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a b s t r a c t
We evaluated the performance of four commonly applied land surface evaporation models using a
high-quality dataset of selected FLUXNET towers. The models that were examined include an energy
balance approach (Surface Energy Balance System; SEBS), a combination-type technique (single-source
Penman–Monteith; PM), a complementary method (advection-aridity; AA) and a radiation based
approach (modiﬁed Priestley–Taylor; PT-JPL). Twenty FLUXNET towers were selected based upon satisfying stringent forcing data requirements and representing a wide range of biomes. These towers
encompassed a number of grassland, cropland, shrubland, evergreen needleleaf forest and deciduous
broadleaf forest sites. Based on the mean value of the Nash–Sutcliffe efﬁciency (NSE) and the root mean
squared difference (RMSD), the order of overall performance of the models from best to worst were:
ensemble mean of models (0.61, 64), PT-JPL (0.59, 66), SEBS (0.42, 84), PM (0.26, 105) and AA (0.18,
105) [statistics stated as (NSE, RMSD in W m−2 )]. Although PT-JPL uses a relatively simple and largely
empirical formulation of the evaporative process, the technique showed improved performance compared to PM, possibly due to its partitioning of total evaporation (canopy transpiration, soil evaporation,
wet canopy evaporation) and lower uncertainties in the required forcing data. 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 employed in this scheme. However, SEBS performed well
overall. Relative to PT-JPL and SEBS, the PM and AA showed low performance over the majority of sites,
due to their sensitivity to the parameterization of resistances. Importantly, it should be noted that no
single model was consistently best across all biomes. Indeed, this outcome highlights the need for further
evaluation of each model’s structure and parameterizations to identify sensitivities and their appropriate
application to different surface types and conditions. It is expected that the results of this study can be
used to inform decisions regarding model choice for water resources and agricultural management, as
well as providing insight into model selection for global ﬂux monitoring efforts.
© 2013 Elsevier B.V. All rights reserved.

1. Introduction
Reliable estimates of evaporation (E) are required for the accurate representation of mass and energy exchanges at the land
surface. In hydrological and water resource studies, an evaporation model is required to characterize the exchange of moisture
between the surface and the overlying atmosphere. Not surprisingly, the choice of model can have considerable impact on water
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resource planning and decision support across a range of temporal and spatial scales. Improved understanding of the inﬂuence of
model choice on ﬂux estimation is required in order to better characterize the ﬁdelity of these simulations, particularly in light of an
increasing number of regional and global scale efforts to produce
land surface heat ﬂux data products (Jiménez et al., 2011; Mueller
et al., 2013).
A number of models have been developed for the estimation
of either the reference, potential or actual values of evaporation
(see reviews of Kalma et al., 2008 and Wang and Dickinson, 2012).
The reference evaporation is deﬁned as the evaporation from a
hypothetical, well-watered ‘reference’ crop (Allen, 2000), while
potential evaporation is the maximum evaporation for a given surface if moisture is not limiting (Penman, 1948; Irmak and Haman,
2003). Estimation of the reference and potential evaporation is
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usually based on meteorological data using relatively straightforward techniques (Penman, 1948; Doorenbos and Pruitt, 1975; Allen
et al., 1998). On the other hand, actual evaporation is the evaporation from the land surface, either wet or moisture “stressed”, which
requires consideration of resistance schemes to describe the environmental constraints on evaporative water loss (Brutsaert, 1982;
Rana and Katerji, 2000). As a result, scaling of the potential and
reference evaporation to actual values is often problematic due to
the difﬁculties in parameterization of the soil–plant–atmosphere
interactions and other bio-physiological constraints. These difﬁculties are especially pronounced in arid and semi-arid environments
with limitations on water availability.
The majority of models used in the estimation of the actual evaporation can be categorized broadly into energy balance approaches,
combination-type techniques, complementary methods or radiation based schemes (Brutsaert, 1982, 2005). The central concept
behind the formulation of these models is the transfer of sensible
heat and water vapour from the land surface to the overlying atmosphere: a process that is well described by the Monin–Obukhov
similarity theory (Monin and Obukhov, 1945; Brutsaert, 1982). In
energy balance approaches such as the Surface Energy Balance System (SEBS) (Su, 2002), the focus is on the transfer of sensible heat
ﬂux (H), with the actual evaporation (or the latent heat ﬂux, E)
estimated as the residual term in the general energy balance equation (E = Rn − G − H). E is actual evaporation in W m−2 (used also
to refer to the related term E in this manuscript),  is the latent heat
of vaporization (=2.43 × 106 J kg−1 ), E is the volume of water evaporated, Rn is net radiation (W m−2 ) and G is ground heat ﬂux (W m−2 ).
Combination-type models of actual evaporation, conceptualized
well by the ubiquitous Penman–Monteith approach (Monteith,
1965), are based on the similarity in heat and water vapour transfer, as deﬁned by the Bowen ratio concept (Bowen, 1926). The
complementary approach to actual evaporation, as described here
by the advection-aridity method (Brutsaert and Stricker, 1979), is
based on the complementary feedback between actual and potential evaporation. This complementary mechanism suggests that
if actual evaporation decreases below its true potential value,
the amount of energy not used by evaporation becomes available as sensible heat. Finally, radiation based approaches such as
the Priestley–Taylor method (Priestley and Taylor, 1972) describe
a simpliﬁed form of the Penman–Monteith combination model,
allowing ﬂux estimation with a minimum of meteorological and
radiation information. More detailed descriptions and explanations
of these model classes are provided in Section 2.2.
All of the models described above vary in structural complexity,
parameterization and the level of data required to run them. Hence,
their performance in estimating actual evaporation is expected to
differ over various land surface types and conditions. Furthermore,
models are expected to present different behaviour when dealing
with the combined uncertainties of input data and parameterizations (Massman and Lee, 2002; McCabe et al., 2005; Richardson
et al., 2006; Williams et al., 2009; Ershadi et al., 2013b). Consequently, ﬁnding an appropriate model for a given land surface
has motivated a number of model intercomparison studies. The
majority of such studies have focused on an evaluation of the
reference or potential evaporation (Trambouze et al., 1998; Xu
and Singh, 2002; Lu et al., 2005; Bormann, 2011; Fisher et al.,
2011; Xystrakis and Matzarakis, 2011), while others have examined
actual evaporation models. For instance, Crago and Brutsaert (1992)
evaluated several evaporation models, including the advectionaridity and Penman–Monteith schemes, over the First ISCLCP Field
Experiment (FIFE) in Kansas and found that the advection-aridity
model produced acceptable results under generally moist conditions. Sumner and Jacobs (2005) evaluated the Penman–Monteith
and Priestley–Taylor methods against eddy covariance measurements of evaporation over a natural pasture site in Florida and
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found that the Priestley–Taylor method, with a calibrated alpha
coefﬁcient (˛PT ), provided the best estimates. Cleugh et al. (2007)
compared energy balance and combination methods over forest
and savannah sites in Australia. The authors found that while the
Penman–Monteith combination technique provided an adequate
estimate of the observed evaporation (R2 = 0.74, RMSD = 27 W m−2 ),
the energy balance approach did not, due to its sensitivity to
uncertainties in the land surface temperature measurements. More
recently, Vinukollu et al. (2011b) evaluated an energy balance,
Penman–Monteith and Priestley–Taylor models over 16 FLUXNET
towers and concluded that the Priestley–Taylor performed the
best out of these competing schemes. Liu et al. (2013) compared evaporation estimates from a number of models, including
the Penman–Monteith model variant developed by Mu et al.
(2011) (PM–Mu) and a Priestley–Taylor based model developed
by Miralles et al. (2011) (Global Land-surface Evaporation: the
Amsterdam Methodology – GLEAM) over the Mongolian Plateau.
They found that at the tower scale, the seasonal variability of the
models matched well, except for the winter months, when PM–Mu
overestimated E.
Many of these evaluation and intercomparison studies have
provided a solid assessment of a number of modelling schemes
at particular locations. However, a basis from which to make an
informed model choice remains missing. In particular, selection
of the best candidate evaporation model for global applications
(Jiménez et al., 2011; Mueller et al., 2011) is not supported in any
of the current model intercomparison contributions. This is due to
a number of reasons, including:
• Spatial and temporal extent: most previous studies have compared models over single (or a few) locations and for relatively
short time periods with limited variability in the land surface type
and condition. For example, the model evaluations by Crago and
Brutsaert (1992), Stannard (1993), Trambouze et al. (1998) and
Sumner and Jacobs (2005) were only performed over one location
for 42 days, 55 days, 2 months and 10 months respectively;
• Reduced range of models examined: the most comprehensive
studies were those undertaken by Stannard (1993) and Vinukollu
et al. (2011b), where comparisons of energy balance, combination
and radiation based methods were undertaken;
• Low temporal resolution: With the exception of Sumner and
Jacobs (2005), Pauwels and Samson (2006) and Shi et al. (2008),
the majority of previous studies have used daily (Crago and
Brutsaert, 1992; Xu and Chen, 2005; Schneider et al., 2007) or
monthly (Vinukollu et al., 2011b) temporal resolutions. Aggregation of input meteorological forcing to coarser temporal
resolutions can greatly affect the simulation results, either positively by reducing the uncertainty in input data, or negatively by
increasing the temporal mismatch between different input variables (and parameters). For example, one reason behind the poor
performance of the energy balance approach in the Cleugh et al.
(2007) study was the use of aggregated tower based meteorological data with 16 days aggregated Moderate Resolution Imaging
Spectroradiometer (MODIS) land surface temperature;
• Prior model calibration: in a number of studies (e.g. Sumner and
Jacobs, 2005; Shi et al., 2008), model parameters were calibrated
locally, limiting the utility of the studied model to those speciﬁc
locations or areas with similar meteorological and land surface
conditions;
• Model parameterization: often, the vegetation parameters (e.g.
leaf area index) required for parameterization of aerodynamic
and surface resistances were assumed constant due to the limitations in the ﬁeld or remote sensing observations. As a result,
the dynamics of vegetation growth and its effects on evaporation were overlooked. The incorporation of vegetation dynamics
can signiﬁcantly improve modelling performance, particularly in

