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ABSTRACT: Terrestrial evapotranspiration (ET), as the link between water, energy, and carbon cycles, is key to under-
standing climate impacts on freshwater availability, agricultural yields, and forest mortality. Earth-observing sensors, such as
the Moderate Resolution Imaging Spectroradiometer (MODIS) carried by NASA’s Earth Observing System (EOS), are
well suited to the study of ET at regional to global scales. As the era of EOS comes to a close, we present a comprehensive
calibration and validation of the latest MODIS MOD16 ET product as well as new ET estimates based on data from the
Visible Infrared Imaging Radiometer Suite (VIIRS) sensor, which is very similar to MODIS and is carried by the Suomi

NPP and NOAA-20 satellites, to continue the now 25-yr record of ET estimates from MOD16. Substantial updates and im-
provements to MOD16 are reported for the first time in over a decade of widespread use. Ground data sources including
tower latent heat fluxes and plant traits are used in a Bayesian model-data fusion to constrain MODIS- and VIIRS-based
ET estimates. Independent validation against sapflow and tower data shows that the resulting products have lower absolute
bias and higher accuracy than the current MOD16 Collection 6.1 product. While MOD16 underestimates cropland ET, an
intercomparison with the OpenET suite of models indicates that the improved MOD16 has the lowest error, lowest absolute
bias, and highest model efficiency at noncropland sites. In combination with MODIS primary productivity estimates, these
updates to MOD16 ensure the continuity of multidecadal ET and water-use efficiency estimates through 2030 or later.

KEYWORDS: Evapotranspiration; Hydrologic cycle; Hydrologic models; Ecological models; Remote sensing;

Atmosphere-land interaction

1. Introduction

Major interest in terrestrial evapotranspiration (ET, the

sum of evaporated surface water and water vapor transpired

by plants) has been motivated, in part, by its magnitude: After

precipitation, ET is the second largest flux in the water cycle

over land, returning almost two-thirds of terrestrial precipita-

tion to the atmosphere (Oki and Kanae 2006; Trenberth et al.

2007) by consuming the majority of available solar energy at

the surface (Wild et al. 2013), thereby linking the global water

and energy cycles. As ongoing climate warming increases the

amount of water the atmosphere can hold (Huntington 2006),

the horizontal transfer of water vapor and concomitant changes

in aridity are uncertain (Greve et al. 2014; Miralles et al. 2014;

Huang et al. 2016) despite the significant consequences for

freshwater availability to terrestrial ecosystems and human

communities. But ET is also of interest because it links the wa-

ter cycle to the global carbon cycle (Zhang et al. 2015; Yang

et al. 2023). The loss of water (through plant stomata) necessary

for carbon gain fundamentally links ET (as transpiration) and

vegetation carbon uptake. Changes in the efficiency of water-

for-carbon [water-use efficiency (WUE)] may ultimately deter-

mine changes in woody plant mortality, agricultural yields, and,

again, changes in water supplies (Xu et al. 2019; McDowell et al.

2022).

ET is driven by Earth’s surface energy balance and medi-

ated by the state of the near-surface atmosphere, the wetness

of surface soils, and the extent and type of surface vegetation.

As such, it is a quantity that is well-suited for study by Earth-

observing satellites, including NASA’s Earth Observing Sys-

tem’s (EOS) (Justice et al. 2002) Terra and Aqua satellites,

which have carried the Moderate Resolution Imaging Spectrora-

diometer (MODIS) sensor for over two decades. MODIS data

on surface albedo, leaf area index (LAI), and vegetation cover

have enabled global, annual estimates of ET or potential ET and

weekly estimates of latent heat flux from the MODIS MOD16

product (Mu et al. 2007, 2011) for nearly 25 years. MOD16 ET

has been used to define planetary boundaries (Newbold et al.

2016), to quantify global water availability (Zhang et al. 2023;

Bhattarai et al. 2023), to study the climate resilience of world

ecosystems (Seddon et al. 2016), and to analyze the contribution

of forests and vegetation change to the planet’s surface energy

balance (Li et al. 2015; Duveiller et al. 2018). The product’s low

latency, moderate resolution (500 m), and global extent have en-

abled its frequent inclusion in global meta-analyses and ensem-

ble modeling (e.g., Liang et al. 2021; Yang et al. 2023).

Although it has been operational and seen widespread use

for almost two decades, MOD16’s last major improvement

(Mu et al. 2011) used a limited network of just 46 eddy covari-

ance (EC) towers to constrain the model’s predictions. In that
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time, the MODIS data archive has grown, as have global data-

bases of EC tower fluxes (Poyatos et al. 2021) and other

ground-based measurements (e.g., Kattge et al. 2020). The

most recent version, MOD16 Collection 6.1 (C61), was cali-

brated using MODIS Collection 5 data, which are now obso-

lete. The MOD16 algorithm has also changed; this paper is the

first published description of the current, operational algo-

rithm since Mu et al. (2011). And now, the longevity of

MOD16’s multidecadal ET and latent heat flux data is imper-

iled by the end of the Terra and Aqua satellite missions. Data

from the Visible Infrared Imaging Radiometer Suite (VIIRS)

sensor aboard the Suomi National Polar-Orbiting Partnership

(SNPP) and NOAA-20 satellites are being used to ensure the

continuity of MODIS products (Endsley et al. 2023; Román

et al. 2024) and may enable MOD16 ET estimates to reach a

30-yr record, or longer. Here, we describe the updated MOD16

algorithm (Table 1 serves as a guide to abbreviations) as well

as a comprehensive calibration and validation (Cal–Val) of

MOD16 and the development of a new VIIRS VNP16 ET

product.

2. Data and methods

Despite the long history and widespread application of

MOD16, but perhaps because of its complexity, previous de-

scriptions of the model suffer from inaccuracies or obsolescence.

TABLE 1. Commonly used abbreviations in this paper, followed by the abbreviations used for PFTs.

Abbreviation Description

EC Eddy covariance, referring to EC towers that measure latent heat flux

C61 MODIS Collection 6.1, the most recent version of MODIS data products

C61-UG MODIS MOD16 Collection 6.1 User Guide

fPAR Fraction of PAR absorbed by the canopy, i.e., fraction of the ground that is covered by canopy

GEOS Goddard Earth Observing System, the land surface model providing surface meteorology data to MOD16

GEOS-IT GEOS for Instrument Teams, a specific product of the GEOS land surface model

GLEAM Global Land Evaporation Amsterdam Model (Miralles et al. 2025)

GPP Gross primary productivity, the total carbon uptake of an ecosystem

lE Latent heat flux, the product of the latent heat of vaporization l and the mass flux of water E

KGE Kling–Gupta efficiency

LAI Leaf area index, the amount of leaf area per unit ground area as seen from above

MCD12Q1 MODIS-based land-cover product, an input to MOD16 and VNP16

MCMC Markov chain Monte Carlo

MODIS Moderate Resolution Imaging Spectroradiometer

MOD15A2H The MODIS fPAR and LAI data product, an input to MOD16

MOD16 Satellite-based ET data product, originally using MODIS data only

MOD16A3HGF The year-end, gap-filled annual ET product from MODIS MOD16

MCD43A3 The MODIS-based surface albedo product, an input to MOD16

PAR Photosynthetically active radiation

PM Penman–Monteith, a methodology for computing ET

PFT Plant functional type

RMSE Root-mean-square error

SNPP Suomi National Polar-Orbiting Partnership, a satellite carrying the VIIRS sensor

