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ABSTRACT: Modeling evaporation E from inland water bodies is challenging largely due to the uncertainties of input
data, particularly surface water temperature that plays a key role in the available energy, i.e., net radiation Rn minus rate
of water heat storage change G. The equilibrium temperature approach (ETA) for estimating water surface temperature
offers an alternative method to calculate Rn andG using standard meteorological data. This study evaluates the global lake
E estimates from the widely used Penman model (PM) coupled with the ETA (PM-ETA) against field observations and
model simulations from the Lake, Ice, Snow, and Sediment Simulator (LISSS). Our analysis reveals that the PM-ETA
tends to overestimate E by approximately 36% and 24% compared to observations and the LISSS simulations, respec-
tively, despite being driven by the same input data. The biases of the PM-ETA E are more pronounced in the cold and po-
lar regions with distinct seasonality of Rn and G. Furthermore, the E trends from the PM-ETA deviate from the LISSS
simulations over the period of 2001–16 due to the bias trends in the available energy. By incorporating the LISSS-simulated
Rn and G into the PM, the bias in E is reduced to less than 65% compared to the LISSS results. This study highlights the
need to improve the available energy input of the PM to improve the estimates of global lake E for better water resource
management and planning.

SIGNIFICANCE STATEMENT: This study addresses a crucial challenge in modeling evaporation E from inland
water bodies}uncertainties in surface water temperature and available energy inputs, particularly net radiation Rn

and rate of heat storage change G. By evaluating the widely used Penman model (PM) coupled with the equilib-
rium temperature approach (ETA), we reveal a tendency for the PM-ETA to overestimate E globally, with the
largest biases observed in cold and polar regions. Incorporating higher-quality Rn and G estimates from the Lake,
Ice, Snow, and Sediment Simulator (LISSS) significantly reduces these biases. These findings highlight the impor-
tance of alternative higher-quality data products for available energy inputs for improving E estimates by the PM.
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1. Introduction

Inland waters, covering 4.2 million km2 (Downing et al.
2006), are vital freshwater sources (Prigent et al. 2012). At pre-
sent, four billion people worldwide face severe water scarcity
(Mekonnen and Hoekstra 2016), which makes the sustainable
use of freshwater resources imperative for global food security
and development (Kummu et al. 2016; Muzammil et al. 2023).
Evaporation E represents a major loss of freshwater, making
its accurate estimation pivotal for water resource management
(La Fuente et al. 2024; Prigent et al. 2012; Tian et al. 2022).
However, the estimates of lake E through process-based mod-
els, particularly at the global scale, are subject to substantial
uncertainties due to the lack of adequate input data for these
models.

Three groups of process-based models have been developed
to estimate lake E: aerodynamic models (Harbeck et al. 1958;
Pasquill 1943), energy balance models (Bowen 1926), and com-
bination models (Penman 1948; Priestley and Taylor 1972). In
all these models, surface water temperature Ts is required to
calculate the vertical vapor pressure difference (eD 5 es 2 ea)
between vapor pressure at the water surface es and near-surface
vapor pressure ea, net radiation Rn, and rate of heat storage
change of water body G. Historically, direct measurements of
Ts for modeling longwave radiation from the water surface
have been rare, particularly at global scales. Hence, empirical
equations are used to calculate Rn from standard meteorologi-
cal data including air temperature (McMahon et al. 2013), while
G is often neglected in such estimations (Penman 1948). On
daily or longer time scales, the available energy (Rn 2G) domi-
nates the variations in E (Gan and Liu 2020; Lenters et al.
2005; Shao et al. 2020), underscoring the crucial role of G in es-
timating E.

Modeling approaches for estimating Ts are categorized into
two broad groups: statistical models and deterministic models
(Caissie 2006). Statistical models, such as linear regression
models, nonlinear regression models, and stochastic regression

Supplemental information related to this paper is available
at the Journals Online website: https://doi.org/10.1175/JHM-D-24-
0146.1.s1.

Corresponding author: Heping Liu, heping.liu@wsu.edu

DOI: 10.1175/JHM-D-24-0146.1

Ó 2025 American Meteorological Society. This published article is licensed under the terms of the default AMS reuse license. For information regarding
reuse of this content and general copyright information, consult the AMS Copyright Policy (www.ametsoc.org/PUBSReuseLicenses).

F A ROOQ E T A L . 1301SEPTEMBER 2025

https://orcid.org/0000-0001-6164-1889
https://doi.org/10.1175/JHM-D-24-0146.1.s1
https://doi.org/10.1175/JHM-D-24-0146.1.s1
mailto:heping.liu@wsu.edu
http://www.ametsoc.org/PUBSReuseLicenses


models, use regression techniques to correlate Ts with air tem-
perature (Benyahya et al. 2007). Since Ts is also influenced by
solar radiation, wind speed, and water body depth, the statisti-
cal models are not a reliable tool to estimate Ts (Ficklin et al.
2012). Deterministic models estimate Ts using the surface en-
ergy balance (i.e., heat fluxes) (Benyahya et al. 2007; Hebert
et al. 2011). The heat fluxes calculated at the air–water interface
require incoming and reflected shortwave radiation, incoming
and outgoing longwave radiation, evaporative heat loss, and
heat transfer in the water body. However, the unavailability of
some of these variables limits the application of deterministic
models, particularly on a global scale.