48

A. Ershadi et al. / Agricultural and Forest Meteorology 187 (2014) 46–61

the models that are more sensitive to the parameterization of
aerodynamic and surface resistances (Cleugh et al., 2007; Tang
et al., 2011).
In the present study, the objective is to understand and evaluate the performance of a number of the most commonly utilised
models of actual evaporation across a variety of land surface types
and conditions. This effort is achieved by using a collection of highquality tower based data, collected over an extensive observation
period that enables an adequate representation of meteorological
variability.
The main research questions of this study include:
• What is the performance of the selected evaporation models and
their ensemble mean over different biomes and surface conditions?
• What is the performance of the selected evaporation models over
different seasons?
• Do more complex and data-intensive models perform better than
simpler schemes?
• Do violation of a model’s underlying theoretical assumptions
effect simulation performance? (e.g. impacts of footprint homogeneity, stability conditions)
• What are the main sources of uncertainty in evaporation estimation using the selected models?

2. Data and methodology
2.1. Forcing data
One of the principal limitations in the evaluation of evaporation models is the availability of accurate and descriptive input
forcing data. The FLUXNET project (Baldocchi et al., 2001; Agarwal
et al., 2010) provides a high-quality, community based globally distributed dataset of surface heat ﬂuxes and meteorological data,
making them an appropriate source for model evaluation. In this
study, 20 eddy covariance FLUXNET towers were selected across
a range of representative biomes that included grassland (GRA),
cropland (CRO), shrubland (SHR), evergreen needleleaf forest (ENF)
and deciduous broadleaf forest (DBF).
2.1.1. Tower based in-situ measurements
Four towers were selected for each biome type based on a number of criteria, including: (a) variations in vegetation height; (b)
being spatially distributed; (c) quality controlled; (d) having extensive period of data with minimal gaps; and (e) the availability of
all required input data for simulation using the different models
in this study. While there are approximately 545 towers within
the FLUXNET database (http://ﬂuxnet.ornl.gov/site status), open
access to the data and the range of input variables required for
the comprehensive assessment of the evaporation models used in
this study signiﬁcantly limits the choice of towers. In particular,
soil moisture (required for surface resistance speciﬁcation in the
Penman–Monteith model) and longwave upward radiation data
(used in the calculation of the land surface temperature for the SEBS
model) were only available at a reduced number of sites. Likewise,
the start of the selected tower records was limited to the year 2000,
when remote sensing data required for the resistance parameterization was available (see Section 2.1.2). The 20 selected towers
provide sufﬁcient data to capture a range of land surface conditions at each of the individual sites. The Santa Rita Creosote tower
has the shortest data span used here (1.5 years), while the US Mead
towers provided the longest (10 years) period of data. The average
length of record across the towers is 5 years.

All tower data were ﬁltered for daytime only measurements to
avoid having to deal with negative net radiation and nighttime
condensation, since these are conditions that are not well represented by any of the models. Daytime is deﬁned to be when
the shortwave downward radiation at the tower was greater than
20 W m−2 . This criterion is rather strict, but selected to also ﬁlter
out the times when early morning and late afternoon transitions
in the atmospheric boundary layer occur. The physics of such conditions are not well captured by any of the models and would add
uncertainties to the estimated E. Data were also ﬁltered for a number of meteorological and quality control constraints to ensure the
highest-quality forcing data set. These include rain events, frozen
periods (when the air or land surface temperature are less than
or equal to zero), negative observed turbulent ﬂuxes, gap-ﬁlled
records and low quality ﬂagged FLUXNET data. Overall, more than
100 site-years of data, or approximately 500,000 ﬁltered records,
were selected for each of the four models. Characteristics of the
selected eddy covariance towers are provided in Table 1. A map of
the spatially distributed tower locations is presented in Fig. 1.
The level of data pre-processing used in this study varies
depending on the data source (refer to Column L of Table 1). Level
3 data are the quality controlled and gap-ﬁlled data obtained from
ﬂuxdata.org. Level 2 data are obtained from ameriﬂux.ornl.gov and
no gap-ﬁlling or quality control is applied to those data. Although
the AmeriFlux dataset provides Level 3 data, only Level 2 data are
used here, since in Level 3 the longwave upward radiation is missing. Data from ﬂuxdata.org are provided at half-hourly temporal
resolution, while those from ameriﬂux.ornl.gov are at an hourly
temporal resolution. Both temporal resolutions are used directly in
the modelling intercomparison without any aggregation.
The data used from the towers include air temperature, wind
speed, humidity, net radiation, ground heat ﬂux and soil moisture.
The land surface temperature was derived from tower observations
of longwave upward radiation by inverting the Stefan–Boltzmann
equation, with emissivity calculated from the Normalized Difference Vegetation Index (NDVI) using the methodology of Sobrino
et al. (2004).
2.1.2. Remote sensing based measurements
Time series of NDVI was extracted from the MOD13Q1 product
(Solano et al., 2010) at each tower location. The MOD13Q1 data
are derived from the MODIS sensor onboard the Terra satellite and
provide 250 m spatial and 16 days temporal resolution. Data were
obtained from the Simple Object Access Protocol (SOAP) web services of the Oak Ridge National Laboratory (ORNL) MODIS Land
Product Subsets (http://daac.ornl.gov/MODIS/). The 16-day gaps
between successive NDVI records were ﬁlled using linear interpolation. The leaf area index and fractional vegetation cover (required
for aerodynamic and surface resistance parameterizations) were
calculated from the NDVI data using the methodology of Ross (1976)
and Jiménez-Muñoz et al. (2009) respectively. All evaporation models use the same values of leaf area index and fractional vegetation
cover for their parameterization.
2.2. Model descriptions
2.2.1. The Surface Energy Balance System (SEBS): an energy
budget approach
The SEBS model of Su (2002) is a physically based model that
uses a combination of remote sensing and in-situ observations
to derive the land surface variables, radiative heat ﬂuxes and
roughness parameters required for calculating actual evaporation.
The main inputs to the SEBS model include land surface temperature, vegetation height and density, air temperature, humidity
and wind speed, along with surface radiation components. When
the measurement height of meteorological variables is in the
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Table 1
Selected ﬂux towers and their attributes. zg is the site elevation (above sea level) in m, zm is tower height in m, hc is the canopy height in m, Y is the number of years of data
and L is the processing level of data.
Name

