid regions
severely limits the availability of clear-sky imagery, which can affect long-term analysis,
and also introducing systematic biases on land surface temperature [60,92]. As illustrated
in Figure 7, for much of the year the availability of clear-sky imagery (e.g., less than 50%
cloud cover) is severely limited. This problem is particularly worsened during the wet
season, such as from May to August in the Amazon and tropical Asia.

<50%

60%

65%

70%

~N
2
>

@
3
>

85%

than 50% cloud cover

90%

Percentual of images with less

95%

100%

Figure 7. Seasonal and annual (a) percentage of available satellite images with less than 50% cloud
cover. The presence of persistent cloud cover (indicated by warmer colors) significantly reduces
the number of usable observations for ET remote sensing analysis throughout the year and within
specific seasons (JEMA (b), MJJA (c), SOND (d)).

Second, meteorological forcing is highly influential on the accuracy of ET mod-
els [93,94]. This issue is exacerbated in tropical areas due to a lower density of in situ
weather stations compared to mid-latitude regions [70,95] and cloud cover [69]. Conse-
quently, there is a higher reliance on satellite-derived and reanalysis products, which can
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introduce systematic biases. Nevertheless, the data quality of reanalysis products over
tropical areas has the potential to introduce significant biases in ET results. Gomis-Cebolla
etal. [79] evaluated MERRA, ERA5 and GLDAS datasets’ influence on global ET models
in the Amazon comparing against EC site data, finding significant discrepancies between
models’ estimates. Moreover, a scale mismatch often exists between meteorological prod-
ucts and satellite imagery [96]. This discrepancy can degrade model performance by poorly
representing key local variables such as air temperature, relative humidity and radiation.

In this study, different models exhibited sensitivity to these meteorological inputs. We
found that geeSEBAL and SSEBop showed the lowest sensitivity, whereas PT-JPL and T-SEB
showed the highest. The sensitivity of the PT-JPL model to radiation inputs was described
by Fisher et al. [64] and has been confirmed by other studies [97]. Similarly, because
T-SEB models’ parameterization is fundamentally driven by the interplay between T,,;
and near-surface atmospheric conditions, biases in meteorological inputs can significantly
impact model performance [98]. Notably, the ERA5-Land meteorological dataset yielded
the highest model accuracy, and has been successfully utilized for remote sensing ET
predictions [99,100].

In contrast, the CFSv2 dataset consistently yielded the poorest results. This is likely
due to its coarse spatial (~0.5°) and temporal resolution (6-hourly), limiting the ability to
capture local heterogeneity in temperature, humidity and radiation.

4.3. Remote Sensing Estimation of ET for Tropical Forests Monitoring

Satellites are the only viable alternative to continuously monitoring tropical forests
and their contribution to regional climate. While high-resolution surface data have limited
temporal rate [101], there are initiatives aiming at overcoming these gaps. For instance,
combining different satellite datasets to improve high-temporal coverage [102-105] holds
significant potential for tropical regions. For instance, the Harmonized Landsat-Sentinel
product combines and harmonizes observations of both satellites to increase data fre-
quency [106]. A major limitation, however, persists, as the thermal band is an essential
input for most ET models and is not available for Sentinel-2. Though other sensors provide
more frequent thermal data (e.g., MODIS, VIIRS), their coarse spatial resolution (typically
1 km) limits their use for local-scale ET monitoring [101]. To address this, many studies
have focused on methods to enhance the spatial resolution of coarse T,,; [107-109]. Despite
being promising, these approaches have typically been applied over small, specific areas,
with a notable lack of research in tropical areas.

As illustrated in Figure 8 for a deforested area in the Brazilian Amazon, coarse-
resolution data fail to represent the complex, patchy nature of tropical deforestation. The
1000 m MOD16 data, for example, average the ET signal over a large pixel (1 km?). This
aggregation reduces the ET response by mixing the surface signals, consequently becoming
representative of neither the deforested patches nor the surrounding intact forest. In
contrast, the 30 m high-resolution ensemble of the four ET models evaluated in this study
(Figure 8) demonstrates the capacity to represent deforestation patches by capturing the
fine-scale spatial variations over deforested areas, as well as the ET gradient between the
drier, deforested land and the wet surrounding forest.

Upcoming satellite missions are set to significantly benefit ET monitoring by increasing
the frequency of globally available observations. Public initiatives such as TRISHNA
(Thermal infrared Imaging Satellite for High resource Assessment) [110] and Landsat
Next [111] are expected to enhance global monitoring of Earth’s surface, greatly improving
our understanding of ecosystems changes. In the private sector, Hydrosat [112] plans
to launch a constellation of satellites that will provide daily high-resolution thermal and
multispectral data. Furthermore, integrating radar data from missions like Sentinel-1
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and the upcoming NISAR (NASA-ISRO Synthetic Aperture Radar) mission [113] has the
potential to overcome the persistent issue of cloud cover in tropical regions [110,114,115].
Alterations in the radar signal can be directly correlated with vegetation changes, such as
deforestation, and variations in soil moisture content [111-113], although assimilation with
ET models is still needed.

53.7°W 53.5°W

1000-m

eter pixel size  30-meter pixel size

5.7°S

5.9°S

©  (,-Aep'ww) uopeudsuesodery

Deforested areas

Figure 8. ET estimates for a deforested area at different spatial resolutions, showing the effect of pixel
size on mapping ET. Results obtained with MOD16 mask local ET variations due to an inadequate
pixel size to monitor complex local deforestation patches. In contrast, the ensemble average of the ET
models (geeSEBAL, PT-JPL, SSEBop and T-SEB) successfully detected small-scale ET variations over
the deforested areas.

Lastly, the current state and position of remote sensing ET modeling enable the devel-
opment of platforms dedicated to continuously monitoring ET in tropical areas with satel-
lite data. Prominent examples include OpenET [41], which offers ET data for the western
United States and aims to expand to global coverage [114], and FAO’s WaPOR [115], which
provides historical ET data with a focus on the African continent. A global, high-resolution
ET platform with multiple models would democratize access to accurate information,
thereby enhancing our understanding of ET processes.

5. Conclusions

In this study, a comprehensive assessment of four remote sensing-based ET models
was provided for global tropical forests. Models” performance was evaluated by comparing
daily ET estimates against EC data carried out in 14 sites, distributed along nine coun-
tries. Results showed that the evaluated models yielded similar performance metrics and
effectively represented ET over tropical forests. Conversely, their behavior diverged when
subjected to different meteorological inputs and deforestation scenarios. The ERA5-Land
and GLDAS 2.1 datasets consistently provided the most accurate inputs for all four models,
while CFSV2 was associated with the highest uncertainties.

The analysis of deforestation impacts revealed distinct models’ sensitivities. The
magnitude of the ET decrease due to deforestation depended on the specific deforesta-
tion patterns at each site, varying between the evaluated sites. In addition, the long-
term ET changes showed that PT-JPL demonstrated the least responsive to land cover
shifts (—0.6 mm.day!), while T-SEB demonstrated the greatest sensitivity to change
(1.5 mm.day1).

Our findings increase the understanding of the benefits and limitations of applying
different high-resolution ET models in these areas. By demonstrating their reliability, this
study confirms that these models are valuable tools for assessing the forest’s contribution
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to water flux circulation and potential impacts of deforestation, which can significantly sup-
port regional conservations’ efforts. Future research should incorporate additional datasets,
such as Sentinel-2 satellite imagery, coupled with downscaling methods. This approach
will improve spatial and temporal resolution, enabling more detailed and continuous
observations of these globally important ecosystems.
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