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A B S T R A C T

Parameterization methods which calculate turbulent heat and water fluxes with thermal remote sensing data
were evaluated in the revised remote sensing surface energy balance system (SEBS) model (Chen et al., 2013).
The model calculates sensible heat (H) based on the Monin-Obukhov similarity theory (MOST) and determines
latent heat (LE) as the residual of energy balance. We examined the uncertainties of H and LE in the SEBS model
due to five key parameters at the local station point scale. Observations at 27 flux towers located in seven land
cover types (needle-leaf forest, broadleaf forest, shrub, savanna, grassland, cropland, and sparsely vegetated
land) and an artificial intelligence particle swarm optimization (PSO) algorithm was combined to calibrate the
five parameters (leaf drag coefficient, leaf heat transfer coefficients, roughness length for soil, and two para-
meters for ground heat calculation) in the SEBS model. The root-mean-square error at the site scale was reduced
by 9Wm−2 for H, and 92Wm−2 for LE, and their correlation coefficients were increased by 0.07 (H) and 0.11
(LE) after using the calibrated parameters. The updated model validation was further conducted globally for the
remotely sensed evapotranspiration (ET) calculations. Overestimation of SEBS global ET was significantly im-
proved by using the optimized values of the parameters. The results suggested PSO was able to consistently
locate the global optimum of the SEBS model, and appears to be capable of solving the ET model optimization
problem.

1. Introduction

The remote sensing surface energy balance (SEBS) model predicts
the magnitude of land surface fluxes and evapotranspiration (ET) by
simulation of canopy-atmosphere turbulent physical processes. The
SEBS model performance has not always been acceptable at the eva-
luation flux sites (Chen et al., 2019, 2013; Ershadi et al., 2014; Ma
et al., 2018; Michel et al., 2016). SEBS simulation of ET at the single-
point flux stations have been intensively done by WACMOS-ET project
(Michel et al., 2016), meanwhile no clear reasons for overestimation of
ET are given. The SEBS model showed low performance over tall and
heterogeneous canopies, which was likely a consequence of the effects
of the roughness sub-layer parameterization is not employed in the
model. Chen et al. (2019) reported that sensible heat is significantly
underestimated by SEBS at forest sites due to a high value of excess
resistance (kB 1) and introduced vertical foliage density information

into a column canopy-air turbulent diffusion model, verified that the
new model can provide an accurate simulation over different canopies.
There is no agreement in previous research regarding the main cause of
the model uncertainties. These uncertainties have either been attrib-
uted to: (i) errors in the roughness parameters (Timmermans et al.,
2013), (ii) either the land surface temperature (Kwast et al., 2009) or
the land-air temperature gradient, (iii) the vegetation fraction, and/or
(iv) the wet limit criteria (Gibson et al., 2011), (v) vulnerabilities as-
sociated with the partitioning of the available energy (Webster et al.,
2017a). Ma et al. (2018) did a sensitivity analysis for SEBS by using a
random-sampling high-dimensional model representation approach.
Their results indicated that net radiation (Rn), ground heat flux (G0),
heat and momentum roughness (z z,m h0 0 ), and land surface temperature
(LST) had the most impact on surface energy fluxes and ET estimation
in SEBS model. The uncertainness in Rn, G0 and LST are associated to
that of satellite and meteorological input data, and not related to the
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model itself. There are also some studies on improvements of the model
and the model parameters (e.g. z z,m h0 0 and excess resistance kB 1).
Webster et al. (2017b) introduced energy restraint process into the
SEBS and improved the model accuracy at a heavily forested site and a
sub-alpine grassland site. Gokmen et al. (2012) integrate water stress
into the calculation of sensible heat, through a soil moisture modified
kB 1, to overcome the underestimation of sensible heat flux. Chen et al.
(2013) advanced SEBS kB 1 to make the model has an ability to accu-
rately estimate sensible heat flux for bare soil, sparse canopy, dense
canopy, and snow surface. Previous studies suggested modifications to
the critical parameters in the excess resistance (kB 1) calculation (Chen
et al., 2019, 2013; Gokmen et al., 2012; Timmermans et al., 2013),
which in turn provided more realistic simulations for the turbulent flux
in semi-arid areas (Chen et al., 2013; Hong et al., 2012) and agricultural
land (Yang et al., 2010). In order to produce a global daily ET by SEBS,
Vinukollu et al. (2011) used a different heat/momentum roughness
length parameterization method from the SEBS model. The accuracy of
heat flux predictions depend on how the model parameters are de-
termined. Meanwhile, the model parameters are not directly measur-
able and must be estimated through model calibration, i.e. by fitting the
model outputs to their observations. Consequently, there is a clear need
to have an effective and efficient optimization procedure that can help
in the automatic identification of a realistic set of optimal parameters
for the model.

It is found that canopy parameters (Cd, Ct , C1) and the two empiri-
cally derived parameters ( s and c) in SEBS are the most important
parameters for H and LE calculation. Cd, Ct , and C1 have physically
meaningful interpretations, but possess some uncertainties. Massman
(1997) suggested the possibility to alter these parameters to get a better
flux simulation by drawing on a large observation dataset for vegetated
surfaces. In order to describe the impact of canopy geometry on
roughness length and turbulent heat flux, the values for the parameters
need to be verified over different canopies. When land surface changes
from bare soil, to grass, shrub and forest canopy, the frictional re-
sistance to surface airflow will be increased, so the roughness of the
underlying surface also increases. The roughness parameters estimated
by LAI in SEBS may not be sufficient for different vegetated land sur-
faces. Site to site variations in canopy roughness may be represented by
an effective parameter value. Based on the sensitivity evaluations, we
suggest that different parameter values should be used for different sites
according to their canopy classifications.

Determination of model parameters requires simultaneously solving
a set of non-linear equations. The calculation is complex, iterative and
time consuming. Consequently, scientists have been exploring ways to
include 'expert knowledge' into the automatic parameter calibration
procedures. A local search procedure has very low probability of suc-
cessfully finding the optimal parameter sets (Duan et al., 1992).
Therefore, researchers have explored the use of global optimization
methods for model calibration (Cooper et al., 1997; Duan et al., 1992).
The recent development of the particle swarm optimization (PSO) al-
gorithm used in artificial intelligence provides one possible method for
global optimization (Kennedy and Eberhart, 1995). The PSO algorithm
mimics animal activities such as the processes birds and fish use for
finding food. Particles constrained by a certain object function in PSO
enable a global optimal solution within a given space. Many studies
have used this method to calibrate the parameters of continental hy-
drological models. Yang et al. (2017) used the PSO algorithm to cali-
brate the empirical parameters in the Monin-Obukhov similarity theory
(MOST). Gill et al. (2006) used a multi-objective particle swarm algo-
rithm to estimate hydrological parameters. Chau (2006) combined the
PSO algorithm with artificial neural networks (ANNs) to predict water
levels. Scheerlinck et al. (2009) used the PSO algorithm to calibrate the
parameters of a simple hydrological model. These results demonstrate
that the PSO scheme yields reasonable parameter values for their
models. Calibrating the turbulent flux parameters in the SEBS model
was accomplished with a similar optimization process. We compared

the errors between the calculated and measured values of the sensible/
latent heat fluxes within a time period longer than one year, evaluated
the suitability of the parameters, and then obtained more accurate
parameters. With a view to improving the model performance, we de-
monstrate and recommend some modifications of the critical para-
meters that achieved significant improvements in the H and LE simu-
lations.