To address this issue, the equilibrium temperature approach
(ETA) was developed to estimate Ts based on standard meteo-
rological data (Edinger et al. 1968). This method combines all
heat flux terms in the deterministic models assuming zero net
heat exchange between the water surface and air when the well-
mixed water body reaches equilibrium temperature Te. Although
water bodies tend to reach Te, actual Ts always lags Te by a cer-
tain amount, known as the time constant (t). Thereby, Ts ex-
pressed as a function of Te, t, and water body depth is used to
estimateG. Similar approaches have been employed by Keijman
(1974), Fraedrich et al. (1977), and de Bruin (1982) to estimate
G as a function of Ts using standard meteorological varia-
bles. A brief description of the ETA (Edinger et al. 1968) is
provided in section 2b. Despite relying solely on the ETA
to estimate G from standard meteorological data, several
studies have reported its good performance (Bai and Wang
2023; Du et al. 2022, 2018; Zhu et al. 2019). Nevertheless,
water bodies are not always well mixed and thus have a
depth-dependent temperature profile with the exchange
heat with sediments/bedrocks, leading to variations in Ts

and consequently E (Stepanenko et al. 2013).
Another class of approaches for estimating lake E includes

lake models such as the Lake, Ice, Snow, and Sediment Simu-
lator (LISSS), which is part of the Community Land Model
(CLM) (Oleson et al. 2013). The LISSS simulates E, Ts, Rn,
and G for water bodies as well as the lake water temperature
profile considering heat exchange between water and sedi-
ments/bedrocks (section 2c). The LISSS provides a unique
opportunity to quantify the impacts of biases in Rn and G on
the uncertainties of estimated E. In this study, we evaluate E
estimates using the Penman method (PM) coupled with the
ETA, referred to as the PM-ETA E hereafter, against obser-
vations and the LISSS-simulated E. Despite the increasing
availability of remotely sensed Ts data of inland water bodies
(Korver et al. 2024; Layden et al. 2015; Lieberherr andWunderle
2018), we used the ETA alongside the PM in this study. This de-
cision was driven by the historical significance and widespread
application of the ETA in open water E research, as well as its
convenience for estimating Rn and G using widely available me-
teorological data (McMahon et al. 2013; Piccolroaz et al. 2024).
Although both remote sensing and ETA have advantages, the
latter remains a preferred tool for long-term and large-scale E
studies, particularly where high-frequency satellite data are un-
available or incomplete.

In this study, we demonstrate that the PM’s performance in
simulating E is substantially improved when the improved

simulations of Rn and G from the LISSS are used in the PM.
The PM is selected for three reasons: superior performance to
other process-based methods such as Priestley–Taylor (Stewart
and Rouse 1976), de Bruin–Keijman (1979), Brutsaert–Stricker
(Brutsaert and Stricker 1979), and mass transfer (Harbeck et al.
1958); explicit representation of standard meteorological
variables such as air temperature, solar radiation, humidity,
and wind speed in the PM formulation (section 2b); and be-
ing widely used in the analysis of long-term E trends and its
environmental drivers (Cui et al. 2021; Guan et al. 2022;
Roderick et al. 2007; Xie et al. 2015; You et al. 2013; Zhou
et al. 2021). This study aims to (i) assess the E estimates by
the PM coupled with the ETA in capturing spatial and tem-
poral variations in global lake E and (ii) examine the bias
reduction of the PM E by using the LISSS simulations of
Rn and G.

2. Methods

a. Forcing data and simulation setup

Global lake E is simulated using both the PM-ETA and the
LISSS for the period spanning from 2001 to 2016 driven by
CRUNCEP atmospheric forcing data, which combines high-
quality climate data from the Climatic Research Unit (CRU)
with atmospheric reanalysis data from the National Centers
for Environmental Prediction (NCEP). Geographic locations
and morphometric attributes, such as altitude, surface area,
and lake depth, are obtained from the LISSS in the CLM
(CLM/LISSS), version 4.5. The CLM/LISSS uses the Global
Lake and Wetland Database (Lehner and Döll 2004) and the
Global Gridded Dataset of Lake Coverage and Lake Depth
for Numerical Weather Prediction and Climate Modeling
(Kourzeneva et al. 2012) to define global water bodies. The
PM-ETA E is calculated at a monthly time scale, while the
LISSS simulates half-hourly surface energy fluxes aggregated
to a monthly time scale for comparison purposes. In addition
to using the ETA, the PM E driven by Rn and G from the
LISSS outputs, referred to as PM-LISSS E hereafter, is also
assessed in comparison with the PM-ETA and LISSS E. We
emphasize that PM-LISSS is not intended as a stand-alone E
method but rather as a diagnostic sensitivity experiment to iso-
late the role of Rn and G biases in driving PM-ETA errors.
Since the complete descriptions of the PM and the LISSS are
documented elsewhere (Penman 1948; Oleson et al. 2013; Subin
et al. 2012b), only brief descriptions are provided in sections 2b
and 2c, respectively.

This study primarily focuses on evaluating the performance
of the PM-ETA in estimating spatial and temporal variations in
global lake E against the LISSS-derived E when driven by the
same forcing dataset (i.e., CRUNCEP). While a comprehensive
uncertainty analysis involving multiple forcing datasets is
beyond the scope of this study, we included a targeted com-
parison between the CRUNCEP forcing data and the
Princeton Global Forcing Dataset (Sheffield et al. 2006) in
section 2d to illustrate the potential influence of forcing
data on E estimates.
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b. The Penman-Equilibrium temperature approach
(PM-ETA)