SVP Saturated vapor pressure, the vapor pressure when the air is saturated with water

TRY The global TRY database of plant traits (Kattge et al. 2020)

T/ET The transpiration T fraction of total ET

Ecanopy/ET The canopy evaporation fraction of total ET

Esoil/ET The soil evaporation fraction of total ET

VIIRS Visible Infrared Imaging Radiometer Suite

VNP15A2H The VIIRS fPAR and LAI data product, an input to VNP16

VNP16 Satellite-based ET data product using VIIRS data from the SNPP satellite

VNP43MA3 The VIIRS-based surface albedo product, an input to VNP16

VPD Vapor pressure deficit, a measure of the dryness of the air

WUE Water-use efficiency (the GPP:ET ratio)

ENF Evergreen needleleaf forest

EBF Evergreen broadleaf forest

DNF Deciduous needleleaf forest

DBF Deciduous broadleaf forest

MF Mixed forest

CSH Closed shrubland

OSH Open shrubland

WSV Woody savanna

SAV Savanna

GRS Grassland

CRO Cropland

J OURNAL OF HYDROMETEOROLOGY VOLUME 26818

Brought to you by UNIVERSITY OF MICHIGAN | Unauthenticated | Downloaded 06/24/25 03:33 PM UTC



Consequently, previous descriptions are inconsistent with the

operational product originally developed by Mu et al. (2007,

2011). A complete, up-to-date model description is available in

the software documentation of the open-source Python imple-

mentation (Endsley 2024). Here, we correct and update previous

model descriptions using theMOD16 C61 User Guide (Running

et al. 2021) (hereafter, “C61-UG”) as a starting point. The C61-

UG does provide an accurate, flowchart representation of the

MOD16 algorithm (C61-UG, Fig. 2). For consistency and clarity,

Table 2 delineates the parameters of the model. The new VIIRS

VNP16 product uses the same MOD16 algorithm and parame-

ters, but it is driven by canopy and surface albedo observations

from VIIRS instead of MODIS.

a. The MOD16 algorithm

The purpose of MOD16 is the estimation of ET or, equiva-

lently, of latent heat lE flux from the terrestrial surface to the

atmosphere. The lE flux is just one of the components of the

surface energy balance, along with sensible heat H, ground

heat flux G, the change in heat storage DS, and their total,

which is the net radiation intercepted by Earth’s surface R,

R 5 H 1 lE 1 G 1 DS: (1)

Here, lE is the amount of heat that has been used to vapor-

ize (or evaporate) water. MOD16 uses the Penman–Monteith

(PM) approach to modeling evaporation (Cleugh et al. 2007;

Mu et al. 2007), which is based on two key ideas (Monteith

1965). First, the conservation of energy is used to determine

how much (solar and thermal) energy is available to vaporize

water. Second, the saturation vapor pressure (SVP) of the air

is used to determine when to stop vaporizing water, i.e., when

the air is saturated. These ideas were further developed into

calculations for the effective resistances to water vapor trans-

port: the surface (or canopy) resistance, which describes the

(inverse rate of) diffusion of water from the source (e.g., pure

soil water or a turgid leaf mesophyll) to the evaporative front;

and the aerodynamic resistance, which is chiefly the (inverse

rate of) diffusion of water vapor into the free air (van de

Griend and Owe 1994).

MOD16 simplified the calculation of surface resistance by

using remotely sensed observations of the vegetation canopy

(Cleugh et al. 2007), which ultimately enabled partitioning of

the lE flux further into evaporation from bare soil surfaces

and the evaporation and transpiration from wet canopy (Mu

et al. 2007; K. Zhang et al. 2016). In the original MOD16 algo-

rithm (Mu et al. 2007), the vegetation canopy observations

[LAI and the fraction of photosynthetically active radiation

(fPAR)] were derived from the MODIS sensor aboard the

Terra and Aqua satellites. Because of the presence of clouds,

daily MODIS data at 1-km resolution (later, at 500-m resolu-

tion) were composited into 8-day maximum-value composites

(Myneni et al. 2002); hence, MOD16 ET estimates were also

provided as an average over 8-day periods. The other MODIS

input to MOD16 is the surface albedo, which is based on 16-day

composites at 500-m resolution (Schaaf et al. 2018).

Fundamentally, the model estimates the 8-day lE flux as

the sum of bare soil evaporation, evaporation from wet can-

opy, and transpiration (Mu et al. 2011). MOD16 is calibrated

against the daily average lE flux measured at EC towers.

While this flux cannot be partitioned into transpiration or soil

or canopy evaporation, the total of these constituent daytime

and nighttime fluxes estimated by MOD16 are compared to

tower observations during calibration.

Calculating each component of ET (soil evaporation, can-

opy evaporation, and transpiration) begins with partitioning

the net energy at Earth’s surface A [Eq. (3)], and, in all ver-

sions of MOD16, the net radiation at the canopy Acanopy or

soil Asoil drives the rate of lE flux from vegetation or soil, re-

spectively. This partitioning is determined by canopy fPAR

and, in the case of Asoil, by G. Then, each component of ET is

calculated based on an elaboration of the PM equation (Mon-

teith 1965):

lE 5
sA 1 rCp(esat 2 e)(rA)

21

s 1 g[1 1 r
S
(r

A
)21]

, (2)

where esat 2 e is the vapor pressure deficit (VPD) or differ-

ence between saturated esat and actual e vapor pressure; s is

the slope of the esat curve; rCp, the product of air density r

and air’s specific heat capacity Cp, is the heat storage capacity

of the air; g is the psychrometric constant, relating e to tem-

perature; and rA and rS are the aerodynamic and surface resis-

tances to latent heat flux, respectively (Endsley 2024). Each

component of lE is computed based on Eq. (2), and each is

proportional to (sA1 1)/(s1 1), exchanging radiation and re-

sistance terms depending on the component. The calculation

of transpiration exchanges A for Acanopy, computes rA differ-

ently, and includes canopy resistance [Eq. (5)]. The calcula-

tion of (potential) soil evaporation exchanges A for Asoil

TABLE 2. MOD16 model parameters, in a common notation

used in this paper, based on the original table in Endsley (2024).

Parameter Description

Tmin,close Temperature at which stomata are almost

completely closed (8C)

Tmin,open Temperature at which stomata are almost

fully opened (8C)

VPDclose VPD at which stomata are almost

completely closed (Pa)

VPDopen VPD at which stomata are almost

completely opened (Pa)

gSH Leaf conductance to sensible heat per unit

LAI (m s21 LAI21)

gWV Leaf cond. to evaporated water per unit

LAI (m s21 LAI21)

gcuticular Leaf cuticular conductance (m s21)

CL Mean potential stomatal conductance per

unit leaf area (m s21)

rBL,min Minimum atmospheric boundary layer

resistance (s m21)

rBL,max Maximum atmospheric boundary layer

resistance (s m21)

B Soil moisture constraint on potential soil

evaporation
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[Eq. (6)], and the resistance terms account for the resistance

to water movement through the soil column and near-surface

air [Eq. (7)]. The calculation of canopy evaporation exchanges

A for Acanopy and is described in full by Mu et al. (2011). A full

description of the MOD16 algorithm is available in Endsley

(2024).