Country

Grasslands
PT-Mi2
G1
G2
US-Aud
G3
US-Goo
G4
US-Fpe

ID

Mitra IV Tojal
Audubon Research Ranch
Goodwin Creek
Fort Peck

Portugal
USA
USA
USA

Croplands
C1
US-ARM
C2
US-Ne3
C3
US-Ne1
C4
US-Bo1

ARM SGP – Lamont
Mead – rainfed
Mead – irrigated
Bondville

Lat

Lon

zg

zm

hc

38.5
31.6
34.3
48.3

−8.0
−110.5
−89.9
−105.1

190
1469
87
634

USA
USA
USA
USA

36.6
41.2
41.2
40.0

−97.5
−96.4
−96.5
−88.3

314
363
361
219

Shrubland/Woody Savannas
S1
US-SRc
Santa Rita Creosote
S2
US-SRM
Santa Rita Mesquite
S3
BW-Ma1
Maun-Mopane Woodland
S4
AU-How
Howard Springs

USA
USA
Botswana
Australia

31.9
31.8
−19.9
−12.5

−110.8
−110.9
23.6
131.2

991
1116
950
38

4.25
6.4
13.5
23

1.7
2.5
8
15

Evergreen needleleaf forest
E1
NL-Loo
Loobos
E2
US-Fuf
Flagstaff -Unmanaged Forest
E3
DE-Tha
Anchor St. Tharandt – old spruce
E4
US-Wrc
Wind River Crane Site

Netherlands
USA
Germany
USA

52.2
35.1
51.0
45.8

5.7
−111.8
13.6
−122.0

25
2180
380
371

52
23
42
85

Deciduous broadleaf forest
US-MOz
Missouri Ozark Site
D1
D2
US-WCr
Willow Creek
D3
US-MMS
Morgan Monroe State Forest
D4
DE-Hai
Hainich

USA
USA
USA
Germany

38.7
45.8
39.3
51.1

−92.2
−90.1
−86.4
10.5

219
520
275
430

30
30
48
43.5

2.5
4
4
3.5

Y

L

Reference

2
4
4
4

3
3
3
3

Gilmanov et al. (2007)
Horn and Schulz (2011)
Hollinger et al. (2010)
Horn and Schulz (2011)

4
10
10
7

3
3
3
3

Lokupitiya et al. (2009)
Richardson et al. (2006)
Richardson et al. (2006)
Hollinger et al. (2010)

1.5
7
2
5

2
2
3
3

Cavanaugh et al. (2011)
Cavanaugh et al. (2011)
Veenendaal et al. (2004)
Hutley et al. (2005)

15.9
18
30
56.3

5
6
2
9

3
2
3
2

Sulkava et al. (2011)
Román et al. (2009)
Delpierre et al. (2009)
Wharton et al. (2009)

24.2
24.3
27
33

5
5
6
3

2
3
2
3

Hollinger et al. (2010)
Curtis et al. (2002)
Dragoni et al. (2011)
Rebmann et al. (2005)

0.05
0.15
0.3
0.3

60
6
6
10

0.5
2.5
3
3

Fig. 1. Location of the eddy covariance towers used to provide forcing and validation data in this study.

atmospheric surface layer, the SEBS model uses the
Monin–Obukhov similarity theory (MOST) equations (Monin
and Obukhov, 1945). When the measurement height is within the
mixed layer of the atmosphere, SEBS uses the Bulk Atmospheric
Similarity Theory (BAST) (Brutsaert, 1999). However, in the majority of cases, MOST equations are used unless the roughness of the
surface is high or the height of the atmospheric surface layer is
low. The MOST equations used in SEBS include stability-dependent

ﬂux-gradient functions for momentum and heat transfer, as
described below:
u=

 z − d 
0

u∗
ln


s − a =

z0m

− m

z − d 

 z − d 
0

H
ln
u∗ cp

z0h

0

L
− h

+ m

z

0m

(1)

L

z − d 
0

L



+ h

 z 
0h

L

(2)
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where z is the reference height above the land surface for measurement of the meteorological variables (m), u is wind speed (m s−1 ),
u* is the friction velocity (m s−1 ),  is the density of the air (kg m−3 ),
cp is speciﬁc heat capacity of air at constant pressure (J kg−1 K−1 ),
 = 0.41 is the von Karman’s constant (–),  s is the potential land
surface temperature (K),  a is the potential air temperature (K) at
height z, H is the sensible heat ﬂux (W m−2 ), d0 is the zero-plane displacement height (m), z0m is the roughness height for momentum
transfer (m), z0h is the roughness height for heat transfer (m) and
 m and  h are the stability correction functions for momentum
and heat transfer. L is the Obukhov length (m) deﬁned as:
L=−

cp u3∗ v
gH

(3)

with g the acceleration due to gravity (m s−2 ) and  v the atmospheric virtual potential temperature (K).
For atmospheric stability corrections in the atmospheric surface
layer, the functions proposed by Beljaars and Holtslag (1991) are
used for stable conditions and the functions proposed by Brutsaert
(2005) are used for unstable conditions. The roughness length
for momentum and heat transfer (z0m and z0h ) are estimated in
SEBS using the methodology developed by Su et al. (2001), which
employs vegetation phenology, air temperature and wind speed.
SEBS uses a correcting method to scale the MOST derived sensible heat ﬂux between hypothetical dry and wet limits based on the
relative evaporation concept. Finally, this scaled sensible heat ﬂux
can be used to calculate the latent heat ﬂux (E) as a residual term
in the general energy balance equation as E = Rn − G − H. Further
details on the SEBS model description are provided by Su (2002)
and Su et al. (2005).
2.2.2. Penman–Monteith (PM): a combination-type technique
The Penman–Monteith model (PM) incorporates heat and water
vapour mass transfer principles and is therefore known as a combination equation. The Penman equation (Penman, 1948) was
developed originally for the estimation of potential evaporation from open water and saturated land surfaces, but was later
modiﬁed by Monteith (1965) with the introduction of a canopy
resistance term to describe the inﬂuence of plants on the water
vapour transfer through the roots, stems and leaves of the plants.
The Penman–Monteith model of actual evaporation can be formulated following Brutsaert (2005):
E =

 (Rn − G) + cp (e∗ − e) /ra



 +  1 + rs /ra



(4)

where  (Pa K−1 ) is the slope of the saturation water vapour
pressure curve e* = e*(Ta ) at the air temperature Ta ,  is the psychrometric constant deﬁned as  = cp p/(0.622) in Pa K−1 , e* − e is
the vapour pressure deﬁcit in Pa, e* is saturation vapour pressure of
the air (Pa), e is actual vapour pressure of the air (Pa) and ra and rs
are aerodynamic and surface resistances (s m−1 ). The aerodynamic
resistance ra was estimated using an equation suggested by Thom
(1975) as following:
ra =

 z − d 
0

1
ln
2 ua

z0m

ln

 z − d 
0

z0v

(5)

where z0v is the roughness height for water vapour transfer (m).
Following Brutsaert (2005) we assumed z0v = z0h with z0h and z0m
calculated using the Su et al. (2001) method, as employed in the
SEBS model. For estimation of the surface resistance, the Jarvis
scheme of Jacquemin and Noilhan (1990) is used as following:
rs =

rsmin
LAI · F1 · F2 · F3 · F4

(6)

where rsmin is the minimum canopy resistance (s m−1 ) and LAI is the
leaf area index (m2 m−2 ). F1 , F2 , F3 and F4 are weighting functions
(–) representing the effects of solar radiation, humidity, air temperature and soil moisture on plant stress. Following Chen and Dudhia
(2001), the weighting functions can be expressed as:
F1 =

Rg
rsmin /rsmax + f
with f = 0.55
Rgl
1+f

F2 =

1
1 + hs × (q∗ − q)



F3 = 1 − 0.0016 Tref − Ta

2

 2 
LAI

(7)



 i − wilt di


F4 =
Nroot

i=1

ref − wilt dt

where rsmax is the maximum or cuticular canopy resistance (s m−1 ),
Rgl is the minimum solar radiation necessary for transpiration
(W m−2 ), Rg is the incident solar radiation (W m−2 ), hs is a parameter associated with the water vapour deﬁcit (–), q* − q represents
the water vapour deﬁcit (kg kg−1 ), Tref is the optimal temperature
for photosynthesis (K), Ta is the air temperature (K), di is the thickness of the ith soil layer (m), dt is the total thickness of the soil layer
(m) and Nroot is the number of soil layers in the rooting zone.
In this study, the depth of the soil moisture sensor(s) is considered to be representative of the soil layer(s). Such an assumption is
unlikely to be valid for the cases of vegetation with deep root systems, since the change in surface soil moisture at the half-hourly
or hourly time step will not be the same for the whole soil column.
However, the limited availability of soil moisture data at tower locations reduces the capacity to improve the assumption further, so
some compromise is unavoidable. The values of rsmax , Rgl , hs and
Tref are acquired based on the vegetation lookup tables used in the
Noah land surface model.
Soil moisture content thresholds for ﬁeld capacity ( ref ) and wilting point ( wilt ) provide characteristics of the soil type. As soil type
information is not available for all sites from ﬁeld investigations
and the values in existing global soil databases are not reliable at
the point scale, long-term surface layer soil moisture observations
from each tower are used to determine the soil moisture thresholds
(Calvet et al., 1998; Ladson et al., 2004; Zotarelli et al., 2010). To do
this, the ﬁeld capacity soil moisture threshold is determined as the
99th percentile of the after rain soil moisture records of the tower.
As the short period of soil moisture data might cause lower values
of the actual  ref using this technique, estimated  ref is truncated
to the maximum  ref value suggested by the soil table used in the
Noah land surface model. Similarly, the wilting point threshold is
determined from the 1st percentile of the soil moisture records and
is capped to the minimum value of the Noah soil table. Both vegetation and soil parameter tables of the Noah model can be obtained
from http://www.ral.ucar.edu/research/land/technology/lsm.php.