The combination of PSO and SEBS in this study has a broad appli-
cation to other ET models, e.g. Penman-Monteith (Cleugh et al., 2007;
Monteith, 1965; Mu et al., 2007; Zhang et al., 2010), Priestley-Taylor
(Fisher et al., 2008; Jiang and Islam, 2001; Miralles et al., 2011a;
Priestley and Taylor, 1972), and LSA-SAF ET models (Ghilain et al.,
2011). Observations from the flux stations will also play an important
role for PSO to calibrate the ET model parameters. Section 2 introduce
the methodology on how to combine PSO and SEBS model to do
parameter calibration, and flux dataset used in this study. SEBS model
and PSO algorithm were also introduced in Section 2. We first do the
model simulation in Section 3, by using meteorological measurements
at twenty-seven flux tower which are representative of seven land cover
units. The simulated fluxes were compared to the flux tower measure-
ments. A sensitivity analysis was also performed in Section 3 to identify
the key parameters that were responsible for most of the variability in
the heat/water flux results. Observations from the twenty-seven flux
stations were employed by the PSO to calibrate the key parameters. The
optimized SEBS (SEBS-opt) model was then used to estimate global
daily ET by incorporating MODIS satellite data, along with an evalua-
tion of the remote sensing ET product. Section 4 discusses these results
and makes conclusions.

2. Methodology and dataset

2.1. General approach

We evaluated the impact of varying critical model parameters on
both H and LE flux estimates, and used this information to identify the
causes for biases in H and LE estimations. The values for the SEBS
model parameters, (e.g. C1, Cd, Ct , s and c described in Section 2.4),
cannot be measured directly. We use H and LE model output and their
measurement to do the model parameter sensitivity analysis. The ob-
jective of the parameter optimization was to produce lower root‐-
mean‐square error (RMSE), higher correlation coefficient (r), and slope
values close to one, for “H” and “LE” (not the parameter).

To calculate heat flux with the SEBS model at selected local (point)
stations, meteorological measurements were used to run the model. The
turbulent flux measurements (i.e., eddy covariance) at each station
were then used to assess the model output. Bias in the heat flux simu-
lation was diagnosed for several important parameters in the model.
After identifying and differentiating these critical parameters in the
model, we then defined more reasonable values for these parameters
based on the canopy or land covers. After the model optimization, the
new model was driven by remote sensing data to obtain a global ET
calculation. Once again, the modeled remote sensing ET was evaluated
based on comparisons with hundreds of flux tower ET measurements.
Therefore, the optimized model is not only verified at station points but
also at global scale.

2.2. Flux site data description

To eliminate the influence of errors in the forcing data on the si-
mulated fluxes, we used available observational information as much as
possible. This study used half-hourly data collected at 27 flux stations to
verify and optimize the model. The model verification inputs included
wind speed, air temperature, and relative humidity at the reference
height, atmospheric pressure, surface temperature, four radiation
components (downward shortwave radiation, reflective shortwave ra-
diation, land surface longwave radiation, and atmospheric longwave
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radiation), and sensible heat and latent heat fluxes. At the in-situ point
scale, land surface temperature (LST) was computed from measured
upward longwave radiation and downward longwave radiation using
the Stefan–Boltzmann equation. The emissivity was calculated from the
NDVI, according to the method of Chen et al. (2013). Years of me-
teorological data and ancillary information were collected from the 27
flux stations to perform turbulent heat flux simulations. The data were
collected from the AmeriFlux Level 2 database (ftp://cdiac.ornl.gov/
pub/ameriflux/data/Level2, April 2010), the Ozflux Level 2 database
(http://www.ozflux.org.au/index.html), and the Third Pole Environ-
ment database (Ma et al., 2008). The integrated dataset has a temporal
resolution of 30min. We used only the available, measured data
without doing gap filling. Physically unreasonable values were re-
moved. The models were evaluated with tower fluxes only under “dry”
(i.e., no precipitation) conditions since EC gas analyzers are not reliable
during rain events (Burba et al., 2010).

Sixteen flux sites were selected from AmeriFlux, six sites from
Ozflux, four sites from the Tibetan Plateau in the Third Pole
Environment database (Ma et al., 2008), and one site in Netherlands (Su
et al., 2009), as these stations have provided all of the necessary
measurements to drive and test the models. The Flux towers include
five evergreen needle-leaf forest (ENF) sites, five deciduous broadleaf
forest (DBF) sites, three shrub-land (SRB) sites, four savanna (SAV)
sites, four grassland (GRS) sites, three cropland (CRP) sites, and three
barren or sparsely vegetated (BSN) sites. These sites represent a typical
sample of biomes. The detailed coordinates and elevations of these sites
are listed in Table 1.

The data quality assessment and data processing have been con-
trolled by the owners of the flux sites. This includes spike detection, tilt-
correction, and correction for air density fluctuation effects (Webb et al.
1980). Data quality controls were also done by Ameriflux and Ozflux
network contributors. This work is based on these previously processed
quality datasets.

The model used here also requires some independent canopy vari-
ables (e.g., canopy height, canopy fraction; leaf area index, LAI; and the
Normalized Difference Vegetation Index, NDVI), all of which can be
retrieved from satellite remote-sensing observations. These canopy
variables are necessary for roughness length calculations at the regional
scale or at the in-situ point scale. In this article, MODIS NDVI data for
each station point were collected and used to calculate canopy height in
short vegetation types. The tall canopy (e.g., forest, savanna) height
information was obtained from the description provided on the flux
station websites. The canopy heights ranged from 0.10m to 35m for
the variety of canopy types examined.

2.3. ET site data description

To evaluate the remote sensing driven global ET results provided by
the SEBS-opt model, we collected eddy-covariance ET data from the
FLUXNET network, which samples sites in several continents (Australia,
China, Europe, and the USA) and various biomes and climates
(Supplementary Table A1). A quality check on ET observations limited
our evaluation to data meeting these criteria: (a) days with less than
10% gaps in its 48 half-hourly data; and (b) stations with less than 40%
lack of closure in their energy balance. This quality check generated a
total of 238 reliable sites from all of the flux sites, which included the
FLUXNET2015 Dataset, the Ozflux (http://www.ozflux.org.au/), the
European Fluxes Database Cluster (http://www.europe-fluxdata.eu/),
and the ChinaFlux network.