Transpiration is also driven by the LAI, daily minimum

temperature Tmin, and VPD; the key quantity for estimating

transpiration is the surface conductance, which is based on a

potential stomatal conductance CL that is reduced under lim-

iting conditions (low Tmin or high VPD) according to four pa-

rameters (see Table 2); these describe linear functions that

convert Tmin and VPD into scalars between zero (stomata

completely closed and conductance fully limited) and one

(stomata completely open). Cuticular conductance gcuticular is

a minor contribution to transpiration. Evaporation from wet

canopy is driven by VPD but also inhibited by the resistance

to water vapor transport gwv and the parallel resistances to ra-

diative heat transfer and sensible heat transfer gSH. Evapora-

tion from bare soil is primarily a function of VPD and the

combined surface and aerodynamic resistances. The com-

bined resistance increases with increasing VPD (according to

a linear ramp function bounded by rBL,min and rBL,max) be-

cause it is assumed that the near-surface air is in equilibrium

with the soil surface; hence, the drier the air, the drier the soil.

b. Differences between MODIS and VIIRS ET

data products

As two different EOS satellites carry MODIS sensors, the

MODIS-based MOD16 data products are produced using

data from either Terra (products with names beginning

“MOD16”) or Aqua (names beginning “MYD16”). The Terra

satellite’s original orbit was designed such that it crossed the

equator at the same mean local time (MLT), 1030 MLT; for

Aqua, this was 1330 MLT, which accounts for the primary dif-

ference between Terra and Aqua data products. As Terra and

Aqua have both exceeded their design life and their orbits are

now drifting, the equatorial MLT is also changing (Román

et al. 2024), which partly motivates the development of new

MOD16-based estimates, using data from a different source.

With the launch of the VIIRS sensor aboard SNPP in 2012,

new LAI and fPAR data became available with the same spa-

tial and temporal resolutions as the corresponding MODIS

data (Myneni and Knyazikhin 2018). The VIIRS sensor is

very similar to MODIS, and while the spectral bands and their

calibrations do differ, the LAI and fPAR data produced by

MODIS and VIIRS are very consistent (Xu et al. 2018; Yan

et al. 2021), with some caveats. First, the SNPP and NOAA-20

satellites that carry VIIRS also have an equatorial MLT of

1330 MLT. In the humid tropics, solar insolation (driving ET)

tends to produce more clouds as the day progresses, leading

to cloudier conditions in the afternoon than in the morning.

This results in lower-quality retrievals of vegetation canopy

parameters such as fPAR and LAI (Xu et al. 2018), which

would be filled with seasonal-average values (or, in the gap-

filled product, with values from a nearby date) more often.

MODIS also has better performance at high LAI values

(Yan et al. 2021).

Similarly, the detection of clouds and other low-quality con-

ditions is hampered in the VIIRS products (Yan et al. 2021).

These differences mean that VIIRS fPAR and LAI show

greater deviations from MODIS over relatively dense tropical

canopies like evergreen broadleaf forest (EBF). The 8-day

compositing and the difference in the effective pixel size at the

edges of an image (due to off-nadir viewing angles) are other

sources of difference between MODIS and VIIRS fPAR and

LAI retrievals (Yan et al. 2021) that likely effect all regions and

biomes. The MODIS and VIIRS albedo products (MCD43A3

and VNP43M, respectively), on the other hand, show strong

consistency (Liu et al. 2017) and, while the two specific albedo

products used in MOD16 and VNP16 were not directly com-

pared, both have effective spatial resolutions (i.e., at any view

angle) of less than 1 km (Campagnolo et al. 2016).

For these reasons, and because long-term assessments of ET

spanning both generations of sensors are certainly needed

(Román et al. 2024), we assessed whether bias exists between

MODIS MOD16 and VIIRS VNP16 ET estimates. To ensure

the continuity of MOD16’s multidecadal record, we evaluated

the suitability of VIIRS shortwave albedo (VNP43MA3; Schaaf

et al. 2018) and VIIRS LAI and fPAR (VNP15A2H; Myneni

and Knyazikhin 2018) for producing a new VIIRS ET product

(VNP16) using the same MOD16 algorithm. Because MOD16

ET is a downstream product of the MODIS (or VIIRS) land

product suite, integrating MODIS (or VIIRS) data with a phys-

ical model, it is less affected by the aforementioned differences

between sensors. Therefore, we first evaluated the impact from

using VIIRS data on modeled ET performance in the updated

MOD16 model; i.e., with the same Biome Properties Lookup

Table (BPLUT) as the recalibrated MOD16 but using VIIRS

instead of MODIS data in the forward simulation.

c. Updates to MOD16 and the algorithm description

Since the publication of Mu et al. (2011), the operational

MOD16 product has seen improvements made by NASA that

have not been previously reported. First, the calculation of net

radiation A is no longer based on surface emissivity [C61-UG,

Eq. (7)] and is instead based on the sum of shortwave and

longwave radiation:

A 5 (1 2 a)RS_ 1 RL, (3)

where RS_ is the total downwelling, shortwave radiation

(MJ m22 day21); RL is the net downward, longwave radiation

(MJ m22 day21); and a is the shortwave albedo under “black-

sky” conditions. At night, RS_ is assumed to be zero and so the

net radiation is equal to RL.

Air pressure (Pa) is still a (static) function depending only

on elevation (Iribane and Godson 1981), as in the C61-UG

but is simplified:

Pa 5 Pstd 3 (1 2 ‘zT21
std )

5:256, (4)

where ‘ is the standard temperature lapse rate (0.0065 K m21),

z is the elevation in meters, and Pstd and Tstd are the standard
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pressure (101325 Pa) and temperature (288.15 K) at sea level

(Endsley 2024).

The calculation of canopy conductance to transpiration

GC (m s21) has also changed. It should now be calculated as

a parallel conductance of leaf cuticular and stomatal compo-

nents gC and gS, in series with leaf boundary layer conduc-

tance gBL:

G
C
5

gBL(gS 1 g
C
)

gBL 1 gS 1 gC
where gBL 5 glsh 3 LAI(1 2 Fwet),

(5)

where the LAI is the one-sided leaf area index, glsh is the leaf

conductance to sensible heat (per unit LAI), gS is the stomatal

conductance (m s21), gC is the leaf cuticular conductance

(m s21), and Fwet is the fraction of the surface that is inundated.

Previous model descriptions omitted details on the calcula-

tion of SVP, used in calculating humidity; SVP is calculated

based on a form of the August–Roche–Magnus formula by

Abbott and Tabony (1985) (cited by Alduchov and Eskridge

1996, their Table 1). The C61-UG also omits the details on the

calculation of air density, which should be based on the

“simplified” formula from the National Institute of Standards

and Technology (NIST, cited by National Physical Laboratory

2002).

There are also errors in previous publications that need to

be addressed. In the MOD16 C61-UG, in calculating net radi-

ation received by the soil Asoil [Eq. (8)], it is suggested that

only net radiation is modulated by the bare soil area (repre-

sented as 1 2 fPAR, where fPAR is the fraction of photosyn-

thetically active radiation intercepted by the canopy). In fact,

it is the difference between net radiation and the ground heat

fluxG that is modulated:

Asoil 5 (1 2 fPAR) 3 (A 2 G): (6)

There is an error in both Mu et al. [2011, Eq. (26)] and in

C61-UG [Eq. (19)] regarding the calculation of atmospheric bou-

ndary layer resistance, part of the soil evaporation calculation.