2.2.3. Advection-aridity (AA): a complementary method
The concept of complementary ﬂuxes with advection-aridity
was ﬁrst developed by Bouchet (1963) and further improved
by Parlange and Katul (1992). The complementary relationship
relies on the feedback between actual and potential evaporation.
When there is sufﬁcient water available, evaporation increases and
approaches the potential value. In contrast, when water is limited,
the energy that would have been used for evaporation is then used
in the production of sensible heat ﬂux. As a result, the vapour
pressure deﬁcit increases because of the lack of evaporation, thus
elevating the potential evaporation (Huntington et al., 2011). As
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shown by Brutsaert (2005), the advection-aridity equation for estimation of evaporation (E) is:
E = (2˛PT


  (q∗ − q)
− 1)
Qne −
ra
+
+

(8)

(9)

Scaling of the Priestley–Taylor potential evaporation to actual
evaporation has been performed by modiﬁcation or calibration
of ˛PT (Flint and Childs, 1991) as a function of the environmental variables. However, in this study we use the modiﬁed form
of the Priestley–Taylor model developed by Fisher et al. (2008)
(hereafter PT-JPL), in which the ˛PT is kept constant at 1.26 and
the potential evaporation is scaled to actual evaporation based on
bio-physiological constraints. In this model, total evaporation is
partitioned into canopy transpiration (Ec ), soil evaporation (Es )
and wet canopy evaporation (Ewc ) deﬁned as follows:

Rc
Ec = kc × ˛PT
+ n
Es = ks × ˛PT


  s
Rn − G
+

Ewc = kwc × ˛PT

(10)


Rc
+ n

where Rnc is the net radiation for canopy, Rnc = Rn − Rns and Rns is the
net radiation for soil given by Rns = Rn exp (−0.6LAI). Total evaporation is then E = Ec + Es + Ewc .
kc , ks and kwc are reduction functions for scaling of potential
evaporation in each of canopy, soil and wet canopy components to
their actual values and are deﬁned as:
kc = (1 − fwet ) fg fT fM
ks = fwet + fSM (1 − fwet )

fg = fAPAR /fIPAR

 

2.2.4. Modiﬁed Priestley–Taylor (PT-JPL): a radiation based
scheme
The Priestley–Taylor model (Priestley and Taylor, 1972) is a
simpliﬁed form of the Penman–Monteith model, developed for estimating potential evaporation from an extensive wet surface under
conditions of minimum advection (Pereira and Villa Nova, 1992;
Eichinger et al., 1996; Sumner and Jacobs, 2005). This model is
expressed by the following equation:

(Rn − G)
+

factors used as a proxy for plant and soil water stress, respectively.
The reduction functions are deﬁned as:
fwet = RH 4

where ˛PT is the Priestley–Taylor coefﬁcient, considered here as
1.26 (Priestley and Taylor, 1972; Eichinger et al., 1996), q is the
speciﬁc humidity of the atmosphere (kg kg−1 ) and q* is the speciﬁc humidity of the saturated air (kg kg−1 ) at temperature Ta . Also,
Qne = Qn / with Qn being available energy, deﬁned as Qn = Rn − G.
Parameterization of the aerodynamic resistance ra in this study is
similar to that used for the Penman–Monteith model (Brutsaert
and Stricker, 1979; Brutsaert, 2005). The main advantage of the
advection-aridity complementary approach is that it does not
require any information related to soil moisture, canopy resistance
or other measures of aridity, as it relies solely on meteorological
variables.

E = ˛PT
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(11)

kwc = fwet
where fg is green canopy fraction, fwet is relative surface wetness
and fT is air temperature constraint, and fM and fSM are empirical

fT = exp − Ta − Topt /Topt

2 

(12)

fM = fAPAR /fAPARmax
fSM = RH VPD
where fAPAR and fIPAR are fractions of the photosynthesis active
radiation (PAR) that is absorbed (APAR) and intercepted (IPAR) by
green vegetation cover, deﬁned as fAPAR = 1.3632 × SAVI − 0.048 and
fIPAR = NDVI − 0.05. RH represents the relative humidity (fraction),
VPD is vapour pressure deﬁcit in kPa and the leaf area index, LAI,
is calculated as LAI = −ln (1 − fc ) /kPAR with kPAR = 0.5 and fc = fIPAR .
The optimum plant growth temperature (TOPT ) is the air temperature at the time of peak canopy activity when the highest fAPAR and
radiation and minimum VPD occur. Finally, SAVI is the soil adjusted
vegetation index, calculated as SAVI = 0.45 × NDVI + 0.132.
While Fisher et al. (2008) estimated evaporation using monthly
means of tower based meteorological measurements of Rn , maximum Ta and average vapour pressure (ea ), this study uses
half-hourly or hourly values of those variables for ﬂux prediction.
2.2.5. Data requirement of the evaporation models
The four evaporation models of this study differ in their required
input data and the types of parameterizations employed. The PM
model is the most complex and one of the most data-demanding
models as a result of aerodynamic and surface resistances requiring
the explicit description of a number of variables and parameters.
While there is no necessity for surface resistance parameterizations in the SEBS model, it still requires land surface temperature
observations and is sensitive to the temperature gradient near the
surface. The AA model demands even less prescribed information,
as it does not need soil moisture or land surface temperature. Overall, the PT-JPL model is the least data-demanding model used in this
study, requiring only air temperature, humidity, net radiation and
ground heat ﬂux (see Table 2).
2.3. Statistical evaluations
The statistical measures used to evaluate model performance
include the coefﬁcient of determination (R2 ), slope, y-intercept,
root-mean-squared difference (RMSD), relative error (RE) and the
Nash–Sutcliffe efﬁciency coefﬁcient (NSE). The coefﬁcient of determination describes the degree of co-linearity between simulated
and observed values and ranges between 0 and 1, with higher
values indicating less error variance. In general, an R2 > 0.5 is considered as acceptable performance (Moriasi et al., 2007). RE is deﬁned
as the RMSD normalized by the mean values of observed data, with
RE = RMSD/mean (Eobs ). The Nash–Sutcliffe efﬁciency represents
a normalized statistic that determines the relative magnitude of the
residual variance (noise) compared to the measured data variance
(Nash and Sutcliffe, 1970) and is computed as:
NSE = 1 −

i=1
n
i=1
n





Eiobs − Eisim

2

Eiobs − Emean

2

(13)

where Eiobs is the ith observed E, Eisim is the ith simulated E,
Emean is the mean of the observed E and n is the total number
of observations. NSE indicates how well the scatterplot of observed
versus simulated data ﬁts the 1:1 line. NSE values range between
−∞ and 1.0, with a NSE = 1 being the optimal value (Moriasi et al.,
2007). In addition to the use of single statistics for evaluation of
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Table 2
List of required data and parameters for evaporation models as used within this study.
Variable/Parameter

SEBS

AA

PM

PT-JPL

Land surface temperature
Air temperature
Wind speed
Humidity
Roughness parameters
Soil moisture
Net radiation
Ground heat ﬂux
Soil/Vegetation parameters
Vegetation index (e.g. NDVI)

×
×
×
×
×

×
×
×
×

×

×
×

×
×

×

×

×
×
×
×
×
×
×
×
×

each tower, average values of NSE, R2 or RE values for all tow2
and
ers of a biome (or of all 20 towers) are used as NSEavg , Ravg
REavg for the cases in which an overall assessment of the models is
required.
A general assumption in interpretation of the slope, y-intercept,
R2 , RE and NSE is that all of the errors are contained within the
simulated values, such that the observed values are error free. This
assumption is rarely the case, as E observations are uncertain due
to a number of factors including representativeness of the source
area, instrument sampling errors, land surface heterogeneity and
random observation error. Recent work examining the impacts of
forcing data error on model simulations of heat ﬂuxes highlights
the importance of characterizing the inherent observation error
(Ershadi et al., 2013b).