The PM E (mm day21) is expressed as

E 5
s(Rn 2 G) 1 gl f(u)(es 2 ea)

l(s 1 g) , (1)

where s (kPa 8C21) is the slope of saturation vapor pressure,
Rn (MJ m22 day21) is the net radiation, G (MJ m22 day21) is
the rate of change in water heat storage, g (kPa 8C21) is the
psychrometric constant, f(u) (MJ m22 day21 kPa 8C21)
is the wind function, es (kPa) is the saturation vapor pres-
sure at air temperature, ea (kPa) is the actual vapor pres-
sure, and l (MJ kg21) is the latent heat of vaporization. While
there are several aerodynamic functions available to estimate
f(u), we adopted an area-dependent aerodynamic function that
has demonstrated efficacy in estimating evaporation from water
bodies with diverse morphometric attributes (McJannet et al.
2012),

f(u) 5 (2:33 1 1:65u)L20:1
f , (2)

where u (m s21) is the wind speed at 2-m height and Lf is
the fetch of water body. The Lf for each lake is obtained
from the LISSS simulations. The estimation of Rn and G in
Eq. (1) requires Ts, which is calculated using the equilibrium
temperature and associated time constant (t) approach. For
a well-mixed water body, t and Ts are calculated as (Finch
and Hall 2001)

t 5
rw c d

4s(Tn 1 273:15)3 1 f(u)(sn 1 g) , (3)

Te 5 Tn 1
R*

n

4s(Tn 1 273:15)3 1 f(u)(sn 1 g) , (4)

where rw (kg m23) is the density of water, c (MJ kg21 8C21)
is the specific heat of water, d (m) is the depth of water
body, s (MJ m22 K24 day21) is the Stefan–Boltzmann cons-
tant, Tn (8C) is the wet-bulb temperature, sn (kPa 8C21) is
the slope of saturation vapor pressure curve at Tn, and R*

n

(MJ m22 day21) is the net radiation if the water surface is at
Tn. The R*

n is calculated following the Finch and Hall
(2001), considering the emissivity of water and cloudiness
factor. A detailed description of R*

n calculation is given in
Text S1 in the online supplemental material. After calculat-
ing the Te, Ts is calculated as

Ts,i 5 Te 1 (Ts, i21 2 Te)e2dt/t, (5)

where Ts,i (8C) is the temperature of water body at the current
time step, Ts,i21 (8C) is the temperature of water body at the
previous time step, and dt (number of days) is the time step.
TheG in Eq. (S1) is calculated as (Finch and Hall 2001)

G 5 rw c d
Ts,i 2 Ts, i21

dt
, (6)

and the Rn is

Rn 5 (1 2 a)K_ 1 L_ 2 fc s «w[(Ta 1 273:15)4

1 4(Ta 1 273:15)3(Ts, i21 2 Ta)]: (7)

c. The LISSS model

The LISSS is a 1D model to simulate surface energy fluxes
from water bodies at subgrid scale within the CLM, which uses
a nested hierarchy of five land units (glacier, urban, agriculture,
vegetation, and lake) to represent the land surface heterogene-
ity (Oleson et al. 2013; Subin et al. 2012b). The CLM combines
all lakes within a grid cell by using the mean depth and runs
LISSS at the subgrid level as one tile to calculate water sur-
face energy fluxes. The LISSS incorporates the effect of
snow/ice phenology and sediment heat exchange on surface
energy fluxes by unifying each lake as a snow–lake–soil sys-
tem. Lake physics includes phase change of ice and snow
and heat mixing caused by convection and wind-driven ed-
dies (Hostetler and Bartlein 1990), molecular diffusion, 3D
circulations, and buoyant convection (Fang and Stefan 1996a).
The model discretizes each lake vertically into 0–5 snow layers,
10 water and ice layers, and 15 soil and bedrock layers and imple-
ments the lake (water body) energy balance:

u S 1 L_ 2 L↑ 5 LE 1 H 1 G, (8)

where S (W m22) is the total absorbed shortwave radiation
in lake, u is the fraction of S absorbed at lake surface, LE
(W m22) is the latent heat flux, H (W m22) is the sensible
heat flux, and G (W m22) is the rate of heat storage of water
body. The LE is

LE 5 l ra
qs 2 qa

raw
, (9)

where l (J kg21) is the latent heat of vaporization, ra (kg m23)
is the air density, qs (kg kg21) is the saturated specific hu-
midity at Ts, qa (kg kg21) is the specific humidity of air, and
raw (s m21) is the aerodynamic resistance to water vapor
transfer. The H is given as

H 5 ra Cp

ua 2 Ts

rah
, (10)

where Cp (J kg21 K21) is the specific heat capacity of air,
ua (K) is the air potential temperature, and rah (s m21) is the
aerodynamic resistance to heat transfer. Monin–Obukhov sim-
ilarity theory is used to calculate raw and rah as a function of
wind speed and atmospheric stability. The G is calculated as
follows:

G 5
2kT
zT

(Ts 2 TT), (11)

where kT (W m21 K21) is the thermal conductivity, TT (K) is
the temperature of top layer, and zT (m) is the thickness of
top layer. For ice-free lakes in global simulations, zT is 0.1 m.
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The L↑ is estimated using the Stefan–Boltzmann law. Both
the surface energy and momentum fluxes depend implicitly
on Ts; therefore, LE, H, G, L_, and L↑ are calculated simulta-
neously using the Newton–Raphson method as follows:

dTs 5
u S 1 L_ 2 L↑ 2 LE 2 H 2 G
­L_

­Ts

1
­L↑
­Ts

1
­LE
­Ts

1
­H
­Ts

1
­G
­Ts

, (12)

where dTs is the temperature difference between the previous
and current time steps and­/­Ts is the partial derivation of re-
spective surface energy flux with respect to Ts. The LISSS per-
forms four iterations to get a converged solution of Eq. (12).
The LISSS simulations are conducted from 2001 to 2016, as
driven by the CRUNCEP atmospheric forcing data at 30-min
intervals after 50 years of spin-up. The outputs from the lake
tiles are used in the offline analysis to determine spatiotempo-
ral variabilities in global lake E.