2.4. The SEBS model version used in this study

The model in this paper is based on a revised version of the SEBS
model (Su, 2002) described in Chen et al. (2013). The basic surface
energy balance equation can be expressed as:

= + +Rn G H LE0 (1)

where Rn is the net radiation, H is the turbulent sensible heat flux, and
where LE is the latent heat flux taken as the residual of the surface
energy balance equation. The relationship between G0 and Rn uses the
following method which differs from the original SEBS model version:

= × × ×G Rn LAIexp( )s c0 (2)

where s and c are empirical coefficients for bare-soil and fully-vege-
tated canopy, respectively.

The models use MOS theory (MOST) to calculate heat and water
transfer between the land surface and the atmosphere (Chen et al.,
2019):
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where k is the von Karman constant, u is wind speed, Zr is the height
above the surface, u* is the friction velocity, H is the sensible heat flux,
is the density of air, Cp is the specific heat for air, 0 is the potential

temperature at the surface, a is the potential air temperature at height
Zr , h is the stability correction function for sensible heat transfer, m is
the stability correction function for momentum, L is the Obukhov
length, d0 is the zero plane displacement height, and z m0 (z h0 ) is the
roughness height for momentum (heat) transfer. Z* is the height of the
roughness sublayer. The integral terms on the right side of Eqs. (3) and
(4) are roughness sublayer corrections for sensible heat and momentum
flux, which is necessary when Zr is in the roughness sublayer above the
canopy top (Chen et al., 2019). The SEBS model does not include sub-
roughness length stability calibration, which could be one main reason
for its large errors in turbulent heat flux simulation (Chen et al., 2019).
Therefore, the sub-roughness length stability calibration method from
Physick and Garratt (1995) was used in this paper.

For unstable conditions ( 0)
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For stable conditions ( > 0)
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with =Z h3.45* , h canopy height, and Pr is Prandtl number.
A canopy momentum transfer model developed by Massman (1997)

is used by the SEBS model to calculate d0, z m0 , and z h0 :
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where h canopy height, fc is the fractional canopy coverage, fs is the
fractional coverage for soil,C1 is the full canopy limit (FCL) for u h

u h
( )
( )

* [the
physical meaning of C1 and C2 can be found in Massman (1997)], Cd is

the foliage drag coefficient,Ct is the heat transfer coefficient of the leaf,
Ct

* is the heat transfer coefficient of the soil, z _m s0 is momentum
roughness length for bare soil, Pr= 0.71 (Massman, 1999), Re * is the
roughness Reynolds number, hs is the roughness height of the soil
(0.004), is the kinematic viscosity of the air (Massman, 1999),
p0 =101.3 kPa, and T0 =273.15 K. equals 7.2 s0.5 m−0.5 K-0.25(Yang
et al., 2002), u* is the surface friction velocity (m s-1), and * is the
surface friction temperature (K). p and T represent the ambient pressure
and temperature.

The temporal variation and dependency of roughness parameters
(z m0 , z h0 , d0 and kB 1) as a function of LAI, canopy fraction and canopy
height for a broad set of plant functional types could be considered
using satellite remotely sensed data. The model can be used to predict

Table 1
Eddy covariance sites used for the model optimization.

Site No. Site Name Lat[deg.],
Lon[deg.]

Land
cover

h (m) Time Period Site
Elevation
(m)

Meteorological measurement height (above ground floor)

1 Speulderbos 52.25225,
5.6905

ENF 32 Jan. 2009-
Dec. 2009

52 Upward longwave radiation 35m,
wind speed 46m, eddy covariance 46m, air temperature
45m

2 US-NC2 35.8031,
−76.6685

ENF 18.2 Jan. 2008-
Dec. 2008

5 Upward longwave radiation 22.5m, wind speed 22.5m,
eddy covariance 22.5m, air temperature 22.5 m

3 US-GLE 41.3644,
−106.2390

ENF 13 Oct. 2010-
Dec. 2010

3190 Upward longwave radiation 24.3m, wind speed 25.7/
22.5m, eddy covariance 22.5m, air temperature 23.7m

4 US-MRf 44.6465,
−123.5500

ENF 34 Jan. 2009-
Dec. 2009

236 Upward longwave radiation 37m, wind speed 38.3,39.5 m,
eddy covariance 38.3m, air temperature 4, 38m

5 US-NR1 40.0329,
−105.5400

ENF 11.5 Jan. 2011-
Dec. 2011

3023 Upward longwave radiation 25.5m, wind speed 21.5m,
eddy covariance 21.5m, air temperature 21.5 m

6 US-UMB 45.5598,
−84.7138

DBF 22 Jan. 2008-
May. 2008

234 Upward longwave radiation 46m, wind speed 46m, eddy
covariance 48m, air temperature 46m

7 US-ChR 35.9311,
−84.3324

DBF 30 Jan. 2010-
Dec. 2010

286 Upward longwave radiation 43m, wind speed 43m, eddy
covariance 43m, air temperature 43m

8 US-MMS 39.3232,
−86.4130

DBF 27 Jan. 2010-
Dec. 2010

275 Upward longwave radiation 46m, wind speed 46m, eddy
covariance 48m, air temperature 46m

9 US-WBW 35.9588,
−84.2874

DBF 25 Jan. 2004-
Dec. 2004

343 Upward longwave radiation 38m, wind speed 36.6m, eddy
covariance 36.9m, air temperature 38.2 m

10 US-WCr 45.9059,
−90.0799

DBF 24.2 Jan. 2005-
Dec. 2005

515 Upward longwave radiation 29.6m, wind speed 29.6m,
eddy covariance 29.6m, air temperature 29.6 m

11 US-Aud 31.5907,
−110.5092

SRB hcMin= 0.002;
hcMax=0.5;