2.4. Energy budget closure at ﬂux tower sites
In evaluation of the heat ﬂux models at short time intervals
(e.g. hourly), the so-called non-closure issue has been observed
by many researchers (e.g. Twine et al., 2000; Massman and Lee,
2002; Barr et al., 2006; Haverd et al., 2007; Franssen et al., 2010).
The lack of closure in energy balance at eddy covariance towers
remains largely unexplained. Likewise, the best way to handle it
in terms of data correction remains an open question (Foken et al.,
2012). Many studies have shown that this non-closure problem is
not due to the uncertainty and errors in observations alone. For
example, Mauder and Foken (2006) showed that even at a well
maintained site, careful application of all corrections to the raw
high-frequency data can slightly reduce the residuals, but cannot
completely remove them. One reason for the lack of closure in
eddy covariance sites is attributed to unaccounted for advection
ﬂuxes. In addition, large eddies (with low frequency) associated
with stationary secondary circulations (Foken, 2008; Mahrt, 2010)
that generate over tall canopies and heterogeneous landscape are
not usually measured at eddy covariance towers due to instrument
limitations (Mauder et al., 2008; Foken et al., 2011, 2012). Kracher
et al. (2009) attributed the lack of closure in energy balance to the
ground heat ﬂux or storage of the energy in the plant canopy. However, correction for this might result in a large ground heat ﬂux or
storage term that cannot be explained by the storage capacity of
the soil or canopy (Foken et al., 2011).
One relatively simple way to account for the residual errors in
turbulent heat ﬂux measurements is to distribute them according
to the Bowen ratio (i.e. ˇ = H/E). This method is referred to as the
“Bowen ratio” closure correction technique (Twine et al., 2000).
Alternatively, the lack of closure can also be corrected by calculating
the latent heat ﬂux as a residual term in the energy balance equation (i.e. EER = Rn − G − H) using the observed ﬂuxes. This method
is referred to as the “energy residual” closure correction technique.
Either way, both techniques have a major and potentially adverse
effect on the actual energy and water balance within the system
being examined (Foken, 2008).

×

×
×
×

In this study, both the “Bowen ratio” (BR) and “energy residual”
(ER) closure correction techniques were evaluated against modelled evaporation. Following Sumner and Jacobs (2005), the Bowen
ratio correction is applied as:
EBR =

Rn − G
1+ˇ

(14)

The corrected latent heat ﬂux values that were less than half
or more than double the uncorrected values were considered as
missing data (less than 10% amongst all towers). The NSE coefﬁcient
of the simulated latent heat ﬂuxes calculated against the original,
energy residual (ER) corrected and Bowen ratio (BR) corrected data
are shown in Fig. 2. A similar ﬁgure showing R2 values is added to
the supplementary materials (Fig. S6).
Fig. 2 illustrates that for the majority of model types and land
surface conditions, the simulated latent heat ﬂuxes show improved
agreement when employing the energy residual corrected latent
heat ﬂuxes. This agreement is perhaps because the ER corrected
latent heat ﬂuxes are based on the observed sensible heat ﬂuxes
rather than the observed latent heat ﬂuxes. In other words, there
may be a potential error source in the observed latent heat ﬂuxes
that inﬂuences their agreement with the modelled values.
Foken et al. (2011) attributed the reasons for lack of performance
in Bowen ratio corrected latent heat ﬂuxes to two concepts. The
ﬁrst is the lack of scalar similarity in sensible and latent heat ﬂuxes
(Finnigan et al., 2003; Ruppert et al., 2006; Mauder et al., 2008),
which requires that these scalar quantities are transported with
similar proportion in eddies of different size and shape. In particular, there are differences in turbulent exchanges for temperature
and water vapour in tall and dense canopies, which result from
dissimilarity of the sources for sensible and latent heat ﬂuxes. This
means that while the canopy top is the main source for heating of
air during the day, the source of water vapour is predominantly
from within the canopy (Katul et al., 1995, 1999; Simpson et al.,
1998; Ruppert et al., 2006). Subsequently, if there is no similarity
between sensible and latent heat ﬂuxes, the correction based on the
Bowen ratio fails. A possible reason for the improved agreement in
the BR corrected latent heat ﬂuxes with the PM based simulations
(see Fig. 2) relative to the other model approaches, might be due to
the explicit assumption of the Bowen ratio concept (i.e. similarity
between sensible and latent heat ﬂuxes) in the derivation of the PM
equation. The second concept stated by Foken et al. (2011), relates
to the difference in reliability of the eddy covariance system sensors. Maintaining the calibration of the infrared gas analyser (IRGA)
sensor, which monitors the humidity ﬂuctuations, is challenging.
The IRGA sensor also has higher sensitivity in capturing the large
eddies. In contrast, the sonic anemometer sensor can measure the
ﬂuctuation of the sonic temperature with greater reliability. Hence,
more errors can be expected in the latent heat ﬂux measurement
than those of the sensible heat ﬂux.
Accordingly, the energy residual (ER) corrected latent heat
ﬂuxes are used as the basis for evaluation of the evaporation models of this study. It is important to note that the latent heat ﬂuxes
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Fig. 2. Comparison of Nash–Sutcliffe efﬁciency coefﬁcient calculated for simulated latent heat ﬂux versus observed, energy residual (ER) corrected and Bowen ratio (BR)
corrected ones. GRA = grassland, CRO = cropland, SHR = shrubland, ENF = evergreen needleleaf forest, DBF = deciduous broadleaf forest.

estimated using the different evaporation models have a direct
fractional (for PM, PT-JPL and AA) or residual (for SEBS) link with
the observed available energy. Hence, the modelled latent heat
ﬂuxes are not completely independent from the Bowen ratio and/or
energy residual closure corrected latent heat ﬂuxes. Such dependencies and correlations might also contribute to the improved
agreement that is observed in the energy residual closure correction technique.
3. Results
3.1. Performance of models over the entire data period
In this section, the performance of the evaporation models is
studied over the entirety of the available period of data collected
for each tower. To do this, the statistical measures introduced in
Section 2.3 are calculated for all ﬁltered data (see Section 2.1), with
the reference for model simulations being the energy residual (ER)
closure corrected latent heat ﬂuxes from measurements at each
tower. In addition to the individual model results, an ensemble
mean (EM) of the model estimates (with equal weights) is calculated and included in the analyses to develop an overall evaluation
of performance. Results are summarized in plots of R2 , RE and NSE
for all towers, as is shown in Fig. 3. Further statistical details on

the performance of the models are provided as scatterplots and
summary tables in the supplementary material.
In Fig. 3, the biomes are ordered based on the vegetation height,
from grasslands on the left to the forest sites on the right. Likewise,
within each biome, towers are ordered based on the vegetation
height (lowest to highest from left to right) at each site. A similar
ﬁgure (Fig. S7) is also shown in the supplementary materials with
towers arranged from left to right based on total rainfall.
The three selected statistical measures (R2 , RE, NSE) are relatively consistent in representing the performance of each model
over each tower. Generally, PT-JPL and SEBS have higher values of
R2 and NSE and lower values of RE. AA model showed high values
of R2 (comparable to those of PT-JPL and SEBS) over shrublands
and forest biomes, but lower values of NSE and RMSD, meaning
that the AA estimates are biased. Accordingly, the performance of
the AA and PM models is lower than both SEBS and PT-JPL. The
performance of the ensemble mean is comparable to PT-JPL and
SEBS over grasslands, croplands and deciduous broadleaf forest,
but is higher than any other model across shrublands and evergreen needleleaf forest sites (except for E4). If the mean values
of NSE and RMSD (i.e. the mean of the values shown in Fig. 3 for
all towers; represented as NSEavg and RMSDavg ) are considered as
measures for the overall performance of the models, the ensemble
mean (EM) presents the best overall performance with NSEavg = 0.61
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Fig. 3. Comparison of the efﬁciency of the evaporation models. R2 is the coefﬁcient of determination, RE is relative error (lower is better) and NSE is the Nash–Sutcliffe
efﬁciency coefﬁcient (higher is better). Towers in each biome type are arranged from left to right (e.g. G1–G4 for Grassland). EM is for ensemble mean of the models.