d. Validation of forcing dataset

The uncertainties of the forcing data contribute to the biases
of the modeled lake E. We evaluated the accuracy of the
CRUNCEP forcing data against in situ observations and the
Princeton University forcing data (Sheffield et al. 2006).
The CRUNCEP air temperature, Rn, and relative humidity
demonstrate good agreement with observations (Figs. S1–S3).
However, wind speed data show a considerable bias (Fig. S4).
On the time scale larger than daily, however, previous studies
have shown that wind speed plays a minor role in E variability
compared to the energy balance (Blanken et al. 2000; Farooq
et al. 2022; Hostetler and Bartlein 1990; Liu et al. 2012; Xiao
et al. 2018). Our tests further demonstrate that lake E has
low sensitivity to wind speed variability on monthly time
scales (Fig. S5). Therefore, the contribution of wind speed to
the overall uncertainty of the modeled lake E is likely to be
small. Furthermore, the two sets of E simulated by the LISSS
using the CRUNCEP and the Princeton University forcing
data show a high correlation (r2 5 0.99, p , 0.01) and minimal
bias [absolute error (AE) 5 0.24 mm day21, mean bias error
(MBE) 5 12.3%] (Fig. S6). Considering the fact that the
CRUNCEP is a widely used data product consistent with the
Princeton University forcing dataset, we have chosen to utilize
the CRUNCEP dataset for subsequent analysis.

e. Data analysis methods

The PM-ETA E is evaluated against the LISSS E during
the ice-free season (summer and autumn). Spatial compari-
sons between PM-ETA and LISSS E are performed for the
year 2016, while the evaluation of the temporal variations of
PM-ETA E is performed for the period of 2001–16. The
temporal variability in E is quantified using Theil–Sen’s lin-
ear regression, a robust nonparametric method that calcu-
lates all possible slopes between data points and returns the
median slope as the estimate of the linear trend (Sen 1968).
The PM-ETA E evaluation is performed on a global scale as
well as for five climate regions: tropical, arid, temperate, cold,
and polar, based on the Köppen–Geiger climate classification

T
A
B
L
E
1.

E
va
lu
at
io
n
of

si
m
ul
at
ed

ev
ap

or
at
io
n
ag
ai
ns
t
ob

se
rv
at
io
ns
.T

he
m
ea
n
m
on

th
ly

ev
ap

or
at
io
n
ra
te

is
si
m
ul
at
ed

by
th
e
P
M
-E

T
A
,L

IS
SS

,a
nd

P
M
-L
IS
SS

.

N
am

e
L
oc

at
io
n

O
bs
er
va

ti
on

du
ra
ti
on

r2
R
M
SE

(m
m

da
y2

1 )
M
B
E

(%
)

R
ef
er
en

ce
P
M
-E

T
A

L
IS
SS

P
M
-L

IS
SS

P
M
-E

T
A

L
IS
SS

P
M
-L

IS
SS

P
M
-E

T
A

L
IS
SS

P
M
-L

IS
SS

L
ak

e
T
ai
hu

31
.2
8 N

,1
20

.1
8 E

Ju
ne

20
10
–
M
ay

20
11

0.
30

0.
61

0.
63

1.
9

1.
4

1.
5

71
.7

54
.4

59
.4

Z
ha

ng
et

al
.
(2
02

0)
R
os
s
B
ar
ne

tt
32

.0
8 N

,
90

.0
8 W

Ja
nu

ar
y
20

08
–
D
ec
em

be
r
20

08
0.
59

0.
87

0.
89

1.
2

0.
6

0.
6

21
.0

8.
3

9.
7

L
iu

et
al
.(
20

12
)