Jan. 2005-
Dec. 2005

1469 Upward longwave radiation 1.6m, wind speed 2m, eddy
covariance 3m, air temperature 2m

12 Us-Me6 44.3232,
−121.600

SRB 7.5 m Jan. 2010-
Dec. 2010

966 Upward longwave radiation 10m, wind speed 12m, eddy
covariance 12m, air temperature 10m

13 US-SRM 31.8214,
110.8661

SRB 2.5 Jan. 2010-
Dec 2010

1116 Upward longwave radiation 12m, wind speed 12m, eddy
covariance 12m, air temperature 12m

14 Gingin −31.375,
115.650

SAV 6.8 Jan. 2012-
Dec. 2012

1469 Upward longwave radiation 15m, wind speed 15m, eddy
covariance 15m, air temperature 15m

15 Calperum −34.002,
140.589

SAV 5.5 Jan. 2011-
Dec. 2011

4520 Upward longwave radiation 20m, wind speed 20m, eddy
covariance 20m, air temperature 20m

16 Ti Tree East −22.287,
133.640

SAV 4.5 Jul. 2012-
Dec. 2013

553 Upward longwave radiation 9.9m, wind speed 8.28m,
eddy covariance 9.81m, air temperature 9.81m

17 US-Fmf 35.1426,
−111.7270

SAV 15 Jul. 2010-
Dec. 2010

2160 Upward longwave radiation 23m, wind speed 23m, eddy
covariance 23m, air temperature 23m

18 Linzhi 29.7622, 94.7417 GRS hcMin= 0.0012;
hcMax=0.8;

Feb. 2007–
Oct. 2007

3327 Upward longwave radiation 1.5m, wind speed 5m, eddy
covariance 3.2 m, air temperature 4.9m

19 US-Br1(Brookings) 44.3453,
-96.8362

GRS hcMin= 0.0012;
hcMax=0.4;

Jan. 2009-
Dec. 2009

994 Upward longwave radiation 2m, wind speed 4m, eddy
covariance 3m, air temperature 4m

20 US-Ctn 43.9500,
−101.846

GRS hcMin= 0.0012;
hcMax=0.3;

Jan. 2007-
Dec. 2007

744 Upward longwave radiation 2m, wind speed 4m, eddy
covariance 3m, air temperature 4m

21 US-Wkg 31.7365,
−109.941

GRS hcMin= 0.0012;
hcMax=0.5;

Jan. 2010-
Dec., 2010

1531 Upward longwave radiation 1.5m, wind speed 2.1 m, eddy
covariance 2.1 m, air temperature 1.5m

22 Riggs Creek −36.6560,
145.5760

CRP hcMin= 0.002;
hcMax=1;

Jan. 2011-
Dec. 2011

152 Upward longwave radiation 10m, wind speed 2.5m, eddy
covariance 2.5 m, air temperature 2.5m

23 Daly Pasture −17.150,
133.350

CRP hcMin= 0.5;
hcMax=1.5

Jan.,2011-
Dec. 2011

102 Upward longwave radiation 15m, wind speed 15m, eddy
covariance 15m, air temperature 15m

24 Arcturus −23.8587,
148.4746

CRP hcMin= 0.01
hcMax=0.8;

Jan. 2011-
Dec. 2011

4700 Upward longwave radiation 5.6m, wind speed 5.6 m, eddy
covariance 6.7 m, air temperature 5.6m

25 QOMS 28.358209,
86.949638

BSN hcMin= 0.0012;
hcMax=0.1;

Mar.2007-
Dec. 2007

4276 Upward longwave radiation 1.5m, wind speed 5m, eddy
covariance 3m, air temperature 5m

26 Nam Co 30.7699, 90.9636 BSN hcMin= 0.0012;
hcMax=0.01;

Mar. 2007-
Dec. 2007

4730 Upward longwave radiation 1.5m, wind speed 5m, eddy
covariance 3m, air temperature 5m

27 Maqu 33.8872,
102.1406

BSN hcMin= 0.0012;
hcMax=0.5;

Apr. 2009-
May. 2010

3439 Upward longwave radiation 1.5m, wind speed 10m, eddy
covariance 3m, air temperature 10m
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independent values of roughness parameters based on these vegetation
canopies’ structural characteristics, whereby the impact of vegetation
changes on the roughness parameter values could be better quantified
and analyzed in SEBS.

2.5. Introduction to the PSO algorithm

A basic variant of the PSO algorithm works by having a population
of particles. These particles are moved around in the search space. The
movements of the particles within a swarm are guided by their own
best-known positions in the search-space, as well as the entire swarm's
best-known position. When improved positions are discovered, this
guides the movements of the swarm. This process is repeated until sa-
tisfactory solutions eventually are discovered. The termination criterion
can be based on the number of iterations performed, or when a solution
having an adequate objective function value is found. Compared with
other algorithms, the PSO algorithm has some advantages for cali-
brating the SEBS model. The PSO algorithm is easy to implement with a
set of non-linear equations to find the optimum solution. Furthermore,
it was proved with a theoretical study that the PSO algorithm can
provide an approximate global optimum, and has a lesser tendency of
getting trapped in local minima (Abido, 2002).

This study introduced the PSO algorithm to calibrate the parameters
in the SEBS model, and then to accurately determine the heat flux be-
tween the land and atmosphere. When utilizing the PSO algorithm to
calibrate parameters, an object function was defined using observed
and calculated turbulent fluxes. The Mean Bias (MB) is used as the
object function to evaluate the quality of the fit for the simulation result
relative to the observation:

=
= =M N

obs xMB 1 ( 1 ( ) ),
s

M

i

N

i s i s
1 1

, ,
2

(20)

where M is the flux site number, N is the sample number at s site, xi s, is
the ith simulation of SEBS at s site, obsi s, is the ith observation at s site.
Here we assume that the flux measurement and SEBS model input data
are accurate after a rigid quality control. Therefore, their uncertainties
are not included in the cost function. During each iteration of the

algorithm, each solution is evaluated by the object function to de-
termine its fitness. Each solution is represented by particles in the fit-
ness landscape (search space). The particles “fly” or “swarm” through
the search space to find the minimum value returned by the object
function. The PSO algorithm consists of three steps: (1) evaluate the
fitness of each particle; (2) update individual and global best in-
formation; and (3) update the velocity and position of each particle.
These steps are repeated until some stopping condition is met. Each
particle’s velocity is updated using this equation:

+ = + +v t v t a r x t x t a r g t x t( 1) ( ) [ ˆ ( ) ( )] [ ( ) ( )],i i i i i1 1 2 2 (21)

i is the particle index; is the inertial coefficient; a1, a2 are acceleration
coefficients, 0 ≤ a1, a2 ≤ 2. r1, r2 are random values (0 ≤ r1, r2 ≤ 1)
regenerated every velocity update; v t( )i is the particle’s velocity at time
t; x t( )i is the particle’s position at time t; x tˆ ( )i is the particle’s individual
best solution at time t; and g t( ) is the swarm’s best solution at time t.