and RMSDavg = 64 W m−2 . Amongst the individual models, PT-JPL
model has a good overall performance, with NSEavg = 0.59 and
RMSDavg = 66 W m−2 . The second good model is the SEBS with
NSEavg = 0.42 and RMSDavg = 84 W m−2 . Amongst the models, the
performance of the PM model is ranked third with NSEavg = 0.26 and
RMSDavg = 105 W m−2 , while the AA model presents a NSEavg = 0.18
and RMSDavg = 105 W m−2 .
As expected, a model performance varies over the different
biomes. In particular, almost all models have lower performance
over evergreen needleleaf forest sites, but higher performance over
deciduous broadleaf forest sites and cropland sites. Speciﬁcally,
the SEBS model has good performance for grasslands and croplands with relatively high R2 (>0.67), moderate relative error (≤0.5),
relatively high NSE (≥0.5) and slope values close to 1. However,
for shrubland and forest sites with taller (>3 m) and heterogeneous canopies, the performance of the SEBS model decreases. As
is explained in Section 4.1, the reduced performance of the SEBS
model may relate to the presence of the roughness sub-layer of
those canopies. The PT-JPL model has R2 values similar to the SEBS
model in grassland and cropland sites, but its slopes are marginally
lower (see scatterplots in the supplementary materials), suggesting an underestimation of evaporation. Over tall canopies (>3 m),
the PT-JPL model has better performance than the SEBS and other
models in terms of NSE, slope, y-intercept and RMSD. The PM model
underestimates evaporation in the majority of towers across each

biome type, with low values of slope (e.g. less than 0.75). The model
also displays low values of R2 (e.g. less than 0.5) for some towers
in grassland, shrubland and evergreen needleleaf forest biomes. In
contrast to the PM model, the AA model shows strong overestimation of evaporation: in particular over grassland and deciduous
broadleaf forest sites (slope ≥ 1.10). A more comprehensive summary of the performance of the models in each biome type is
provided in Table 3.
3.2. Performance of models at monthly timescales
Given the temporal changes in water and energy availability
that occur throughout the year, it is of interest to examine the
impact of such variations on these different evaporation models. To
study possible seasonal inﬂuences on the performance of the models (and the ensemble mean), we examined the temporal changes
in monthly NSE for half-hourly and hourly E. For each tower, we ﬁrst
calculated the NSE for all half-hourly or hourly data in each month
of the multi-year tower records. Then, a single average of those
per-month NSE values was calculated for each model across each
tower, with the results plotted in Fig. 4. A similar ﬁgure showing
monthly-based R2 values is also presented in the supplementary
materials. To support identifying the temporal trend of E at each
site, the monthly average of observed E for each tower is calculated as E , which is used to calculate the normalized fraction of
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Table 3
A summary of the performance of the evaporation models. Biome types are deﬁned as: GRA = grassland, CRO = cropland, SHR = Shrubland, ENF = evergreen needleleaf forest,
2
, REavg and NSEavg (from left to right). The numbers underneath the
DBF = deciduous broadleaf forest. The numbers in the parenthesis in each grid are biome averaged Ravg
biome abbreviations in the ﬁrst column denote the ranked order of models (SEBS, AA, PM, PT-JPL from left to right) based on their statistical performance (see supplementary
materials) over that particular land cover type.
SEBS

AA

PM

PT-JPL

GRA
4,1,3,2

(0.76; 0.37; 0.66)
-Good performance with
NSEavg = 0.66 and slope close to
1
- RMSD ≤ 59 W m−2 and
NSE ≥ 0.51

(0.71; 0.73; 0.21)
- Overestimation with slope ≥ 1.1
- Highest RMSD values

(0.55; 0.54; 0.25)
- Underestimation in all sites
except in G3

(0.77; 0.33; 0.72)
- Best performance with NSEavg = 0.77
and slope close to 1
- Underestimation at G1 and G2, with
slope ≤ 0.83
- Lowest values of RMSD
(44–55 W m−2 )

CRO
1,4,2,3

(0.78; 0.38; 0.7)
- Good performance with
tower based R2 ≥ 0.69 and
RMSD ≤ 68 W m−2 , slope ≥ 0.90
and y-intercept ≤ 51 W m−2

(0.68; 0.56; 0.39)
- Overestimation at C1 and C2 with
y-intercept ≥ 40
- Higher y-intercept in C2 (rainfed
crop) than C3 (irrigated crop)

(0.5; 0.61; 0.25)
- Lower R2 than other models
- Underestimation in C1 and C4
- More scatterness for
E < 300 W m−2

(0.74; 0.38; 0.69)
- Except in C1, its performance is
comparable with the SEBS model

SHR
4,1,3,2

(0.55; 0.44; 0.26)
- Good performance for S1, S2
and S4 compared to other
models
- Underestimation in S3 with
slope = 0.8

(0.64; 0.67; −0.07)
- Overestimation in S1, S2 and S3
with slope > 1.3

(0.43; 0.86; 0.12)
- Underestimation in all sites
with slope ≤ 0.3

(0.65; 0.36; 0.5)
- Best performance compared to other
models
- Underestimation in S1 with
slope = 0.7

ENF
4,3,1,2

(0.49; 0.66; 0.08)
- Overestimation in E1 and E3
with slope = 1.2
- Underestimation in E2 and E4
with slope < 0.6

(0.56; 0.64; −0.05)
- Overestimation in E1 and E3 with
slope ≥ 1.2
- Overestimation in E2 and E4 with
y-intercept ≥ 54 W m−2

(0.34; 0.57; 0.11)
- Underestimation in all sites
with slope ≤ 0.7

(0.53; 0.51; 0.26)
- Good performance in E1 and E3
(R2 ≥ 0.65, slope ∼
= 1, RMSD ≤ 79 W m−2 )
- Underestimation in E2 and E4 with
slope ≤ 0.8

DBF
4,3,2,1

(0.71; 0.45; 0.4)
- Overestimation in all towers
except in D3

(0.81; 0.38; 0.56)
- Overestimation with slope ≥ 1.1
- Negative y-intercept at D2, D3
and D4

(0.7; 0.37; 0.59)
- Underestimation except at D4
- R2 > 0.68 and NSE ≥ 0.5 in all
sites

(0.82; 0.25; 0.79)
- Best performance with highest NSE
compared to other models

monthly evaporation (fE ) via equation (15). Time series of fE are
shown in thick grey lines in each panel of Fig. 4.
fE =

− min( E )
max ( E ) − min (
E

E)

(15)

Although the lack of data for some towers will inﬂuence the
statistical signiﬁcance of the calculated per-month average values
(e.g. there are four towers with less than 2 years of data records),
the results are expected to reﬂect the dominant trends in model
performance, since most biomes contain a sufﬁciently long record.
To evaluate the performance of the models in different seasons,
we use the term “seasonality” i.e. a model with high seasonality is
a model that only performs well for a few months of the year. Fig. 4
shows that each model has a different behaviour in seasonality at
different towers and even at towers that belong to the same biome
type. For example, the SEBS model shows better performance in
summer months at E3 (DE-Tha), but the opposite (i.e. lower performance in summer) at E4 (US-Wrc). As another example, SEBS
shows no seasonality in G1 (PT-Mi2) tower, but some seasonality
in G2 (US-Aud) and G3 (US-Goo).
Not discounting the cases mentioned above, some general
trends can be observed in the seasonality of the models in Fig. 4.
For example, all models (and the ensemble mean) indicate a degree
of seasonality in the cropland and deciduous broadleaf forest sites.
However, the number of months with higher NSE values is lower
for PM and the AA models. Moreover, these two models show
stronger seasonality than do the SEBS and PT-JPL models. One other
important observation is the poor performance of PM, AA and SEBS
models over the shrubland sites, showing a number of near-zero
or negative values of monthly-based NSE during the year. Similar
to the observations made for Fig. 3, monthly-based NSE values of
the ensemble mean are higher than the models in majority of the
cases, but they have seasonality trends (mostly similar to PT-JPL
seasonality trends).