L
ak

e
M
oh

av
e

35
.2
8 N

,1
14

8 W
Ja
nu

ar
y
20

14
–
D
ec
em

be
r
20

14
0.
88

0.
84

0.
80

1.
1

2.
0

1.
8

2
19

.3
2
36

.4
2
32

.2
M
or
eo

(2
01

5)
L
ak

e
M
ea

d
36

.0
8 N

,
11

4.
08
W

Ja
nu

ar
y
20

14
–
D
ec
em

be
r
20

14
0.
67

0.
66

0.
64

1.
3

1.
0

1.
0

12
.8

2
9.
8

2
1.
4

M
or
eo

(2
01

5)
L
ak

e
Su

w
a

36
.0
8 N

,1
38

.1
8 E

Ja
nu

ar
y
20

16
–
D
ec
em

be
r
20

16
0.
14

0.
51

0.
52

1.
2

0.
7

0.
7

12
.5

2
1.
4

3.
1

P
as
to
re
llo

et
al
.
(2
02

0)
E
as
tm

ai
n

52
.1

o
N
,7

5.
98
W

Ja
nu

ar
y
20

11
–
D
ec
em

be
r
20

11
0.
84

0.
77

0.
71

1.
2

0.
8

0.
9

12
.8

2
0.
3

1.
6

P
as
to
re
llo

et
al
.
(2
02

0)
L
ak

e
D
ag

ow
se
e

53
.2
8 N

,1
3.
08
E

Ju
ne

20
15
–
M
ay

20
16

0.
66

0.
86

0.
88

1.
2

0.
7

0.
7

54
.9

29
.7

34
.0

P
as
to
re
llo

et
al
.
(2
02

0)
L
ak

e
T
am

na
re
n

60
.2
8 N

,1
7.
38
E

M
ar
ch

20
11
–
D
ec
em

be
r
20

11
0.
27

0.
48

0.
49

1.
9

1.
4

1.
4

14
1.
4

10
6.
3

10
4.
9

P
as
to
re
llo

et
al
.
(2
02

0)
L
ak

e
V
an

aj
av

es
i

61
.1
8 N

,2
4.
38
E

Ja
nu

ar
y
20

16
–
D
ec
em

be
r
20

16
0.
71

0.
94

0.
94

1.
0

0.
4

0.
4

16
.3

2
9.
7

2
9.
5

P
as
to
re
llo

et
al
.
(2
02

0)
A
ve

ra
ge

0.
56

0.
73

0.
72

1.
3

1.
0

1.
0

36
.0

15
.7

2
9.
5

J OURNAL OF HYDROMETEOROLOGY VOLUME 261304



(Fig. S7) (Beck et al. 2018). Note that the seasons are synchro-
nized for both the Northern and Southern Hemispheres. The
summer is defined as June–August for the Northern Hemisphere
and December–February for the Southern Hemisphere,
while autumn is defined as September–November for the North-
ern Hemisphere andMarch–May for the Southern Hemisphere.

3. Results and discussion

a. Comparison of PM-ETA and LISSS E with
observations

The LISSS has been used in previous studies to estimate lake
E validated against observations (e.g., Hu et al. 2017; Subin
et al. 2012b; Wang et al. 2018; Xiao et al. 2018; Zhou et al.
2021). The validation of LISSS-simulated lake E and Ts against
observations (Farooq et al. 2022) shows good agreement with
r2 5 0.89, root-mean-square error (RMSE) 5 12.02 W m22,
and p, 0.01 for E and r2 5 0.96, RMSE5 1.88C, and p, 0.01
for Ts. Nevertheless, in this study, we simultaneously evaluated
the PM-ETA and LISSS E against observations (Table 1,
Fig. S8). The selected water bodies for evaluation have a di-
verse range of morphometric attributes across regions to en-
sure representativeness. Our analysis shows that the LISSS
performs better than the PM-ETA in simulating E. The mean
r2 between the PM-ETA E (LISSS E) and the observations is
0.56 (0.73) with a range of 0.14–0.88 (0.48–0.94) across the wa-
ter bodies. The average RMSE of PM-ETA E (1.3 mm day21)
is 33% higher than that of the LISSS E (1.0 mm day21), with

PM-ETA RMSE values ranging from 1.0 to 1.9 mm day21.
The systematic bias (i.e., MBE) of the PM-ETA E (36.0%) is
more than double that of the LISSS E (16%), varying from
219% to 141% (Table 1). The model performance varies sub-
stantially across lakes, and this disparity stems from a complex
interplay between background climate, model structure, forc-
ing data quality, and lake morphometry.

In arid regions, where radiation dominates the E process,
the PM-ETA tends to outperform the LISSS (e.g., RMSE 5

1.1 mm day21 at Lake Mohave vs 2.0 mm day21 for LISSS).
This is partly because the PM-ETA, operating at a monthly
time step, effectively emphasizes radiation-driven processes,
which dominate E in hot, dry environments. Additionally, in
such climates, humidity gradients are large but relatively stable,
making the PM-ETA less sensitive to biases in relative humid-
ity (RH) (Fig. S3). In contrast, the LISSS, simulated at a 30-min
resolution, is more sensitive to short-term variations in near-
surface atmospheric conditions. When coupled with known
biases in the forcing data, i.e., underestimation of Ta (RMSE 5

3.28–7.08C) and overestimation of RH (RMSE 5 9.9%), this
sensitivity contributes to the LISSS’s underperformance in
these arid settings (Figs. S1 and S3). Conversely, in temperate
and cold climate lakes, the LISSS shows better agreement with
observations. These lakes typically experience strong diurnal
and seasonal stratification, significant sediment heat flux, and
seasonal ice-related dynamics, all of which are better captured
by the LISSS’s process-based energy balance approach. For in-
stance, in the temperate region, the LISSS outperforms the
PM-ETA at shallow lakes by resolving rapid shifts in surface

FIG. 1. Spatial distribution of the mean E during 2001–16 with open water. (a) PM-ETA E. (b) LISSS E. Each row,
from left to right, shows the spatial distribution of E, zonal-mean E, and the mean E in the five climate regions.
Black-outlined hollow triangles indicate the locations of lakes with available observed data used for validation and
analysis (Table 1). The shaded areas in the zonal-mean plots represent the 10th and 90th percentiles of E. The boxes
in the right panels represent the 25th, 50th, and 75th percentiles of E. The lower and upper whiskers show the 5th and
95th percentiles of E, respectively. The mean E in each climate region is shown by a white dot.
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heat storage and vapor gradients, while the PM-ETA, which as-
sumes a well-mixed water column and lacks representation of
sediment fluxes, tends to overestimate E (e.g., MBE 5 71.7%
for Lake Taihu). In high-latitude lakes, the LISSS captures re-
sidual heat release and delayed ice melt effects, mitigating er-
rors even in the presence of forcing biases (e.g., underestimated
Ta and overestimated RH), whereas the PM-ETA substantially
overestimates E (e.g., MBE 5 141.4% for Lake Tamnaren).
Although no single factor consistently explains the variation,
the interaction among climate regime, forcing quality, and lake-
specific physical processes largely determines model accuracy.
Despite some regional biases, LISSS consistently outperforms
PM-ETA in most observational comparisons, particularly in
stratified and humid lakes, and is thus selected as a physically
based reference model in this study to enable more mechanistic
insights into PM-ETA’s limitations across space and time.

b. Spatial variability in PM-ETA E versus LISSS E

The spatial distribution of the PM-ETA and LISSS E is
shown in Fig. 1. The global-mean PM-ETA E (LISSS E) is
3.7 mm day21 (3.0 mm day21), ranging from 0.03 (0.01 mm day21)
to 23.9 mm day21 (7.2 mm day21). Both models show two

peaks in zonal-mean E around 158N and 258S with E de-
creasing toward polar regions. These latitudinal variations
in the zonal-mean E are consistent with the latitudinal varia-
tions of Rn (Farooq et al. 2022). The largest lake E is ob-
served in the arid region where PM-ETA E (LISSS E) is
about 60% (66%) higher than the global-mean E. The polar
and cold climate regions experience the lowest E during the
ice-free period (Fig. 1).