This is a confusing part of the MOD16 algorithm because it inten-

tionally combines aerodynamic and surface resistances into a bulk

“boundary layer resistance” (s m21) and uses humidity as a proxy

for the surface soil moisture content. That equation should be as

follows:

rtotal 5 rcorr 3

rBL;min VPD # VPDopen

rBL;max 2
(rBL;max 2 rBL;min)(VPDclose 2 VPD)

VPDclose 2 VPDopen

VPDopen , VPD , VPDclose

rBL;max VPD $ VPDopen

:

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(7)

That is, boundary layer resistance rtotal ought to be an in-

creasing function of VPD, not a decreasing function, as implied

in Mu et al. [2011, Eq. (26)]; other parameters are defined in

Table 2. Previous publications (Mu et al. 2011, C61-UG) erro-

neously switched the terms rBL,min and rBL,max.

These errors (in Asoil and rtotal) are limited to previously

published descriptions; they are not in the operational code and

do not affect the performance of MOD16 C61 or any earlier

product releases, but they may have affected other MOD16 im-

plementations from the literature that are based on the C61-UG

or Mu et al. (2011). These errors, changes to MOD16, or both

might explain differences in the sensitivity and uncertainty anal-

yses reported herein as compared to other recent studies (e.g.,

Zhang et al. 2019; Brust et al. 2021).

d. Model calibration procedure

Latent heat fluxes from 317 towers, worldwide, were com-

piled from the AmeriFlux and FLUXNET (Pastorello et al.

2020) collections (Table S13 in the online supplemental

material). Half-hourly records of latent heat flux were aggre-

gated to mean daily flux following the procedure described by

Zhang et al. (2019). Specifically, the surface energy balance

was calculated for each observation as the difference between

net radiation and the sum of latent, sensible, and ground heat

fluxes. Records where the imbalance was greater than 10 W

m22 min21 were discarded. Records where any part of the en-

ergy budget (latent, sensible, or ground heat flux) was missing

were also discarded. Days with more than 6 h of missing data

were not used; i.e., latent heat flux was aggregated, taking the

mean, only for days with at least 36 half-hourly observations.

In the fewer than 2% of cases where the mean daily heat flux

was calculated to be negative, we assigned zero, as negative la-

tent heat fluxes are generally associated with stable conditions

under which EC measurements are less reliable (Paulus et al.

2024). An additional 34 towers, mostly in the United States,

were removed from the calibration–validation (Cal–Val) data-

set because of very high rates of missing or poor-quality

data.

To compute predicted latent heat fluxes with MOD16 (to be

compared to observed fluxes at towers), we compiled surface

meteorological driver data from the NASA GMAO Goddard

Earth Observing System (GEOS) for Instrument Teams

(GEOS-IT), for each tower site. Air pressure in MOD16 is

static for a given location and calculated based on elevation

data from the 30-arc-s Shuttle Radar Topography Mission da-

taset (NASA-JPL 2013). While VPD, air temperature, air den-

sity, and relative humidity were calculated separately for

daytime and nighttime, the minimum temperature is the daily

minimum of hourly air temperature estimates. Canopy fPAR

and LAI were estimated at each tower site based on either the

gap-filled MODIS MOD15A2H (Myneni et al. 2002) or

VIIRS VNP15A2H product (Myneni and Knyazikhin 2018),

where gap filling addresses missing data caused by unfavorable

atmospheric conditions, such as cloud cover and aerosols
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(Zhao et al. 2005). These 8-day estimates were sampled within

a 3 3 3 pixel window (approximately 1.5-km footprint), cen-

tered on the tower, and then interpolated to daily time steps.

Black-sky, shortwave albedo was estimated at each tower site

based on either the MODIS MCD43A3 or VIIRS VNP43MA3

products (Schaaf and Wang 2021), using the same spatial sam-

pling as for fPAR/LAI and the same interpolation to daily time

steps.

Using these driver data and the tower latent heat fluxes,

MOD16 was calibrated using Bayesian data fusion, where

prior estimates of some MOD16 parameters (all except b and

the Tmin and VPD parameters, see Table 2) were derived

from multiple published sources, using maximum likelihood

estimation (MLE) to fit lognormal distributions to the avail-

able data, given the right skew of conductance distributions.

This approach to calibration is a commonly used alternative

to numerical optimization (e.g., stochastic gradient descent) and

is advantageous because it allows for disparate, prior data sour-

ces to be integrated and it provides a distribution of optimal pa-

rameter values, rather than a single point estimate. Model

calibration was performed separately for each plant functional

type (PFT, Table S1), based on the MODISMCD12Q1 “type 2”

land-cover classification (Friedl and Sulla-Menashe 2019;

Sulla-Menashe et al. 2019). Details on the selection of priors

for model-data fusion can be found in the supplemental

material.

The model calibration was performed using Markov chain

Monte Carlo (MCMC) with the Differential Evolution Metropo-

lis sampler described by Ter Braak and Vrugt (2008), as imple-

mented in the PyMC framework (Abril-Pla et al. 2023; Wiecki

et al. 2024). A total of 20000 samples were drawn from the poste-

rior for each of three chains, based on a root-mean-square error

(RMSE) pseudo-likelihood function, and chains were assessed in

the manner described by Endsley (2024). We experimented with

imposing an additional constraint on the objective function

(RMSE), where an additional penalty was incurred if mean an-

nual ET exceeded the mean annual precipitation (MAP) for a

site, where MAP was determined by the IMERG-Final global

precipitation product (NASA 2019). However, despite its theo-

retical value, this constraint did not improve postcalibration

goodness-of-fit, so it was not used in producing the final results.

e. Model sensitivity analysis

The model sensitivity analysis performed followed closely

the procedure of Endsley et al. (2023). The choice of bounds

for parameters has a large effect on the results of this kind of

sensitivity analysis. We chose physically meaningful bounds

for each parameter based on the literature, similar to how

prior distributions were defined (see the supplemental mate-

rial). We also evaluated how changing some of the bounds af-

fected the parameter sensitivity scores and found that it did

not affect the ordering of parameters, by sensitivity score,

within the top five parameters. In addition to a sensitivity anal-

ysis of the model parameters, we also evaluated the sensitivity

of the model to the input drivers, using the same variance-

based sensitivity framework, with the model parameters set to

their average values across all PFTs.

f. Independent validation

For independent validation, some EC tower data were ex-

cluded from model calibration. We excluded between 9 and

40 site-years of data for each PFT, with the exception of closed

shrubland (CSH), a PFT for which there were too few towers

and, therefore, only 1 site-year could be spared. The structured

random sample of site-years, within PFT classes, was based

only on site-years where at least 97% of the year’s daily obser-

vations were valid. Initially, up to 25 site-years of data were ex-

cluded for each PFT, but additional towers within the

contiguous United States (CONUS) were reserved to facilitate

a better comparison with OpenET (see section 2g). Validation

statistics were reported using only the excluded data and in-

clude RMSE, mean bias, Pearson correlation, and the Kling–

Gupta efficiency (KGE; Gupta and Kling 2011). The KGE is a

metric that balances the previous three statistics (RMSE, bias,

and correlation) and is frequently used in hydrological studies

because of the tendency for RMSE-based performance assess-

ments to result in low variance of predictions; 1.0 is the highest

(best) KGE score possible.