4. Discussion
The results presented in the sections above are of interest in studying the performance of the evaporation models
across different biome types. However, comparison of the results
against ﬁndings from relevant previous studies can be useful in
understanding and diagnosing the main causes for the lack of performance for some models relative to others.
4.1. SEBS model performance
The SEBS model performed well in grassland and cropland sites
having short canopies (e.g. less than 3 m) and displayed limited
seasonality in its performance over the majority of the examined
towers. However, SEBS also showed reduced performance over
(tall) forest and (heterogeneous) shrubland landscapes. This limitation of SEBS can be attributed to an uncertainty that exists in the
structure of the SEBS model: the form of the MOST equations used
in SEBS does not have correction terms to adjust for the so-called
roughness sub-layer effects (Harman and Finnigan, 2007; Harman,
2012). This limitation was addressed in a recent contribution by
Weligepolage et al. (2012) for a forest site.
Other reasons for the reduced performance of the SEBS model
in certain instances might relate to errors in the input data and
model parameterizations. For example, SEBS showed reduced performance over shrubland (NSEavg = 0.26) and evergreen needleleaf
forest sites (NSEavg = 0.08), where the heterogeneity in the landscape is likely to be strong and the representative source area for
various input variables or parameters might be different. In particular, SEBS is sensitive to the terms that control the transfer of
heat from the land surface to the atmosphere, including the temperature difference between the land surface and the atmosphere
and the parameterization of the aerodynamic resistance. Therefore, any errors and uncertainties in the observations of the land
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Fig. 4. Mean per-month value of the Nash–Sutcliff efﬁciency calculated for each of the four studied models at each of the 20 tower locations. The x-axis represents month of
the year, while each point on the graph represents the temporally averaged per-month NSE calculated for all available tower record years (see Table 1 for details on individual
tower data length). Note that the per-month NSE values are for half-hourly or hourly scale E data, not in monthly scale. fE is normalized fraction of monthly observed E. EM
is for ensemble mean of the models.

surface temperature, air temperature, wind speed and roughness
parameters will directly inﬂuence the performance of the SEBS
model. Due to the complexity of the heat transfer and energy balance mechanisms and deﬁciencies in the spatially representative
in-situ observations, it is not clear which variable or parameter has
a greater role in the ﬁnal sensible or latent heat product. Consequently, there is no agreement in previous research regarding the
main cause of uncertainties in the SEBS model performance. These
uncertainties have been attributed to the roughness parameters
(Timmermans et al., 2013), land surface temperature errors (van
der Kwast et al., 2009) or total errors in the temperature gradient
and wet limit criteria (Gibson et al., 2011).
In a recent contribution, Ershadi et al. (2013b) used a Bayesian
inference technique to quantitatively estimate the errors and
uncertainties of input data in estimation of the sensible heat ﬂux
over soybean and corn towers in the SMEX02 (Soil Moisture Experiment 2002) study area. They showed that amongst air temperature,
wind speed and land surface temperature, the latter had the
strongest effect on the mismatch between observed and estimated

sensible heat ﬂux, with Bayesian inferred values of the land surface temperature differing by up to ±5 ◦ C from the in-situ observed
data. They attributed such difference to the divergence between
the footprint of the in-situ land surface temperature sensor and
the footprint of the eddy covariance tower. As the heterogeneity
of the land surface in the majority of the towers in this study is
much stronger than those of the SMEX02 study area, it might be
relevant to assume larger differences in the source area (footprint)
of meteorological variables than those of the ﬂux variables, which
contribute to explaining a large degree of errors observed in the
SEBS results.
4.2. AA model performance
2 (comparable
The AA model showed relatively high values of Ravg
with those of PT-JPL and SEBS), but its overall lower performance
(NSEavg = 0.18 and RMSDavg = 105 W m−2 ) was associated with relatively large overestimation of evaporation (e.g. slope ≥ 1.05) across
all biomes. Comparison of the results of this study with previous
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research is not completely feasible, due to different forms of wind
functions being used for aerodynamic resistance (Crago et al., 2005)
and in some cases, model parameters being calibrated (Liu et al.,
2012). However, the seasonality (underestimation in winter or dry
condition) and signiﬁcant biases, in particular over grassland and
deciduous broadleaf forest sites, have been observed and documented in previous studies (Ali and Mawdsley, 1987; Crago and
Brutsaert, 1992; Qualls and Gultekin, 1997; Hobbins et al., 2001;
Crago and Crowley, 2005). For example, Han et al. (2011) observed
signiﬁcant bias in evaporation estimations of the advectionaridity model over different grassland and cropland sites of China.
Also, Huntington et al. (2011) evaluated a modiﬁed advectionaridity model over arid shrublands in eastern Nevada and found
monthly evaporation overestimated, but the annual averages (for
2 years) were within the uncertainty of the measurement accuracy
(∼10%).
A possible explanation for the errors found in the current evaluation of the AA model might be associated with the assumption of
a constant ˛PT for all towers. While the original AA model does
not require calibration of its ˛PT parameter, some studies have
shown that the Priestley–Taylor coefﬁcient (˛PT ) varies for different regions and with vegetation type. For example, Pauwels and
Samson (2006) observed an annual cycle in the calculated values of
˛PT with mean annual average value of 1.21 ± 0.79 over grass, which
they found is related to the annual cycle of the humidity of the soil.
In addition, Yang et al. (2013) found that ˛PT in the AA model has
signiﬁcant seasonality in the Asian monsoon region, with larger ˛PT
value in winter than in summer.
The poor performance of the AA model over shrubland and forest
sites (NSEavg = 0.15 and RMSDavg = 108 W m−2 ) might be associated
with the assumption of a neutral atmosphere that is intrinsic in
the formulation of this model (Brutsaert, 1982). This assumption is
invalid over tall and heterogeneous land surfaces where the instability in the turbulence is signiﬁcant and the roughness sub-layer
might inﬂuence eddy covariance measurements. In addition, as
noted for the SEBS model, errors and uncertainties in input data and
roughness parameterization and mismatch between the sources
areas for input and response variables, all contribute to the low
performance of the AA model.
4.3. PM model performance
Although widely used across a range of land cover and climate
conditions, the results of this study identiﬁed some limitations in
the application of the form of the Penman–Monteith approach used
in this study (NSEavg = 0.26 and RMSDavg = 105 W m−2 ). In many
instances, there was a signiﬁcant underestimation of evaporation
(slope ≤ 0.9) and considerable seasonality over a number of towers:
in particular, those situated in croplands or in deciduous forests.
The seasonality results indicated that in the colder months the performance of the model is limited, with large errors resulting in an
underestimation of evaporation.
Similar challenges in the performance of the PM model have
been identiﬁed in a number of previous studies, where errors
were attributed to the land surface conditions and uncertainties
in input data. For example, Burba and Verma (2005) identiﬁed that
the difference in PM estimations of evaporation in native tallgrass
prairie and cultivated wheat, is strongly related to the effects of soil
moisture stress and variations in green foliage area, with meteorological variables having a smaller impact. Conversely, Ferguson
et al. (2010) found that the choice of vegetation parameterization,
followed by surface temperature, has the greatest impact on PM
derived evaporation.
Given the multi-model scheme of this study, comparison with
the PT-JPL model would provide a practical means to identify
some of the limitations of the PM model. In particular, it might
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be expected that if high-quality input data were used, this model
should outperform the PT-JPL model given the theoretical advances
of the PM approach over the PT-JPL model (see Sections 2.2.2 and
2.2.4). However, an evaluation of a single-source PM model (similar to that of the current study), the two-layer Shuttleworth and
Wallace (1985) and the three-source Mu et al. (2011) model with
a range of ra and rs parameterization techniques (for the same
towers of this study) (Ershadi et al., 2013a) has shown that resistance parameterization, in particular the surface resistance, has
an important role in PM type models: indeed, more important
than the actual structure of the model. As such, better performance of the PT-JPL model (compared to the PM model) is related
to an effective use of biological and environmental constraints
in reducing the potential Priestley–Taylor E to its actual values,
not necessarily to just the E partitioning structure of the PT-JPL
method.
In summary, the possible sources of uncertainty in the PM model
might be related to: (a) uncertainties inherent in the structure of
the Jarvis scheme for surface resistance estimation (Alves et al.,
1998; Kumar et al., 2011); (b) errors associated with the soil moisture data that inﬂuence the estimation of surface resistance; and
(c) uncertainties in the estimation of aerodynamic resistance (e.g.
assumption of neutral stability) (Brutsaert, 1982; Mahrt and Ek,
1984). As the PM model shows reduced performance with the highquality tower scale dataset of this study, some caution is prudent
for application of this model at increased spatial scales in which
data might be expected to contain larger uncertainties: at least with
the model structure and parameterizations used within the current
study.
4.4. PT-JPL model performance
Overall and amongst individual models, the PT-JPL model
displayed the most consistent performance (NSEavg = 0.59 and
RMSDavg = 66 W m−2 ) suggesting that it can be considered as a reliable model for evaporation estimation over a range of land surface
conditions. However, in the majority of cases (e.g. G1, C3, S1, E3,
D3) the performance of PT-JPL and SEBS were close. The PT-JPL
approach showed limited seasonality in model performance (see
Section 3.2) relative to other models and provided the highest
statistical measures of agreement to the observations. Similar performance has been reported by Fisher et al. (2008), with an average
R2 of 0.9 and 7% bias for monthly data for a 3-year period over 16
FLUXNET sites (some of which are included in the current study).
More recently, Vinukollu et al. (2011b) identiﬁed superior performance of the PT-JPL model in 12 eddy covariance towers, located
in grasslands, croplands and woody savannahs, for a 3-year period
using monthly averages of hourly data. However, they found signiﬁcant bias in summer months, which corresponds to the growing
season.
Results from the current study show that the PT-JPL is relatively insensitive to the vegetation height and consequently to the
roughness sub-layer effects, in contrast to the SEBS model – the
next best performing model. The PT-JPL approach does not require
the speciﬁcation of aerodynamic and surface resistances. As such,
uncertainties in the estimation of the roughness length parameters have no inﬂuence on evaporation estimates in the PT-JPL
model. The PT-JPL model requires a minimum of input variables,
including NDVI, air temperature, available energy and humidity
(see Table 2). Therefore, propagation of uncertainties from other
variables such as land surface temperature, wind speed and soil
moisture provide no adverse inﬂuences on this model. Moreover,
the PT-JPL model relies on plant functions and bio-physiological
parameterization of the land surface that provide a simple yet
seemingly robust representation of the interactions between vegetation and the atmosphere. The net radiation and air temperature
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are the main driving forces for the PT-JPL model and they generally
have lower uncertainty in observations (hence resulting in better
model performance) (Table 3).
The PT-JPL model did exhibit reduced performance over the
evergreen needleleaf forest towers, which might be attributed to
the limitation of NDVI in capturing the vegetation dynamics of
this biome (Xiao et al., 2004). Consequently, such uncertainties
in NDVI estimation are translated to errors in the estimation of
the constraint function parameters (fwet , fg , fT , fM , fSM ) of the PTJPL model over the evergreen needleleaf forests. Although the
PT-JPL model performed well compared to other models of this
study, the sensitivity of this model to its constraint function
parameters and to the ˛PT parameter for different land surface conditions are issues worth further investigation. One recent
contribution (García et al., 2013) examined a sensitivity analysis of the PT-JPL model at the daily scale over an open woody
savannah (Sahel) and Mediterranean grassland (Spain) site. The
authors found that fSM and fT are the most sensitive parameters,
contributing to the uncertainty of the estimated evaporation by
22% and 18% respectively. Such ﬁgures are useful in determining the main causes of uncertainty in evaporation estimation by
the PT-JPL model, in particular in the global applications of this
model.
4.5. Performance of the ensemble mean method
The ensemble mean of the models produced the best overall estimates of E across the towers, with NSEavg = 0.61 and
RMSDavg = 64 W m−2 . The method also showed limited seasonality
trends (similar to PT-JPL) in monthly-based E prediction. The overall
NSE values of the ensemble mean method (Fig. 3) were comparable
to those of the PT-JPL method over individual towers for grasslands,
croplands and deciduous broadleaf forest biomes in majority of the
cases. However, over shrublands and evergreen needleleaf forest
sites, where all the models performed relatively poorly, the ensemble mean method produced higher NSE values (except for E3 and
E4). Such results may be helpful for large scale applications, where
selecting a single candidate E model is challenging (Jiménez et al.,
2011; Vinukollu et al., 2011a; Ferguson et al., 2012; Mueller et al.,
2013).
Multimodel ensemble approaches are used in hydrological assessment of climate change scenarios (Christensen and
Lettenmaier, 2006; Graham et al., 2007; Shefﬁeld and Wood, 2008),
climate change projections (Tebaldi and Knutti, 2007), groundwater assessment (Neuman, 2003), hydrological modelling for
streamﬂow prediction (Wood and Rodríguez-Iturbe, 1975; Duan
et al., 2007) and remote sensing soil moisture estimation (Guo et al.,
2007). However, applications of multimodel ensemble approaches
for E estimations are limited to relatively few cases exploring the
spatial variability of E at global scales (Vinukollu et al., 2011a;
Mueller et al., 2013). Further research is needed to develop and
evaluate an effective multimodel ensemble approach for large
scale E estimation, perhaps by using probabilistic (e.g. Bayesian)
approaches for weighting the models based on their skills for various biomes and climates.
5. Conclusion
In this study, four evaporation models were evaluated over
a multi-tower database at hourly or half-hourly temporal resolutions. Models differed in their assumptions, data requirements
and parameterization, ranging from comprehensive and complex
approaches such as the Penman–Monteith and energy balance
schemes, to more simple and semi-empirical approaches, such
as the Priestley–Taylor and advection-aridity techniques. Results