The global-mean PM-ETA E surpasses the LISSS E by about
29% (Fig. 2a). The PM-ETA significantly overestimates E across
all the climate regions except for the tropical region where the
PM-ETA E agrees well with the LISSS E (MBE 5 5% and
AE 5 0.31 mm day21). In contrast, relative to the LISSS,
the PM-ETA overestimates E by 17%, 19%, 43%, and 62% in
the temperate, arid, cold, and polar regions, respectively
(Fig. 2a). The mean summertime PM-ETA E for the tropical,
temperate, arid, cold, and polar regions exceeds the LISSS E
by 4%, 9%, 15%, 9%, and 28%, respectively. In autumn, how-
ever, the bias in the global-mean PM-ETA E is 4.4 times
higher than that during summer, accounting for 61% of the
annual-mean bias (Figs. 2b,c). Except for the tropical region
with a small change, a large increase in MBE is observed for

FIG. 2. Evaluating PM-ETA E against LISSS. (a) Entire period with open water. (b) Summer. (c) Autumn. (left)
The spatial distribution of E difference in the PM-ETA and LISSS estimates, where positive values denote higher
PM-ETA E. (right) The MBE and AE on a global scale and in the five climate regions.

J OURNAL OF HYDROMETEOROLOGY VOLUME 261306



all other regions during autumn (Fig. 2c). These large biases in
spatial heterogeneity of PM-ETA E across seasons suggest
large biases in the PM-ETA E trends compared to the LISSS
E, as discussed in the following section.

c. Temporal variability of PM-ETA E versus LISSS E

The trends of the PM-ETA and LISSS E from 2001 to 2016
are shown in Fig. 3. The observed E datasets listed in Table 1
span less than 12 months and therefore do not support a ro-
bust trend analysis. Thus, the PM-ETA and LISSS E trends
are not compared against observations. During ice-free peri-
ods, the PM-ETA E has a high correlation with the LISSS
E (r2 5 0.85, p , 0.05). The trend of the global-mean PM-
ETA E (0.49 mm yr22) is 14% lower than that of the LISSS
(0.57 mm yr22) (Fig. 3a). Both models demonstrate the maxi-
mum E trend in the temperate region with close agreement
between the E (r2 5 0.94, p , 0.05, MBE5 213%). The low-
est correlation between the PM-ETA and LISSS E occurs in
the polar region (r2 5 0.75, p , 0.05, MBE 5 3%). The PM-
ETA E trends of the tropical, arid, and cold regions differ
from the LISSS E trends by 216% (r2 5 0.84, p , 0.05), 30%
(r2 5 0.80, p , 0.05), and 168% (r2 5 0.94, p , 0.05), respec-
tively. It is important to emphasize that the lake-wise E trends
from both models exhibit significant spatial variability, with

stronger trends during summer, particularly at mid–high lati-
tudes (Fig. S9).

The PM-ETA E trends deviate from the LISSS E trends for
all the regions in both summer and autumn (Figs. 3b,c). The
PM-ETA performs the best in the tropical region in summer
where the trends differ by 7% (r2 5 0.66, p . 0.05) followed
by the arid region. Despite a strong correlation between the
two time series for the temperate (r2 5 0.88, p , 0.05) and
cold (r2 5 0.93, p , 0.05) regions, the E trends differ signifi-
cantly. For the polar region, the agreement is the lowest be-
tween the PM-ETA and LISSS E trends. Although the
correlation is high during autumn (0.63–0.83), the PM-ETA E
trends exhibit a large bias for all the regions (Fig. 3c). The
larger bias in the PM-ETA E trends in autumn is consistent
with the higher corresponding bias of the PM-ETA E. Previous
studies indicated that the bias of process-based E estimates
against observations is primarily attributed to the uncertainty of
Rn and G calculated using empirical equations (Finch and Hall
2001; Hamdani et al. 2018). Furthermore, our analysis shows
that the overall contribution of the radiative term to accumu-
lated PM-ETA E is approximately 82%, while the aerodynamic
term accounts for the remaining 18% (Fig. S10). Given that ra-
diation is the major driver of E at monthly time scale, we fo-
cused on reducing the uncertainties of radiative forcing. Further
improvement of E estimates may be achieved by improving the

FIG. 3. Temporal variations in the PM-ETA E, LISSS E, and PM-LISSS E. (a) Entire period with open water.
(b) Summer. (c) Autumn. (left) The time series of E anomalies. (right) The global E trends and the E trends in
the five climate regions are shown.
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parameterization of the transfer coefficient in the bulk flux for-
mula, but this is beyond the scope of this study. The valida-
tion of Rn simulated by the LISSS and ETA against
observations (Fig. S11, Table S1) shows the superior perfor-
mance of LISSS in simulating Rn. Therefore, we will investi-
gate whether replacing Rn and G in the PM with those
simulated by the LISSS improves the performance of the
PM in simulating E (i.e., PM-LISSS E) in the next section.