Each particle’s position is updated using this equation:

+ = + +x t x t v t( 1) ( ) ( 1),i i i (22)

The PSO algorithm also depends on parameters of the model itself,
specifically, the number of particles (m), and the position and velocity
variation range of each particle, etc. According to multiple tests and
previous studies (Scheerlinck et al., 2009): (1) particle number
m=200; (2) the variation range of is from 0.2 to 0.5; (3) the cog-
nitive parameter a1 =1.8, and the social parameter a2 =2.0; and lastly
(4) the variation range of the particle position is from -1 to 1, and that
of the particle velocity is from −0.01 to 0.01.

2.6. Optimization of the critical parameters at seven land covers

The SEBS model and the PSO algorithm were combined to calibrate
the SEBS parameters. The PSO optimization was done separately for
different land covers, since these parameters depend on the physical
properties of the underlying surface. The detailed realization method is
depicted in the flow chart of Fig. 1. SEBS model used eight parameters
(C1, C ,2 C3, hs,Cd,Ct , s and c) in total, shown by the equation 1-19.C1,
C ,2 C3, hs, Cd, and Ct are used for H calculation and not used for LE. s
and c are used only for LE calculation.C1, C ,2 andC3 were related to the

Fig. 1. The processing steps of the SEBS model parameterization schemes and the PSO algorithm and their linkages are presented above.
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bulk surface drag coefficient. hs is the roughness height of the soil. Ct is
the heat transfer coefficient of the leaf. Cd is the drag coefficient of the
foliage elements. Therefore, these eight parameters have a clear phy-
sical definition and they are independently on each other. C2 and C3 are
not important as C1 according to the study of Chen et al. (2013). hs
value was important for bare soil but not for other land covers. Its value
was fixed as 0.004 by Chen et al. (2019). There are five important
unknown key parameters (C1, Cd, Ct , s and c) left, which need to be
optimized. Solving the five unknows will require at least 5 observation
sites. The site number for SRB, SAV, GRS, CRP and BSN does not allow

to optimize the five parameters at the same time. The accuracy of LE in
the model is dependent on that of H. However, the performance of H
simulation does not relate to LE in SEBS. Hereby, two-step optimization
method was used here. The first step was to optimize Cd, Ct and c1 and
check enhancement of the H simulation with the newly optimizedCd,Ct
and c1 values. The optimized Cd, Ct and c1 values were then used in the
LE parameter optimization. s and c were calibrated by using the LE
model estimate and the measurement values. The ranges of the para-
meters have been tested in Section 3.2. It was taken as a prior-knowl-
edge to assistant PSO optimization. Table 2 includes their known range

Table 2
Optimized parameter values for typical land covers based on flux simulation performance.

Parameter ENF DBF SRB SAV GRS CRP BSN

Parameter variation range H Cd 0.0001-0.5 0.0001-0.5 0.0001-0.5 0.0001-0.5 0.0001-0.5 0.0001-0.5 0.0001-0.5
Ct 0.01-0.1 0.01-0.1 0.01-0.1 0.01-0.1 0.01-0.1 0.01-0.1 0.01-0.1
C1 0.1-0.9 0.1-0.9 0.1-0.9 0.1-0.9 0.1-0.9 0.1-0.9 0.1-0.9

LE s 0-1 0-1 0-1 0-1 0-1 0-1 0-1
c 0-1 0-1 0-1 0-1 0-1 0-1 0-1

PSO optimized value H Cd 0.057 0.072 0.059 0.122 0.097 0.500 0.066
Ct 0.200 0.196 0.348 0.200 0.004 0.027 0.010
C1 0.450 0.320 0.320 0.350 0.400 0.350 0.350

LE s 0.91 0.01 0.41 0.42 0.41 0.29 0.36
c 0.49 0.55 0.28 0.33 0.29 0.21 0.38

Fig. 2. Comparisons between sensible heat (H) and latent heat (LE) that were simulated by the SEBS model version described in Chen et al. (2013) and observations
at seven representative flux sites: Speulderbos evergreen needle-leaf forest (ENF), (a) and (h); US-UMB deciduous broadleaf forest (DBF), (b) and (i); US-Aud
shrubland (SRB), (c) and (j); Gingin savanna (SAV), (d) and (k); US-Ctn grassland (GRS), (e) and (l); Arcturus cropland (CRP), (f) and (m); and QOMS barren/sparsely
vegetated (BSN) surface, (g) and (n).
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in this study and their optimized values.

2.7. The revised model at global scale

The optimized model (SEBS-opt) was driven by instantaneous
MODIS land surface temperature and ERA-interim meteorological data.
Self-preservation of EF during the day (Gentine et al., 2011) was used as
a foundation to calculate the daily integrated ET from instantaneous H
and LE estimates. MODIS NDVI, LAI, canopy height, canopy fraction,
land cover, albedo and LST products were used for the global daily ET
calculations.

3. Results

3.1. Documenting problems of the model over different canopies

In this section, we analyzed the model structure related to errors in
H and LE simulations to provide a baseline for comparison with opti-
mized results. Fig. 2 shows H and LE comparisons between flux tower
measurements and model simulations using the SEBS at seven sites. The
seven sites are selected out from the seven land cover types respec-
tively, due to the figure can not hold the results for the 27 sites. Note
that good correspondence of measured and modeled values should
place values along the 1:1 line and should be associated with low
RSMEs and high correlation coefficient. The Speulderbos and US-UMB
sites were taken as examples for ENF and DBF types, respectively. Their

H and LE simulations produced values that are much lower (for H) and
higher (for LE) than the observations. The H slope values for the US-
UMB DBF site are around 0.34 (Fig. 2b), with a LE slope value of 1.59
(Fig. 2i). Other needle-leaf and broadleaf forest sites have similar pro-
blems in their H and LE evaluations (compare with the linear fitting
slope values in Fig. 7), and exhibit among the highest RMSEs for
measured vs. modeled values. For example, the linear fitting slope va-
lues for H at all of the 5 ENF sites are not higher than 0.6, and 4 of 5
slope values for LE are higher than 1.5. H was significantly under-
estimated and LE overestimated at forest site. This is due to an excess
resistance over-estimate for the canopy fraction (Chen et al., 2019). The
model does provide a good H estimate at the US-Ctn grassland site, the
Arcturus crop site, and the QOMOS bare soil site (Fig. 2e–g). However,
LE was overestimated at the Arcturus site and H/LE over-estimation/
low-estimation occurred at the Gingin savanna site.