showed that an ensemble average of the models produced the best
performance in evaporation prediction. Amongst the individual
models, the PT-JPL model, followed closely by the SEBS model, provided improved performance relative to the PM, as parameterized
in Section 2.2.2, and the AA models.
Results of this model intercomparison offer guidance on areas
of research that are needed to address some outstanding issues
in the application of these models. One such area is in the
quantiﬁcation of the total (integrated) uncertainties for model
simulations. Such “integrated” uncertainty would comprise the
uncertainties in model structure (e.g. formulation, partitioning),
parameterization (e.g. roughness, resistances), input data (e.g.
meteorological data) and response variables (e.g. latent heat ﬂux).
Differences between the spatial resolution of point scale input
data and model parameters derived from satellite data, as well
as footprint difference between input data (e.g. land surface temperature) and observed ﬂuxes, also contribute to these elements
of uncertainty (McCabe and Wood, 2006; Ershadi et al., 2013c).
Discriminating these various sources of error within model simulations would allow for the diagnosis and identiﬁcation of the
main sources of errors in evaporation estimation. A Bayesian type
approach might be useful in handling such uncertainties, while
conserving the model context (Kavetski et al., 2006; Samanta
et al., 2007; Mackay et al., 2012; Ershadi et al., 2013b). In such
a Bayesian uncertainty framework, the non-closure of energy
sources can be included as an error source in the response variables.
A further issue in the evaluation of E models is the role of temporal resolution. In the current study, the focus was on hourly and
half-hourly resolutions, principally because E models are strictly
valid only in steady state conditions (i.e. captured at periods of
≤1 h) (Brutsaert, 1982; Katerji et al., 2010). At coarser temporal resolutions (e.g. daily, monthly), the modelling performance
might be expected to increase due to an elimination of closure
issues (Finnigan et al., 2003) or the noise-reduction mechanism
of temporal averaging on input data and measured E. An assessment of temporal aggregation effects on both input data and
the ﬂux products is recommended, as many studies use aggregation to daily and monthly scales, without ﬁrst assessing the
impact of uncertainties on model results (Crago and Brutsaert,
1992; Xu and Chen, 2005; Schneider et al., 2007; Vinukollu et al.,
2011b).
The sensitivity of some of the models examined here to variations in the underlying land surface conditions implies a need
for caution in efforts towards routine global application. Perhaps
the key message of this analysis is that one single model is not
able to outperform all others when considered across a range of
landscapes. That is, there might not be one scheme appropriate for
all land cover types. Yet, this remains the predominant approach
when developing global ﬂux data sets: a single solution, single
model product. For global products to provide useful insight across
the diverse terrestrial landscapes encountered in global application, an alternative approach is required. The improved results
obtained from the ensemble mean method of this study suggests
constructing an ensemble evaporation product, whereby individual
products are weighted according to their performance over particular land cover types, might be a reliable candidate approach. To do
this requires an expansion on the type of evaluation effort undertaken here, extrapolating across more towers, different land cover
types (bare soil, snow, water bodies) and over longer time periods.
With the expanding array of available ﬂux towers, computational
resources and data sets with which to drive these different modelling schemes, such an approach is certainly achievable for future
product development. Recent activities within the GEWEX LandFlux initiative (Mueller et al., 2013) and also within the WACMOS
ET project (http://wacmoset.estellus.eu), may provide a potential
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framework for implementation of such multi-model ensemble E
products.
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