d. Spatiotemporal variability in the PM-LISSS E in
comparison with LISSS E

Using (Rn 2 G) simulated by the LISSS in the PM, the
global-mean PM-LISSS E is almost equal to the global-
mean LISSS E, with MBE within 65% for all study regions
(Fig. 4a). The PM-LISSS E has small positive biases in sum-
mer and small negative biases in autumn (Figs. 4b,c). Positive
summer biases mostly occur in the temperate, arid, and cold
regions, whereas negative autumn biases are observed in the
cold and polar climate regions. The eD and E exhibit weak
(strong) correlation in summer (autumn) due to the effect of
turbulent mixing (i.e., wind speed), particularly in mid- and
high latitudes (Farooq et al. 2022). Since eD is generally higher

than the atmospheric vapor pressure deficit over water bodies,
the weak (strong) relation between eD and E leads to lower
(higher) LISSS E in summer (autumn), compared to the
PM-ETA E at mid- and high latitudes (Farooq et al. 2022).

The PM-LISSS E shows a strong correlation (r2 . 0.98,
p , 0.01) with the LISSS E during the ice-free periods
(Fig. 3). The global-mean difference in the PM-LISSS and
LISSS E trends is 0.05 mm yr22, ranging from 20.21 to
0.38 mm yr22. The difference in the PM-LISSS and LISSS
E trends increases slightly for the tropical, arid, and polar
regions compared to the PM-ETA and LISSS E trends
(Fig. 3a). At seasonal time scales, the PM-LISSS E trends are
consistent with the LISSS E trends for all the regions except for
the polar region (Figs. 3b,c). Negative biases of the PM-LISSS
E during autumn cause higher biases for the polar region. The
overall improvement in PM-LISSS E indicates that the biases in
Rn andG are closely related to the biases in PM-ETA E.

The validation against observed lake E verifies the improve-
ment of the PM-LISSS E characterized by the mean r2 be-
tween the PM-LISSS and observed E increases by 29% from
0.56 to 0.72, and the RMSE and MBE decrease by 33% and
48%, respectively (Table 1, Fig. S8). In addition, the statistics

FIG. 4. Comparison of the PM-LISSS E with the LISSS E. (a) Entire period with open water. (b) Summer.
(c) Autumn. (left) The spatial variability in difference between the PM-LISSS E and the LISSS E. (right) The
MBE and AE on the global E and E in the five climate regions. The positive values represent the higher PM-LISSS
E than the LISSS E.
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of the PM-LISSS E for individual water bodies are nearly
identical to those of the LISSS E (Table 1). Despite the very
different model formulations, similar performance of the
PM-LISSS and the LISSS demonstrates that the available
energy (Rn 2 G) plays a dominant role in the PM E.

e. Biases in PM-ETA E explained by biases in Rn and G

The spatial distributions of the difference in Rn (andG) simu-
lated by the PM-ETA and LISSS are shown in Fig. 5. The over-
estimated PM-ETA Rn and the underestimated G led to
positive biases in the PM-ETA E. The global-mean PM-ETA
Rn is 17% higher than the mean LISSS Rn (Fig. 5a). The overes-
timation of PM-ETA Rn is primarily due to the underestimation
of outgoing longwave radiation by 25.9 W m22 compared
to the LISSS where the biases in incoming longwave radia-
tion (D 5 24.2 W m22) and outgoing shortwave radiation
(D 5 2.3 W m22) are substantially lower. Here, D represents
the difference between the PM-ETA and LISSS estimates of
net radiation. The global-mean PM-ETA G is 4.2 times
smaller than that of the LISSS (Fig. 5b). The lowest biases in

Rn and G occur in the tropical region followed by the temper-
ate region. However, the biases in both Rn and G are higher
for the cold and polar regions, which are consistent with the
higher PM-ETA E biases for these regions (Fig. 2a). Assuming
the effect of all other variables on PM-ETA E variability re-
mains the same, the biases in the global-mean PM-ETA Rn

and G explain about 54% of the higher PM-ETA E compared
to the LISSS E. As discussed in section 2d, wind speed plays a
minor role in E variability compared with the energy balance
term at time scales longer than daily. The effect of wind
speed on the overall uncertainty of the PM-ETA E is argu-
ably secondary.

At seasonal time scales, the global-mean summer biases of
the PM-ETA Rn and G are substantially lower than the global-
mean autumn biases (Figs. 5c–f). In summer, the global-mean
biases of the PM-ETA Rn and G are within 619% and 615%,
respectively, for all study regions (Figs. 5c,d). The Rn and G
biases remain nearly the same for the tropical region, while sub-
stantially higher for all other regions during autumn (Figs. 5e,f).
Such seasonal distributions of the Rn and G biases are reflected
in the corresponding E biases (Fig. 2). The higher available

FIG. 5. Evaluating the difference in available energy (Rn 2 G). (a),(b) Entire period with open water. (c),(d) Sum-
mer. (e),(f) Autumn. (left) The spatial variability in the difference in Rn between the PM-ETA and LISSS simulations.
(right) The spatial variability in the difference in water heat storage (G) between the ETA and the LISSS. Positive
values denote overestimation by the PM-ETA compared to the LISSS and ETA.
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energy (Rn 2G) in the PM-ETA explains 82% and 52% higher
PM E in summer and autumn, respectively, assuming the ef-
fect of all other variables on PM-ETA E variability remains
unchanged.