In general, the model performed reasonably well at grassland and
short canopy sites (Chen et al., 2014), but showed reduced performance
over forest and shrub-land landscapes. Except for grasslands, the model
performed especially poorly for LE, which is needed to improve the
accuracy of ET estimates, in all other land cover types. This un-
satisfactory performance overall can be attributed to an uncertainty
that exists in the roughness model structure (Chen et al., 2019, 2013).
The uncertainties in the key parameters (C1, Cd, Ct) directly influence
d0, z m0 , and z h0 , which will ultimately determine the accuracy of H.
Bias in s and c will influence G0 and subsequently LE. The default
values ofC1,C2,C3, andCd have been given by Massman (1997) and that

Fig. 3. Variation of the linear fitting slope values for sensible heat flux between measurement and model simulations with Cd changes from 0 to 1. Cd is the foliage
drag coefficient. Notice that the vertical scale varies for the seven land cover types presented in a–g (evergreen needle-leaf forest, ENF; deciduous broadleaf forest,
DBF; shrub-land, SRB; savanna, SAV; grassland, GRS; cropland, CRP; and barren or sparsely vegetated, BSN). Each colored line presents results for one station.
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of s and c were listed in Su (2002). Their default values might valid to
at a specific canopy but not applicable over different canopies and land
covers. There are few studies have verified these values for many kinds
of land surface.

3.2. Diagnosis of the critical parameters over different canopies

Hundreds of simulations were done with different parameter values
to analyze the sensitivities of H and LE to the parameter variations. A
local sensitivity test was separately done for the eight independent
parameters (C1, C2, C3, Cd Ct , hs, s and c) without changing other
parameters. The H and LE values estimated with the model were
compared to flux measurements and the linear fitting slope was used to
assess whether variations in the parameters were reasonable. We found
that three canopy parameters (Cd, Ct , C1) and the two empirically de-
rived parameters ( s and c) are the most important parameters for H
and LE calculation. Variations in the fitting slopes with Cd, Ct and C1
changes are given in Figs. 3–5, respectively. The sites which have the
same land covers are plotted together. The objective of parameter op-
timization was to produce H and LE slope values close to one (e.g., a 1:1
correspondence with the examined factor). Therefore, slope values
were taken as a measure for the parameter evaluation in Figs. 3–5.

Fig. 3 shows that for all seven ecosystem types the slopes decreased
from initial values greater than 1, stabilizing at a value considerably
lower than 1 as the foliage drag coefficient (Cd) increased from 0 to 1.
Bringing ENF and DBF slope values close to 1 would require that Cd be
set to 0.0001. And, a relatively high Cd value should be given for SRB

and SAV, since their slope values decreased from initial ones above 1.
The slope changes associated with Ct are presented in Fig. 4. The slope
for ENF and DBF stabilizes when Ct is higher than 0.05. A key transition
in the slope values occurred in all landcover types at/near a value forCt
˜0.02, after which the slopes were almost constant. Above this turning
point (when Ct =0.02), the slopes ˜ 1 for SRB, SAV, CRP, GRS, and
BSN. Therefore, a Ct value slightly higher than 0.02 would be proper to
estimate Ct . Since most the change in slope for Cd occurs at a relatively
low value (< 0.2, Fig. 3), it seems clear that both Cd and Ct values
should best be determined by specific landcover types.

The most clearly expressed non-linear slope relationships (Fig. 5)
were obtained for C1. An upward turn from near-zero slopes occurred
for C1 ≤ 0.2 towards a saturation slope value ≥1. The one exception is
that most slope values for the ENF and DBF types are lower than 1.
However, the slope values for ENF and DBF sites become stable whenC1
becomes higher than 0.8. Therefore, the saturation point for the slope
(near to 1) can be used to determine C1 for most canopy covers, which
by this sensitivity test occurred around 0.4. Bache (1986) suggested
that C1 varies between 0.15 and 0.4 for different canopy types. It makes
good sense that different land covers have differently specified C1 va-
lues.

The comparable results for C2 and C3 are not shown. A different
conclusion was reached about the sensitivity of slope reliance on hs.
Whereas the slopes for ENF, DBF and SRB have no changes with in-
creases for hs, we found that hs is important for GRS, CRP and BSN.
Considering the variability of its influence on H and because it is re-
latively unimportant, hs is fixed to be 0.004 in this study. The default

Fig. 4. Variation of the linear fitting slope values for sensible heat flux between measurement and model simulations with Ct changes from 0 to 0.08. Each colored
line presents results for one station. Notice that the vertical scale varies for a–g. Ct is the heat transfer coefficient of the leaf. Refer to the Fig. 2 caption for the land
cover type abbreviations.
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value for hs in SEBS model was about 0.009 before Chen et al. (2013)
revised it to be 0.004m, due to a better performance at four bare or
sparse canopy land surfaces. This study also found that =h 0.004s can
partly improve lower-estimation of sensible heat flux at GRS, CRP and
BSN sites. SinceC2,C3 and hs are not principal parameters for roughness
length, those three parameter values were not suggested to be altered
by this study.

3.3. Diagnosis analysis of critical parameters from physical process

Calculation of H using the MOST approach over tall canopies areas
is well known to underestimate the momentum flux estimates (Arnqvist
and Bergström, 2015) which may further cause underestimates of
sensible heat flux. Several suggestions of corrections to the standard
flux-profile expression have been proposed in order to increase the
magnitude of turbulent heat flux (Arnqvist and Bergström, 2015;
Graefe, 2004; Harman and Finnigan, 2007). In SEBS, momentum flux is

expressed as = × × ×u h
u h

C C C C LAI( )
( )

exp( )d
*

1 2 3 . C1 is the limiting

value of u h
u h

( )
( )

* . By amplifying C1, the momentum flux in the sub-rough-
ness layer will increase, which further increases turbulent heat flux. The
model sensitivity analyses also revealed that the modelled H is quite
sensitive to u h

u h
( )
( )

* (Massman, 1999). Major canopy types (e.g., forests,
shrub, semi-desert and savannas) have different leaf shapes and foliage

elements but those traits change little within a single growing season. A
fixed C1 in u h

u h
( )
( )

* cannot represent the changes in canopy geometric in-
formation in the momentum flux calculation. Hereafter, when C1 is
determined by landcover classification, the new C1 value can include
some canopy geometric influence on the momentum and turbulent heat
flux calculation.

The site to site variations in roughness length may be caused by the
canopy`s ability to influence or modulate the atmospheric turbulence
immediately above the canopy. The canopy turbulence influence is
represented by using leaf sheltering and drag effects. To take into ac-
count these effects, Massman (1999) suggested to use ‘effective’ values
of Cd and Ct in the kB 1 calculation. The kB 1 difference between grass
and forest can be explained solely on the basis of differences in Cd and
Ct , as kB 1 in Eq. (13) is quite sensitive toCd andCt . Therefore, it may be
possible to improve the model`s H performance over different canopies
by adjusting these two parameters. A standard value of 0.2 is generally
recommended for Cd (Shaw and Pereira, 1982), but Shuttleworth and
Gurney (1990) suggested a value of 0.07 for a closed-canopy condition.
Uncertainty in the leaf level transfer coefficients is contained in Ct ,
which is likely to vary between 0.01 and 0.1. Ct for specific canopies
have been suggested by previous studies (Linacre, 1964; Miellor, 1962).
Linacre (1964) suggested Ct values of 0.03 (for Gossypium hirsutum and
Capsicum frutescens) and 0.02 (for Pelargonium norterumn and Grapto-
petalum sp). Miellor (1962) gave Ct values of 0.02, 0.01, and 0.02 for

Fig. 5. Variation of linear fitting slope value for sensible heat flux between measurement and model simulation with C1 changes from 0 to 1. Each colored line
presents results for one station. Notice that the vertical scale varies for a–g. C1 is the full canopy limit (FCL) for u h

u h
* ( )
( )

._=u Refer to the Fig. 2 caption for the land cover

type abbreviations.