We also validated MOD16 and VNP16 estimates against sap-

flow measurements from the SAPFLUXNET database (Poyatos

et al. 2021). Using the “sapfluxnetr” package for R, we filtered

out the sites that indicated some kind of management, drought

or irrigation treatment, or CO2 enrichment. Then, we com-

puted 24-h daylight metrics using the provided aggregation

function, computing the 50th percentile of daylight sapflow.

We then aggregated these individual-level sapflows, for each

site, to a stand-level sap fluxQstand following the procedure rec-

ommended by Poyatos et al. (2021):

Qstand 5 Astand 3 ∑
K

k
fk

1

N
∑
N

i2k

Q
i

Ai

( )
, (8)

whereQi is the individual-level sapflow from the SAPFLUXNET

database, aggregated to daily time steps; Ai and Astand are the

individual- and stand-level basal areas, respectively; N is the

number of individuals of species k (K total species) that are

found in that stand; and fk is the proportion of the stand

area represented by that species. Where fk was missing from

sites with only one species present, those records were as-

signed fk 5 1.0 (100%). After summing up sapflows for each

time step at each site, records where the total summed area

fraction (total fk) was less than 0.95 (95%) were removed.

We also filtered out sites with fewer than 30 time steps, to im-

prove the quality of data for comparison. Because of the indirect

relationship between sapflow and transpiration (Wullschleger

et al. 2001), we decided to assess the relationship between

daytime, stand-level sap fluxes Qstand, and MOD16 daytime

transpiration using only the Pearson correlation. When com-

paring to SAPFLUXNET sites, where we lacked GEOS-IT

data, both MOD16 C61 and updated MOD16 ET estimates

were generated using climate driver data from the publicly

available Modern-Era Retrospective Analysis for Research

and Applications, version 2 (MERRA-2; Gelaro et al. 2017),

which has identical resolution and a similar climatology to

GEOS-IT.
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g. Global and regional comparisons

The partitioning of global and regional ET fluxes is critical

for linking the carbon and water cycles. Partitioning is also a

useful diagnostic for model performance because it can be

constrained by observations (e.g., from isotope studies) and is

widely reported in the prior literature. We calculated transpi-

ration, soil evaporation, and canopy evaporation separately

for each tower site in the Cal–Val dataset. These fluxes were

then divided by their total within each PFT group. Global me-

dian values were calculated based on an area-weighted nor-

malization, using each PFT’s global land area proportion

(Table S1) in the global MODIS MCD12Q1 type 2 map

(Friedl and Sulla-Menashe 2019; Sulla-Menashe et al. 2019).

We also generated global maps of MOD16 and VNP16 ET

at 5-km resolution using the updated algorithm and calibrated

BPLUTs from this study (see section 2a) to verify model per-

formance and consistency in representing global ET trends.

The lower resolution (5 km) is necessitated by computational

constraints and the long period of study. The resulting model

trends were evaluated against other ET records obtained

from the NASA MOD16 operational baseline (C61), gap-

filled MOD16A3HGF product, and the Global Land Evapo-

ration Amsterdam Model, version 4.1a (GLEAM v4.1a;

Miralles et al. 2025), global, gridded product. Theil–Sen ro-

bust trends were used when calculating trends in annual ET

over time. To highlight the strengths of MOD16 and its syn-

ergy with other MODIS products, we also computed ecosys-

tem WUE as the ratio of MOD17 gross primary productivity

(GPP) to updated MOD16 ET, where GPP is based on the

global 5-km simulations in Endsley et al. (2023). WUE trends

were assessed over the CONUS as a regional case study, eval-

uating cross-product consistency and potential synergy in clar-

ifying dynamic trends in terrestrial water and carbon fluxes,

and their linkages.

h. Comparisons with other models

Model-to-model comparisons are also useful for bench-

marking model performance. OpenET is a model intercom-

parison project that runs an ensemble of ET models using

field-scale data within the CONUS (Melton et al. 2022). The

models include ALEXI/DisALEXI (Anderson et al. 2007,

2018), eeMETRIC (Kilic et al. 2021), geeSEBAL (Laipelt

et al. 2021), PT-JPL (Fisher et al. 2008), SIMS (Melton et al.

2012), and SSEBop (Senay et al. 2023). We obtained monthly

ET data for each OpenET model, and the ensemble mean

where outliers were removed based on the mean absolute de-

viation (Volk et al. 2023a), covering the period 2001–20. The

corresponding OpenET calibration and validation dataset

(Volk et al. 2023b) contains EC tower fluxes for 71 sites in the

CONUS that were not used in the MOD16 Cal–Val dataset.

Of these 71 sites, only 61 have data from OpenET models due

to the differences in coverage (Volk et al. 2024). For inter-

comparison with OpenET, daily MOD16 lE (W m22) esti-

mates (from a 3 3 3 MODIS pixel footprint, approximately a

750 m radius centered on each tower location) were averaged

over monthly time steps. OpenET and MOD16 were both

compared to the 61 independent tower records in terms of

RMSE, correlation, bias, and KGE.

3. Results and discussion

Here, we describe the performance of the updated MODIS

MOD16 (Collection 7) and the new VIIRS VNP16 (Collection

2) through independent validation and intercomparison

with other datasets. This validation reflects improvements

both to the model logic (see section 2c) and in the model pa-

rameters through calibration. As the operational MOD16

algorithm and its data products have been continuously up-

dated by NASA, without peer-reviewed validation by its au-

thors since the report of Mu et al. (2011), we cannot

decompose the relative model improvement into its sepa-

rate contributions from model logic and optimized parame-

ters. However, we can report that the new air pressure

calculation [Eq. (4)] produces values highly similar to those

from our reanalysis data (not shown). The old calculation of

net radiation [Mu et al. 2011, their Eq. (5)] produces RL es-

timates that have lower variance than the RL values from

our reanalysis data [in Eq. (3)]; there is little consistency be-

tween the previously calculated values and the reanalysis

values. And yet, the resulting ET estimates using either cal-

culation of net radiation are very similar (root-mean-square

deviation of 9.5 W m22, Pearson’s r 5 0.986).

a. Validation against tower latent heat fluxes

Validation against reserved, daily tower ET observations

(i.e., data that were not used to calibrate C61 nor the updated

MOD16) indicates that both the updated MODIS MOD16

and new VIIRS VNP16 improve upon the original MOD16

C61 (Table 3). RMSE and bias are both reduced, while spa-

tiotemporal correlations and the model efficiency are both in-

creased. RMSE in C61 is approximately 1.3 mm H2O per day,

while in the updated MOD16, it is 1.1 mm H2O per day. The

average bias in C61 amounts to 77 mm H2O per year in C61

but is reduced to 41 mm H2O per year in the updated

MOD16. The overall bias reported masks significant variabil-

ity in model bias among towers, ranging from 23.8 3 1025 to

2.5 3 1025 mm H2O s21 (2nd and 98th percentiles) in C61

and 23.1 3 1025 to 2.7 3 1025 mm H2O s21 in the updated

MOD16. However, there is no trend in the bias with daytime

VPD (Fig. S4); bias is generally lower in absolute magnitude

at higher VPD.