The biases in the PM-ETA-simulated available energy trends
from 2001 to 2016, as compared with the LISSS, explain the
temporal PM-ETA E biases (Fig. 6). The largest biases of the
PM-ETA available energy trends in the tropical, cold, and polar
regions lead to the lowest correlation between the PM-ETA
and LISSS E. Similar patterns of the temporal biases in the
PM-ETA available energy and E are observed at seasonal time
scales (Figs. 3b,c and 6b,c). For instance, the maximum biases
in PM-ETA available energy trends occur in the polar region
followed by the cold and tropical regions. Consequently, the
corresponding biases of the PM-ETA E trends follow similar
patterns for these regions. Our analysis confirms that the biases
in the spatiotemporal variations of the PM-ETA E are primar-
ily caused by those of Rn andG.

f. Underlying mechanisms of biases in Rn and G
simulated by the ETA

While the ETA provides a practical framework for estimat-
ing lake E using the PM, it involves several assumptions to
simplify diverse hydrological and climatic conditions. First,
the ETA assumes a well-mixed water column (Edinger et al.
1968; Finch and Hall 2001) ignoring the effects of thermal strat-
ification on surface energy fluxes, particularly during summer
and autumn periods (Blanken et al. 2000; Boehrer and Schultze
2008; Hostetler and Bartlein 1990). In summer, the ETA tends
to overestimate G (Fig. 5) by assuming the same warming rate
of near-surface and deeper layers. Most of the energy from ab-
sorbed solar radiation in stratified lakes is confined to the upper
layers with limited vertical mixing due to stable density gra-
dients (Boehrer and Schultze 2008; Subin et al. 2012b). This
simplified representation of water body thermal profile leads to
positive bias in G estimates (Fig. 5d). In contrast, the ETA
underestimates the release of heat from the deeper layers as
the lakes cool and begin to destratify, leading to the negativeG
bias in autumn (Fig. 5f).

Second, the ETA does not account for sediment heat storage
and its dynamic exchange with overlying water, which can sig-
nificantly alter the surface energy fluxes. During warmer peri-
ods, lake sediments act as a heat sink, reducing the amount of
energy available at the surface, while they release stored heat,
buffering surface cooling in cooler months (Fang and Stefan
1996b; Stepanenko et al. 2013; Zdorovennova et al. 2021).
Neglecting this two-way sediment–water heat flux leads to
overestimates of Rn in ETA, particularly during autumn when
lakes start to cool and sediment heat release becomes more
pronounced (Fig. 5). This phenomenon also introduces bias in
G because of an inaccurate representation of the thermal gradi-
ent between the surface and bottom layers. These biases in Rn

andG lead to higher available energy and, consequently, higher
E. This effect is most prominent in cold and polar regions,
where seasonal stratification and sediment heat contributions
play an increasingly important role, explaining the higher
PM-ETA E bias (Fig. 2).

Furthermore, ETA’s assumption of open water conditions
limits its accuracy in cold and polar regions, where lake en-
ergy budgets significantly alter during ice-covered periods
(Hostetler and Bartlein 1990; Lei et al. 2011; Subin et al.
2012a). Although our study is limited to ice-free summer
and autumn, it is important to recognize that lake ice tends
to suppress direct E, increase surface albedo, and insulate
lakes from atmospheric heat exchange, thereby reducing the
energy available for E (Rouse 2000; Subin et al. 2012a).
These effects are unaccounted for in the PM-ETA model
and can introduce persistent biases in E estimates in cold
and polar climates, particularly when atmospheric forcing
data (e.g., air temperature and humidity) do not reflect the
actual energy limitations associated with recent or preced-
ing ice conditions. Both the physical simplifications of ETA
and the omission of ice-related processes underscore the

FIG. 6. Trends in the available energy (Rn 2 G). (a) The entire
period with open water. (b) Summer. (c) Autumn.
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need for the use of robust models like LISSS to simulate
available energy and E from open water bodies.

g. Implications of E biases for water resources

The PM-ETA estimates 1630.1 km3 of annual water loss
through E from global water bodies with a total surface area of
2.32 million km2 (;700 mm yr21). Although the E rate reaches
its maximum at low latitudes (i.e., tropical, temperate, and arid
regions) (Fig. 1), the highest accumulative E loss occurs in the
cold region owing to the large number of water bodies (i.e.,
49% of the total water bodies). It is estimated that the annual
accumulative bias of the global-mean PM-ETA E is equivalent
to 391.6 km3 of water, which is about 84% of the water drawn
from global reservoirs for municipal use during 2016 (FAO
2016). The large deviation of the PM-ETA E trends from the
LISSS E trends suggests that caution should be exercised for wa-
ter resource management and planning based on the PM-ETA
E. Our analysis of the spatiotemporal PM-ETA E biases caused
mainly by uncertainties of Rn and G data highlights the need of
improving products of Rn and G, such as those provided by the
LISSS, to improve the estimates of global lakeE.

4. Conclusions

Our findings reveal a consistent overestimation of E by the
PM-ETA on a global scale and across all study regions com-
pared to both observations and the LISSS E. The largest posi-
tive biases of the PM-ETA E in the cold and polar regions,
where Rn andG have pronounced seasonality, result from the
overestimation of Rn and the underestimation of G by the
ETA. Furthermore, the PM-ETA E trends deviate substan-
tially from the LISSS E trends due to the biased trends of Rn

and G. Using the LISSS-simulated Rn and G in the PM re-
duces the biases of the PM E to within 65% on global scale
and significantly improves the PM E for all regions across sea-
sons. Our analysis highlights the need for improved data of Rn

and G in the PM to drive the physical models of lake E and
water resource management, especially in the context of a warm-
ing climate. It is important to emphasize that the biased estimates
of Rn and G using ETA should not be interpreted as the weak-
ness of the PM physics per se.
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