X. Chen, et al. Agricultural and Forest Meteorology 279 (2019) 107633

9



Geranium, Tobacco, and Cocklebur, respectively. It is difficult to derive
an effective value for Ct and Cd based on published information.

3.4. The PSO global parameters optimization and new values of Cd, Ct , and
C1

The expected effective ranges of parameters have been revealed in
the sensitivity analysis. The PSO algorithm was used to find the optimal
solution for a given parameter space in this section. The PSO approach
was used to optimize an effective parameter value for each type of
canopy. The values derived for a specific canopy classification is listed
in Table 2. These parameter values may be applicable for other sites
with the same canopy or land cover types.

The same figure as Fig. 2 was replotted with optimized parameter
values in Fig. 6. Comparing Figs. 2 and 6, we found that the H slopes
were increased from 0.2 to 1 for Speulderbos (ENF), and from 0.22 to
0.8 for US-UMB (DBF). Thus changing Cd, Ct , C1 did indeed resolve the
H-underestimation problem at forest sites. However, the H performance
at QOMS (BSN) was nearly similar to previous results. In addition,
significant decreases in RMSE for LE were achieved at these six sites:
Speulderbos (ENF, from 129.2 to 91.5Wm−2), US-UMB (DBF, 157.4 to
100.7Wm−2), US-Aud (SRB, 67.2 to 59.8Wm−2), Gingin (SAV, 158.0

to 65.9Wm−2), Arcturus (CRP, 90.9 to 77.2Wm−2), and QOMS (BSN,
94.4 to 73.1Wm−2).

Validation of the 27 flux sites were given in Fig. 7. The most exciting
finding was that statistics for LE (e.g., slopes, RMSE, r) were all im-
proved with the optimized model for all cover types. Inaccurate LE
estimates are the primary contributing reason for inaccurate estimates
of ET by energy balance method (Fisher et al., 2016). Therefore, the LE
improvement by this study will benefit future global ET calculation.
The H accuracy for slope values at BSN, CRP and GRS sites (last three
groups in Fig. 7) was essentially unchanged. The slope values for H at
the five ENF sites were substantially increased from values around 0.25
to a mean of 1, and were associated with higher correlation coefficients
(r) and decreased RMSEs. The RMSE has been decreased by 9 and
92Wm−2 for H and LE. The coefficient of correlation was increased by
0.07 and 0.11 for H and LE. Therefore, optimized parameter values
produced favorable results for H at ENF sites, as well as for the GRS,
CRP, and BSN sites which also had generally improved slope values
(i.e., closer to one) with lower RMSE and higher r values. Site 17, 21, 24
have a higher RMSE for H after optimization (Fig. 7b). This might mean
that the optimization parameters did not produce a better result for the
four sites. However, it does not influence our general conclusion on the
performance of the optimized model. There are more sites having a

Fig. 6. Same as Fig. 2, but with optimized C1, Cd, Ct , c, and s values based on canopy cover types.
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supportive statistic value.

3.5. Verification of the revised model at global scale

The optimized SEBS model was driven by instantaneous MODIS
land surface temperature and ERA-interim meteorological data. The
performance of the daily ET data was evaluated at 238 flux sites mea-
surements collected from global flux networks (Fig. 8). We found a
mean bias (MB) of 0.07mm/day in ET estimates, while the RMSE was
1.47 (± 0.25) mm/day. The revised model provides reasonable esti-
mates of daily ET globally. These values are in line with validation
results reported with other ET estimates. Table 3 shows the statistical
results for different land covers. We note that the ET retrieval over grass
performed slightly better than for other types.

As expected, global ET results (Fig. 9) generally showed low values
in arid and desert regions, intermediate values across mid-latitude
forests and agricultural regions, and highest values in the humid tro-
pics. The general spatial patterns for our SEBS-opt results (middle
panel) are similar to those for the model, GLEAM (Miralles et al.,
2011b). However, our averaged annual ET estimates over the tropical
forests of the Amazon and South Africa are lower than those from
GLEAM. The ET in Amazon, Malaysia, and Indonesia tropical rainforest

is limited by available solar energy, and the lower-ET from the SEBS-opt
model simulations in these regions might be due to low estimation of
net radiation in ERA-interim. Our Sahel desert, Middle East, and arid
deserts have ET estimates close to those of GLEAM while the SEBS-opt’s
ET estimates for the African Kongo and Niger River basin are higher
than those of GLEAM. Unfortunately, there are no surface ET observa-
tions for direct comparison, which makes it impossible to verify the
remote sensing ET datasets for these regions.

To assess the advancement of the parameter calibration by this
study, Fig. 10 shows the comparison of SEBS against other global ET.
SEBS shows a complete high ET than all the other ET product (MOD16,
GLEAM, GLDAS, and ERA-Interim). Meanwhile, SEBS-opt provide a
reasonable ET which is among the variations of the ET products.

4. Discussion

It is difficult to determine five parameters simultaneously in the
SEBS model by solving a set of nonlinear equations, which is the ap-
proach previously employed. The artificial intelligence algorithm pro-
vides a feasible approach to solving this problem. With measurements
from Fluxnet stations as a basis, this study used the PSO algorithm to
calibrate the model parameters associated with diverse land surface

Fig. 7. The linear fitting slope (a); RMSE (b); and coefficient of correlation r (c) derived from observation and model simulations. Each circle or square represents
results of one flux tower. The seven land cover types are grouped together and divided by the vertical solid lines. Symbols for H [●] and LE [●] refer to the
simulation results obtained with the SEBS model. Symbols for H-Opt [□] and LE-Opt [□] refer to the simulation results obtained with the SEBS-opt model. The site
information is listed in Table 1.
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types. This study concluded that by using the PSO algorithm, the model
parameters can be calibrated simultaneously. The fluxes of sensible
heat and latent heat calculated with the calibrated parameters in the
SEBS-opt model were closely correlated to the measured values. The
primary study benefit is the provision of reliable parameters for future
numerical modeling to simulate the land-air exchange flux of different
land covers. Figs. 3–5 have shown that the optimized parameter is
transferable in a group of same land cover, due to that the stations of
same land cover have a similar variation trend with variations in C1, Cd
Ct values. It is possible to do optimization with one station, and do
verification at the rest site of the same land cover. However, one
station optimization will not be the best for a group member. In ad-
dition, to solve three (C1, Cd and Ct) or two ( s and c) unknows
mathematically, it is better to use at least three or two independent
observations. This makes us to do an optimization for each land cover
which has at least three observation sites. The results in Fig. 7 show
that the land-cover group-optimized value is transferable to its group
member.