When the performance of MOD16 is evaluated for specific

PFTs (Table S2), we find that the updated MODIS MOD16

and new VIIRS VNP16 perform better than C61 for all PFTs

except EBF, where performance is comparable to the older

product (RMSE of 40.4 W m22 in C61 compared to 41.2 for

the updated MOD16). Similarly, while the newer products

generally reduce the bias, for many PFTs, the bias is quite

similar to C61 (Table S3). Notably, bias in EBF was substan-

tially reduced but still remains relatively high.

b. Validation against sapflow data

The overall Pearson’s correlation (pooling all sites to-

gether) between MOD16 daytime ET and SAPFLUXNET
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median daytime sapflows ranges from 0.27 to 0.29, the latter

achieved by removing 40 SAPFLUXNET sites with short re-

cords (less than 1 year). However, the overall correlation im-

proves to 0.34 when comparing sapflows to MOD16 daytime

transpiration, regardless of whether low-quality SAPFLUXNET

sites are included. These low correlations elide significant vari-

ability among PFTs. Indeed, when PFTs are evaluated sepa-

rately, correlations with daytime transpiration range from 0.28

(for EBF) to 0.76 [for mixed forest (MF), Table S4].

Acknowledging the significant variability in site characteris-

tics, we further normalized the sapflows and transpiration

fluxes by their respective, site-level, long-term mean and stan-

dard deviation, resulting in PFT-specific correlations ranging

between 0.50 [for deciduous needleleaf forest (DNF)] and

0.77 (for MF, Fig. 1 and Table S5), excluding woody savanna

(WSV), where the correlation is unexpectedly low (r 5 0.26).

These correlations are similar for C61, except in the case of

DNF, where C61 performs best, and in savanna (SAV), where

the updated BPLUT performs best (Table S5). The poor per-

formance in WSV can be attributed to MOD16 consistently

underestimating sapflows in winter and a general phase offset

between MOD16 daytime transpiration and sapflow (Fig. S5).

However, it should be noted that only three of the seven

WSV sites from SAPFLUXNET provided data for at least

one entire year; and those three sites are in close proximity to

one another.

c. Intercomparison with OpenET

When compared at reserved EC tower sites within the

CONUS, in non-cropland sites, the updated MOD16 displays

lower RMSE, lower bias, and higher model efficiency (KGE)

than any of the models in the OpenET ensemble (Table 4).

MOD16 bias in non-cropland sites is significantly lower than

the other models. MOD16 correlation with non-cropland la-

tent heat fluxes is lower than some models, likely because

MOD16 underestimates the largest observed fluxes. When

performance is examined separately for each PFT (Table

S6), we find that while MOD16 underperforms in croplands

(CRO), MOD16 outperforms the other models in predicting

latent heat fluxes for deciduous broadleaf forests (DBFs)

and SAV, and is among the best models for grasslands

(GRS) and shrublands. These differences are largely ex-

pected, as MOD16’s relatively coarse spatial resolution and

lack of a water-supply constraint put it at a disadvantage in

predicting croplands ET (He et al. 2019; Brust et al. 2021).

d. Sensitivity to model parameters and drivers

Sensitivity analysis reveals that the updated MOD16 ET es-

timates are mainly influenced by a few key model parameters

(Fig. 2a). The leaf conductance to sensible heat gSH accounts

for over 70% of the variation in model ET estimates, likely

because it is used in calculating both canopy evaporation and

transpiration. In calculating transpiration, gSH modulates the

response of leaf boundary layer conductance to the LAI, an

important driver of ET. The next most-important parameter

is the mean potential stomatal conductance CL, followed by

the leaf conductance to water vapor gWV and the minimum

boundary layer resistance rBL,min, although these last two pa-

rameters each explain less than 10% of the variation. The term

gWV is similar in magnitude (both in nature and in MOD16) to

gSH, but gWV is used only to calculate the evaporation of can-

opy intercepted water. The term rBL,min is a somewhat sensitive

parameter because it defines the lower bound of boundary

layer resistance, which is experienced under low-to-moderate

VPD. High VPD (.2500 Pa) is uncommon in our climate data-

set, which means that the value of rBL,max rarely influences the

output, hence the model’s very low sensitivity to rBL,max.

These results differ from the sensitivity analysis of Zhang

et al. (2019), which found b, rBL,max, and rBL,min to be highly

sensitive parameters. This can partly be explained by the dif-

ferences in the range of values allowed in the parameter

sweep, and differences in the driver data used, and, otherwise,

are likely a result of differences in model implementation (see

section 2c). When model sensitivity is examined separately for

each PFT (Fig. S3), we find that the effect of VPDclose, the

VPD at which stomata are estimated to be almost completely

closed, is significant for shrublands but has little impact on

MOD16 estimates in other biomes. The term gWV is a more

sensitive parameter for EBFs and DBFs, respectively, imply-

ing a more significant role in the evaporation of intercepted

water for those PFTs. Of course, PFTs experience different

prevailing climate conditions, so the differences in VPDclose

and gWV sensitivities might merely reflect differences in aridity

(at tower sites). In terms of sensitivity to drivers, MOD16’s es-

timates are dominated by daytime VPD, daytime air tempera-

ture, shortwave radiation, and daily minimum temperature

TABLE 3. The RMSE, median bias, Pearson’s correlation, and KGE for each MOD16 variant. Higher KGE scores are better, and

the highest possible score is 1.0. The RMSE and bias in hydrological units (mm H2O s21) are estimated by dividing the RMSE and

bias in radiation units (W m22) by the latent heat of vaporization, which is based on the average of daytime and nighttime

temperatures from GEOS-IT. The bold text in each column identifies the best statistic.

MODIS MOD16 C61 Updated MOD16 New VIIRS VNP16

RMSE (W m22) 37.2 31.8 32.2

Bias (W m22) 6.0 3.3 3.0

RMSE (mm H2O day21) 1.30 1.11 1.13

Bias (mm H2O day21) 0.212 0.113 0.103

Correlation 0.557 0.717 0.709

KGE 0.450 0.696 0.685
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(Fig. 2b), consistent with our understanding of the primary

drivers of ET.

e. Partitioning of ET

A major improvement to MOD16 is found in the partition-

ing of ET (Fig. 3). Previous work by Talsma et al. (2018)

found that MOD16 and other ET models underestimate can-

opy transpiration and that MOD16, in particular, overestimates

soil evaporation and significantly overestimates canopy inter-

ception. Consistent with the overall increase in transpiration-

related parameters, the transpiration fraction of ET (T/ET) in

the updated MOD16 is much higher than in C61 (Table S7). In

the updated MOD16, the median T/ET across all towers in our

Cal–Val dataset is 0.71, compared to 0.46 in MOD16 C61.

The updated T/ET fractions are more realistic, compared with

isotope-based partitioning, which points to a global average T/ET

of 0.646 0.13 and median T/ET of 0.65 (Good et al. 2015).

Our updated values for individual PFTs (Table S7) are

also consistent with a reported global, median T/ET of 0.59

(Schlesinger and Jasechko 2014; Yang et al. 2023); with Berkel-

hammer et al. (2016), who reported T/ET values for needleleaf

forests between 0.5 and 0.6; and with Wei et al. (2017), who re-

ported a global T/ET fraction of 0.57 6 0.7. In agreement with

Zhou et al. (2016), we also found that T/ET is relatively high in

croplands (0.69 compared to their 0.62–0.69) and is lowest for

broadleaf forests (0.47–0.58 compared to their 0.52–0.56). Al-

though there can be significant intra-annual variation in T/ET

(Smith et al. 2018; Scott et al. 2021), the updated fractions rep-

resent a more realistic contribution of transpiration to total ET.

Partitioning of ET into soil evaporation Esoil and canopy in-

terception Ecanopy components is less common in the litera-

ture. However, given the results of Talsma et al. (2018), we

can report that the updated MOD16 provides more realistic

soil evaporation magnitudes, based on the Esoil/ET fraction

(Table S8). Soil evaporation, and consequently Esoil/ET, was

significantly overestimated in MOD16 C61 for most PFTs, with

a median Esoil/ET in the training dataset of 0.42. In the updated

MOD16, the median Esoil/ET across PFTs is 0.16 (0.15 in

VIIRS VNP16), which is low but closer to the range of 0.2–0.3

proposed by Yang et al. (2023). The updated Esoil/ET fractions

also compare well with those of Rigden et al. (2018), who found

that the total evaporation fraction (including Esoil/ET and

FIG. 1. Normalized daytime transpiration from MOD16 plotted against normalized sapflows from SAPFLUXNET, for each PFT, with

Pearson’s correlation r and linear (dashed) trend line shown. The subplot label indicates the number of SAPFLUXNET sites N available

for each PFT.
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Ecanopy/ET) was highest in evergreen needleleaf forest (ENF)

(compared to second-highest, for Esoil/ET, among PFTs in our

study).

The estimation of Ecanopy, as a fraction of ET, is similar be-

tween C61 and the updated MOD16, with a global median

Ecanopy/ET of 0.12 (0.11 in VIIRS VNP16), compared to 0.10

in MOD16 C61. Although Ecanopy/ET was previously thought

to be high in MOD16 (Talsma et al. 2018), the updated values

(Table S9) compare well with the range of 0.1–0.2 proposed

by Yang et al. (2023). The Ecanopy increased considerably for

EBF and DNF, and might be too high for EBF, in particular,

although high humidity and precipitation in EBF might justify

TABLE 4. Performance metrics for the updated MOD16 and the ET models used in OpenET, including the OpenET ensemble

mean: RMSE (mm H2O month21), bias (mm H2O month21), Pearson’s correlation, and KGE. Performance is summarized for

croplands and all non-cropland types. Estimates from SIMS were not available for non-cropland sites. The bold text in each column

identifies the best statistic.

Model Group RMSE Bias Correlation KGE

MOD16 Non-cropland 23.9 12.3 0.82 0.78

DisALEXI Non-cropland 28.8 110.6 0.85 0.61

eeMETRIC Non-cropland 30.5 18.0 0.83 0.60

geeSEBAL Non-cropland 39.4 118.1 0.77 0.39

PT-JPL Non-cropland 29.6 115.6 0.85 0.56

SSEBop Non-cropland 27.0 16.4 0.87 0.64

OpenET ensemble mean Non-cropland 27.8 110.9 0.86 0.62

MOD16 Cropland 38.4 216.2 0.82 0.60

DisALEXI Cropland 21.1 22.4 0.95 0.89

eeMETRIC Cropland 25.7 22.7 0.92 0.88

geeSEBAL Cropland 22.8 24.8 0.93 0.91

PT-JPL Cropland 19.6 20.8 0.95 0.92

SIMS Cropland 23.8 18.5 0.93 0.87

SSEBop Cropland 26.0 23.8 0.94 0.80

OpenET ensemble mean Cropland 18.0 22.6 0.96 0.94

FIG. 2. Sensitivity analysis results for MOD16, showing model sensitivity (a) to internal parameters and (b) to input

drivers. S1 refers to the direct effect of a parameter or driver on the modeled result, while ST refers to the effect after

considering all interactions with other parameters or drivers. Sun and moon icons indicate the daytime and nighttime

quantities, respectively.
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a high rate of canopy interception and evaporation. More-

over, as pointed out by Yang et al. (2023), Ecanopy/ET is ex-

pected to be higher in the tropical (generally EBF) and boreal

(significant DBF and DNF) regions due to its relationship

with LAI.

f. Continuity between MODIS and VIIRS

Based on the similar validation metrics between ET esti-

mates produced using the same BPLUT but with VIIRS or

MODIS input data (Table 3), and their highly similar partition-

ing of ET (Tables S7–S9), we conclude that there is almost no

difference in ET performance between using MODIS or VIIRS

input datasets. A particularly important question is whether

there is a systematic difference, or bias, between MOD16 ET

and VNP16 ET. We find that the overall bias is similar between

MOD16 and VNP16 (Table 3) and, while PFT-specific analyses

show some differences, the bias is of similar magnitude and in

the same direction for each PFT (Table S3). Finally, we com-

pared MOD16 and VNP16 time series ET data at select towers

(not shown), for each PFT, and found no systematic differ-

ences. The forthcoming VNP16 product (expected in VIIRS

Collection 2) is therefore expected to be comparable to the up-

dated MOD16 product (expected in MODIS Collection 7).

g. Global patterns of ET

In the updated MOD16, mean annual ET for 2001–11 at

the global scale is 521.0 mm yr21, which is very close to the

value reported by Yang et al. (2023) of 5206 31, compared to

568.8 in C61. Among different bioclimatic settings, the PFT

with the highest mean annual ET (2001–11) in the updated

MOD16 is EBF (1.12 m yr21), which compares well with the

estimate of Yang et al. (2023) (1.23 m yr21) and is substan-

tially reduced from C61 (1.40 m yr21). Overall, the average

annual ET magnitudes over 2001–11 compare very well with

the multimodel ensemble of Yang et al. (2023), except for GRS

and CRO, which may be underestimated (Table S10); these

differences may partly reflect differences in the underlying

land-cover maps used to estimate aggregated ET values in the

various studies.

Global ET trends from this study were also analyzed and

compared to the long-term, annual ET records from the C61

baseline and from GLEAM (Fig. 4). ET anomalies were com-

puted by subtracting each product’s 2012–23 mean value, to

provide a common period of comparison that includes the

shorter VIIRS VNP16 period. All products indicate an increas-

ing trend in global ET consistent with previous studies (Mao

et al. 2015; Y. Zhang et al. 2016; Yang et al. 2023) and consis-

tent with well-known, secular changes in climate and in the

LAI. At global extent, the increase in annual ET in MOD16

C61 over 2000–11 is 1.54 mm yr22 (p value’ 0.001), compared

to 0.86 mm yr22 (p value ’ 0.017) in the updated MOD16

FIG. 3. The fractional components of ET in two versions of MODISMOD16: the transpiration

fraction of ET (T/ET), the soil evaporation fraction of ET (Esoil/ET), and the canopy evapora-

tion fraction of ET (Ecanopy/ET). Each fraction represents the median value across EC towers in

the Cal–Val dataset.

FIG. 4. Annual ET anomalies, relative to the period 2012–23, for

MODIS MOD16 and VIIRS VNP16 products, compared to the

same from GLEAM, version 4.1a.
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product and 0.98 mm yr22 (p value ’ 0.001) in GLEAM for

the same period. This relatively small (and marginally insignifi-

cant) rate of increase in this period (2000–11) may reflect a

strengthening of water-supply (precipitation-to-PET ratio) con-

straints on ET (Jung et al. 2010; Zhang et al. 2015), although

the short record is also highly uncertain (Anabalón and Sharma

2017).