One of the major problems regarding the use of remotely sensed
data for surface flux estimation derives from the fact that radiances
measured over a vegetated surface come from numerous unknown lo-
cations within the canopy (Jia, 2004; Verhoef et al., 1997). When the
vegetation becomes denser, the upwelling radiances describe more in-
formation from the upper canopy layer. So, roughness parameters need
to be set to an appropriate value according to canopy fraction and ca-
nopy structure. In general, the optimized model demonstrated that
while results were improved, there still remained a relatively higher
RMSE and lower slope and r values for H associated with forested sites
as compared with short canopy sites. For example, RMSEs at the 5 ENF
sites and the 6 DBF sites (first two groups, Fig. 7) are between 50 and

100Wm−2, which is higher than RMSEs for short canopies. This could
be explained as due to the complexity of forest-atmosphere interactions
(Bosveld, 1999; Chen et al., 2019).

Considering the vertical extension of any vegetation canopy, the
notion of 'surface' and of its associated distribution profile is quite
problematic compared with bare soil or open water. In fact, the only
observation technique available to determine surface temperature for
use with Fluxnet data is that from a radiometer. Radiometric surface
temperatures are derived from measurements of the radiance emitted
by everything within the field of view of the sensor. For a flat soil
surface, the radiance is emitted from the plane of the surface.
Vegetated surfaces present greater complications, especially when the
vegetation surface is rough which makes it difficult to simulate the
turbulent exchange process (Bosveld, 1999). In practice, turbulent
flux is derived from the bulk transfer formulation using measure-
ments of other quantities. Any uncertainties associated with these
measurements will cause uncertainties in the evaluation of the heat
fluxes. Here, we have assumed that the foliage temperature is (un-
realistically) constant throughout the depth of the canopy profile. The
flux and meteorological variables may have different up-wind source
areas than that of the foliage temperature, due to different mea-
surement heights and involved dynamic processes. Although the
surface temperature was determined using radiometers with a limited
field of view, an assumption was made to regard this temperature as
representative of the eddy covariance system’s fetch area. The dis-
crepancy shown by the scatter of points is also believed to be related
to differences in the footprint size of the sensors and caused by effects
of the nonhomogeneous terrain.

It is assumed that the parameter values have a temporal stability.
This is why the full range data-set from each site were used for the
calibration. The optimization methodology can be also used on a tem-
poral basis. The approach could be segmented for different months/
seasons. The maps of these critical parameters can be also distributed in
future.

There still exist a few problems in using the PSO algorithm.
Parameters obtained by PSO should be further tested against their ob-
servations. In fact, the parameters or parameter combinations obtained
by the PSO algorithm are only optimal solutions of the model equations.
These solutions have no clearly physical meanings. How to combine the
optimal solution with the actual physical processes requires further
proof. A drawback of the PSO algorithm is that a number of parameters
inherent to the algorithm have to be determined. The optimization
results also depend on the choice of PSO parameters: the population
size, the cognitive parameter, the social parameter and the inertia
weight.

Both the satellite and meteorological input data used in this study
should have some uncertainties. We have assumed that their un-
certainties contribution to the cost function is negligible. It would be
interesting to determine how sensitive are the parameter estimates to
factors such as model input and output data bias, model errors, the
quality of observation data, objective functions, and so on.
Furthermore, a single MB objective function in this study may not be
adequate enough to measure conditions where the model fails to match
the characteristics of the observed flux data (Yapo et al., 1998). There
are no Mediterranean, wetland or African savanna flux site in this study
because of availability of data collection. The global ET data might have
a relative high bias for these areas.

Fig. 8. Scatter density of the SEBS-opt model estimates (with new parameters)
for remote sensing of daily ET against daily ET observation at 238 flux sites. The
color bar indicates scatter point density. The flux site information is listed in
Supplementary Table A1.

Table 3
Performance of SEBS remote sensing daily evapotranpiration for different land covers. The values in bracket shows one standard deviation. Unit is mm/day;

Forest Shrub Savanna Grass Crop

RMSE 1.51(±0.28) 1.53(± 0.35) 1.35(± 0.22) 1.10(±0.49) 1.41(± 0.27)
MB 0.14(±0.56) 0.18(± 0.57) 0.00(± 0.46) −0.02(± 0.53) −0.002(±0.48)
r 0.57(±0.10) 0.62(± 0.11) 0.57(± 0.12) 0.65(±0.14) 0.67(± 0.13)
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5. Conclusions

The SEBS model has been validated and calibrated to be suitable for
both tall and short canopies. This model was driven by a time series of
meteorological observation data at point scales and its performance has
been evaluated by comparisons between its simulated and observed
fluxes. The measurements were performed over seven typical land-
cover types that cover the major land areas globally. The results show
that the roughness parameterization method previously employed tends
to produce underestimates for sensible heat flux and overestimates for
latent heat flux. Using sensitivity analyses, we have identified the most
critical parameters in the determination of sensible and latent heat
fluxes and optimized these parameters on global scales. With the opti-
mized parameter values, the SEBS model can be applied over a variety
of different canopy structures. The new parameters were found to make

the SEBS-opt model more robust over bare soil, short canopies, as well
as over tall canopies. The methodology of PSO optimization can be also
applied to other ET models.

This study evaluated the model structure and use sensitivity analysis
to identify the most sensitive parameters, and then optimized the cri-
tical parameter values associated with land cover types, thus making
the model more appropriately applicable at global scale. Sensitivity
analyses in this study also provided valuable insights into the degree of
effort that should be expended to constrain errors in the SEBS model.
The SEBS-opt model will be useful for land-surface interactions study.
This work helps to improve applicability of the model over typical land
covers of the globe, and helps us to analyze the possibility and suit-
ability to generate surface turbulent heat flux and ET maps over the
global area by remote sensing techniques. It also provides a solution to
the challenges specified in Fisher et al. (2017).

Fig. 9. Spatial trends in the annual ET global estimates averaged over 2003–2010 are shown, produced from: (a) GLEAM, (b) SEBS-opt, and (c) their difference map
(SEBS-opt model results minus GLEAM).
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