The ET records also show general consistency in capturing

interannual variability (IAV) at global scale, including strong

correspondence in trend magnitudes and IAV between the up-

dated MOD16 and VNP16 ET records. While both MOD16

and VNP16 show general consistency in IAV and trends over

the long term, a notable difference occurs in 2001–02 where

the updated MOD16 results show an increase in annual ET

contrasting with the lowest ET anomalies on record from C61

and GLEAM. This difference coincides with regional hydro-

logic extremes, including widespread drought in the Northern

Hemisphere (Lotsch et al. 2005; Zeng et al. 2005) but also lo-

calized flooding (Mustafa 2003; Thieken et al. 2005) and may

ultimately reflect differences in underlying climate datasets, es-

pecially precipitation (Anabalón and Sharma 2017) (GEOS-

FP in C61, GEOS-IT in the updated MOD16, and the Global

Precipitation Climatology Project in GLEAM). The difference

may also reflect different sensitivities to different land do-

mains, based on the underlying EC tower network used; the

updated MOD16 uses far more EC towers but most are lo-

cated in the Northern Hemisphere, where ET IAV has shown

less sensitivity to climate oscillations (Miralles et al. 2014).

Over the longer record (2000–23), a faster rate of increase

is observed: 1.44 mm yr22 (p value ,, 0.001) for MOD16 C61

and 1.24 mm yr22 (p value ,, 0.001) for the updated MOD16

compared to 0.43 mm yr22 (p value ,, 0.001) for GLEAM.

These trends compare well with the range of variability in

trends reported by Yang et al. (2023), 0.2–1.13 mm yr22 for

the period 1982–2011. Croplands exhibit the strongest ET

trends but are not solely responsible for the global rise in

ET, as previously suggested (Javadian et al. 2020); grasslands,

savannas, and DBFs also show rising ET trends over 2001–11

and 2000–23 (Table S11). We find evidence for increasing ET

trends among most PFTs in the longer period (2000–23).

The global pattern from the updated MOD16 follows an

expected latitudinal and climate variation, but regional trends

in ET are revealing (Fig. 5). Consistent with the meta-analysis

of Yang et al. (2023), we find strong ET increases in Central

Siberia, throughout Europe, and in the humid contiguous

United States. Areas of cropland intensification or expansion

in China and India stand out as major hotspots of increasing

ET, as previously noted (Javadian et al. 2020), although the

updated MOD16 presents a more mixed record of trends in

South America, North America, and Africa (Fig. 5). Increas-

ing and decreasing ET trends generally coincide with respec-

tive trends in pluvial and drought conditions, and vegetation

cover (Piao et al. 2020). Notable are widespread ET decreases

in Amazonia, southern Africa, and central Australia coincid-

ing with persistent drought in these regions (Du et al. 2021).

In the CONUS (Fig. 6), regional ET trends confirm the gen-

eral southeast-to-northwest contrasts found in the Great Ba-

sin associated with differences in elevation (Hall et al. 2023),

along with general increases in the southeastern United States

(Javadian et al. 2020; Yang et al. 2023).

The advantages of MOD16 include its global extent and mod-

erate (500-m) spatial resolution as well as the ability to combine

these observations with other synergistic land products derived

from the same sensor and satellite platform. As a regional case

study, we combined the updated MOD16 ET estimates with

MOD17 global productivity (GPP) estimates (Endsley et al.

2023) to calculate WUE. Here, the WUE metric quantifies the

amount of ecosystem carbon (CO2) uptake from GPP per unit

of ET water loss (Beer et al. 2009; De Oliveira et al. 2017) and

represents a key linkage between the terrestrial carbon and wa-

ter cycles. Even at a reduced, 5-km resolution, the combined

products reveal complex regional trends in WUE across the

CONUS (Fig. 6). Similar to ET, the regional pattern of in-

creasing and decreasing WUE in the CONUS generally fol-

lows trends in vegetation cover and water availability (Tercek

et al. 2021). WUE trends show a strong spatial autocorrela-

tion, with regional domains including the Great Basin (increas-

ing WUE), the western Great Plains (decreasing WUE), and

the croplands of the Midwest (increasing WUE). The global

WUE trends from MOD16 and MOD17 are consistent with a

reported, general increase in WUE with rising atmospheric

CO2 and vegetation greening (Haverd et al. 2020; Gonsamo

et al. 2021; Yang et al. 2023), including widespread enhance-

ment in WUE over southwest CONUS drylands (Fig. 6). The

results are also consistent with potential WUE saturation (Li

et al. 2023), indicated by strong, significant increases in WUE

FIG. 5. (top) Mean annual ET and (bottom) trend in mean annual

ET, from the updated MOD16, for the period 2001–20.
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during 2001–11 but weak and insignificant trends over the lon-

ger period, 2001–20 (Table S12).

4. Conclusions

In anticipation of the final MODIS MOD16 product release

(MODIS Collection 7) and the release of a new, VIIRS

VNP16 (with VIIRS Collection 2) ET record, this study pre-

sents a comprehensive calibration and validation of the

MOD16 terrestrial ET algorithm and the first published im-

provements to this popular algorithm since Mu et al. (2011).

A variety of ground data sources were used to contribute

prior information in a Bayesian model-data fusion, where

MOD16 parameters were adjusted based on the observed la-

tent heat flux from the largest collection of global EC towers

used, to date, in MOD16’s calibration. Partitioning of ET, cor-

relation with sapflow data, and an intercomparison with an

ensemble of ET models provide further evidence of substan-

tial improvement to the baseline MOD16 algorithm (Mu et al.

2011).

After recalibration, the updated model has lower bias,

lower RMSE, and substantially higher correlation and model

efficiency than the baseline MOD16 Collection 6.1 (C61).

RMSE in latent heat flux improved for all PFTs except

evergreen broadleaf forest (EBF), which has the highest abso-

lute error in MOD16 C61, the updated MOD16, and VNP16

because EBF generally has the highest latent heat fluxes. Cor-

relations with daytime sapflows from SAPFLUXNET range

from 0.50 (for DNF) to 0.77 (for MF), excluding WSV, which

may not have been properly validated due to limited data for

this PFT. A major improvement over the baseline MOD16

C61 was achieved in the partitioning of ET into transpiration

(now 71% of ET, on average, based on the median weighted

T/ET fraction), soil evaporation (now 16%), and canopy

evaporation (now 12%). The increase in transpiration rates

and decrease in soil evaporation rates bring the updated

MOD16 and new VNP16 in line with multiple prior studies

on ET partitioning. Although the published MOD16 and

VNP16 data products only report total ET, accurate partition-

ing is critical for getting this total correct under conditions

where soil or canopy evaporation and transpiration might di-

verge (Stoy et al. 2019; Scott et al. 2021).

Global simulations of ET confirm that ET is highest in

the tropics (where EBF is found). Consistent with other re-

ports, mean global ET increased over 2000–23 at a rate of

1.24 mm yr22, which can largely be attributed to rising ET in

croplands, although strong ET trends are observed in GRS,

SAV, and DBF as well. By combining MOD16 data with global

productivity data from the MODIS MOD17 product, we com-

puted annual, ecosystemWUEmagnitudes and trends. We find

a general increase in ecosystem WUE during the period 2001–

11, compared with negative or much weaker positive trends

over the period 2001–20, suggestive of declining gains in WUE.

With the new VIIRS VNP16 ET estimates, and the correspond-

ing VIIRS VNP17 GPP and NPP estimates (Endsley et al.

2023), it is now possible to continue this multidecadal, global

monitoring of ecosystem water fluxes and WUE through 2030

or later.
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